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Abstract

The tourism landscape in urban destinations has been spatially expanded in
recent years due to the increasing prevalence of sharing economy
accommodation and other tourism trends. Tourists now mix with locals to
form increasingly intricate population geographies within urban
neighbourhoods, bringing new demand into areas which are beyond the
conventional tourist locations. How these dispersed tourist demands impact
local communities has become an emerging issue in both urban and tourism
studies. However, progress has been hampered by the lack of fine granular
travel data which can be used for understanding urban tourist patterns at the
small-area level.

Paying special attention to tourist grocery demand in urban destinations, the
thesis takes London as the example to present the various sources of LBSN
datasets that can be used as valuable supplements to conventional surveys
and statistics to produce novel tourist population estimates and new tourist
grocery demand layers at the small area level. First, the work examines the
potential of Weibo check-in data in London for offering greater insights into
the spatial travel patterns of urban tourists from China. Then, AirDNA and
Twitter datasets are used in conjunction with tourism surveys and statistics
in London to model the small area tourist population maps of different tourist
types and generate tourist demand estimates. Finally, Foursquare datasets
are utilised to inform tourist grocery travel behaviour and help to calibrate
the retail location model.

The tourist travel patterns extracted from various LBSN data, at both
individual and collective levels, offer tremendous value to assist the
construction and calibration of spatial modelling techniques. In this case, the
emphasis is on improving retail location spatial Interaction Models (SIMs)
within grocery retailing. These models have seen much recent work to add
non-residential demand, but demand from urban tourism has yet to be
included. The additional tourist demand layer generated in this thesis is
incorporated into a new custom-built SIM to assess the impacts of urban
tourism on the local grocery sector and support current store operations and
trading potential evaluations of future investments.
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Chapter 1
Introduction

1.1 Background

Over the last few decades, urban tourism has undergone huge growth and
become an important contributor to the urban economy in many cities.
According to the definition of International Recommendations for Tourism
Statistics (IRTS) (United Nations World Tourism Organisation (UNWTO),
2008), a visitor refers to a person who visits a main destination outside
his/her usual residence and spends less than a year for any main reasons
including business, holidays or other personal purposes rather than being
employed in a paid job (UNWTO, 2008, 2.9). A domestic, inbound or
outbound visitor can either be an overnight tourist or a same-day visitor (day
trip visitor). (UNWTO, 2008, 2.13). Considering the main purpose of a
tourism trip, tourists can be typically classified as business and professional,
holiday/leisure and recreation, visits to friends and relatives (VFR),
education and training, health and medical care, religion/pilgrimages,
shopping, transit and other (UNWTO, 2008, 3.14).

This thesis focuses on urban tourists who follow the definition of a visitor but
only for tourism activity which takes place in an urban space. At these urban
areas, tourists and day visitors mix with residents and commuters to form a
complex fabric of small-area populations. But, how urban tourists use cities,
in terms of travel routes and consumption patterns within the city, remain
elusive questions in urban tourism research (Ashworth and Page, 2011).
One of the main problems has traditionally been accessing data on tourist
travel behaviour. Conventional statistical sources, from official and industry
surveys, report tourist arrivals at the relatively coarse regional level and it is
much more difficult to collect data of tourist space-time behaviour at finer
spatial scales. However, advances in population tracking technologies have
begun to generate new and novel location-based datasets which may
capture some spatiotemporal trajectories of tourists at the individual level
(Shoval and Ahas, 2016). For example, data is increasingly available from
GPS devices and other tracking datasets generated from mobile roaming,
Bluetooth and WiFi. However, these tracking datasets are either hard to
access at the intra-urban level and it is usually difficult to distinguish tourists
from local residents, which is a primary requirement in order to examine
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tourist travel patterns (J. Li et al., 2018). In contrast, continually produced
and freely accessed location-based social networks (LBSN) data has been
increasingly available to analyse human behaviour in space and time in an
urban context (Marti, Serrano-Estrada, et al., 2019), including urban tourism
research, with many examples of studies which have been able to explicitly
identify tourist users. These LBSN data can indicate the presence and
activities of tourists, enabling the space-time modelling of urban tourist
distributions and dynamics and, in turn, offering the basis to quantify the
local social and economic impacts of tourists at a range of geographical
scales.

At the same time, within major urban tourist destinations, there is increasing
evidence that tourists are expanding their activity patterns outside the usual
core areas, dominated by hotels and principal tourist destinations (museums
etc). (Maitland and Newman, 2014; Smith and Graham, 2019). For example,
the proliferation of short-term accommodation rentals via platforms such as
Airbnb, and on-demand tourist transport platforms such as bike-sharing
service Mobike, allow tourists to explore and experience more peripheral
urban areas which have traditionally served predominantly local residents
and workers. Alongside other trends, including new event spaces being
created throughout the city (attracting more day trippers) in urban
destinations, tourists have become more intertwined with the daily lives of
residents and the spatial extent of tourism has been expanded into suburban
areas in many cities. These ongoing shifts and spatial expansions have
been captured in various LBSN data sources by their users when they visit
cities (in a continuous real-time way). Thus, these LBSN platforms offer
enriched and refined datasets to help diagnose the changing spatiotemporal
details of tourist travel and consumption behaviours.

As tourists penetrate into residential neighbourhoods, they become part of
the ‘service population’, sharing local facilities and services with non-tourist
populations. Among the array of facilities and services available, grocery and
food stores are important to tourists, but tourist grocery shopping behaviours
have rarely been examined as a formal topic in both retailing and urban
tourism studies. This probably reflects the traditional tourist accommodation
model — staying in central city hotels with no self-catering facilities. However,
along with those tourists staying with friends and relatives, short-term
accommodation rentals such as Airbnb (with often well-equipped self-
catering facilities) have become a popular alternative to city centre hotels.
These accommodations are more likely to encourage overnight tourists to
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purchase groceries and cook for themselves. Increasing volumes of urban
day trippers have also heightened food shopping demand around key
attractions that they visit. Against this background, a clear, quantified, and
reliable understanding of the tourist population distribution and associated
grocery demand could help service providers — such as retailers - to
incorporate this demand into predictions of current and future store
performance, which forms the basis of this thesis.

In terms of retail store performance, the spatial interaction model (SIM) has
been accepted as a reliable and accurate spatial modelling technique
earning a great reputation in grocery retail location analytics (Birkin et al.,
2017). To adapt to increasingly complex demand side dynamics, SIMs have
been extended over time from those capturing purely residence-based
demand to those which now incorporate multiple types of non-residential
demand present within store catchment areas. It has seen success in
applications which capture the spatiotemporal fluctuation of demand driven
by workplaces, schools and universities for example (Waddington et al.,
2019). In terms of tourist demand, Newing (2013) and Newing et al. (2015)
were the first to incorporate seasonal demand into SIMs focusing on
spatiotemporal demand fluctuations in coastal holiday resorts. However, to
date, SIMs have not been extended to include retail demand generated by
tourists in urban areas. The reasons for this are likely to be multifaceted — as
noted above, the lack of opportunities for tourists to cater for themselves in
the past, the fact that grocery shopping activities have rarely been
separately included in headline survey-based statistics (UNWTO, 2008) and
the assumption that expenditures on groceries are usually relatively lower
than other spending categories such as transport, accommodation, etc.
However, in urban destinations which host a high volume of tourist visits, the
spending of these urban tourists should no longer be neglected and
excluded from the retail location modelling within the grocery sector. In that
sense the work presented in this thesis aims to bridge the retail location
modelling and urban tourism research literature for the first time.

Thus, overall, the aim of this thesis is to explore the potential of harnessing
multisource LBSN data to more fully understand tourist patterns in urban
destinations and thereby estimate tourist population at the small-area level.
These insights, including the additional local demand ‘layer’ generated within
this thesis can be added to demand variables in SIMs and help to improve
decision-making in applied retail location analysis and planning.
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1.2 Research question, aims and objectives

The main research question in this thesis is “how can location-based

social media data be used to explore the spatial behaviour and

spending patterns of urban tourists and contribute to more accurate

retail location modelling in the grocery sector of urban destinations?”

In light of this, the overarching research aims can be stated as follows:

1.

To explore tourist activity and mobility patterns of a specific tourist
source market from an under-exploited LBSN data with a
particular focus on tourist shopping behaviour (Chapter 4 and
Appendix A).

To model tourist population distributions by incorporating different
tourist groups at the small-area level using collated data from
multisource LBSN and conventional statistical sources, thereby
developing a series of tourist demand layers for grocery shopping
(Chapter 5 and Appendix B).

To develop a tourist SIM on the basis of the newly generated
tourist grocery demand layer (and to calibrate the new model also
with the help of novel LBSN data) to demonstrate the store
revenue uplifts due to additional tourist demand in the catchment.
(Chapter 6 and Appendix C).

To achieve these research aims, the research has the following objectives:

1.

To review the literature on the use of LBSN data which offers
insights into urban tourist patterns and spatial behaviour related to
retailing in particular (Chapter 2).

To show the spatial expansion of urban tourism into residential
areas, thus identifying the importance and challenges of linking
urban tourism with retail location analysis (Chapter 3).

To design a ‘LBSN data analytics’ method to shed novel light on
urban tourist travel behaviour in terms of activity preferences and
mobility patterns (Chapter 4).

To explore tourist activity and mobility patterns of a specific tourist
source market from an under-exploited LBSN data with a
particular focus on tourist shopping behaviour (Chapter 4 and
Appendix A).

To model tourist population distributions by incorporating different
tourist groups at the small-area level using collated data from
multisource LBSN and conventional statistical sources, thereby
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developing a series of tourist demand layers of grocery shopping
(Chapter 5 and Appendix B).

6. To develop a tourist SIM on the basis of the generated tourist
grocery demand (and to calibrate the new model also with the help
of novel LBSN data) to demonstrate the store revenue uplifts due
to additional tourist demand in the catchment. (Chapter 6 and
Appendix C).

7. To demonstrate that the SIM is capable of assessing tourist
impacts on local grocery provision in urban destinations and assist
store location planning via ‘what-if’ analysis (Chapter 6).

8. To, in summary, reflect on the findings and methodology of the
work and discuss its practical implications for urban tourism and
retail location planning and discuss the current limitations and
potential improvement of the project with a future research agenda
(Chapter 7).

1.3 Study area: defining and contextualising tourism in
London

London is one of the most famous world cities. London is not only the home
of 9 million residents and 800,000 commuters every day, it also attracts
tourists and visitors with a diversity of travel purposes (Great London
Authority (GLA), 2021). It receives 53% of inbound visits and 55% of
inbound spending in the UK (VisitBritian, 2020). In the case of Chinese
inbound visits, 94% of the direct flight seats between China and the UK are
in London (VisitBritain, 2019a), which means London is a must-visit
destination for most Chinese tourists to the UK. Tourism is of great
importance to London’s economy, making up 11.6% of GDP and accounting
for one in seven jobs in the capital (London and Partners, 2017). In 2019,
London hosted 21.7 million international tourists alongside 12.2 million
domestic visitors, generating spending estimated at £15.73 billion and £3.03
billion respectively (International Passenger Survey (IPS), 2020; Great
Britain Tourism Survey (GBTS), 2020). Meanwhile, each year, around 281
million day trippers also contribute approximately £14.46 billion to the
economy of the City (Great Britain Day Visits Survey (GBDVS), 2020). The
influx of visitors from outside Greater London interweaves with the city
dwellers, boosting the daytime population to well over 10 million, among
which tourists and visitors are estimated to constitute almost 11% (GLA,
2014). Hence, London provides a case study to develop the aims of this
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thesis. Although both the inbound and domestic visits in 2020/21 have
considerably declined due to the recent Covid-19 pandemic, it has seen a
resurgence in domestic tourism in 2021 and international tourism is
expected to recover through the implementation of the ‘Tourism Recovery
Plan’ (VisitBritain, 2021a; Department for Digital, Culture, Media & Sport
(DCMS), 2021).
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Figure 1.1 Overview of the study area — Greater London.

Tourism in London is no longer a separate activity but a pervasive,
inextricably part of the everyday life of the city (Franklin and Crang, 2001;
Maitland, 2013). Figure 1.1 provides an overview of the London boroughs
and tourist attractions recommended by VisitLondon (popularity level was
rescaled in height according to the number of TripAdvisor reviews as a proxy
for visitor numbers). The unique collection of London’s iconic attractions is
generally located in what is called the Central Activities Zone (CAZ). CAZ is
the most vibrant district of London, offering an array of global significant
places of culture, business, research and education, retailing, tourism and
leisure, major places of worship and access to World Heritage Sites, the
parks and the River Thames (GLA, 2021). However, tourism in London is no
longer confined to the CAZ. The dense nature of CAZ and its concentrations
of serviced accommodation has constrained the amount of space available
for other strategic activities and land uses. Therefore, for many years the
Greater London Authority (GLA) has sought to disperse tourism away from
central London. The latest plan (GLA, 2021) still holds to the target to
“promote tourism across the whole of the city”, and encourages new tourist
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accommodation in areas outside the CAZ, to help spread the benefits of
tourism to the whole city (GLA, 2021).

“This Plan supports the enhancement and extension of London’s
attractions particularly to town centres and well-connected parts of outer
London, complemented by supporting infrastructure including visitor
accommodation, a high-quality public realm, public toilets and measures
to promote access by walking, cycling and public transport.”

- London Plan 2021, GLA

Coincident with the plan, new forms of short-term rental accommodations
have begun to expand tourism into new spaces that were not previously
regarded as tourism territories (GLA, 2021). According to Cromarty & Barton
(2018), Airbnb, for example, now accounts for around a third of the
accommodation sector in London. Airbnb reports that in London 72% of
Airbnb properties are located outside the main hotel areas and 43% of visitor
spending occurs in the neighbourhoods they stay in (Airbnb, 2018). GLA and
Creative Tourist Consultants (2015) also reports a high proportion (58%) of
repeat tourists who return to visit London regularly. These experienced
travellers are familiar with the city and thus tend to explore areas beyond the
conventional tourist precincts, which also makes London a special
destination likely to disperse tourists outside the ‘tourist bubble’ (Judd, 2003;
Maitland and Newman, 2009). Consequently, the mobilities as well as the
experiences in London of tourists and locals are now blurring: tourists now
appear in residential suburban neighbourhoods, parks and shopping malls in
more peripheral suburban areas (Inkson, 2019). Whilst studies have been
conducted to examine tourism in ‘off the beaten track’ areas in London, and
investigate the associated social and economic impacts in qualitative ways
(i.e. Smith and Graham, 2019), the analysis of the impacts of tourism spatial
expansion is still under-researched.

As one of the most important global urban destinations, London is an ideal
study area for urban tourism research. In fact, it was in London that for the
first time the spatial expansion of tourism in urban destinations was
elaborated, by Robert Maitland in his seminal studies regarding the changing
faces of tourism and its implication for urban development (Maitland, 2007).
A series of subsequent studies have untangled some of the trends that have
reshaped the tourist landscape of London (see Section 3.3.2) and paved the
way for this research to recognise and distinguish ongoing trends of tourism
in London that are relevant to grocery retailing. As a quantitative study
heavily relying on data, the author has obtained an abundance of
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administrative statistics and surveys regarding tourism in London, regarded
as reliable traditional datasets. In addition, the author has sourced and
accessed numerous big geospatial datasets generated across the city every
day through various LBSN services. These LBSN data have already drawn
considerable interest within urban studies and tourism research areas (see
Chapter 2). It will be argued that they also offer great opportunities to
examine issues related to urban tourism grocery shopping behaviours.

1.4 General methodology

1.4.1 Research design

The overall methodology of the research involves exploratory analysis of
tourist travel behaviour from LBSN data, mapping tourist populations at
small-area levels and modelling urban tourist demand in retail location
analysis for the grocery sector. As a unique but under-researched LBSN
data source in the region of London, Sina Weibo (Weibo) is explored first
given its potential for providing detailed spatial travel behaviour of urban
tourists from a specific source market: China.

Weibo is the most influential social media service in mainland China,
launched in 2009, and has an average 230 million daily active users, 93% of
which are mobile app users according to its latest report in 2021 (Weibo
Corp., 2021). It allows users to generate microblogs (weibos) with check-ins
at every venue location and allows users to add reviews of each venue that
can then be publicly browsed. Thus, Weibo shares both the features of
microblog services like Twitter and location-based networking services like
Foursquare. Nearly 80% of Weibo users are under-30s, and females shows
a higher propensity to use than males (Weibo Data Centre, 2021). But,
according to the VisitBritain (2021b), Chinese inbound visitor to the UK
shows a balanced gender ratio and only half are aged below 34. Therefore,
Weibo users are over-represented in the females and younger generation
visitor categories. Based on the location of user-generated weibos, 22% of
the tourism check-ins concern outbound trips, among which the UK ranked
the 6" — higher than by volume of overnight stays, which suggests that
Chinese inbound tourists are more likely to post on Weibo while visiting the
UK (Weibo Data Centre, 2016; VisitBritain, 2021b). Meanwhile, according to
Nielsen, (2017), 97% of Chinese tourists purchase a data package or make
other such arrangements for using their smart device while overseas. The
report also indicates that 91% of Chinese tourists use Wi-Fi hotspots, either
those free to the public or by renting local Wi-Fi devices, while 69% of
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Chinese tourists directly use mobile data packages. The high proportion of
internet connections also enable Chinese visitors to share their experience
on Weibo when they travel abroad.

As one of the largest international tourist source markets (and top global
tourism expenditure group) Chinese inbound tourism has been one of the
most important in London in the 2010s before the Covid-19 pandemic. They
are especially notable for their expenditure on shopping as observed by
(VisitBritain, 2021b). In fact, in 2019 Chinese inbound tourism represented
the thirteenth largest group of inbound visitors in London but the second
most important in terms of expenditure (VisitBritain, 2020). Whilst
mainstream LBSN platforms such as Twitter build up valuable data relating
to tourists from various countries, the Chinese tourists are more problematic
in the sense that those services are neither commonly used by Chinese.
Hence, although Weibo data sources cannot fully represent Chinese
inbound tourist activity in London, it provides great opportunities to
specifically explore Chinese tourist behaviour. Therefore, this research first
exploits this LBSN dataset from Weibo to investigate the travel patterns of
Chinese tourists in London with a specific interest on their shopping
activities.

After the opportunities and limitations of one single LBSN data are
discussed, the research then explores multisource LBSN data as indicators
of tourist presences and links these data with statistical and survey data to
map tourist population distributions at the small-area level. The tourist
population modelling in this research is made up of both overnight tourists
and day trip visitors, mapped at the Lower Layer Super Output Areas
(LSOA) level across London. There are 4,836 LSOAs in London and the
average population is 1,722 based on 2011 Census data. In line with the
main choices of tourist accommodation according to the IPS and GBTS,
overnight tourists mainly consist of three types: travellers choosing
traditional serviced accommodation, free guests staying with friends and
relatives or in their own second or holiday home, and tourists staying within
short-term rental accommodation such as that provided via Airbnb. Along
with day visitors informed by GBDVS, the four subgroups of tourists and
visitors in London comprised the tourist population considered in this
research.

The final fine-scale tourist population maps offer the possibility to assess
tourism impacts at the local level in a quantitative way. By estimating the
magnitude of tourism at the local level, and estimating those tourists’
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expenditures, this research produces a series of estimated tourist grocery
demand layers across the LSOAs of London. These grocery demand layers
can in turn be added into the retail location modelling process to develop a
new SIM which can also be calibrated with the help of tourist dynamics
extracted from LBSN data. Finally, the practical implications of the new
tourist SIM in retail location decision-making can be explored.

1.4.2 Data collection

This work draws on a variety of data sources including administrative tourist
and visitor statistics, census population and expenditure data, along with
locally specific data from the open surveys, social media, and crowd-sourced
datasets to support the spatial modelling of urban tourist patterns. For each
of the four tourist types, the research first endeavours to find the latest
official sources for the number of tourist visits and nights in London at the
finest geographical scale. The standard tourist surveys and statistics are
available only at the borough or even the city level and lack information at
finer spatial scales. Therefore, tourism-related datasets from different types
of LBSN services, as well as the point of interest (POI) at the tourism supply
side, are considered as auxiliary to complement the survey data. These
emerging datasets are offered as the travel behaviour of individual tourists or
utilisation of each venue, which thereby can be aggregated into any possible
geographical area level. All the datasets used in this thesis are listed in
Table 1.1 with the description and source information. For each of these
data sources, this research attempts to retrieve the latest version available.

Table 1.1 Datasets utilised in the thesis.

Range of - Data source and Useql anql
Data description detailed in
datasets year the thesis
Chapter 4, 5,
London boundary London Datastore 6, Appendix
(by LSOA) A, Band C

Ethnic group of

Geography : Chapter 5 and
boundary and usual residents (by | Census 2011 Appendix B
: LSOA)

population

data Chapter 5, 6,
Households (by Census 2011 Appendix B
LSOA)

and C
. Chapter 5,

Living Costs and _ | g 9017 Appendix B

Food Survey (LCF) and C
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Output Area
Classification ONS, 2011 Appendix C
(OAQC)
Workplace
population Census 2011 Appendix C
statistics
Inbound tourist
nights, by
accommodation IPS, 2018 Chapter_ > and
o Appendix B
type, by origin of
country
Domestic visitor
Tourism- nights, by GBTS. 2018 Chapter 5 and
related accommodation ’ Appendix B
datasets type
Daytime population
survey (by GLA, 2014 ghagae‘:jrifg nd
borough) PP
Accommodation
stock Audit (by VisitEngland, 2016 Chapter. > and
Appendix B
borough)
Weibo check-in Sina Weibo, Jan. Chapter 4,
data 2016 — Aug. 2018 Appendix A
Foursquare Inc Chapter 4, 6,
Foursquare venue q " Appendix A
2019
and C
LBSN datasets
Foursquare Foursquare Inc., Chapter 6 and
movement 2019 Appendix C
Geotweets Twitter, Sept. 2018 | Chapter 5 and
— Oct. 2019 Appendix B
Airbnb I|§t|ng and AIrDNA, Jun. 2018 Chapter. 5 and
reservation data Appendix B
) OpenStreetMap, Chapter 5 and
Service _ Feb. 2020 Appendix B
accommodation
establishment Ordnance Survey Chapter 5 and
) POI, Feb. 2020 Appendix B
Point of
Interests Geolytix Retalil Chapter 5, 6,
(POls) Points, Jan. 2021 Appendix B
and C
Grocery store Chanter 5.6
apter 5, 6,
CACI grocery store Appendix B

points, 2014

and C
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1.4.3 Spatial modelling

Various spatial analysis and urban modelling techniques are utilised in this
research to comprehensively examine the potential of LBSN data in
analysing urban tourist patterns and to link urban tourist demand to retail
location analytics in urban destinations. Three main spatial modelling
methodologies are applied in the research corresponding with the three
principal aims and the substantive chapters. The detailed application of each
proposed methodology is thoroughly presented in Chapters 4, 5, and 6
respectively. Thus, this section only briefly introduces the adopted
techniques.

1.4.3.1 Data preparation and exploratory analysis of LBSN data
(Chapter 4)

First, a number of methods were needed to collect, clean, extract and
analyse Chinese tourist spatial behaviour from Weibo check-in datasets.
After distinguishing the tourist users from local and long-stay users in
London, the spatial, temporal and contextual information associated with
tourist whereabouts and movements is analysed by a series of
spatiotemporal analysis technigues including geovisualisation, spatial
clustering, point pattern analysis, network analysis and topic modelling. The
‘LBSN data analytics’ method shows the activity preferences and mobility
patterns of Chinese tourists from their Weibo check-ins and informs a tourist
segmentation to identify the divergent multipurpose travel behaviour of each
cluster, with a special interest in their shopping activities.

1.4.3.2 Spatiotemporal population modelling and demand estimation
(Chapter 5)

Spatial analysis techniques are used to compile finer scale tourist population
spatial-temporal distributions for both the day and night time populations.
The modelling process involves combining a wide range of disaggregated
census data, survey data, together with LBSN data as covariate datasets to
estimate tourist density for constructing tourist population maps across the
LSOAs of London. Different grocery shopping expenditure rates are
assumed for varied types of tourists to generate a set of small-area tourist
grocery demand layers across London. The combined tourist grocery
demand layer is then linked with the supply side of grocery stores by
bivariate analysis to initially indicating the areas with unmatched tourist
demand and grocery supply in London.
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1.4.3.3 Spatial interaction modelling (Chapter 6)

A custom-built tourist SIM is developed and calibrated based on the tourist
grocery demand layer in London produced in Chapter 5. The model
calibration process is facilitated by utilising tourist shopping trips simulated
from Foursquare movement datasets. The simulated tourist expenditure
flows estimated by the new SIM are then used to inform a tourist grocery
accessibility index for local grocery provision. ‘What-if analysis is applied in
three realistic development plans to evaluate the practical implications of the
new model.

1.5 Thesis structure

The rest of the thesis is organised with the following structure to meet the
research aims and objectives as stated in Section 1.2.

Chapter 2 provides a comprehensive literature review around the potential
of LBSN data for understanding tourist patterns in urban destinations (in line
with objective 1), which mainly covers the application of different types of
LBSN data sources in understanding the spatial patterns of tourist spatial
behaviour in terms of their activity and mobility (particularly related to
shopping). The advantages of using multisource LBSN data is highlighted
and the limitation and concerns of LBSN data analytics in tourism research
is also discussed.

Chapter 3 reviews the recent history of applied spatial interaction modelling
and the attempts to disaggregate the demand side variable to include non-
residential demand. It addresses objective 2 by highlighting the needs and
challenges to incorporate tourist grocery demand in retail location modelling
considering the new tourism trends in many urban destinations.

Chapter 4 addresses objectives 3 and 4 by using Weibo check-in datasets
in London to explore the spatial behaviour of Chinese tourists during their
stays in London. The analysis is applied both at the individual and collective
level to fully exploit the potential of LBSN data in gaining knowledge of
tourist travel behaviours regarding their activity preferences and mobility
patterns. A tourist segmentation is created based on tourist multi-purpose
travel behaviours. The shopping activity and associated location choice is a
special focus in this section. This chapter was published as a peer-reviewed
paper in EPB: Urban Analytics and City Science.

Chapter 5 addresses objective 5 by constructing tourist population layers in
London using data collated from both conventional statistic sources and
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multiple novel LBSN data. The population density maps inform the tourist
demand layer for grocery shopping to illustrate the spatial variations of
demand uplifts and suggest areas with potential unfulfilled tourist needs.
This chapter was published as a peer-reviewed paper in the Journal of
Retailing and Consumer Services.

Chapter 6 addresses objectives 6 and 7 by developing and calibrating a
tourist SIM based on the tourist demand layer generated in Chapter 5. The
benefits of incorporating tourist demand in retail location modelling are
presented and discussed by utilising the model outputs to estimate revenue
uplifts, evaluate grocery provision changes and forecast the performance of
new retail development plans, with the additional tourist demand included.
Tourist grocery shopping trips extracted from Foursquare datasets are used
to aid the model calibration. This chapter was reworked as a paper that is
under editorial consideration.

Chapter 7 provides an extended discussion around the findings and a final
conclusion of this work (meeting objective 8). The methodological
opportunities and challenges, practical implications, limitations and future
research agenda of the study are discussed in this chapter.
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Chapter 2 Harnessing LBSN data in tourist travel behaviour
research

2.1 Introduction

There is increasing interest in the opportunities that social media data
present for researchers in many areas of the social sciences, including
tourism. Given the amount of social media data becoming available, it is not
surprising that it is one of the most prominent forms of volunteered Big Data
(Kitchin, 2013). Nearly one third of the world’s population are currently social
media users and with the development of the mobile internet, 42% access
social media through mobile platforms (Statista, 2018). Nearly all these
social media services have been developed with location-based features
and the built-in GPS equipped smartphones augment user-generated
content (UGC) with a spatial dimension. These services allow users to opt in
to attach the geolocation to their UGC, but It is worth noting that not
everyone agrees to reveal their geolocation. These UGC with geolocation
information are referred to as LBSN data (Roick & Heuser, 2013; Steiger,
Albuquerque, & Zipf, 2015).

Most LBSN data are generated in one of three different ways. The first is
known as geotagging, which is the annotation of location information from
microblog posts (Twitter), photographs (Flickr and Instagram) and videos
(Youtube). In the context of tourism, users can share their experiences by
texts, photos or video clips with the geolocation on social media platforms.
The second is geosocial networking, which aims to share activities along
with current whereabouts, such as via Foursquare, Weibo and Facebook
Places (Roick and Heuser, 2013). The services of this type encourage users
to check-in at venues when they physically close to these places and allow
tourists to record these visits at destinations. At the same time, traditional
online review sites such as TripAdvisor, Booking.com and Yelp, or online
peer-to-peer marketplaces such as Airbnb, contain a large amount of
location-based UGC and have also been developed with LBSN features.
Tourists use these websites to exchange travel experiences by reading and
generating reviews and book services.

The tourist in this thesis refers to the overnight tourist or day trip visitor.
Based on the tourism statistics of IPS (2019) and GBTS (2019), the
overnight tourists in London, can be either overseas inbound tourists or
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domestic visitors staying overnight in London and are further classified by
their temporary accommodation types, including short-term rentals, hotels
and other serviced accommodation and staying with relatives and friends /
own home. On the other hand, the day trip visitors are mainly domestic
tourists or Londoners who have a longer than 3 hours same-day visit in
London, according to the definition by GBDVS (2020). Tourists may use any
of the aforementioned three LBSN services to record and share their travel
experiences, but the overnight tourists are more likely to post reviews and
rate the services on tourist websites with day trip visitors more likely to only
use geotagged social media and geosocial networking services.

The value of LBSN data in addressing different tourism issues has been
partly reviewed by a number of excellent, complimentary papers. Shoval and
Ahas (2016) offered a useful historical account of the various data sets used
for tracking tourists to date, beginning with GPS and Bluetooth and then
considering smartphones and finally LBSN data. In a comprehensive
literature review of big data in tourism research by Li et al. (2018), the focus
was largely on the characteristics, analytics techniques and research
focuses of different big data sets including LBSN data. In addition, the
analysis framework of some potential applications of LBSN data relating to
more specific tourism research questions have been reported: for example,
tour itinerary recommendations (Lim et al., 2018), travel demand modelling
(Abbasi et al., 2015) and tourist behaviour analytics (Miah et al., 2017).
However, to date, there is limited review about how different types of LBSN
data could contribute insights into the tourist spatial patterns in urban
destinations, although in the urban studies domain Marti, Serrano-Estrada,
et al. (2019) contributed a review of the opportunities and challenges of
different social media datasets in the context of urban phenomena research.
Therefore, this chapter attempts to fill this gap in the literature to present a
comprehensive review on using different kinds of principal LBSN data in
tourism research, with a focus on how these data can help to understand
tourist behaviour in greater detail. The review focuses on the principal LBSN
data sources, geotagging social media data, location-based check-in data
and tourism service website data, followed by articles which have used
combinations of these in tourism research. Following the review some key
issues around the application of LBSN data for tourist research (i.e. some
pros and cons) are discussed.
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2.2 Understanding tourist spatial behaviour using LBSN
data

The short length of stay, limited knowledge and preconceived expectation of
tourists result in the severely restricted space-time budgets of tourists
compared to local users (Ashworth and Page, 2011). Prior work has
identified that tourists use the host city in a geographically selective and
temporally changeable way (Shoval et al., 2011; Grinberger et al., 2014).
Thus, tourist travel behaviour in urban destinations is usually hard to capture
or predict (Lew and McKercher, 2006). Traditionally, tourist travel data are
collected by tourism authorities through surveys, which are limited in both
scope and nature. There is a deficiency of official tourism statistics at a fine
spatial and temporal resolution capturing tourist travel behaviour. By
contrast, LBSN data supplies a vast amount of digital tracking data of tourist
spatial behaviour at the individual level, spatially and temporally
disaggregated, enabling a sizeable tourism literature to distil knowledge for
destination management organisations (DMOs) (Li et al., 2018).

2.2.1 Geotagged social media data: incidence and dynamics

Geotagged social media data is a major data source for the analysis of
tourist travel behaviour. The geotags are the exact locations of individuals,
thus often being taken as tourist footprints, representing the places visited at
the time of the posts being shared. Therefore, a fundamental contribution of
this type of LBSN data in tourist spatial behaviour studies is to highlight the
most visited locations and understand tourist behaviours and movements in
more detail.

Although different social media platforms generate distinctive LBSN datasets
there are generally three common stages undertaken in relation to their use:
(1) tourist identification: data cleaning and pre-processing to identify who are
likely to be tourist users; (2) geovisualisation and hotspot analysis: tools to
detect spatially-dependent patterns and conduct exploratory analysis; 3)
trajectory analysis: construction of tourist itineraries and movements over
time and space. Each of these tasks will be elaborated on further in the
following sections, in which we consider the key LBSN platforms in tourism
research, Twitter and Flickr.

Twitter is one of the most widely used social media platforms globally. The
high granularity of spatiotemporal information harvested from the geotags
enables researchers to investigate tourist behaviour and locations at both
the individual level and for any aggregations required. Twitter allows users to
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generate messages of up to 280 characters and provides geographic
coordinate tags from the GPS sensor of their mobile devices or associated
venues sourced from Foursquare (see below). For analysts, Twitter provides
a stable and flexible APIs to filter real-time and historical geo-tagged Tweets
samples (these geo-tags can relate to countries, towns, places within cities
or even actual cartesian coordinates). Using the API, it is possible to
download a collection of the most recent 3,200 tweets of each user or a
sample of Tweets within a given locality.

On the other hand, Flickr is the most extensively used photo-sharing service
in academic research due to the open accessibility of the data stream.
Spyrou and Mylonas (2016a,b) suggest that among all the social science
applications of Flickr, travel and tourism are the most discussed topics and
that Flickr has gained more extensive usage than other LBSN sources within
the tourism academic community. Flickr generates substantially less data
than Twitter in a given time span, but the photo density is considerably
higher at tourist attractions than Twitter, especially at recreational and
protected areas (L. Li et al., 2013; Tenkanen et al., 2017; Seresinhe et al.,
2018). Twitter only offers sample data and only 1-2% are geotagged, but
Flickr offers flexible and advanced APIs allowing users to download nearly
all the public content for free. A proportion of these photos are geotagged
(varying from 5% to 15% by locations (Hauff, 2013)) with precise coordinates
and semantic textual tags, along with other photo metadata, enabling
additional analysis for locations (Bahrehdar et al., 2020).

There are a number of application types within tourism research which have
used geotagged social media data. First, it is possible to use geotagged
social media data to develop metrics to estimate tourist visits around
attractions or during major events, potentially offering reliable estimates of
tourist numbers for specific localities or events (Wood et al., 2013; Steiger,
Westerholt, et al., 2015; Kim et al., 2019). This is useful, as often there is
limited published data on tourist movements and total visitor numbers
(outside the major attractions) (Kadar, 2014; Kim et al., 2019). For instance,
the geotagged Flickr photos have been used to quantify tourist activities
around coral reef tourism at a global scale (Spalding et al., 2017). Sessions
et al. (2016) used Flickr to predict monthly visitor numbers to national parks.
The continuous tracking of geotagged social media have also been
addressed to monitor how tourist visitor numbers change over time (Hu et
al., 2015; Barchiesi et al., 2015; Tenkanen et al., 2017; Payntar et al., 2021).
Importantly, Hamstead et al. (2018) showed that daily park visits estimated
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from geolocated Flickr and Twitter data were highly correlated with the
empirical observed visitors.

The variations in the geographical distribution of geotagged social media
data can also show the density surface of tourist distributions within a
locality. This can be used to pinpoint the areas of intensive visits in the
destination cities. Geovisualisation tools such as grid density or Kernel
Density Estimation (KDE) can help map those variations. To avoid the data
skewness caused by spambots and extremely active users, usually, unique
tourist users rather than individual geotagged posts are used to create the
tourist density surfaces. In a study of Cilento (an important tourist area in
southern Italy), Chua et al. (2016) utilised geotagged Twitter data to procure
an overview of tourist density distribution based on the total number of
unique visitors in a fixed raster grid (Figure 2.1). Moreover, different types of
tourist activity can produce very different spatial patterns or concentrations.
The temporal profile of the data serves to present the changes of tourist
distribution during the different time of a day (Vu et al.,, 2015; Zhou and
Zhang, 2016). Figure 2.2 shows various KDE surfaces for four different
leisure activities according to the topics within geotweets in London identified
by Lansley and Longley (2016b). The darker tone in each activity type
indicates a higher density of geotweets belonging to the corresponding topic.
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Figure 2.1 Location popularity and accessibility to main transport
infrastructure based on the total number of unique visitors in each cell
of the grid. Source: Chua et al. (2016).
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Figure 2.2 A kernel density smoothing of georeferenced Tweets for 4
subgroups of ‘Leisure and Attractions’. Source: Lansley and Longley
(2016b).

The geovisualisation of urban tourist density reflects the selective usage of
tourists in the host city. However, the density surfaces of tourists fail to offer
deeper insight into tourist activity patterns and are ineffective for outlining
movements at the locations. Spatial clustering algorithms have been applied
in a finer way to recognise tourist concentration areas in destinations, which
are usually named tourism hotspots or Areas of Interest (AOIl). The spatial
clustering of Flickr geo-photos has been especially effective in identifying
sightseeing spots in many urban destinations, whereas geotweet clusters
indicate a variety of tourist activity locations (Spyrou and Mylonas, 2016a).

Spatial clustering algorithms have been widely applied in this respect. The
density-based clustering algorithm DBSCAN (Density-Based Spatial
Clustering of Applications with Noises) and its derivative versions, along with
other model-based clustering algorithms such as EM (Expectation-
Maximization) and SOM (Self-Organising Map) and spatial autocorrelation
tools like LISA (Local Indicator of Spatial Association) and Getis Ord Gi*,
have been adopted to identify AOIs (Majid et al., 2015; Steiger et al., 2016;
Comito et al., 2016; Miah et al., 2017; Salas-Olmedo et al., 2018; Chen et
al., 2019; Giglio et al., 2019). Figure 2.3 shows who used the most adopted
three clustering algorithms to detect the most visited AOIs by tourists and
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residents according to their geotweets collected in Florida (Hasnat and
Hasan, 2018).

Tourist Location Clusters (K_Means) Tourist Location Clusters (Mean Shift) Tourist Location Clusters (DBSCAN)

() | (b) - ©

Resident Location Clusters (K_Means)

Resident Location Clusters (DBSCAN)

) | © - ®

Figure 2.3 Clustering of tourist and resident geotweets in Florida to detect
AOIs by three spatial clustering algorithms: K-means, mean-shift and
DBSCAN. Source: Hasnat and Hasan (2018).

After identifying the AOIs at the urban destination, AOI popularity can be

measured by the geotagged social media data density (Kadar ,2014; Vu et

al., 2015) or the comparative relative density of one AOI with respect to the
overall activity of the city, referred to as Comparative Relative Strength

(CRS) (Girardin et al., 2009). For example, Figure 2.4 shows an example of

how the popularity of venues can be calculated based on the geo-photo

users, showing the presence of tourists (yellow polygons) and areas of
intense activity (the red heat map). The height of the polygon shows the
number of individual tourists present, by which the popularity of a POI can
be measured. If these tourism hotspots are associated with the textual
details and representative photos, it is possible to offer further insights into
the sentiment perspective and tourism destination images (TDI) in regards of
tourist experience and perception (Memon et al., 2015; D. Li et al., 2018; Liu
et al., 2019; Ferreira et al.,, 2020) For example, Girardin, Calabrese, et al.

(2008) revealed the most ancient parts of the city by mapping the distribution

of the tag “ruins” in Rome. Thus, many studies have employed Natural

Language Processing (NLP) techniques such as TF-IDF (Term Frequency -

Inverse Document Frequency) to analyse the representative tags of AOIs
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and generate annotations for tourist attractions (Hollenstein and Purves,
2010; Hu et al., 2015; Spyrou and Mylonas, 2016b).

Figure 2.4 Presence of tourists in the main AOIs in downtown Florence.
Source: Girardin, Fiore, et al. (2008).

The chronological sequences of individual user's geotagged social media
data, although not able to reflect every detail of tourist movements, can be
used at a collective level to capture the spatiotemporal features of tourist
flows (Girardin, Calabrese, et al., 2008; Rashidi et al., 2017; Payntar et al.,
2021). Tourist trajectories from geotagged social media data have been
used to inform how different tourists connect an assortment of key
attractions in their travel routes. Comito et al. (2015) detected 20 popular
tourist attractions in London and mapped the most frequent travel routes
based on a sequential pattern mining algorithm, by which they constructed a
‘reachability graph’ of these major attractions, shown in Figure 2.5. Along
with the temporal information, these empirical travel routes have been
suggested to benefit tourist traffic management during rush hour (Vu et al.,
2015; Shi et al., 2017). Taking the detected AOIs as nodes and individual
tourist movements between AOI pairs as edges, spatial network analysis
(with graph theory) is an effective approach to construct tourism networks
around locations, which helps to characterise tourist mobility patterns and
location connectivity in cities (Shao et al., 2017; Hu et al., 2018). This graph-
based approach helps to study tourist movement patterns by identifying
nodal attractions, significant transition hubs, core-periphery districts and
itineraries associated clusters from such networks. These can provide
insights into the destination management and operations of tourism
stakeholders (Liu et al., 2017; Kang et al., 2018; Agryzcov et al., 2019).
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Figure 2.5 Reachability of major attractions in London. Source: Comito et al.
(2015).

When the origin of tourists has been gleaned in the tourist identification
phase, tourist flows can be disaggregated by demographic features to reveal
different travel behaviour among tourists from different countries or in
comparison with the locals (Girardin, Fiore, et al., 2008; Gunter and Onder,
2021; Chua et al., 2016). Su et al. (2016) used the intensity of Flickr data to
reveal that tourists from different origin countries have spatially and
temporally varying travel preferences, and are attracted by different local
influences at the destination city (which includes the cultural and natural
attractions, congestion and accessibility, infrastructure level, economy and
safety factors). The research of Chua et al., (2016) also highlighted how
Twitter data can be used to disaggregate the origin of tourists by country,
revealing that Greek and Dutch visitors accounted for more than half of the
primary inbound tourists in Cilento, and that they had higher mobility and
travelled longer distances than tourists from other countries. Girardin,
Calabrese, et al. (2008) used the chronologically organised geotagged Flickr
data to uncover each user’s travel path through Rome and thereby indicated
dominant tourist trajectories. Figure 2.6 shows the paths taken by Flickr
users in Rome, (a) for Italian tourists and (b) for American visitors, which
revealed that the American tourists tended to have a narrower travel path
with less AOIs visited.
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Figure 2.6 Geovisualiation of the main paths taken by tourist and local
photographers between AOIs in Rome. Source: (Girardin, Calabrese, et
al., 2008).
However, although sufficient observations of spatiotemporal movements
from tourists at the individual level have been offered by Twitter, the
contextual information of these geolocations are not necessarily contained in
these geotweets (unlike the check-in at POIls or hashtag of geo-photos).
Therefore, apart from linking geotweets with Foursquare venues (see
below), studies have assigned a place category to geotweets by additionally
associating the locations with OpenStreetMap (OSM) category or land use
type (Garcia-Palomares et al., 2018; Bustamante et al., 2019).

Another approach to infer tourist activity from Twitter, is to explore the nature
and contents of the tweets themselves. Whilst the examples presented
below do not focus directly on tourism activities, they highlight the nuanced
activity-based patterns and insights that can be extracted from these data
and which can be applied in tourism studies. Lansley and Longley (2016b)
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offered a good instance of the use of text analysis in relation to many
activities, some more obviously associated with tourism (i.e. photography
and insights, leisure and attractions, place and check-ins). Lloyd and
Cheshire (2017) extracted retail-related geotweets which they then located
within retail centre boundaries in a UK example. The density and spatial
clustering of these geotweets revealed the areas with elevated shopping
activity, while the mobilities of the Twitter users indicated the accessibility
and catchment areas of retail centres. Their work suggests that the shopping
activities extracted from geotweets are a robust indicator of retail clusters in
urban areas and the retail flows reflect consumer movements in the real
world. Also, Lovelace et al. (2016) extracted the geotagged Twitter trips from
home locations to retail centres to construct a shopping flow matrix. This
retail flow matrix was used to inform the classic gravity model and radiation
model and was compared against the spatial interaction flows generated
from the theoretical models.

To conclude, it has been shown that geotagged social media data can
provide rich and detailed insights on tourist behaviour at a range of spatial
scales. However, one of the challenges of academic research is to link those
geotagged posts or images to known attractions and other places visited.
Foursquare has the potential to add some of that context and its contribution
to date is discussed in the next section.

2.2.2 Location-based check-in data: activity and preference

Location-based check-in data is useful as it is the only type of LBSN data
that innately relates to human activities which usually occur at popular
venues in the city, suggesting various human activities taking place there
(Noulas, 2013; Hecht and Stephens, 2014; Fekete, 2015). Foursquare
generates the most extensively used location-based check-in datasets in
academic research, accessible through collaboration schemes or streaming
via the Twitter portal (Foursquare, 2019). Other similar geolocation social
networking services to Foursquare also offer location-based check-in
datasets, such as Gowalla, Brightkite and Facebook Places (Cheng et al.,
2011; Ma et al., 2017; Chen et al., 2018). There are also some specialist
LBSN data sources that offer important insights into people from specific
locations, such as Sina Weibo (Weibo) for the study of the Chinese and
Mastodon for Indians.
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1. Foursquare

An advantage of leveraging Foursquare check-in data is that it provides
contextual information about POls in cities (predominantly venues such as
restaurants and leisure facilities) and the check-ins can only be generated
when the user is physically located close to the venues (Twitter and Flickr do
not have such a rigid requirement). Hence, the study of Foursquare check-
ins can offer useful insights into tourist activity locations (Ferreira et al.,
2016; Maeda et al., 2018; Vu et al., 2019) and the popularity of places with a
tendency to focus on consumption related locations (Karamshuk et al., 2013;
Yu et al., 2013).

Foursquare venues are hierarchically classified into ten main categories
using a broad spectrum of sub-categories (Foursquare, 2019). The ten main
categories are: Arts & Entertainment; College & University; Event; Food;
Nightlife Spot; Professional & Other Places; Travel & Transport; Outdoors &
Recreation; Shop & Service; and, Residence. In the context of urban
analytics, it is common that the ten main categories are interpreted as ten
human activities as shown in Table 2.1. When tourist users are distinguished
from others, they also represent typical tourist activities.

Table 2.1 Ten Foursquare main categories and corresponding activities.

Foursquare main | Selected typical sub- Activity type

category categories
Arts & Museur?{ II-I||stor|c Tllte’ Visiting arts
Entertainment Concert hall, Art gallery, .
Theatre and entertainment venues
College academic
College & building, College , , .
University library, College University-related activity

Residence Hall

Christmas Market,

Event Conference, Music Participating events
Festival, Parade

Café, Tea room, Steak

Food house, Chinese Dining out
restaurant, Burger Joint

Bar, Brewery, Night

Nightlife Spot Market Nightlife

Monument/landmark,

Church, Library, Visiting landmarks/buildings
Observatory

Professional &
Other Places
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Beach, Park, Palace,

Scenic lookout, Outdoor sightseeing
Bridge, Castle

Outdoors &
Recreation

Department store,
Supermarket,
Shop & Service Souvenir shop, Shopping
shopping mall, Grocery

Store

Train station, Bus
station, Airport, Pier, Travelling

Travel & )
Taxi Stand

Transport

Hotel Accommodation

Home, Residential

Residence Building

Staying at home

A number of studies have taken advantage of such interpretation to depict
the spatiotemporal distribution of various human activities. For instance, Xie
et al. (2018) and Vu, Li, et al. (2019) identified the discrepancy between
tourist preferences in different destinations of the same tourism source
market, according to the categories of their Foursquare check-ins. Ferreira
et al. (2020) identified a clear Electronics Enthusiastic tourist group in Tokyo
from the collected Foursquare check-ins, which has a strong presence of
visiting electronics stores. Marti et al. (2020) diagnosed multi-activity clusters
across the city with the aids of Foursquare POls as the touristic offer and
check-ins as the utilisation of tourism services. Yu et al. (2013) used
Foursquare check-in data in Paris to estimate and rank the business area
popularity of certain categories (food, entertainment, shop, nightlife and
cafés) in different market areas. Vu et al. (2018) explored the Foursquare
check-ins to find that tourists in Hong Kong are more likely to go shopping
on the arrival and departure days and they also identified the most popular
shopping malls visited by tourists.

Foursquare has been considered heavily related to the places of
consumption such as restaurants, retailers and other leisure facilities which
relate to users’ consumption activity (Noulas et al., 2013; Fekete, 2015;
Agryzcov et al., 2015; Vu et al., 2018a). In retail analysis, the total sum of
check-ins at a venue acts as a proxy of the attractiveness of the venue and
the retail flows identified from the check-in data provide a real-world dataset
regarding consumer movements. Zhou and Zhang (2016) used the
Foursquare check-ins to capture the spatiotemporal changes of shopping
activity and examined how it interacts with other main human activity. By
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taking the most visited areas as the activity centre of a user, Qu and Zhang
(2013) depicted the catchment area of the retail outlets based on the activity
areas of the Foursquare users who have checked-in at those stores. The
applications of Qu and Zhang (2013) and Daggitt et al. (2016) made use of
the increase of the check-in counts at the venue to signify the potential uplift
of business performance. They took user check-ins at different venues
belonging to the same category as a means to understand venue
competitiveness. Similarly, Sklar et al. (2017) regarded the rise of the check-
ins in a commercial area as the growth of urban activity of that district. Given
this thesis’ objectives in relation to tourist shopping activities, the focus on
specific commercial activity types afforded by these data is important for this
study.

An added advantage in such applications is to use the retail check-ins and
their flows to inform inputs of machine learning models and thereby to
predict store performance change and assist site selection in retail planning.
The check-ins and flows are valuable empirical data that could quantify the
geolocation, visitation and mobility features of a site and its neighbourhood
area. These features have been taken as variables to formulate prediction
models to forecast the popularity change of different locations by the number
of check-ins or visitors (Noulas et al., 2010; Long et al., 2013; Y. Li et al.,
2013; Yu et al., 2016; Al Sonosy et al., 2018) or by considering socio-spatial
interactions in the region (Scellato et al., 2011; Noulas et al., 2012a; Yu et
al., 2013; Doan and Lim, 2019). For example, Karamshuk et al. (2013) used
Foursquare check-ins to derive geographic and mobility features of the retail
locations in New York. The mobility features included location density,
centrality, area competitiveness, and the spatial interactions with other types
of venue in the same area; and the mobility features were area popularity,
change of transition density in the area, area incoming flow, and the area
transition quality accumulated by the probability of transitions between all the
type of venues. These features combined to represent the attractiveness,
competitiveness and interactions of the sites for location selection. Other
research has also generated temporal profiles of venues to add a temporal
layer regarding place attractiveness ((Sklar et al., 2017; D’Silva et al., 2018;
Hsieh et al., 2019), or have considered the proximity of venues to main
attractions or food providers (Georgiev et al., 2014). When using these
variables to formulate prediction models, the trained models can forecast the
future check-in trends of the candidate locations (increasing check-ins
indicating potential prosperous store performance) and also identify the
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influential factors of the check-in growth (D’Silva et al., 2018; Hsieh et al.,
2019).

Similar to traditional geodemographics built on the category of residency, the
Foursquare check-in records facilitate a taxonomy categorisation at the level
of the venue (or POI in Weibo and place in Facebook) to generate customer
profiles or abstract their lifestyle patterns (Noulas et al., 2011; McKenzie et
al., 2015; Ferreira et al., 2020). Joseph et al. (2012) grouped users into
clusters according to the places they checked in on Foursquare via topic
modelling. Hasan and Ukkusuri (2015) used the contextual information of
users' check-ins to infer their personal interests and cluster users by the
visitation patterns and neighbourhood choices. In research on tourist travel
behaviour, individual tourist's Foursquare check-in records (placed in a
sequenced time series) can be treated as travel itineraries or diaries made
up by the venue-category suggested activity and temporal details. For
example, Vu et al. (2018a)’s analysis on Foursquare check-in data in Hong
Kong confirmed that Asian tourists are more likely to travel by public
transportation for shopping and also to visit theme parks whereas Western
tourists have much higher preferences for nightlife spots. Hu and Jin (2017)
used the Foursquare check-ins in Macau to identify the gambling tourist and
examined how their travel behaviour was different from other sightseeing
tourists. Meanwhile, tourist activity profiles and itineraries generated by their
origin of sources have been used as the important inputs for destinations
recommendation prediction (Kesorn et al., 2017; Kotiloglu et al., 2017; Xie et
al., 2018). These studies suggest that Foursquare check-in data has the
potential to reflect empirical tourist movements between various activities,
with an exclusive advantage associated with tourist consumption activities,
such as shopping and dining out (Salas-Olmedo et al., 2018; Vu et al.,
2018). In this regard, this thesis also makes use of the Foursquare
movement datasets, aggregated from users’ chronological check-in records
in London, to simulate the possible grocery shopping flows of tourists (see
Chapter 6).

2. Weibo

Sina Weibo, equivalent to Twitter, is the main LBSN platform in mainland
China. It allows users to generate microblogs with check-in at locations.
Weibo offers a great opportunity to study Chinese activity and mobility in a
similar way to Foursquare. Weibo check-ins have drawn great attention from
researchers in China especially for the study of migration and culture ties
(Wu et al., 2016), urban agglomeration (Zhen et al., 2017), urban function
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and structure (Wang, Wang, et al., 2016; Shen and Karimi, 2016) and
human activity (Yuan and Wang, 2018). In common with the Foursquare
examples presented above, Weibo check-ins have also been utilised in retalil
analysis in China. For example, Wang et al. (2016) adopted Weibo check-ins
to estimate user activity centres and calculate the probability of these users
visiting retail agglomerations in Beijing. The results were used to further
calibrate a spatial interaction model to delineate the trade areas of these
retail agglomerations.

The applications of Weibo check-ins in domestic tourism destination
research in China has also taken advantage of Weibo check-ins as the
indicator of tourist activity and mobility. Shao et al. (2017) delimited the
underlying tourism communities as tourism spatial structure by extracting the
main tourism areas from geotagged Weibo data in Huangshan City.
Meanwhile, the timestamp and location categorisation of Weibo check-ins
have also been used to analyse and compare the activity patterns of foreign
and domestic visitors (Maeda et al., 2018), tourists and residents (Shen et
al., 2019; Khan et al., 2020) or observed gender differences in check-in
behaviour (Rizwan et al., 2018). For example, Xue and Zhang (2020)
incorporated the expenditure levels at checked-in restaurants and hotels to
show the diverse spatial behavioural and consumption patterns of the short-
haul tourists, long-haul tourists and local residents in Suzhou. Zhang et al.
(2020) compared the Weibo check-in records from visitors and locals as
indicators to uncover the (lesser known) restaurants only popular among
locals in Beijing.

Weibo check-in data located out of mainland China forms a specific big
spatial dataset which can be used to identify overseas Chinese populations
(Liu and Wang, 2015). After distinguishing tourist users from migrants and
long-term students, this dataset has valuable potential in understanding
overseas Chinese tourist activity and mobility patterns, as highlighted in the
analysis presented in Chapter 4. Recent research by Chen et al. (2020) also
used Weibo data to track the global mobility of the Chinese visitors who had
visited Sydney.

To conclude, location-based check-in data offers a vast number of tourists’
check-ins at tourist sites together with the contextual information concerning
these locations, which allow researchers to rank venues by popularity,
understand place attractiveness by their geographic and mobility features,
and characterise destinations or AOIs and profile tourists visiting there.
These advantages can support research related to destination marketing



-31-

and management in many aspects: can create tourist travel dairies, uncover
tourist preferences for activities and venues, identify popular or busy travel
itineraries, and understand the spatial interaction between urban places from
a tourism lens.

2.2.3 Tourism service website data: offer and utilisation

Tourism service websites provide the most popular UGC used in tourism
studies. These review data are originating from a series of social media
reviews sites like TripAdvisor and Yelp and third-party booking platforms
such as Booking.com, Expedia, Airbnb and Google Places, etc., covering
nearly all the main tourist activities of travelling, eating and lodging
(Schuckert et al., 2015; Filieri, 2015; Jia, 2020). The text reviews from
diverse service platforms offer valuable and authentic data sources from the
perspective of tourists (Xiang et al., 2017). Hence, research has been
conducted to uncover knowledge about tourist travelling experiences and
sentiments via a range of textual analysis approaches, which are popular for
evaluating sentiments and improving service management to attract more
tourists (J. Li et al., 2018).

From a geographical perspective, these major worldwide online tourism
services, even though their completeness cannot be fully warranted, have
been regarded as valuable geospatial data sources of the most precise and
up-to-date overviews of the touristic offers in destinations so far (Batista e
Silva et al.,, 2018; Marti, Serrano-Estrada, et al., 2019). Many of them
provide the metadata of accommodation establishments including the
location, capacity, and proxies for utilisation. These datasets could offer
indicators of tourist night-time population distributions and have been used
as an important complement to create temporal dasymetric maps (Batista e
Silva et al., 2020). For example, the location and capacity of accommodation
establishments from Booking.com and TripAdvisor, in conjunction with
tourist statistics from Eurostat, produce a set of high-resolution overnight
tourist density grids over the EU on a monthly basis. This novel dataset of
tourist population has been used to assess the spatiotemporal pattern of
tourism in the EU on both local and regional scales (Batista e Silva et al.,
2018).

Meanwhile, while the location detailed information from these tourism
service data illustrates the supply side of tourism sectors (including hotels,
short-term rentals, restaurants and attractions), the collection of reviews and
ratings reflect the utilisation of these facilities and services suggesting the
popularity from the demand side. van der Zee et al. (2020) compared the
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spatial patterns of tourist dining out choices and the restaurant distribution in
a series of urban heritage destinations in Belgium by using the restaurant
reviews on TripAdvisor. The outcomes have been fed back to the DMO
directors to inspect the effectiveness of local tourism policies which aim at
spreading tourism from core central areas and thus for planning secondary
tourism product offerings. Furthermore, these tourism service supply and
usage data provide a chance to examine the relationships between services
and the city. Gutiérrez et al. (2017) measured the spatial association
between the location of Airbnb, hotels and tourist attractions. Their analysis
indicated that Airbnb accommodation intensified the existing pressures on
housing (and overcrowding) in the residential areas of Barcelona. The
information on Google Places listing has also been used to demonstrate the
economic activities on offer in urban destinations, and to help characterise
the urban tourism function areas (Adelfio et al., 2020; Matrti et al., 2020). The
evolution of these venue datasets also offers opportunities to examine the
spatial extension of tourism occurring in many urban destinations, which is
detailed more in Section 3.4.2.

To sum up, while geotagged social media and location-based check-in data
shed light on tourist activities and mobilities at the individual level, a set of
diverse tourism service websites offer valuable geolocated datasets of the
touristic offer and utilisation at the destinations. These data sources help to
depict the landscape of the tourism supply side, as well as the popularity of
tourist choices on the demand side. It is clear now that the three main types
of LBSN data all have their unique potential to contribute to tourism research
from different aspects. Therefore, it is useful to employ multiple LBSN
datasets at the same destination. The major advantages of doing this are
discussed in the following section.

2.3 Multisource LBSN data incorporation

Given the diverse purposes of the LBSN platforms and the varied
characteristics of the datasets they offer (Table 2.2), there is a potential for
interlinking different types of LBSN data in tourism research (Stock, 2018).

Firstly, different LBSN data can be fused to increase the breadth of the
datasets in the same study area. This could also to some extent alleviate the
data biases and representativeness issue when using a single source (see
Section 2.4) (Li et al.,, 2013; Malleson and Birkin, 2014). Location-based
check-ins and tourism service website data are clearly associated with key
venues but may ignore some less attractive destinations, while geotagged
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social media data have the advantage to unveil new venues and activity
spaces since users are able to post from any place (Zhang et al., 2020).
Also, while geotagged social media data and location-based check-ins tend
to be more related to tourist activity in the daytime (Longley and Adnan,
2016), accommodation service website data supplies an up-to-date overview
of tourist overnight accommodations when official or industry data is
inaccessible (Batista e Silva et al., 2020). Population biases are universal
issues in social media datasets (Olteanu et al., 2019). First of all, social
media services usually have a bias towards urban populations (Hecht and
Stephens, 2014). In the US, Twitter users in urban areas are 5.3 times more
than rural users, and this figure increases to 24.4 times in the case of
Foursquare (Hecht and Stephens, 2014). Second, Twitter and Foursquare
show a higher proportion of male users than female (Baeza-Yates, 2020),
whereas the reports of Facebook and Weibo indicate they have more female
users than male (Baeza-Yates, 2020; Weibo Data Centre, 2021). When it
comes to the age of the user, Twitter is believed to over-represent younger
adults (Wojcik and Hughes, 2019); 18-29 year olds are the most active users
of the geotagged functions in Twitter. For example, the mean age of Twitter
users in the UK is 34 (Mellon and Prosser, 2017). But Twitter still has an
older user age group than Instagram, which has 65% of the users in 18-34
years old category (Baeza-Yates, 2020). Airbnb millennials make up about
60% of all guests (iPropertymanagement, 2020) (Deane, 2021). In regards
to ethnicity, research has found that there are no racial or ethnic differences
for Twitter users (Hargittai, 2020), when limited to the geotagged Twitter
users, there is however still a population bias towards White, Black, Asian,
and Hispanic/Latino groups (Jiang et al., 2019) (Malik et al., 2015). Twitter
also has been recognised as biased towards higher income groups and
those with higher education levels (Mellon and Prosser, 2017). More details
of the population biases of LBSN datasets are reported in Table 2.2.

Furthermore, people use different social media platforms in different ways
(Oh and Syn, 2015). For example, Manikonda et al. (2016) found that Twitter
users express more negative emotions and are more likely to post around
work, news and opinions, whereas more personal daily activities and social
pastimes are shared on Instagram. Hausmann et al. (2018) argued that
Flickr was more popular among experienced nature enthusiastic tourists who
shared high-quality professional photographs while Instagram users
appeared to be less experienced and younger tourists typically sharing more
personal activity. Hence, the combination of multiple sources of LBSN data
brings more perspectives to investigate human activities. In the research of
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Tenkanen et al. (2017), the authors analysed social media data collected
from Instagram, Twitter and Flickr to assess how they can be used to
estimate visitation patterns in national parks. They testified that Instagram
outperforms Twitter and Flickr in monitoring the number of visitors in natural
areas, but the combination of the three platforms yields the most robust
matches with the official visitor statistics. Therefore, the authors advocated
an ‘all data revolution’ to consider all different data sources available for
different areas of the world to inform global conservation research.

Secondly, the cross-referencing of different LBSN data enable the
delineation of human activities in the ways that a single data source cannot
capture, and therefore inform a more robust interpretation of the research
topic (Hamstead et al.,, 2018; Marti et al.,, 2020). For example, the
comparison of Airbnb listing with TripAdvisor hotel offers in Marti, Garcia-
Mayor, et al. (2019) clearly illustrates the decentralisation of tourism to non-
touristic zones in Alicante. When overlapping Airbnb data with Foursquare, it
also demonstrates that some of the Airbnb lodging clustering areas lack
other human activity opportunities, suggesting future potentials to attract
extra economic activity. Salas-Olmedo et al. (2018) employed three LBSN
data sources to identify spatial patterns of urban tourist activities in Madrid,
in which the data from a photo sharing service (Panoramio in this instance)
helped to understand sightseeing activities, Foursquare illustrated
consumption-related activities and supplementary Twitter data helped to
identify the location of tourist's accommodation. All three sources of LBSN
data provided useful new information on the spatiotemporal distribution of
tourist activities in one destination, but differences still showed. As shown in
Figure 2.7, Twitter showed the most dispersed tourist activity, highest in the
historic centre and accommodation areas. In contrast, the geo-photos
occurred more in the historic centre and main sightseeing spots than simply
the city centre. Foursquare showed more tourists at the luxury shopping
area near the historic centre and other shopping centres or individual stores.
The authors also revealed the similarity between each pair of LBSN data.
They found that Foursquare and Twitter had a certain similarity between the
spatial patterns of tourists, whereas geo-photos had the lowest similarity with
Foursquare check-ins and a slightly higher similarity with geotweets. Their
research demonstrates that the similarities and differences among the three
kinds of data sources can be viewed as complementarity when examining
the multifunctional tourist areas and specialised areas in cities. Similarly,
Marti et al. (2020) provided an example of harnessing the unigue offer from
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different LBSN data to identify the tourist activity zones of specialised
functions on the basis of users’ sharing contents.
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Figure 2.7 Tourist density according to: a) Panoramio, b) Foursquare, c)
Twitter. Source: Salas-Olmedo et al. (2018).

In Section 2.2, the thesis reviewed the applications of each of the three
types of LBSN datasets in tourist travel behaviour research. This section
discusses the necessity and the potential to combine various LBSN datasets
in the same study area. Different social media platforms have unique
strengths in terms of the data they offer. Nonetheless, the methods and
techniques developed for LBSN data analysis are usually transferable. The
extracted geospatial big datasets are mostly structured to include
geolocation, timestamps, textual contents and other measurable metadata.
In light of these, Marti, Garcia-Mayor, et al. (2019) suggest that the
interlinking of different LBSN data has facilitated “a transversal view of urban
dynamics” to uncover unexpected nuances. Table 2.2 presents a critical
summary of the merits, implications and pitfalls of the three different types of
LBSN datasets in tourism research, particularly the topics about tourist travel
behaviour. In conclusion, the combination of data from different LBSN
sources not only increases the breadth of the data, but also enriches the
support of analysis and allows a better interpretation of tourism phenomena.
This thesis also benefits from the application of multiple sources of LBSN
data, as elaborated in Chapter 5.
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Table 2.2 Summary of the three types of LBSN datasets in tourism studies.

Dataset Geotagged social | Location-based Tourism  service
media data check-ins websites

Typical o Twitter Foursquare e TripAdvisor

] o Flickr Facebook Places | e Airbnb

SErvices e Instagram Weibo e Booking

(used in_the * Expedia

thesis)

Benefit Tourist Tourist activities at | Destination tourism
spatiotemporal venues offer and utilisation
densities and
dynamics

Implications | ® Correlation with Tourist activities, |e Tourist

] observed visitor especially experience and
for tourist numbers consumption- sentiment

travel e Proxies of tourist related e Most complete,

behavi distribution Travel itineraries precise and up-

ehaviour density and tourist diaries to-date overview
¢ Identify tourism Characterise of tourism
hotspots destinations by supply side in
e Measure AOI tourist choices destinations
popularity and multipurpose trips |®  Utilisation,

insight of tourist
experience and
perception
Individual tourist
trajectories
Aggregated
tourist flows,
movement
patterns
Comparison
between different
origin of countries
or with locals

at destination
Tourist
preferences by
source market
Tourism spatial
structure

POI popularity
and the change
over time
Indicators of
place
attractiveness
and retail flows
Weibo: global
mobility of
Chinese visitor

popularity and
experience from
the perspective
of the demand
side

e Delineate
tourism function
areas in cities

e Examine the
relationship
between tourism
services and the
city, including
tourism
expansion

e Accommodation
datasets: tourist
night-time
population
distribution

shortcomings

Lack of
contextual
information to
infer tourist
activity

Only at popular
venues

e Venue level
rather than
tourist level
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Population o Over-represent e Foursquare: o Airbnb: 54%
_ male, urban Highly over- female; 36% of
bias population, with represent urban the users are 25
higher income population, more to 34 years old;
and education male than 23% are 35to
level female, 47% of 44 years old
e Geotagged the user are age | e
Twitter users: 18- 25-34, 29% are
29 year olds are 35-44 years old
the most active e Weibo: 54.6%
users; bias at female, 80%
White, Black, under-30s
Asian, and
Hispanic/Latino
groups
e Instagram: young
adults (18-35)
Skewness Skewed by prolific | Skewed at urban | Skewed at popular
user, aturban area |area and popular | venue
venue; Skewed by
prolific user
Accuracy Low High High

2.4 Discussion

The examples given above show what has been possible so far in terms of
applications of LBSN data in tourism research. This section discusses some
of the pros and cons of using LBSN data. A major advantage is the fact that
LBSN data provides a huge volume and velocity of data. In contrast, most
available surveys are limited in their scope and nature. Data on tourist
arrivals and demographic information from official government statistics are
also limited because they usually offer few opportunities to examine tourist
behaviour at an individual level. Individual data enables analysis which is far
more spatially and temporally disaggregate than official survey-derived
sources (with LBSN data uniquely time and geo-location ‘stamped’) enabling
the construction of detailed tourist trajectories at different times of the day
and between different groups of tourists. LBSN data has thus been used as
a cost-effective but reliable alternative to surveys to support tourist spatial
behaviours at a range of geographical scales and to generate knowledge for
the destination tourism stakeholders.

LBSN data is not also purely based on a limited number of cases, unlike
many surveys, thus avoiding some of the issues around researcher selection
bias. Also, LBSN users create the contents and locations in a voluntary way.
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This is an advantage to reduce the possibility of behaviours altering when
the survey subjects realise that they are under observation (McCarney et al.,
2007). However, the bias nature of social media usage still brings a major
issue regarding the application of LSBN data — how well does the data
represent the entire population? Although there is a high volume of data, the
proportion of active users is usually a small percentage compared to the
engaged population under research (Steiger, Westerholt, et al., 2015). Many
studies address the representation issue that social media platforms present
according to people’s interests and background (Oh and Syn, 2015;
Manikonda et al., 2016). In America, L. Li et al. (2013) found that well-
educated users with a good salary were high contributors on Twitter and
Flickr. Pew Research Centre identified younger, suburban and Hispanic
segments of the population were more likely to use LBSN services (Zickuhr,
2013). In the tourism academic community, Munar and Jacobsen (2014)
pointed out that a large proportion of users passively search for information
on tourism service websites but never contribute. Therefore, the LBSN users
of one platform may comprise only part of the population with a specific
interest, although this issue could partly be mitigated by bringing in different
LBSNs for the same study area as aforementioned in Section 2.3.
Meanwhile, LBSN data can be skewed in the spatial and temporal
distribution, especially in study areas with a low intensity of LBSN data
coverage (Lovelace et al., 2016). A small number of users may generate the
majority of content, and spambots or organisation users can heavily skew
the raw data sets. Therefore, many studies make use of the density of users
rather than their messages to mitigate the inherent bias and suspicious
active users are also filtered out in many studies before analysis.

Another major debating point around these big data is the lack of
demographic characteristics in many LBSN data sources, as only a small
fraction of the users report attribute information in their user profiles. In other
words, little is known about the characteristics of the persons tweeting or
posting photos, although some researchers have attempted to estimate
these characteristics based on forenames and surnames (i.e. Longley et al.,
2015; Luo et al., 2016; Lansley and Longley, 2016a). Here perhaps smaller
scale surveys do offer an advantage, especially purpose-built questionnaires
which can include more material on individual attributes. If we could break
down LBSN data by ethnicity, age or other socioeconomic status, then we
would have more idea on how activity and mobility patterns vary by different
demographic cohorts (Huang and Wong, 2016; Luo et al., 2016; Chua et al.,
2016). Moreover, many studies use the most frequent night-time message
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location, or the most intensive grid cell of individual user’s rasterised
geolocated records, to identify the origin country, activity centre or even the
home location of users (Malleson and Birkin, 2014; Zhong et al., 2015;
Longley and Adnan, 2016; Huang and Wong, 2016; Stock, 2018).
Sometimes text analysis also has acted as a support role to identify
domestic activity (Birkin et al., 2013; Malleson and Birkin, 2014; Steiger et
al.,, 2015). This so-called location inferences process enables urban
geographers to link socioeconomic status (or the geodemographic
classification in the UK case) according to the livelihood of a person
(Longley and Adnan, 2016; Huang and Wong, 2016; Luo et al., 2016). In
tourism studies, such identification of user's origin even at a coarse
resolution help scholars to distinguish tourists from different source markets
(Girardin, Calabrese, et al.,, 2008; Su et al., 2016; Vu, Li, et al.,, 2019).
However, a problem related to the location inference of more serious
concern is the ethical issue, mainly regarding privacy. Although the LBSN
platforms feature robust security mechanisms for user data safety, the high
accuracy data analytics and automatic data mining techniques potentially
lead to the risks of privacy breaches (Zook et al., 2015; Yao et al., 2019).
The research of Vu, Law, et al. (2019) offers an example of the possibility of
LBSN data to breach traveller privacy. They revealed that the sensitive
social relationship among tourists and locals could be mined via constructing
joint Foursquare check-in records according to the coincided spatiotemporal
traces of different users. Therefore researchers have advocated the privacy-
preserving data analytic when applying LBSN data and to be cautious as to
what extent may the research impinge on the LBSN users (Sui and
Goodchild, 2011; Shoval and Ahas, 2016; J. Li et al., 2018; Yao et al., 2019).
Such ethical considerations are also taken into account in this thesis during
the analysis of LBSN data in Chapter 4, 5, and 6.A third concern when using
LBSN data is validation — in other words, do the data at least give us similar
aggregate insights or patterns as survey data (and therefore gives more
confidence in the use of the data), and in what ways can they provide
greater insights? A few studies have employed a validation step in their
research to verify whether the LBSN data can be used to help understand
specific human activities. Steiger et al. (2015) validated the distribution of
work-related geotweet clusters against the workplace population census
data and argued that the geotweets are a good proxy of workplace-based
activities. But the same experiment on home-clustered tweets failed to fully
represent residential populations. In relation to tourism, Comito et al. (2016)
compared identified popular travel routes from geotweets in London against
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the top-recommended travel itineraries of the tourism service websites and
most of the identified routes achieved a very high level of accuracy. Kadar
(2014) verified that Flickr is a more precise indicator of visitor attendance at
a singular attraction than the statistical data solely based on ticket selling.
Hawelka et al. (2014) and Barchiesi et al. (2015) argued geolocated Twitter
and Flickr data are good indicators in global mobility behaviour studies by
validating their results against the official statistics of international tourism.

These examples support the argument that the fine granularity of LBSN data
can be a supplementary dataset to inform tourist activity and movement
patterns. But there is also some negative evidence exhibited. In the same
study of Barchiesi et al. (2015) the Flickr-based model failed to capture the
annual difference in visitor numbers to the UK from an individual country.
Also, the research of Girardin, Calabrese, et al. (2008) and Lovelace et al.
(2016) showed mobile roaming data, although not always easy to access,
are better proxies for estimating the visitor numbers and travel flows than
LBSN data due to the intensive data coverage. They suggested that LBSN
data is more promising to reveal new dimensions of tourist travel behaviour
rather than reinforce existing tourism knowledge. More importantly, Lovelace
et al. (2016) further stressed that veracity is even more important than
analysis, and hence the critical verification and systematic evaluation of the
data sets and corresponding applications should not be overlooked.
However, in reality the lack of fine-scale datasets regarding human activity
and movement usually limits this task.

There have been long criticisms of Big Data analytics in empirical social
science research. The main criticisms are usually around the bias and noisy
nature of raw data and that analytics only finding answers to predefined
guestions rather than developing new understandings. The application of
LBSN data in human geography research also faces similar challenges.
However, increasing applications bringing in LBSN data to assist the
investigation of a wide spectrum of research questions can be seen in the
literature. This is because many research outcomes have supported the
view that ‘the trends can be revealed clearly regardless of outliers’, albeit a
large proportion of the work is around data cleaning and pre-processing
(Mayer-Schonberger and Cukier, 2013). Although these findings cannot lead
to general laws or reveal causality, LBSN data analytics allow deeper focus
on what is happening at specific places and times (Miller and Goodchild,
2015). There are also some major debates around whether Big Data means
an end to theory and the likely replacement, or redundancy, of small data
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(Kitchin, 2017). In line with these discourses, the investigation of the LBSN
data quality and its potential impacts on the analytical results has become an
indispensable part of LBSN data applications, which is also included as an
important component in the discussion of Chapter 7 (see Section 7.3).

2.5 Conclusions

This chapter has presented a comprehensive summary of the state-of-the-
art of location-based social media services for exploring the activity and
mobility patterns of urban tourists. In sum, LBSN data can be considered as
a valuable data source to generate knowledge for planning and operational
purposes in tourism destination management. The information extracted
from LBSN data could shed light on how tourist providers are meeting the
demand of different tourism markets. Although, as seen above, LBSN data
faces criticism of skew and bias, it provides a much larger volume of readily
accessible data about the digital footprints of individual tourists. These ever-
growing novel datasets can be used to understand the activity spaces and
dynamics of those tourists, especially in those domains where no better data
sources are available, such as visitor space usage, tourist movement
patterns, tourist interaction study and tourism impacts estimation. Text
analysis uncovers the underlying semantic information within LBSN data,
which can be used as a crucial complement to place contextual information
on the spatial and temporal footprints of users.

The following chapter will closely examine some ongoing changes within
patterns of tourism in many large cities and look at the potential that spatial
interaction modelling might contribute to future research in tourism
movements, especially in relation to grocery shopping.
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Chapter 3 Linking urban tourism with retail location
modelling

3.1 Introduction

Many approaches have been leveraged in retail location analysis for
turnover forecasting and store performance benchmarking, from simple
methods such as the analogy approach or regression analysis to more
complex methods including radiation models and discrete choice models.
Since the first gravity-type Huff model (Huff, 1963), spatial interaction
models (SIMs) have been widely utilised in retail applications and
significantly developed through collaborations between academia and
industry. They have been shown to be very accurate with many applications
in the grocery retailing sector in particular (Birkin et al., 2017; Birkin and
Clarke, 2019). To adapt to the increasingly complicated retail demand side,
recent attempts to disaggregate SIMs have advanced the models to
increase the diversity of the grocery demand side: from persons making trips
from home to the inclusion of commuters and workplace demand, coastal
holiday tourists, school pupils and students (Newing, 2013; Waddington,
2017; Birkin, 2019).

Meanwhile, as shown in Chapter 2, the growth of tourism mobility in cities
and towns has accentuated the intricacies of the urban population
landscape. The variegated tourist population has penetrate areas which
extend beyond traditional tourism areas into residential neighbourhoods,
blurring the mobilities, behaviour and geographical boundaries between
tourism and daily life (Maitland, 2013; Novy, 2018). Taking the under-
examined tourist grocery shopping demand as a unique angle, this chapter
demonstrates why and how tourists may heighten local grocery demand in
urban areas and illustrates the necessity and challenges of adding urban
tourist demand into the SIM for retail location analysis.

3.2 The extension of spatial interaction models

SIMs have been used as an essential tool for analysing, explaining and
simulating flows (of people, information, capital, traffic, trade etc.) across
space (Batty, 2008; Birkin et al., 2010; Fotheringham, 2017). The early Huff
model and other SIMs were given greater analytical rigour through entropy-
maximising techniques introduced by Wilson (1971, 1974). The entropy-
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maximising SIMs, derived from statistical mechanics, have a sounder
theoretical basis and thus became widely accepted by human geographers
and regional scientists and became one of the most successful geographical
models used in applied research (Birkin et al., 2017). From the 1980s, SIMs
started to act as a core technique to support location-based decision making
in retail location planning, particularly in the grocery sector (Wood and
Reynolds, 2011, 2012). Equation 3.1 is the most basic form of the SIM,
which is built up of three components relating to supply, demand and
interaction (Birkin et al., 2017). The inherent concept of the model is that the
expenditure 0; from the demand side within any given small area i is shared
by competing retailers j based on their relative ‘attractiveness’ W; and

accessibility. The accessibility is a function of the relative ‘cost’ in terms of

distance d;;, calibrated using a distance decay parameter g which reflects

the propensity of consumer to travel to interact with supply.
Sij = AiOiW}-exp(_ﬁdU) (31)

Where, S;; is the predicted flow of expenditure (or customer) from residential
area i to retail store j, O; represents the amount of expenditure available in
area i, W; measures of attractiveness of retail store j and d;; account for the
cost incurred (i.e. distance or travel time) between i and j, § is the distance

decay parameter, and 4; is an internal balancing factor written as

1
A= — 3.2
boxwjep TP (32)

to ensure that all demand is allocated to retail outlets within the region:
0; = X Sij (3.3)

SIMs are typically used to estimate customer expenditure flows between
local residential neighbourhoods and the retail supply side, which in turn
allows the estimation of store revenue and local market penetration rates
and delineation of store catchment areas. Thus, many retailers have found
them especially useful as a basis for their store location strategic decision
making (Birkin et al., 2017; Clarke, 2020). Moreover, they have also been
adapted for other uses within retail geography. For instance, Clarke et al.
(2002) used the predicted flows from their SIM to create an interaction-
based accessibility index to evaluate the coverage of food provision in
residential zones and thus identified potential food deserts in major urban
areas. Moreover, SIMs have been extended to adapt to more complex
contemporary business purposes, particularly for retail patronage
applications. For example, Davies et al. (2019) and Beckers et al. (2021)
developed their SIM to estimate the patronage of grocery Click & Collect
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services in the UK. Dolega et al. (2016) extended the SIM from traditional
grocery store applications to delineate the catchment areas of retail centres
(or agglomerations). Sevtsuk and Kalvo (2018) modified the demand side of
the model from residential zones to individual buildings, delimiting the supply
side as commercial clusters to produce a disaggregate estimation of retail
agglomeration patronage. De Beule et al. (2014) extended the SIM by
incorporating more influencing factors into the store choice probability
analysis of the same brand, in order to improve the predictive power of the
model in retail network performance.

Apart from the SIMs which model aggregate customer flows, there are also
other disaggregated models to simulate mobile consumer travel behaviour
and capture the temporal changes in accessibility on the supply side. Agent-
based models have been used in location analysis modelling because of
their ability to capture store choice behaviour at the individual customer
level. Sturley et al (2019) provide a good illustration of progress relating to
ABMs used in retail location modelling. Although they were not able to model
every individual separately they used loyalty cards to identify different types
of shoppers and then used the ABMs to decide on most likely retail store
choice for each group. Birkin and Heppenstall (2011) provided an example
of a hybrid agent-based model by integrating agent-based modelling in SIMs
to simulate equilibrium-seeking behaviour in dynamic retail environments.
Kowalski (2019) built a hybrid agent-based model to simulate trips to local
swimming pools. Compared to the SIM approach, the agent-based model
can better reflect the space-time variance of accessibility and interactions
between the agents, although it often requires much higher computational
capacity. ABMs also require some methodology for choosing different
locations, which may involve the same trade off assumed in SIMs —
accessibility v store attractiveness. Other disaggregated models such as
utility theory and discrete choice models have also been used in location
choice modelling to simulate complex consumer choice behaviour (Piovani
et al.,, 2016). Moreover, the geometric patterns of urban morphology have
also been considered in location analysis and space syntax analysis has
been used in the measure of location accessibility (Morales et al., 2019).
Also, spatial structure has been incorporate in SIM to reflect its impact on
the distance-decay parameter estimates. Oshan (2020) reviewed four
methods that are able to account for the spatial structure of the origins and
destinations in SIMs using space syntax analysis of the local urban
morphology. These technical enhancements have shown that it is possible
to capture more complex consumer behaviour and therefore improve the
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accuracy of SIMs. But, such developments are usually computational
intensive and require large samples of individual-level consumer data
associated with specific retail activities. This research leverage the large
amounts of individual-level data from LBSN, however, it is still insufficient
sample data related to grocery shopping to support the more disaggregated
geocomputation models as exemplified above. Therefore, the model used in
this research follows the typical form of classic production-constrained
entropy maximising SIM and the model calibration relies on both the
individual level travel data from LBSN data and also reliable travel survey
sources. It is also worth emphasising that retail organisations continue to
prefer SIMs to alternative methodologies and hence it is important to
continually improve methods in wide usage.

To meet the increasingly complex retail scene, the classic production-
constrained entropy maximising SIM has been disaggregated over time. It
can be expressed as:

sk = Akokw ™ expF i) (3.4)
where the flow Si’j-” represents the predicted expenditure flow between origin

demand zone i and store j disaggregated by brand n and household type k.
The demand side of the model is disaggregated here to measure the
available expenditure in demand zone i by household type k, while the W;
term in the supply side is disaggregated by a brand preference parameter
a*" to reflect the additional relative attractiveness of store j of brand n for
household type k. The distance decay parameter g is also disaggregated
here as §* to represent the willingness or capacity to travel of household
type k, and the internal balancing factor 4; is accordingly changed into A¥

and written as:
1

Ak
5 Wi exp P )

l

(3.5)

Thompson et al. (2012) and Newing et al. (2015) have built customised SIMs
by embedding the disaggregated a*" using relative attractiveness
measurements generated from industry survey data. The model outputs
have been validated against empirical market share and revenue data,
which showed the effectiveness of SIMs in grocery retailing practices when
disaggregated by brand and person type.

The distance deterrence term expresses the attenuating effect of distance,
reflecting the propensity of consumers to travel (usually) from residential
locations to specific stores. It enables the predicted consumer flows to
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replicate any known consumer trips (Birkin et al., 2010). The distance decay
parameter £ is often disaggregated by consumer type, to account for the
propensity of certain consumer groups to travel further to shop at the store of
choice. Thus accessibility (or ease of travel) can be varied for different
household types, which may be restricted in movement by car availability or
general cost of transport. Similarly, the retail trips of the professional daytime
work population from workplace to the stores of choice usually shows more
stronger spatial constraints than is usual for trips made from home (caused
by limited time available at lunchtime or minimal opportunities to shop
around work-based locations), and thus it is important to have higher § when
modelling workplace demand. In the context of urban tourism, tourist
shopping flows may originate from either the temporary accommodation
locations or the attractions they visit in the daytime. The distance decay
variable can also vary for different segments of overnight tourists. For
example, the tourist staying with friends or relatives is more likely to
generate expenditure flows in accordance with the host family, whereas the
self-catered travellers of non-serviced accommodation may only shop in
proximate areas. Therefore, as explored fully in Chapter 6, g is separately
calibrated for local residents, workers and different tourist segments.

The outputs Si"j" of the model predict the expenditure flow from each fixed

demand zone to each of the stores in the region. The zones that contribute
the customer inflows of the store are considered within the catchment area
of the store. One of the main research focuses has been on disaggregating
the demand side variable to include non-residential demand. Models which
rely solely on residential demand have been reported to underestimate the
sales in many areas with complex population compositions or fail to reflect
the temporal fluctuations of the stores therein (Birkin et al., 2017). For
example, Newing et al. (2013a) showed a pronounced seasonal trade uplift
patterns in major Cornish coastal resorts in the UK driven by tourists
originating from outside the local catchment areas. Berry et al. (2016) and
Waddington et al. (2017) also identified the sales fluctuation throughout the
day, especially at stores close to workplaces and transport interchanges.
Waddington et al. (2019) reported a considerable underestimation of
revenues for convenience stores whose catchment areas contained
workplaces or universities and schools. These studies suggested that as any
region consists of intricate population subgroups, a simple estimation of
solely residential demand is insufficient. Under such circumstances, scholars
have attempted to extend the models on the demand side, to incorporate
varied types of non-residential demand.
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A highly disaggregated SIM was developed by Waddington et al. (2017) to
incorporate demand from residents, workers, schools and universities. The
new model was validated against the empirical store turnover of a selection
of partner retailer stores. Their research showed that the extended SIM
could effectively capture the daily fluctuations of each nuanced demand
group in an urban context. Similarly, Newing et al. (2013) incorporated
coastal tourist demand into SIMs, using a major tourist destination in the UK
as a case study. Again using partner data from a major leading UK grocery
firm, they estimated the seasonal variations within the tourist population and
integrated tourist demand to the original residential SIM, enabling the model
to forecast fluctuations in grocery store sales on a monthly basis. The
research highlighted the surge of grocery demand in peak seasons and the
distinctive store revenue uplifts from this. The methodological details of the
non-residential demand estimation in these two research papers will be
further discussed in Section 3.4.1. Despite the success of these works, little
research has built on this to explore grocery demand in urban destinations
that regularly attract a large influx of tourists. For the urban destinations
hosting significant tourist visits, there is potentially an interdependence of the
grocery demand and supply side. Whilst the seasonal peaks and troughs
may not be so pronounced, the overall volume of tourists (and thus their
expenditures) may actually be greater. The significant role of tourism within
urban economies has been well articulated, but the estimation of additional
demand driven by tourism has yet to be considered in retail location
analysis.

3.3 Urban tourism as a driver of local grocery demand

3.3.1 Tourist shopping activity in urban destinations

Tourist shopping behaviour has seen increasing attention from both retalil
and tourism academic communities (Timothy, 2005; 2014). The literature
has pointed out the importance of shopping activities for tourist experiences
and the impacts of tourism on the destination economy and employment by
diversifying the structure of the local economy, creating employment
opportunities and generating foreign exchange (UNWTO, 2014).

The current literature regards tourist shopping as a recreational activity in
which tourists browse, select and purchase goods to take home during their
travel (Choi et al., 2016). A majority of these studies focus on the motivation,
experience and perception of tourist shoppers, and a plethora of studies
have investigated the determinant factors of tourist expenditure at
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destinations (Wang and Davidson, 2010; Sainaghi, 2012). However, grocery
shopping has rarely been considered in broader research. This may be
because traditionally tourists spend their nights in serviced accommodation
like hotels and B&Bs, which usually have no cooking facilitates and thus
guests are more likely to dine out rather than shop extensively at grocery
stores. However, changing tourist accommodation patterns have reshaped
the tourism landscape in many destinations and expanded tourist demand to
include shopping for groceries at nearby convenience stores or
supermarkets.

3.3.2 Changing tourism demand trends and their impacts on
residential neighbourhoods

Larger cities and towns which function as major tourist destinations
traditionally aim to attract visitors by creating planned tourist zones. These
areas are known as ‘tourism precincts’ and usually contain a series of typical
and often predictable attractions (alongside a high concentration of leisure
and shopping facilities and accommodation services for tourists) and tend to
take on certain spatial, social, cultural and economic identities (Law, 2002;
Edwards et al., 2008; Hallyar et al., 2008).

However, increasing evidence shows that urban visitors may seek
accommodation and activities beyond traditional tourist areas, even
extending into suburban areas (Maitland, 2007; Novy and Huning, 2009;
Maitland, 2019). Location-based technology such as navigation and
geolocated tourism apps have also facilitated tourist specialised information
about places, helping them access and explore new areas (Jansson, 2019).
The local tourism policies in some major cities have started to encourage the
spread of tourists outside the city centre (Smith, 2019a) to mitigate the
crowds and other consequences of ‘overtourism’ on the one hand and offer
tourists more diverse and distinctive destination experiences on the other
hand (Maitland and Newman, 2009; Guttentag, 2015; Pappalepore et al.,
2014).

Growing academic discourses have paid attention to the latent drivers of
such tourism expansion and explored how the geographically re-distributed
tourist demand impacts urban space (Novy, 2018). Airbnb, among other
online rental platforms, is the best-known driver of this transformation, which
has also gained the most attention from the academic community. This may
be because the listing and occupancy data are readily available from AirDNA
and other publicly accessible websites like Inside Airbnb (insideairbnb.com).
The sharing economy accommodation such as Airbnb draws on houses and
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apartments from the existing housing stock, complementing the tourist
accommodation provision within city centres. This may instigate ‘unplanned
expansion’ of pre-designed tourism bubbles to residential neighbourhoods
(Inkson, 2019; loannides et al.,, 2019). The expansion certainly eases
pressure on the populated tourism areas in city centres and satisfies the
desire of tourists to experience cities more ‘like a local’ (Maitland, 2013), but
can also ignite new tensions between visitors and local residents (Novy and
Colomb, 2019).

Recent studies have emphasised the significance of the economic, social
and socio-cultural impacts of Airbnb on the host communities (Novy and
Colomb, 2019). Airbnb has been criticised for driving negative effects on the
housing market, hotel industry and the social relationships in
neighbourhoods. The more lucrative tourist short-term rentals stimulate more
development capital in the residential markets of destinations and thereby
impose housing pressure on local inhabitants and students (Lee, 2016;
Wachsmuth and Weisler, 2018). For example, the growth of short-term
rentals is believed to affect the residential housing system and urban
governance in London, since the weekly rates of short-term rentals are three
times higher than long-term rentals according to the Valuation Office
(Inkson, 2019; Shabrina, 2020). Although the Deregulation Act 2015 in
London restricts to a 90-day limit the entire property short-term rental within
a calendar year, Ferreri and Sanyal (2018) argued that the potentially illegal
lettings circumvent urban and tourism planning and limits the effectiveness
of urban governance.

Meanwhile, the economic loss of the hotel industry due to the disruptive
impact of Airbnb has also been estimated by Zervas et al. (2017) and Dogru
et al. (2019). They demonstrated the detriment of Airbnb supply on all the
key hotel performance metrics. Another crucial critique of short-term rentals
like Airbnb is that they accelerate tourism gentrification and displacement
processes in the residential areas they occupy (Cocola-gant, 2018). Tourists
may not only intensify the usage of urban facilities and services in the vicinity
of their accommodation but also tend to transform mundane neighbourhoods
into tourism spaces and induce supporting services such as restaurants,
nightclubs and shops to become more oriented towards tourism catering
(Ashworth and Page, 2011; loannides et al., 2019). Although these threats
have been recognised, Airbnb and other similar accommodation services
have developed into a mass-market from initially being a niche sector. Some
global hotel suppliers and many mainstream online travel agencies have
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started to incorporate sharing economy accommodation into their offers
(Inkson, 2019). In the case of London, the London Plan 2021 highlights the
role of short-term rentals in providing more choices for visitors and
expanding accommodation provision outside the central areas. As 72% of
Airbnb listings are located in the outer boroughs of London, the trend of
tourists moving into ‘back regions’ of the city is very likely to continue.

Apart from the self-rental accommodation trends, other shifting tourist trends
have also been identified in the literature to advance the spatial expansion of
tourism in urban destinations. The ‘experience economy’ creates new event-
scapes to host day visitor crowds, resulting in the temporary incursion of
visitors into public venues (Brown et al., 2015). The work of Smith (2019), for
example, showed how hiring out park spaces as commercial event venues
have transformed public parks from simple urban amenities into tourist
attractions as a part of the visitor economy. Freytag and Bauder (2018)
argued that the emerging touristification on-going in Paris is mainly driven by
the growth of sharing economy platforms including house- and bike-sharing,
enabling tourists to access non-central areas cheaply and easily. In the
study of Buning and Lulla (2020), GPS tracking data of the Pacers bikeshare
service suggested that visitors heavily used the bikeshare system in
Indianapolis, accounting for a third of the users and a fifth of the trips. In
contrast to the locals, who use the bikes as a mobility supplement to connect
with public transportation, visitors used the bikeshare service for recreational
urban exploration in a more relaxed and wider way, which allow them better
access to peripheral areas and to extend their travel time (Hardy, 2003;
Dickinson et al.,, 2011; Buning and Lulla, 2020). Additionally, tourism
invested urban second home ownership has also been noted to affect local
communities in a wide range of social, economic and political aspects in
some cities of Spain, Portugal and Sweden (Hall, 2014; Cocola-gant, 2018;
Back, 2020).

These studies have confirmed the expansion of tourists into suburban
residential districts and highlighted the potential conflicts with local dwellers,
although whether the latter have primacy in the claim to the city remains a
matter of debate (Ashworth, 2009; Novy, 2018; Novy and Colomb, 2019). At
the same time, growing evidence has also recognised that middle- and
upper- class urban dwellers increasingly use urban spaces and resources in
ways ‘as if tourists’ when exploring neighbourhoods outside of their daily life
communities (Novy, 2018). While research has started to investigate the
social and economic impacts of these new tourism trends, the quantification
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of such impacts has not been scrutinised on a city-wide basis, particularly at
the small-area level. The spatiotemporal patterns of tourist population at fine
granularity are essential to understand how tourist demand overlaps and
intertwines within the local neighbourhoods. The thesis develops this
research area but with specific reference to tourist impacts on the local
grocery retailing market.

3.3.3 The under-researched tourist grocery demand in urban
destinations

Even though major urban areas may attract considerable tourists for much of
the year, traditionally these visitors are not regarded as significant drivers of
local grocery retailing demand, except within the core tourism districts, and
therefore they have not been comprehensively considered in retail location
modelling. However, the aforementioned new trends have dispersed tourists
beyond the conventional tourism districts to mix with locals even in
peripheral suburban areas. In these areas, customer demand is generated
by variegated population subgroups and spatial modelling of a
disaggregated demand side has been proven to increase the predictive
power of retail models (Waddington et al., 2019). Newing (2013) for the first
time shows the considerable seasonal uplifts of grocery store sales driven by
the holiday tourists in the study area of a coastal tourism region. The
temporal (by season or by month) fluctuation of tourism inflow may not be
that noticeable in many urban destinations, however, for the major urban
destinations that host a large number of tourists and visitors, retail location
analysis should also consider the retail demand uplifts caused by tourist
concentrations.

Urban tourist consumers for grocery shopping can be divided into overnight
tourists and day trip visitors in compliance with their needs. According to
prior literature, overnight tourists may spend a large proportion of their time
in the immediate vicinity of their accommodation sites (Shoval et al., 2011),
and therefore the location of tourist accommodation is a critical influential
factor of their consumption patterns in urban destinations. Airbnb (2018)
claimed that 43% of their international guests’ expenditure in the UK is spent
in the neighbourhoods where they stay, among which an average figure of
around £10 is typically spent on groceries for self-catering. It is also
expected that guests staying with friends and relatives will increase grocery
shopping demand in local neighbourhoods. Even tourists staying at hotels
and other serviced accommodation may have occasional usage of the
nearby grocery stores and supermarkets, even though that may be limited.
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On the other hand, key attractions, public green spaces and sports venues
also host a mass of leisure daytime visits and temporary events. These day
trip visitors are also reported to purchase food and snacks at the grocery
stores close to the localities and attractions that they are visiting (GBDVS,
2018).

The potential grocery expenditure from individual urban tourists may still be
much less compared to expenditure by local residents, given the short length
of stay of the tourists and the amount of money they might spend. However,
in many major urban destinations, the volume of tourist visits can be
substantial. Meanwhile, local convenience retail planning usually considers
grocery demand only from the residential population, thus overlooking the
emerging tourist demand and resulting in areas with insufficient grocery
provision as discussed in Chapters 5 and 6. Therefore, this thesis argues
that the examination of tourist demand in urban destinations is important.
Such an investigation of tourist demand patterns may help to understand
what challenges and opportunities the local retailing market might face after
the influx of tourists and visitors and provide extra knowledge for destination
management operations related to tourist food shopping. The following
section will discuss two major challenges when adding urban tourist demand
into retail location modelling: demand estimation and distance decay
calibration.

3.4 Challenges of adding urban tourist demand into retail
location modelling

3.4.1 Demand estimation: spatial modelling of tourist population
distributions

Retail demand estimation is usually a bottom-up process, measured by the
population in a geographical zone alongside the expenditure rates on
different products. Complete and robust demand estimation is the primary
foundation for spatial modelling of retail analysis. As noted above, demand
estimation conventionally is orientated around local habitants, benefiting
from the robust and well-developed census for small-area residential
populations. More recently, the tailored subgroup population surveys have
also helped demand estimation modelling by adding other regular population
information, for example commuters at workplaces, students in schools and
universities and visitors at holiday resorts and major attraction sites (Newing
et al., 2013b; Waddington et al., 2017). Thus, to incorporate tourist demand
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into retail models the first task is to model tourist population distributions at
the small area level.

Newing et al. (2013a) is the first relevant study to demonstrate the notable
out-of-catchment demand - seasonal visitor demand in their case study of
Cornwall, UK. They identified the proportion of external trading in a series of
example stores located in the coastal tourism area in Cornwall. They
demonstrated that store level sales, and the proportion of trade drawn from
non-residents, varies from a peak in August (school holiday period) to a low
in January due to the influx of tourist from outside the region. Newing et al.
(2013) stated that the tourist accommodation stock is a key driver of visitor
numbers and also determines their spatial distribution within a tourist area
such as Cornwall.

To identify the spatiotemporal distribution of visitor demand in their study
area, Newing et al. (2013b) captured the provision of four types of self-
catering accommodation — tourist campsites, holiday centres and villages
including sites with static caravans, rented cottage/apartment and second
home owners. They also identified the corresponding occupancy rates for
each type of accommodation (as published by regional or local destination
marketing organisations) to estimate the small-area visitor population in
coastal resort areas.

Meanwhile, by comparing customers’ regular and in-trip transaction records
from the loyalty card data from a major grocery retailer in the UK, Newing et
al. (2014) argued that visitor grocery expenditure is complex and varies by
store, destination and type of customer. Therefore, different surveys were
referenced or conducted to estimate the grocery expenditure of the visitors
utilising these four types of self-catering accommodation in the study area
(Newing et al., 2013b). Consequently, Newing et al. (2013b) showed that it
is possible to estimate the small-area visitor monthly expenditure on
groceries based on the provision of self-catering accommodation, inferred
occupancy rates and associated expenditure estimates.

The methodology of generating small-area demand estimates not only
contributes to quantifying the seasonal and spatial variation of visitor
expenditure, but also offers important inputs to spatial modelling within retail
location analysis (Newing, 2013). Waddington et al. (2017) distinguished the
daytime population from the census-based night-time residential population,
revealing that daytime grocery demand fluctuates temporally due to varied
consumer behaviours generated at workplace, school, university and leisure
visitor attractions. Specific education and workplace population statistics,
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along with annual tourism surveys, were used to estimate these daytime
population distributions and build them into a SIM as separate disaggregated
layers, based on the spatiotemporal distribution of each of these population
groups. Both Newing and Waddington’s research benefited from
unprecedented access to empirical store sales data and loyalty card scheme
data from their collaborating grocery retailers to make their analyses
possible and contribute in a way that no other research has done.

In broader research, the literature has recognised the significance of
spatiotemporal tourist distributions as a component of the transient daytime
population in urban areas (Bhaduri, 2008; Smith and Fairburn, 2008; Batista
e Silva et al., 2020). In major urban destinations, tourists and visitors mix
with local dwellers, commuters and students to interweave a complex
mosaic of population demand. Nevertheless, the fine-scaled population
distribution of tourists is still a thorny problem. Unlike other subgroups who
have regular surveys and statistics to understand their geographical
patterns, even at the small-scale level, there is little spatial detail on tourist
numbers across a city or region (Martin et al., 2010). This inevitably hinders
the understanding of local tourist demand and its impact on the
neighbourhoods and localities of urban destinations.

To capture the spatiotemporal fluctuations of the tourist population,
researchers have attempted to leverage diverse novel big data sets as seen
through some of the examples reviewed in Section 2.2.3. The capacity and
occupancy of tourism accommodation establishments have been used as
reliable and effective geolocated data sources to estimate overnight tourist
numbers. For example, Batista e Silva et al. (2018) produced monthly tourist
density grids across the EU by integrating Eurostat data with geolocated
tourist accommodation datasets retrieved from Booking.com and
TripAdvisor. In contrast, Sanchez-Galiano et al. (2017), whose study area
hosted a large proportion of unregistered day trip visitors, sought to use
utility consumption data sets (such as the utility of water, wastes and
electricity) along with housing occupancy to estimate the temporal fluctuation
of the tourist population at the intra-municipal level. In a similar fashion,
Spalding et al. (2017) attempted to quantify the complete picture of tourist
variability in global coral reef areas by combining day visitor numbers
generated through the Flickr geo-photos in conjunction with the overnight
tourist numbers staying in global coral reef jurisdictions via a commercial
accommodation database.
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Increasingly, studies have started to employ a data fusion approach in
spatiotemporal population estimation to compile high-resolution population
surfaces and demographic data in the region (Panczak et al., 2020). Official
statistics (census and surveys) can be integrated with geospatial data from
both conventional (mapping agencies like Ordnance Survey) and emerging
data sources acting as proxies of urban dynamics (i.e. social media, mobile
phone, footfall and sensor) to generate multi-layered dasymetric maps
(Batista e Silva et al., 2020). The analysis in later chapters of this thesis
takes account of both overnight tourists and day visitors, but is limited by the
suitable official data sources which could be used to estimate small-area
tourist population and their associated grocery expenditure. Therefore, the
later chapters adopt a data fusion method by collating multisource LBSN
data sources with conventional datasets to map and model the diurnal and
nocturnal tourist population distribution patterns based on tourist overnight
stay and location of activities.

3.4.2 Distance decay calibration: spatial patterns of tourist travel
behaviour

Another primary challenge of adding urban tourist demand into retail location
modelling is the calibration of the distance decay parameter. As addressed
in Section 3.2, the SIM built for the location analysis of grocery retailing aims
to reproduce the customer travel behaviour between origin locations and the
destinations — the grocery outlets. The origin locations usually are the home
address for the residential consumers, workplace buildings for the
commuters, and universities and schools for the students. Additionally, in the
context of urban tourism, they are the temporary accommodation
establishments for the overnight tourists and attraction venues for the day
visitors. However, tourist travel behaviours are commonly known as diverse,
individualised and non-habitual, hence difficult to survey in the same way as
other population groups.

Recent studies have benefited from a variety of big geospatial datasets in
spatial model calibration, especially mobility research where there is a lack
of bespoke movement surveys (Birkin and Clarke, 2019). Trajectory data
traced by tracking technology like GPS has been used in the calibration of
SIMs. Sita-Nowicka and Fotheringham (2019) utilised a sample of GPS data
to calibrate production-constrained SIMs for individual home-based shopping
trips. The high-resolution temporal and spatial GPS-derived movement data
enables the comparison of resident shopping behaviour on weekdays and
weekends and under different weather conditions. GPS-based daily intra-
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urban logistics big data has also been used to fit models of urban freight
movements and to understand the distance decay of different types of goods
(Zhao et al., 2020). However, GPS tracking technologies used for tourist
travel at the city scale are rare and have more commonly been seen in the
research of tourist movements within a single attraction (Huang and Wu,
2012; Md Khairi et al., 2019). This could partly be due to the high cost of
both devices and volunteer recruitment to support sizeable samples for this
data-intensive modelling process in a large region, and is also limited by the
accessibility of other sorts of device data related to tourists such as mobile
roaming data (J. Li et al., 2018).

In light of this, free and ready accessible social media data generated by
tourists has become an important alternative of tourist travel data and used
for tourist activity and mobility studies as introduced fully in Chapter 2. For
the three types of LBSN data reviewed in Chapter 2, the geotagged social
media data such as geotweet is mainly people-based, which have been
broadly used to understand human mobilities, whereas location-based
check-in data and tourism service website data are place-based and thus
are apt to simulate the interaction between places or human activities. In
relation to tourism-related spatial interactions, Jin and Xu (2018) extracted
tourist movements between hotels and attractions from an online travel diary
website to calibrate the distance decay coefficients between the hotel and
the attractions. By both text and spatial filtering, Lovelace et al. (2014)
identified the geotweets of visiting local museum to inform SIM and
compared with the baseline model. Liu et al. (2014) used Weibo check-in
data to calibrate inter-urban interactions in 370 cities in China. As reviewed
in Chapter 2, among all three types of LBSN data location-based check-in
data is the most suitable one to investigate trajectories of human activities
(to recap, geotagged social media data is deficient to inform human activities
in an explicit way while tourism service website data normally fails to offer
abundant individual trajectories). Therefore, this research extracts tourist
grocery shopping trips from the Foursquare movement data in London to
calibrate the various distance decay parameters required. The grocery
shopping trips are selected by the origin-destination pairs between
accommodation or attractions to the grocery stores. The dataset and method
used will be elaborated in Chapter 6 and Appendix C.
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3.5 Conclusions

SIMs have acted as essential tools in retail location analysis, particularly for
location modelling within grocery retailing. The model has been
disaggregated to adapt to the increasing complexity of the demand side, but
has not yet included the additional demand from urban tourism. The
incorporation of urban tourist population into spatial modelling has become
important in the urban areas hosting significant tourist visits.

Urban tourism has witnessed a geographical spread away from urban core
central areas. Online rental platforms such as Airbnb, amongst other new
tourism trends, re-distribute tourists outside conventional tourist areas and
into more suburban areas, producing increasingly intricate microgeographies
within urban neighbourhoods. New patterns of grocery shopping demand will
inevitably be associated with this spatial expansion of tourism. This chapter
has argued that although challenges exist, it is important to add urban tourist
demand into retail location models to understand the impact of urban tourism
on local neighbourhoods and increase the effectiveness and accuracy of
retail location analysis in urban destinations.

The estimation of urban tourist demand and the modelling of the tourist SIM
in London with the help of LBSN data sets will be reported in Chapters 5 and
6 respectively. Before that, Chapter 4 will first present the opportunities and
challenges of harnessing LBSN data in exploring tourist activities, dynamics,
and consumption-related behaviours in the research area of this thesis —
London, by the detailed investigation of an under-researched (outside China)
but typical LBSN data source - Weibo for the unique source market — China.
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Chapter 4 Understanding Chinese tourist mobility and
consumption-related behaviours in London using Sina
Weibo check-ins (Paper 1)

Abstract: In this paper we detail an individual-level analysis of under-
exploited location-based social network (LBSN) data extracted from Sina
Weibo, a comprehensive source for data-driven research focussed on
Chinese populations. The richness of the Sina Weibo data, coupled with
high-quality venue and attraction information from Foursquare, enables us to
track Chinese tourists visiting London and understand behaviours and
mobility patterns revealed by their activities and venue-based ‘check-ins’.
We use these check-ins to derive a series of indicators of mobility which
reveal aggregate and individual level behaviours associated with Chinese
tourists in London, and which act as a tool to segment tourists based on
those behaviours. Our data-driven tourist segmentation indicates that
different groups of Chinese tourists have distinctive activity preferences and
travel patterns. Our primary interest is in tourists’ consumption behaviours
and we reveal that tourists with similar activity preferences still exhibit
individualised behaviours with regards to the nature and location of key
consumption activities such as shopping and dining out. We aim to
understand more about Chinese tourist shopping behaviours as a secondary
activity associated with multi-purpose trips, demonstrating that these data
could permit insights into tourist behaviours and mobility patterns which are
not well-captured by official tourism statistics, especially at a localised level.
This analysis could be up-scaled to incorporate additional LBSN data
sources and broader population subgroups in order to support data-driven
urban analytics related to tourist mobilities and consumption behaviours.

Keywords: Location-based social networks, Sina Weibo, Chinese tourists,
London, Tourist segmentation, Retail behaviour

4.1 Inferring tourist behaviours from LBSN data

Tourism is an important driver of urban mobility within major cities. A micro-
level understanding of tourist characteristics, mobility trajectories and
consumption-related behaviours are essential for urban planning and urban
service analysis (McKercher and Lau, 2008). Headline statistics and survey-
derived insights, such as those drawn from the UK International Passenger
Survey (IPS), provide aggregate level overviews of inbound tourist
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magnitudes, attitudes and self-reported behaviours. Headline estimates of
tourist numbers and associated expenditures act as a barometer of tourism
activity yet disaggregating these across space and by tourist origin or
activity/expenditure type is notoriously tricky (Ashworth and Page, 2011;
UNWTO, 2014; Song and Li, 2008).

Location-Based Social Networks (LBSN) generate spatiotemporal data
which could enable novel insights into these localised tourist behaviours (Vu
et al.,, 2019; Chua et al., 2016; Comito et al., 2016). In a comprehensive
review of the literature, Li et al. (2018) note that user-generated data for
tourism research have grown rapidly, predominantly drawn from geo-located
photos, microblogs or location-based check-ins. These insights can be
broadly thought of as first aggregate level indicators of tourist activity
preferences captured by ‘hot spots’ of tourism activity at a destination
(Salas-Olmedo et al., 2018; Vu et al, 2015); and second as more
individualised insights into tourist itineraries and activity patterns, which is
the focus of our discussion.

One difficulty in using LBSN data to infer these activity patterns is in
classifying social network users into different groups (e.g. based on country
of origin or individual demographics), especially when self-reported
information (such as ‘place of residence’) in their user profile may be
unreliable. We address some of these challenges by drawing on the social
networking service Sina Weibo (referred to hereafter as Weibo). Weibo
offers an opportunity to identify behaviours and mobility trajectories
specifically associated with one important sub-group of UK tourists; Chinese
inbound visitors. We use London as a case study city and exploit the under-
utilised value in Weibo check-in data. Our analysis of Weibo check-in data
also covers the two-step approach to discover the ‘hot spots’ areas and
movement patterns of Chinese tourist in London, but in contrast to many
previous published studies, we distinguish the similarity as well as the
differences of the multipurpose travel behaviour of our Chinese tourists in
London. Meanwhile, this tourist group has the highest per capita expenditure
when in the UK (VisitBritain, 2018). Therefore, we also attempt to explore
their consumption-related activities during their multipurpose trips in London.

4.2 Introducing the Weibo check-in data

Weibo is the most comprehensive LBSN source for data-driven research
focussed on Chinese populations with approximately 210 million active users
(Weibo, 2019). Recent examples of its application include studies of Chinese
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population mobility (Liu and Wang, 2015), cultural ties (Wu et al., 2016),
urban planning (Zhen et al., 2017) and domestic tourism destination
research (Shao et al., 2017). Weibo offers the potential to undertake a
comprehensive assessment of activity preferences and travel trajectories
associated with inbound Chinese visitors in major destinations which attract
tourists of Chinese origin, such as London. London received over 19.83
million international tourist visitors in 2017 (VisitBritain, 2019). Visitors of
Chinese origin represented the 8th largest group of international inbound
tourists in London by spending in 2018 (ONS, 2019). Headline statistics
suggest that Chinese visitors to London have a longer length of stay and
higher expenditures than other groups of international inbound tourists
(VisitBritain, 2018).

Weibo allows users to generate microblogs which can be associated with
specific points of interest (POls) at which the user ‘checks-in’ in a similar
fashion to geo-located Tweets or Foursquare check-ins. Whilst sources such
as Twitter are typically available free of charge for a sample of only 1 — 2%
of all tweets, we have access to a near-complete set of Weibo check-ins for
a given time period. Our data thus enables a very comprehensive insight into
Weibo-derived LBSN check-ins among Chinese tourists. The collecting and
pre-processing of the Weibo check-in dataset used in this study is detailed
as follows:

(1) Data collection

An iterative program was set up to collect Weibo check-in data via the
Application Programming Interface (APD)
(https://api.weibo.com/2/place/pois/users.json)  within  Greater London.
Queries to the API return the latest 1,500 user check-ins at any specific POI
within this defined study area. Providing that the 1,500 user check-in
threshold isn’t reached, every user and all check ins related to the POls are
returned by the free API. Each retrieved Weibo check-in contains information
including user 1D, check-in ID, check-in time, POI name, category, location
and ID, alongside the user-generated textual message attached to the
check-in. There are 2,665 points of interest (POIs) being checked in at by
Weibo users during our study period of 1st Jan 2016 to 28th August 2018.
Only 31 POIls (0.01%) returned the maximum 1,500 user check-ins and we
therefore have a near-complete sample of all user check-ins at almost 100%
of the relevant POIls. Data collection began in 2016 to coincide with
increased inbound Chinese tourism resulting from new visa regulations
(GOV.UK, 2016).
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(2) Tourist identification

Each check-in is associated with a uniquely identifiable user ID, enabling
individual Weibo users to be tracked across multiple time and location
stamped check-ins. Social bots (generated as ‘fake’ accounts used primarily
for advertising) are first filtered out from our check-in dataset, identified by
intensive check-ins at multiple locations over a very short time span. Tourists
are further distinguished from local residents and long-stay non-tourist
visitors (such as those studying or working in London). We used check-in
frequency and check-in timespan to infer short-stay tourist visitors, applying
a length of stay threshold of 20 consecutive days to distinguish tourists from
other Weibo users. This threshold is based on surveyed data from the IPS
and VisitBritain insight (ONS, 2018; VisitBritain 2018c). Our Weibo tourists
have an average length of stay of just over 6 days and reveal a propensity
for users’ first and/or last Weibo check-ins to take place at London Heathrow
Airport, a major international airport which accounts for over 90% of aircraft
seat capacity between China and the UK (VisitBritain, 2018).

(3) POI categorisation

A set of 20,233 geolocated check-ins from 6,465 unique Weibo users were
identified as tourism activity, approximately 20% of our raw dataset (the
remainder attributed to Weibo users who are resident or on a long stay [e.g.
student] visit). To avoid potential mis-categorisation of Weibo POls and to
generate data that are comparable with other LBSN datasets, we associated
each Weibo POI with a named venue derived from Foursquare, which
provides a high-quality set of categorised venues which we use as a
consistent set of points of interest (POIs). This results in a total of 962
venues which are frequently visited (minimum of 10 unique user check-ins)
by Weibo tourist users. We acknowledge that Weibo users will not check-in
at all POls visited and that there may be a higher propensity to check-in at
major attractions. Nevertheless, these cleaned and processed data present
a novel and unique opportunity to identify key mobility behaviours associated
with this group of tourists. After data cleaning, the structure and format of an
individual Weibo check-in is as shown in Table 4.1.
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Table 4.1 Data structure of an individual Weibo check-in after pre-
processing and assignment to a specific foursquare venue.

Data field Example
Weibo Check-in ID 151
Check-in User ID 1006657733
Check-in time 2018-07-31 10:05
Venue ID 4ac518cdfo64a520eea520e3
Venue title Westminster Abbey
Venue detailed category | Church
Foursquare - -
Venue main category Professional & Other Places
venue —
Venue subcategory Spiritual Centre
Venue popularity 4751
Latitude/longitude -0.127356648 / 51.49936
Attraction | Attraction name Westminster Abbey
Tourism . " .
activity Activity type Visiting landmarks & buildings

4.3 Extracting insight from our Weibo dataset

Our study employs the following methodology to investigate the activity and
mobility patterns of Chinese tourists and to explore their consumption-
related activities in London:

4.3.1 Identify the spatial distribution of Chinese tourist activities

Density maps provided an initial overview of the spatial distribution of our
LBSN point data set, with each point representing an individual timestamped
and geo-located check in. We use Kernel Density Estimation (KDE) to
transform the check-in data (by activity type) into a series of smoothed
density surfaces, presenting hot spots of tourism activity. KDE is a
commonly used methodology to identify the intensity of the spatial
distribution of georeferenced point data, with application in assessing human
activity distribution from user-generated check-in data (e.g. see Li et al,
2013; Lansley and Longley, 2016). The same density maps representing the
venue distribution in London are also generated based on the Foursquare
dataset, as a comparison to present the distinctive attraction choices of the
tourism activities of Chinese tourist users.

4.3.2 Extract Weibo user’s check-in trajectories to understand
Chinese tourist mobility behaviour

Network analysis (based on graph theory) has been applied in tourism
research to understand the spatial structure of tourist behaviours in relation
to the network of tourist attractions and other venues visited (Liu et al., 2017,
Lee et al., 2013). In our study, Weibo tourist user’s daily check-in trajectories
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at the individual level have been aggregated to build a core attraction
network specifically related to Chinese tourists observed behaviours. We
employ eigenvector centrality, a measure of centrality drawn from graph
theory which measures the importance of a node (in this case a venue or
attraction) based on the number and relative importance of adjacent nodes
(Prell, 2012; Bonacich, 1972). The concept has been widely adopted in
urban network analysis to describe positions within a given system
(Agryzcov et al., 2019) and evidenced in tourism research to understand the
spatial hierarchical structure of tourist attractions (Kang et al., 2018), with
implications for tourism planning (Asero et al., 2016; Lue et al., 1993). We
use the revealed network of core attractions visited by Chinese tourists to
infer aggregate level sightseeing and consumption behaviours, whilst also
assessing the extent to which individual users deviated from these ‘typical’
behaviours as a tool to help segment Chinese tourists based on their
observed behaviours.

4.3.3 Segmentation of Chinese tourists based on their
multipurpose travel behaviours

We explore specific attraction choices and mobility patterns exhibited by
aggregate level Weibo tourist check-ins, but at the individual level tourist
travel motivation and interest preferences are varied. Therefore we segment
tourists based on their observed individualised multipurpose travel
behaviours using a set of derived indicators capturing a diverse range of
indicators derived from our Weibo check ins including trip characteristics
(length of stay and number of different attractions visited), activity
preferences (relative frequency and diversity of each activity type) and
mobility patterns (the dimension, shape and structure) of travel trajectories at
the individual level. In total 41 variables are used as detailed in Section 6.

Our segmentation employs K-means, a widely applied clustering algorithm
which partitions observations into a set of k groups, where k is pre-specified
and represents the number of groups. It is highly efficient for a large volume
of data and has been successfully applied in tourism research to segment
tourists based on their characteristics (Grinberger et al., 2014; Huang and
Wu, 2012). It works in an iterative way to classify objects into multiple
clusters so that the intra-cluster variation is minimised, whereas the inter-
cluster variation is maximised (Gan et al., 2014). The only prior knowledge of
K-means is the specification of k — the number of clusters. In the research,
we use NbClust package (Charrad et al., 2014) and the ‘elbow’ method to
determine the optimal number of clusters. The NbClust package provides 30
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indices for determining the number of clusters and proposes to the user the
best clustering scheme from the different results obtained by varying all
combinations of number of clusters, distance measures, and clustering
methods. The K-means clustering is conducted within the R package
‘cluster. We evaluate the goodness-of-fit of the clustering result by the
average total within-cluster sum of square (WSS) and average total
between-cluster sum of square (BSS). The selection of k and the process of
k-means clustering is detailed in Section 6.

4.3.4 Understanding Chinese tourist multi-purpose trips and their
shopping-related activities

Whilst our segmentation captures key observable travel behaviours of each
cluster, the underlying multipurpose trip patterns of Chinese tourists requires
further investigation. The topic modelling technique latent Dirichlet allocation
(LDA) is employed on a cluster-by-cluster basis to extract more detailed
activity patterns exhibited by tourists within each segment, drawing on the
within-cluster heterogeneity in terms of venue choice and activity patterns.
We benefit from the individual-level richness of the Weibo data, along with
the depth of venue category information within our check-in dataset (as
shown in Table 4.1). LDA is a generative statistical model within natural
language processing used to calculate the probability distributions of topics
and associated words in a large collection of documents (Blei et al., 2003). It
has been used in wider contexts to infer behavioural and lifestyle
characteristics from foursquare check-ins (Vu et al.,, 2019; Hasan and
Ukkusuri, 2015; Qu and Zhang, 2013). In the following sections we present
and discuss our insights into these tourists’ destination-level behaviours.

4.4 Spatial distribution of Chinese tourist activities

Weibo-derived check-in data from those users inferred to represent tourists
suggests they are predominantly associated with check-ins related to visiting
and sightseeing activities (museums, historical sites, art galleries, castles,
monuments etc.), with these venues representing 49% of check-ins in our
sample. More than 70% of tourist users also checked in at ‘Travel and
Transport’ venues, with these contributing almost a quarter of our total
check-in activity, highlighting the importance of urban public transport
infrastructure in enabling tourist mobility. Figure 4.1 illustrates the spatial
distribution of 5 main Chinese tourist activities derived from our Weibo
check-in data using KDE. As a comparison, similar KDE maps based only on
the POI venue distribution of the respective categories are also constructed
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as in Figure 4.2. It is clear that hot spots of Chinese tourist activities within
these categories are more spatially targeted on specific, localised, bounded
and identifiable hot spots.

Although tourism attractions are widely spread over Inner London (Figure
4.2), Figure 4.1 suggests two significant and several secondary hot spots of
Chinese tourist ‘Visiting and sightseeing’ activity. The two key hot spots are
centred on Westminster (London Eye and Big Ben) and the Leicester
Square/Covent Garden areas, both of which are major attractors for tourists.
Secondary hotspots are centred on locations which correspond with key
tourist attractions such as the British Museum, Hyde Park, Baker Street,
Exhibition Road (home to many popular museums) and the Tower of
London. In contrast to the concentration of overnight accommodation
services evident around Hyde Park in Figure 4.2, our check-in data
highlights a propensity for Chinese tourists to use accommodation which is
spread across two large spatial clusters, one centred on the Southbank and
one around Green Park. In both Figure 4.1 and Figure 4.2, ‘Shopping’ and
‘Dining out’ activities have quite similar spatial patterns. For shopping
(Figure 4.1) Chinese tourists focus on Knightsbridge (Harrods) and Oxford
Street. There are clear spatial overlaps between different activity types in
Figure 4.1, suggesting that tourists combine multiple activities within
complex itineraries which include sightseeing/visits to attractions and
shopping, alongside dining out, facilitated by the transport network and
overnight accommodation.
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Figure 4.1 Kernel density estimation (KDE) of different tourist activities
based on Weibo tourist users’ check-in associated with Foursquare
venues: (a) visiting and sightseeing, (b) shopping, (c) dining out, (d)
travelling and (e) accommodation.
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Figure 4.2 Kernel density estimation (KDE) of different tourist activities
based on distribution of Foursquare venues by category: (a) visiting
and sightseeing, (b) shopping, (c) dining out, (d) travelling and (e)
accommodation.
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In the following section we consider the trajectories or visit sequences of
individual Weibo users during their visits to London.

4.5 Understanding Chinese tourist mobility behaviours

Although the hot spots of tourist activity highlighted in Figure 4.1 enable us
to draw interesting observations about the spatial distribution and density of
different activity types, the activity and location-based behaviours from which
these are built permit a far richer set of insights into tourist mobility patterns.
Figure 4.3 illustrates the trajectory for one tourist Weibo user during a trip to
London. Check-ins associated with each user have been sorted according to
their timestamp and grouped into discrete days in order to extract their daily
trajectories. The example illustrated has been chosen to demonstrate the
richness of these data in uncovering the mobility and venue preferences
associated with individual tourists. Whilst it is acknowledged that users may
visit a broader range of attractions and venues than those at which they
choose to check-in, their revealed mobility trajectories could provide a
valuable and previously under-exploited insight into the characteristics of
tourist behaviour in London at the individual level.
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Figure 4.3 Indicative individual trajectory for a specific tourist Weibo user,
capturing five separate days’ worth of activity during a single visit to
London.

By aggregating all individual user-level trajectories (such as those shown in
Figure 4.3 and derived for each of our 6,465 individual tourist users) we can
understand more about the core attraction networks in London. Our analysis

reveals that 22 attractions act as key nodes based on their eigenvector
centrality within the network, shown in Figure 4.4, which depicts the
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eigenvector centrality scores using graduated colours (whilst the size of the
node reflects the number of check-ins according to our Weibo dataset). The
results reveal that among all attractions in the network, The London Eye and
Hyde Park are the most influential and vital attractions for Chinese tourists in
London. Figure 4.4 shows an important trade-off between centrality and the
number of check-ins, as highlighted by key transport interchanges. London
King’s Cross Railway Station does not have as many check-ins as London
Heathrow Airport, but exhibits much higher importance within this local
network, forming an important node in Chinese tourists’ daily trip making
behaviours whilst visiting London.

The thickness of the ‘edges’ (lines) connecting nodes is indicative of the
volume of tourist flows between these two attractions, with 57 key edges
identified. The strong links between central London attractions are clear, as
is the importance of specific pairs of attractions such as The London Eye
visited with Big Ben, Buckingham Palace and Westminster Abbey, and the
British Museum with Trafalgar Square. These findings are comparable with
Comito et al. (2016) who use geotagged Twitter data to extract key
connections between London attractions. We find that the Chinese Weibo
tourist users share the same top connections as the Twitter users but that
Chinese tourists show much stronger movements connected to the British
Museum, Chinatown and the Sherlock Holmes Museum, which are not so
popular in the Twitter data.

Heathrow Airport
St Paul's Cathedral Oxford Circus

Her Majesty's Theatre

Chinatown
H.rk :
University College-tondon

King's Cross St. Pancras
British Musstim
Buckingham Patace Gate

St James's Park
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Figure 4.4 Core attraction network based on Chinese tourists’ daily Weibo
check-in trajectories.

The ability to derive attraction networks from LBSN data, and thus construct
aggregate level indicators of centrality and connectivity between attractions
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can be useful for tourism destination management. The highlighted networks
identify the importance of attractions along tourism routes as regard to both the
visitation and their core—periphery position. The key origin-destination pairs
also could offer benefits for urban planning in tourism destinations, include
the evaluation and provision of visitor-oriented public transport, promotion of
ancillary tourist services along principal routes utilised by tourists, support to
enhance tourist safety and wellbeing along these routes, marketing
opportunities or the effective provision of supplementary retail, leisure and
catering opportunities.

4.6 Segmentation of Chinese tourists based on travel
characteristics, activity preference and mobility patterns

4.6.1 Travel behaviour variables

In this section, we attempt to investigate more on the individualised
multipurpose trips of our Chinese Weibo tourists. A set of derived indicators
(Table 4.2) are used to capture trip-related behaviours of each tourist user
utilising their individual trajectories (such as the example shown in Figure
4.3).

Table 4.2 Outline of 41 variables capturing tourist Weibo users travel
characteristics, activity preference and mobility patterns for use in
segmentation.

Domain Variable Description
1 Length of stay in Number of days between first
London and last check-in
5 Travgl . Number of trips Number of days having
characteristics check-ins
Number of stops Number of check-ins
4 Number Number of visited
of different attractions distinct attractions
Activity frequency Proportion of check-ins
(calculated . : .
5- associated with activity of
separately for each . i
11 . interest (e.g. dining out)
of 7 different . "
- relative to all activities
activities)
Activity Daily main purpose Proportion of days that given
frequency (calculated . L
12- | preferences activity (e.g. Visiting
separately for each o
18 . landmarks/buildings)
of 7 different . -
. represents the main activity
activities)
19- Venue diversity Count of unique venues
(calculated - L
25 visited for each activity type
separately for each
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of 7 different
activities)
Popularity (calculated Sum of the popularity of
26- separately for each .
. visited places of each
32 of 7 different activity tvpe
activities) yyp
33 Multi degree Average number of activities
Mean daily Mean count of attractions
34 ) -
attractions visited per day
35 Return probability Probability of returning to the
same venue
36 Mean distance Mean travel distance per trip
Mean distance between
37 Mean placement
stops
The area of the standard
38 SDE size deviation ellipses for all
Mobility check-in points
patterns The eccentricity of the
39 SDE shape standard deviation
ellipses for all check-in points
The total weight of a tourist
40 Total weight travel route according to the
whole attraction networks
The total centrality of the
41 Total centrality attractions along a tourist
travel route according to the
whole attraction networks

Travel characteristics capture the basic check-in behaviour of Weibo tourists
during their stay in London, in common with approaches used to identify
indicators such as length of stay from LBSN data (Preis et al. 2019, Chua et
al., 2016). The activity preference indicators cover four dimensions of activity
across 7 key activity types and reflect the frequency of visit and relative
importance of different activity types. The mobility pattern indicators capture
the dimension, shape and structure of each tourists’ individual mobility
trajectory. These include measures of the probability of a user returning to a
previously visited attraction, their mean daily travel distance, and the mean
distance between attractions visited. We measure the size and shape of
their spatial ‘footprint’ using Standard Deviation Ellipses (SDE), a
centrographic measure to summarize the distributional trend for a set of
point locations by reference to the centre of the ellipse and the lengths of the
two orthogonal axes (e.g. Huang and Wong, 2016). We also assess the
extent to which an individual user exhibits mobility patterns which are
consistent with the typical behaviours within our dataset by considering the
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relative total weight and total centrality when compared to the aggregated
typical attraction networks shown in Figure 4.4.

In total, we have 41 derived variables of individual tourist Weibo user
behaviours, which we use in the following section to segment tourists based
on those observed behaviours. Since these variables are derived from
individual Weibo users’ observed behaviours and trajectories, we benefit
from a rich and multi-dimensional dataset from which to classify our Chinese
tourists into distinct groups or segments based on their observed
behaviours.

4.6.2 Data clustering

K-means is used to segment tourist Weibo users into distinct groups by the
41 variables outlined in Table 4.2, as described in section 4.3. Before
clustering, all the input data has been standardised by z-scores. The
optimum number of clusters was determined via R package ‘NbClust’.
Among the clustering solution from 2-10, the result of NbClust suggest five
as the best number of clusters. When k=5 the ratio of total between sum of
squares to the total sum of squares is 78.3%, the best goodness-of-fit. The
results are shown in Table 4.3. Our largest cluster ‘traditional tourists’
represents almost half of our tourist Weibo users with key attractions,
landmarks and tourist amenities (such as accommodation) featuring
prominently within their check-ins (Figure 4.5). Tourists in the ‘traditional
tourists’ and the similar ‘outdoor sightseeing’ segments exhibit fairly
homogeneous travel behaviours, linking together key attractions within our
network utilising common routes.

Table 4.3 Chinese tourists’ trip-related behaviours and activity preferences

by segment.
Cluster prop. | POMInaNt | iy hatterns Shopping venue
activity choices
Low complexity,
homogenous
patterns — check-
Traditional Visiting ins Rare shopping,
_ 48.4% | and predominantly at | occasionally at gift
tourists sightseeing | museums, parks, | and souvenir shops
landmarks hotels
and transport
hubs
i _ Short mean High diversity
SR&?E;%B 20.5% | Shopping | travel distance — | choices of popular
combine shopping




-73-

shopping with venues: department
Visits to stores, souvenir
museums, shops, markets, and
performance major shopping
venues and centres

outdoor

sightseeing

attractions

Gourmets

Shopping not the
Travel within the | main trip purpose

core attraction but department

11.6% | Dining out | network with a stores, markets,
focus on dining souvenir shops, and
out clothing stores

feature prominently

Less focus on

) Some evidence of
core attraction

Education 9.8% University- network, travel shopping act|V|ty
related . across all shopping
mainly related to
. . venue types.
university venues
Few shopping trips
Diverse outdoor | but greater diversity
. Outdoor S|g_ht_see|r_1g of sho_pplng venue.s
sightseeing 9.6% sightseeing actlvr[y,.hlgh when incorporated:
travel distance department store,
per day. market, souvenir
shop

We are also interested in the remaining clusters which capture smaller
groups of Chinese visitors who exhibit a preference for a broader range of
activity and venue types, including shopping or dining out. These groups
exhibit greater heterogeneity between tourists, with more dispersed spatial
footprints and show less reliance on key nodes and common routes. Figure
4.5 illustrates key differences between ‘traditional tourists’ and ‘shopping
enthusiasts’ with the latter (which comprise around one-fifth of our tourist
Weibo users), exhibiting a higher propensity for their trips to be dominated
by regular, prolonged and repeat visits to key shopping venues (major
department stores and principal retail centres within Greater London). Whilst
these ‘shopping enthusiasts’ may typically exhibit a shorter average travel
distance and less likelihood for return visits to individual attractions than
‘traditional tourists’, their longer length of stay and the greater diversity of the
individualised trajectories have important implications for the planning and
management of tourist infrastructure. To illustrate the importance of any one
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activity group we consider these shopping activity behaviours in more detail
in the following section.

Asisaip onuRN

Visiting art & entertainment venues
University-related activity

Dining out

Outdoor sightseeing

Visiting landmarks & buildings
Shopping

Travelling & Accommodation

Figure 4.5 Radar charts to illustrate tourist Weibo users trip characteristics
and behaviours on 41 key variables for a) ‘traditional tourists’ and b)
‘shopping enthusiasts’.

4.7 Shopping related activities

Shopping related activity is a key driver of Chinese tourist expenditures in
London (VisitBritain, 2018b; China Tourism Academy, 2014). Chinese
tourists have a greater propensity to undertake high-value shopping as a
core activity whilst in London (China Tourism Academy, 2014), spending an
average of £2,059 per visit to Britain in 2017, more than three times the
average for all other international inbound visitor groups (VisitBritain, 2018).
While shopping does not feature as a key driver of behaviour for all
segments revealed from our clustering, all segments do exhibit some
propensity to visit venues associated with shopping, highlighting the
importance of major retail venues as a driver of Chinese tourist intra-
destination mobility. Our Foursquare-derived venue level POIls enable us to
drill down further and exploit the depth and richness of venue level
information in order to understand the shopping activities undertaken as a
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secondary or tertiary activity by tourists with an alternative primary trip
purpose, employing the topic modelling method LDA.

LDA enables us to mine the full richness of the venue information to
understand more about activity preferences and how these activity choices
connect as multipurpose travel patterns within each segment. Our LDA-
driven insights are shown in Table 4.3 as part of the ‘multipurpose patterns’
and ‘shopping venue choice’ columns. These reveal that groups such as
‘Gourmets’ and ‘Outdoor sightseeing’ exhibit far more heterogeneous activity
patterns than other clusters, revealing more individualised preferences at the
venue sub-category level in relation to the types of cuisine favoured, the type
of stores frequented or the less popular attraction types visited.

It is useful to explore one category in more detail: the shopping behaviours
associated with tourists that fall into segments dominated by non-shopping
activity types. We can use these to understand the shopping venue choices
and the role of shopping for each segment. As the largest segment,
‘Traditional Tourists’ have a relatively low complexity and homogeneous
multipurpose travel patterns, in which shopping activities are rare and only
gift shops and souvenir shops are occasionally included. In contrast,
shopping enthusiasts visit a more diverse types of shopping venues:
department stores, souvenir shops, markets, electronic stores, bookshops,
shopping malls, flea markets and gift shops. They may intersperse these
activities with visits to museums or other forms of sightseeing and their
activity choices are likely to favour more popular venues. The ‘Gourmets’
also enjoyed varied shopping activities at department stores, markets,
souvenir shops and clothing stores but seldom as their daily main purpose.

The LDA-driven enhanced venue-specific insight by cluster highlights the
importance of mining the depth and richness of venue or POI information
associated with LBSN check-ins, in this case enabling us to reveal venue-
level specific insights for each cluster. Specifically, it has enabled the
identification of shopping and consumption-related behaviours associated
with tourists who have been classified as having different primary drivers of
trip-related behaviours.

4.8 Conclusions

Weibo-derived user-generated LBSN data could offer spatial and temporal
insights into the behaviours of this sizeable and important sub-group of
tourists. We have cleaned and pre-processed these data, adding value by
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attaching high-quality venue-level information and distinguishing tourist
users from other forms of temporary visitors or semi-permanent residents.
The spatial characteristics of Chinese tourist check-ins are in keeping with
our expectations of a tourist user base, with spatial clusters of Chinese
tourists around core London attractions, museums, landmarks and major
transport interchanges, in line with key tourist hot spots uncovered by
previous research into tourist attraction preferences in London derived from
LBSN sources (Comito et al., 2016; Garcia-Palomares et al., 2015).
However, we find that key hot spots of Chinese tourist activity are far more
discretely clustered and delineated than the underlying distribution of those
attractions themselves. Thus, clear spatial clusters of Chinese tourist activity
are evident, and these are not entirely driven by the underlying distributions
of core attractions, accommodation provision or opportunities for
consumption activities. Analysis of this nature affords insights into the micro-
level spatial distribution of subgroups of tourists.

Weibo thus presents an opportunity to focus on the behaviours associated
with inbound tourists from a single country of origin. Given that Chinese
outbound tourism is increasing rapidly, it is unsurprising that China has
become the most important global outbound market in terms of expenditures
(UNWTO, 2018). Our insights into the spatiotemporal dimensions of these
tourists’ activities within a major receiving destination such as London are
useful in their own right in order to understand the behaviours of this subset
of tourists. Moreover, we demonstrate the potential which Sina Weibo
affords researchers in uncovering observed behaviours associated with
Chinese international tourists including the range and spatial extent of
destinations visited and their trip purpose — extending far beyond the scale
and volume of data that could be collected via survey mechanisms.

Our findings could also support wider interest in deriving new proxies that
can be used to infer tourist flows and behaviours. There is considerable
interest in deriving official tourism statistics from LBSN data streams, such
as to supplement IPS sample survey estimates of inbound tourism
magnitudes. For example, geotweet from twitter and geotagged photo
sharing from the Flickr platform has been found to offer great potential in
inferring counts of visitors for a variety of inbound markets in the UK (see
Steiger et al. 2015, Barchiesi et al. 2015) and other major tourist receiving
countries (see Preis et al., 2019). Weibo-derived check-in data could offer
similar headline insights along with within-destination mobility and
consumption patterns which are not well-captured by official tourism
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statistics. The availability of a near-complete record of all check-ins (rather
than a sample of check-ins as afforded by the free Twitter API) and the
clearly identifiable user group (predominantly tourists with a Chinese
residential origin) heightens the potential usefulness of these data and
warrants further study, especially in relation to their potential to support the
production of official population statistics.

Construction of individual tourist mobility trajectories reveals that many
Chinese tourist Weibo users restrict their activities to a core network of
attractions, with distinct groups of tourists exhibiting behaviours associated
with consumption activities (e.g. shopping) or a tendency to explore more
peripheral locations and attractions. This level of insight is typically omitted
from surveys or official statistics. We offer new perspectives on observed
multipurpose tourist activity patterns, derived from those users’ digital
footprints. This fills a gap in the existing literature and highlights the
effectiveness of these data to generate insights into tourist destination
choices alongside the value of these data within a data-driven segmentation
of tourists based on destination-level behaviours and mobility patterns.

Our segmentation captures these spatial and attribute dimensions of users’
activities and indicates that each Chinese tourist segment has distinct multi-
purpose travel behaviours and activity venue choices. These findings help to
shed further light on Chinese tourist travel mobility and consumption-related
behaviours in London. These insights could be utilised to understand
Chinese tourist demand and support tourism package design (e.g. see Majid
et al. 2013), in administering within-destination surveys (see Abbasi et al.
2015) and destination management. We are particularly interested in these
tourist shopping behaviours and our ongoing wider research focusses on
extracting those behaviours to support retail demand estimation and store
location planning.
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Chapter 5 Estimating small-area demands of urban tourist
for groceries: The case of Greater London (Paper II)

Abstract Tourist retail demand within urban areas brings both opportunities
and challenges to the local economy. Taking Greater London as the study
area, this paper integrates conventional statistics and survey datasets with
novel crowdsourcing big data sources to identify and estimate four types of
tourist grocery demand at the small-area scale: travellers staying with
Airbnb, tourists using traditional commercial accommodation, guests staying
with relatives or friends and day trip visitors. Based on this combined tourist
retail demand layer we show the spatial variations at the small area level
and, as an illustration of the demand uplift, we estimate additional grocery
expenditure that is associated with this tourist demand. Thus, the paper
indicates the neighbourhoods with significant grocery demand uplift from
tourist stays. We argue that the new retail demand layer has tremendous
potential to be used as an additional input to retail location modelling tools to
support new store revenue estimation and store performance evaluation
within the grocery retail sector.

Keywords: Small-area demand estimation; Grocery retail; Urban tourist;
Airbnb; Greater London

5.1 Introduction

Spatial models are important tools in retail location planning, especially
within the UK grocery sector. A major step in the modelling process is the
estimation of retail demand within small-areas in order to then predict
individual store revenues and trading potential. The estimation of small-area
retail demand has traditionally been residence-based, using population data
from censuses coupled with expenditure data from surveys such as the UK
Office for National Statistics (ONS) Living Costs and Food Survey. Usually,
that census data can be disaggregated to estimate demand by age, social
class, ethnicity etc. (Birkin et al., 2017). However, for areas that have a more
complex population composition, demand estimation may not be adequately
captured using residence-based demand alone. Recent work has started to
shed light on other essential drivers of retail demand, covering populations
of work-based consumers in major cities (Berry et al., 2016), school and
university students (Waddington et al., 2019), and tourists at coastal resorts
(Newing et al.,, 2015). However, for towns and cities also hosting large
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volumes of tourists, it is rare to see any consideration of the potential uplift in
retail demand from these consumers. One of the reasons why this has been
under-researched to date is the lack of effective fine-granularity datasets
related to tourist travel behaviour and expenditures, especially at the small
area level.

As one of the world’s most visited destinations, London attracted 19.1 million
international tourists in 2018 alongside 11.9 million domestic visitors
(VisitBritain, 2019; VisitEngland, 2018). These visitors generated spending
estimated at £12.33 billion and £2.98 billion respectively (VisitBritain, 2019;
VisitEngland, 2018). Whilst the UK International Passenger Survey and
Great Britain Tourism Survey provide monthly data on visitor numbers and
spending, little is known about the distribution of these tourists or their
economic impact at the local level.

Tourists and day visitors make up over 10% of the daytime population in
London, which brings both tremendous opportunities and challenges for the
local economy (Greater London Authority (GLA), 2014). Also, for tourists
staying within London overnight, previous studies have recognised that a
large share of their time is spent in the immediate vicinity around their
accommodation locations (Shoval et al., 2011). Grocery stores are not
usually located purely to serve tourists but many individual stores may be
impacted by tourism. However, tourist or visitor expenditures on groceries,
much of which take place at a local level, are rarely recalled in sample-
based surveys of tourist expenditures. Therefore, this paper aims to estimate
the demand from tourists and day visitors for groceries in London at the
small-area scale. Aligning with the International Passenger Survey and
Great Britain Tourism Survey definitions, we identify four groups of
prominent tourists in London: visitors using the sharing-economy
accommodation platform Airbnb; tourists staying at hotels and other serviced
accommodation (i.e. B&Bs, guest houses, motels and hostels); ‘free’ guests
who spend their nights with relatives or friends; and day trip visitors who only
undertake leisure activity-based trips during the day/evening without using
overnight accommodation.

Since there is little information from existing surveys concerning the spatial
distribution of these four groups, we explore the potential offered by novel
big datasets (principally from Airbnb and Twitter) when combined with
conventional official statistics and survey datasets. The Airbnb listing and
reservation records (available at the property level) offer new insights into
the distribution and occupancy rates of their guests. In addition, user-
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generated crowdsourced data (such as those extracted from geotweets)
could enable detailed space-time modelling at the individual level to help
capture the distribution of day trip visitors, who are not captured by
accommodation-based measures of tourism.

Thus our aim in this paper is to estimate the small-area grocery demand of
each of the four tourist groups at a neighbourhood level and to incorporate
them into a final tourist grocery demand layer for London. It is argued that
the additional demand from these types of tourism is substantial and
produces a significant uplift of expenditure (and hence revenues) across
many localities in London, some of which are not traditionally associated
with tourism activity. We argue that the incorporation of tourist retail demand
into the spatial modelling process has the potential to enhance retailers’
managerial decision-making in two major ways. First, it is important retailers
understand more about the type of shoppers who frequent different stores.
This can have implications for local marketing, store promotions and local
stock provision. Second, it is especially important in estimating revenues for
future stores. Forecasts of future revenues based purely on residential
demand may not provide the necessary profit to make a store economically
viable and hence the retailer may miss an important opportunity for growth.
The inclusion of tourist demand may take revenues beyond the threshold
needed for long-term store viability.

The rest of the paper is structured as follows. In Section 2, we review the
existing literature on small-area retail demand estimation in location
planning, particularly for non-residential populations. We argue that small-
area tourist demand estimation, in the context of urban tourism, is far under-
researched and that location-based online big data can effectively act as an
important data source for tourist activities and consumer behaviour. Section
3 details the datasets used in our research. In Section 4 we estimate the
potential grocery expenditure of each of the 4 groups. The final, combined,
tourist retail demand layer in London is illustrated and discussed in Section
5. Finally, Section 6 offers some concluding comments. Throughout the
paper we use the UK grocery market, and specifically London, as our case
study.
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5.2 Literature review

5.2.1 Retail demand in location planning

The estimation of small-area retail demand is important in its own right but is
also crucial when constructing retail location planning models. The standard
approach is to combine small area population census statistics with market
survey data (in the UK from sources such as the Living Costs and Food
Survey) which gives average weekly household expenditures for a variety of
retail goods and services. For the production of more realistic spatial
models, retail demand is usually disaggregated by person type (to take
account of different types of consumer behaviour) including gender, age,
ethnicity, social class/ income. Based on the effective simulation of
residential demand, it is possible to apply these demand side estimations
within spatial models to facilitate retail location planning (Birkin et al., 2017).

Due to the ongoing collaboration between academia and a growing number
of major UK retailers, valuable commercial big datasets, including store
trading records and loyalty card scheme data, are becoming more
accessible to the academic community for research purposes. These
corporate datasets have already been used to validate the success of store
revenue forecasts in traditional models which focus substantially on
residential demand (Birkin, 2019). Newing et al. (2013a) demonstrated the
possibility of adding non-residential retail demand into spatial models (in this
case adding seasonal visitor demand around coastal tourist resorts in
Cornwall, a coastal region in south west England that receives significant
tourism) using newly available customer-level loyalty card sales data
provided by a partner retailer. This provided valuable new information for
store location planning. They identified that the proportion of trade
accounted for by non-residents in one case study coastal store varied from a
peak of 50% in August to only 12.5% in January. Without such detailed
estimations, the prediction of store revenues within such tourist areas in
peak seasons has often been underestimated by retailers. It is very difficult
to simply upscale residential demand consistently to obtain accurate
demand-side or individual store revenue estimates (Newing et al.,, 2014).
Subsequently, Berry et al. (2016) identified workplace and commuter-
derived trade from retail partner transaction records at a number of
convenience stores in London. They noted that these stores exhibit huge
temporal spikes in sales of ‘food to go’ products, especially when in close
proximity to major employment centres or transport interchanges.
Waddington et al. (2017) demonstrated that a conventional residential-based
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retail model works poorly when attempting to estimate the revenues for
convenience stores located in catchments containing workplaces or which
are in proximity to universities, colleges or large secondary schools. These
areas have a more diverse demand than stores serving a predominantly
residential demand and these stores thus exhibit a sales pattern which may
reveal noticeable demand uplift associated with these different drivers of
demand (often at different times of the day/week).

In the above-mentioned papers, the distribution of the subgroups is still
mainly based on static census-derived statistics and bespoke survey
datasets. For example, Berry et al. (2016) used census-derived workplace
population statistics to understand the micro geographies of workplace
demand. Waddington et al. (2017) disaggregated non-residential retail
demand into four different drivers: workers, school children, university
students and daytime visitors. In common with Berry et al. (2016) they made
use of workplace population statistics to capture the workplace population,
supplementing these estimations with data from administrative and survey
sources to capture demand associated with schools, universities and
principal tourist attractions. In the case of coastal tourist demand, Newing et
al. (2013a) explored the linkage between tourist grocery demand and the
distribution of self-catering accommodation at the small area level. They
used listings of self-catering tourist accommodation, in conjunction with
surveyed occupancy rates, to estimate the small area spatiotemporal
distribution of tourists as a demand-side input to a retail location model
(Newing et al., 2013b).

Estimating the expenditure rates of the non-residential population is also a
major challenge, since rarely can such expenditure rates be directly sourced.
For example, after discussion with industry representatives, Waddington et
al. (2019) incorporated an expenditure of £5 per person per week as the
workplace-derived expenditure on groceries, while the school- and
university-based expenditure were allocated £3.50 and £1.50 per person per
week respectively, according to available consumer research in ad-hoc
surveys. For the estimation of visitor demand in Cornwall, Newing et al.
(2013b) collected data from a variety of organisation reports, industry
surveys and academic research related to the self-accommodation
hospitality sectors in the UK to estimate the different spending rates of
visitors staying at different types of accommodation.

These studies highlight that store trading records and customer-level loyalty
card data can provide evidence of the links between store sales and
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spatiotemporal demand fluctuations in a catchment area, driven by the ebbs
and flows of transient populations within the region. They also highlight that
little is known about the expenditure patterns of non-residential demand
types and that both academic and industry research have to rely on (often
incomplete) ad-hoc surveys and insight to infer expenditures associated with
these demand sub-groups. We argue in this paper, in relation to urban
tourist demand, that a bottom-up approach is useful in order to construct a
comprehensive tourist-based demand surface. This involves aggregating the
estimated expenditure of each demand subgroup, accounting additionally for
their spatial and temporal distributions.

5.2.2 Urban tourism and big data

As noted above, there is a deficiency of official tourism statistics at a
disaggregate spatial scale. This presents a number of challenges for tourist
population modelling. However, big data is beginning to help fill that gap.
There are two major types of big data which can be valuable in tourist
research. The first is user-generated content from location-based social
media (i.e. geotagged tweets, geo-photos, and reviews of point-of-interests
(POls) etc.). Such data are beginning to enable space-time modelling at the
individual level and have been used to assess international mobility patterns
(Barchiesi et al., 2015), monitor visitor behaviour around tourist attractions
(Tenkanen et al., 2017), identify tourist hotspots in cities (Kadar, 2014) and
to characterise tourist flows within destinations (Chua et al., 2016). The
academic community has started to leverage these emerging big data
sources as important supplements to conventional statistical sources. This
enables fine-scaled spatiotemporal patterns of tourist distributions to be
uncovered (comprehensive reviews appear in Li et al., 2018, Ye et al.,
2020). Such studies are shedding new light on the role that emerging
location-based big data could offer in helping to outline the spatial
distribution of tourists, but none has focused so far on the use of this data to
provide more nuanced local retail expenditure estimates. The second big
data source covers tourist accommodation. The location of tourist
accommodation has a profound impact on tourist movements and can
impact greatly on service providers that are in the catchment area of these
accommodations. These include data sources such as AiIrDNA which
provides data on the growing use of Airbnb. This dataset is beginning to be
used in tourist studies more widely (Gutiérrez et al., 2017). We shall
examine both these types of data more fully in the next section before using
them to estimate retail demand in later sections.
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5.3 Data and methodology

To fully understand tourist grocery demand at the small-area level, we need
to capture tourists who stay in London using a range of different
accommodation types. These first include the rapidly growing sharing
economy platform Airbnb. Primarily drawn from the existing housing stock,
Airbnb has become a popular alternative to traditional accommodation,
enabling tourists to have distinctive and more local experiences at their
destination (Greater London Authority, 2017). This research uses a big
dataset supplied by AirDNA and accessed via the Consumer Data Research
Centre (CDRC) at the University of Leeds. The AirDNA dataset enables us
to retrieve all the Airbnb listing and reservation records in London for a 12-
month period: here we access data between June 2017 and June 2018. The
accommodation capacity of the Airbnb properties, coupled with reservation
records, is used to delineate the spatial distribution of Airbnb rental units,
identify typical occupancy rates and thus calculate the number of local
Airbnb guests during the one-year time span.

In addition, it is important to look at the more traditional accommodation
sectors. According to the International Passenger Survey (2019) and the
Great Britain Tourism Survey (2019) (Table 5.1), for both overseas and
domestic tourists, the two main accommodation types are serviced
commercial accommodation (hotel/guest houses, bed & breakfast,
hostel/university/school) and free guest/ home tourists staying with relatives
or friends in their own houses. Since individual establishment level data
related to the provision of serviced commercial accommodation is hard to
access from any official channel, we have generated a dataset derived from
the combination of Ordnance Survey Point of Interest (POI) data and
OpenStreetMap. As a result, a total of 2,042 geo-located serviced
accommodation establishments in London have been identified and
extracted from those sources.

Table 5.1 % of nights by accommodation type in London, 2018.

Visits Nights Spend
(000) (000) (Em)
All staying | 4 99 110,932 12,329
VISItS
. 65.56 51.92 72.67
Inbound Serviced 12,514 % 57,590 % 8,959 %
tourists Non- 014 | % | 8185 | 7.38% | 873 | 7.08%
serviced %
Free guest 27.18 38.51 18.76
P, 5,189 o | 42717 ” 2,312 "
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home
2.97
Others 567 % 2,441 2.20% 186 1.51%
All staying | 1 ge) 27,878 2983
VISItS
. 55.90 44.10 77.80
Serviced 6,631 % 12,293 % 2321 %

, Non- 2.80 0 0
Do_m_estl serviced 334 % 745 2.70% 102 3.40%
c visitors Free guest

/ Own 4725 | 3290 13580 | 4870 | 595 | 1730
% % %
home
2.80
Others 325 % 975 3.50% 70 2.40%

Source: International Passenger Survey (2019) and Great Britain Tourism
Survey (2019)

Whilst Table 5.1 shows that we have estimates of the total number of people
staying with friends, there is no definitive source which records the location
of these visits. The simplest approach to generate this data would be to
distribute known numbers of these tourists/guests across all residential
areas of London pro rata to their population size. For domestic visitors that
makes sense. However, it is more likely that international visitors would stay
with relatives or friends who share a similar country of birth or ethnic origin:
for example, witness the great concentration of Australian tourists and
visitors around Earl’s Court in London. Although this will not always be the
case we feel this method of allocation to residential areas makes more
sense than an even distribution across all areas of London. We can plot the
residential population by country of origin (derived from 2011 Census-based
statistics), and link this to data on international tourists by country of
origin/ethnicity provided by the UK International Passenger Survey (see
Section 4 below).

Another overlooked tourist group who may also impact upon local retail
demand is day visitors. In adaytime population survey by the Greater
London Authority in 2014, they categorise day visitors as ‘3 Hour + Leisure
Day Visitors’. In addition, the Great Britain Day Visits Survey (2018) notes
that these visits are distinguished by ‘visitors not undertaking activities that
would regularly constitute part of their work or would be a regular leisure
activity’. Day visitor statistics at the London borough level are available via
the Greater London Authority daytime population survey (unfortunately no
fine-scale statistics are available). Thus we need to spatially redistribute
those borough level day visitor estimates across the Lower Super Output
Areas (LSOAs) within each respective borough. To do this we can estimate
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the levels of tourist/leisure activity in different LSOAs using another big data
source — geotagged Tweets (geotweets) from the popular social networking
service Twitter. We collect geotweets within our London study area from Oct.
2018 to Sept. 2019 which occurred between 9 am and 5 pm (daytime
geotweets). By tracing back the historical geotweets of these Twitter users,
we can usually infer their countries of origin. The modelling of day visitor
distributions only leverages geotweets from UK domestic Twitter users. Day
visitor activity is distinguished from activity around the usual residence of a
user by examining the frequency of tweets — more than 10 geotweets per
user at a particular location during our data collecting timespan would
suggest a home location. The day visitor count in each borough is
distributed across its constituent LSOAs according to the proportion of
geotweets in each of those LSOAs.

For each of the four types of tourists outlined above, we plot the spatial
pattern of their distributions across the LSOAs in London in Section 5.4.
Then we estimate the average personal expenditure rate per week of each
tourist type (for grocery shopping). The resultant small-area tourist grocery
demand layer across London is thus generated by the combination of these
four demand groups. The datasets employed in the research are
summarised in Table 5.2 and the appendix gives a web link for accessing
these data sets directly.

Table 5.2 Data sources and dates of availability.

Visitor Type Data source Date
. . May 2017 - Jun.
Airbnb AirDNA 2018
Serviced Ordnance Survey POI Dec. 2019
accommodation OpenStreetMap Dec. 2019
International Passenger 2018
Survey
Free guest/own home Great Britain  Tourism 2018
Survey
Census 2011 2011
Daytime population 2014
Day visitors Survey
Twitter Oct. 2018 - Sept.
2019
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5.4 Estimating tourist grocery demand

5.4.1 Airbnb guest

As a new form of commercial self-catering accommodation, Airbnb
guests can dine out or purchase and prepare their own food in-house.
Airbnb (2018) reported an average expenditure of £100 per guest per night
from their international guests in the UK, with an average 10% spent on
groceries and 33% spent on food and drink eaten in other establishments.
Additionally, 43% of the £100 is spent in the neighbourhoods in which they
stay Airbnb (2018). Therefore, we may expect a substantial uplift of revenue
for the grocery stores in the localities that host many Airbnb guests. In the
absence of any other survey data for now we use the £10 per guest per day
reported by Airbnb (2018) as the average grocery spending rate of an Airbnb
guest. It is plausible that the actual rate in London would be
typically higher on a per-person per night-basis than comparable stays
elsewhere in the UK, given that London accounts for 41.7% of all overnights
visit but 53.8% of inbound tourist expenditure in the UK (VisitBritain, 2019).

Figure 5.1 shows the accommodation capacity of Airbnb listings aggregated
into neighbourhoods (LSOAs) across London. In common with all forms of
accommodation, it shows a centralisation of accommodation stock
within central London where many of the main tourist attractions are
located. However, compared to the hotel distribution across LSOAS in
London (Figure 5.3), Airbnb accommodation is far more widely dispersed,
including within many residential areas that are not traditionally associated
with tourism activity.
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Figure 5.1 Spatial distribution of Airbnb accommodation by LSOA.

To depict the spatial distribution of occupied Airbnb premises (and therefore
the presence of tourists), we use the reservation records of each Airbnb
listing during the 12-month period to obtain the actual utilisation of the Airbnb
properties in London. For all the 207,117 properties listed on AirDNA, only
51.65% (106,974) have online reservation records between June 2017 to
May 2018, accounting for 24.6m guest nights. The remainder represents
listings that appear not to have received paying guests, at least not via
Airbnb. Combining accommodation capacity and the occupancy rate for
these properties, alongside an average grocery expenditure of £10 per guest
per day, the estimated Airbnb guest grocery expenditure per week across
the LSOAs in London totals a considerable annual demand uplift of
£246.2m, or £4.72m per week. The spatial distribution of this additional
tourist-driven spend is presented in Figure 5.2. The spatial pattern of Airbnb
grocery demand in inner London presents a similar pattern to the distribution
of capacity in Figure 5.1, but some Airbnb properties in outer London
generate low demand due to low recorded occupancy. Nevertheless, Figure
5.2 illustrates that Airbnb properties generate tourist grocery expenditures
which are distributed across Greater London and not solely associated with
core central London tourist hotspots.
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Figure 5.2 Estimated Airbnb guest grocery expenditure using Airbnb
utilisation and grocery expenditure rates per week.

5.4.2 Hotel and commercial accommodation traveller

The Accommodation Stock Audit conducted in 2016 reported serviced and
non-serviced accommodation provision at the borough level across London
(VisitEngland, 2016), which is the finest spatial resolution source of
published data relating to traditional commercial accommodation provision
(Table 5.3). We assume that most of the non-serviced accommodation are
listed as Airbnb properties and have therefore already been captured by the
Airbnb dataset discussed above. Therefore, in this section we
specifically consider  expenditures  associated with  tourists staying
within serviced commercial accommodation. By combining data from the
Ordnance Survey POI and OpenStreetMap, we obtained the locations of
2,314 serviced accommodation establishments in  London. The
Accommodation Stock Audit gives the number of rooms or bed space for
each London borough which we disaggregate evenly across LSOAS in each
borough. Figure 5.3 maps the estimated bed space counts for serviced
accommodation across the LSOAs in London. Most are centrally located as
expected, but the patterns clearly show a cluster of accommodation near
Heathrow Airport to the far west of London.
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Table 5.3 Accommodation stock in London.

Establishments | Rooms | Bedspaces
Serviced Accommodation
(Hotels and similar) 2,582 197,624 448,160
Non-serviced 319 36,266 | 40,182
Accommodation
Source: VisitEngland (2016)
Enfield
Barnet
Harrow Haringey Waltham Forest Redbridge
Havering
Bt Camde#“"Q'OHaCkney B}arkmg and Dagenham
Hillingdon - ) Newhar
Ealing Weﬁmir;;t?r “ower Hamlets
) H&FK‘%C ' &

Southwark Greenwich
Hounslow Bexley
Wandsworthl-ambeth {ewisham ‘

Richmond upon Thame's

Hotel and other
serviced accommodation

(bedspace) Kingston upon Thames

21 to 525 ‘ Bromley
525 to 1,540 Sutton
1,540 to 3,371

B 3,371 10 7,024

I 7,024 to 10,577
10,577 to 14,665
No serviced accommodation guests

Merton

Croydon

Figure 5.3 Serviced commercial accommodation stock (bedspace) across
the LSOA.
The actual utilisation of the serviced commercial accommodation stock can
be estimated by multiplying the number of bed spaces by headline published
occupancy rates for serviced accommodation. According to VisitEngland
(2019), the annual average bed space occupancy of serviced
accommodation in 2019 in London is 60.3%, i.e. on any given night
approximately 60% of bed spaces are occupied and thus have potential to
generate grocery expenditures. Clearly this will be higher in the summer
months but since London is subject to fewer seasonal peaks in tourism than
other destinations in the UK, we do not consider seasonal pattern analysis in
this paper. Tourists staying in serviced accommodation rarely have cooking
facilities provided and therefore will not be major purchasers of groceries.
Their grocery shopping behaviour is thus more likely to be similar to
workplace populations, who typically purchase snack food items to go (Berry
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et al., 2016). Therefore, in the absence of any more comprehensive survey
data or insight into these tourist expenditures, we deem it sensible to use the
same £5 per person as the average groceries expenditure (per week)
associated with a typical non-residential worker (Waddington et al., 2017).
Using this method, the grocery expenditure of serviced accommodation
tourists in London is estimated at £1.35m per week. The spatial distribution
of this additional grocery expenditure is shown in Figure 5.4.
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31,889 to 44,215

No serviced accommodation guests
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Bromley

Figure 5.4 Estimated serviced commercial accommodation traveller grocery
expenditure.

5.4.3 Free guest/own home

Guests staying with  relatives or friends is another majorform of
accommodation in London, whose economic impact has been largely
overlooked (Shani and Uriely, 2012; Backer, 2007). As Table 5.1 illustrates,
27.2% of the inbound tourist visits in London are made by guests staying
with their relatives or friends, making up for 38.5% of all inbound tourist
nights. Domestic visitor numbers in London are even higher — around 40% of
the trips are registered as staying at a friend or relative’s home, accounting
for 48.7% of domestic tourist nights in London. Inbound tourists and
domestic  visitors  generate around 19%  and 17% respectively of
the total spend in London, but how these visitors impact the local economy
at the small-area level is an issue thatis rarely examined (International



-96 -

Passenger Survey, 2019; Great Britain Tourism Survey, 2019). Guests
staying with local residents are likely to generate a further uplift to local
grocery demand.

Table 5.4 lists the total night stay of international and domestic guests in
London. Using this International Passenger Survey data we now allocate
the total nights in London of each country across the LSOAs according to
the distribution of the usual residents in the corresponding ethnic group (as
described above). Thus, we first assign each country of origin to the
corresponding ethnic group.

All 38 countries listed can be grouped into 20 ethnic census groups, as
shown in the last column of Table 5.4. The 14 European countries (France,
Spain, Germany, Netherlands, Switzerland, Hungary, Portugal, Belgium,
Sweden, Norway, Czech Republic, Austria, Finland and Luxembourg) can be
categorised as “European Mixed”; Polish, Irish, Italian and Greeks can be
kept as unique ethnic groups; USA and Canada can be combined as “North
American”; UAE and Saudi Arabia as “Arab”, and mainland China and Hong
Kong are taken together as “Chinese”. Most of the other countries can be
directly associated with one specific ethnic group, except South Africa,
Singapore and India. In this study, South Africanis combined with African,
White African and White and Black African; Singapore is added to Chinese
and Malaysian; Indian can be aggregated with Anglo Indianand Indian or
British Indian; finally, Russian is represented by CIS as a whole since no
separate Russian group is provided.

The population distributions of these 20 ethnic groups for the LSOAs in
London can be retrieved from the 2011 Census and are illustrated in Figure
5.5. By distributing the total visitor nights in London by each ethnic group
according to Table 5.5, we have been able to use the spatial distribution of
these usual residents by ethnic group to estimate the spatial distribution of
guests staying with friends or relatives across LSOAs in London. By
summing the tourist nights staying with different ethnic groups in each
LSOA, Figure 5.6(a) visualises the spatial distribution of the inbound guests
staying with family or friends. Domestic visitors are equally important as the
international tourists in bringing more demand into local residential areas in
London. However, for domestic visitors it is difficult to meaningfully allocate
these visits in relation to any underlying ethnic indicator. Therefore we have
allocated these 13.58m domestic free guests evenly across households in
the LSOAs in London, and Figure 5.6(b) presents the spatial pattern of the
domestic guest staying with family or friends.
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Table 5.4 Inbound free guest/own home tourist nights in London and their
corresponding ethnic group.

Total Total Ethnic
nights nights Total ; .
Country : group (detailed) in
(Free (Own nights 2011 Census
guest) home)
Total 41,523,000 | 11,945,235 | 42,717,524
USA 3,505,271 83,860 3,589,132 | North American
Poland 3,102,747 11,852 3,114,599 | Polish
France 2,800,603 93,267 2,893,870 | European Mixed
Spain 2,769,689 56,302 2,825,991 | European Mixed
Australia | 2,482,524 | 23328 | 2,505,852 |Australian /- New
Zealander
Anglo Indian
India 2,469,332 25,290 2,494,622 | Indian or British
Indian
Germany 1,617,935 61,175 1,679,110 | European Mixed
Ireland 1,412,140 31,667 1,443,808 | Irish
Canada 1,408,221 50,194 1,458,415 | North American
Italy 1,273,430 30,731 1,304,162 | Italian
Netherlands | 831,570 64,512 896,082 | European Mixed
New 686,738 3.682 690,420 Australian / New
Zealand Zealander
Switzerland 628,188 20,802 648,990 | European Mixed
African
. White African
South Africa | 621,811 - 621,811 White _and Black
African
Arab
UAE 569,399 152,078 721,477 | African/Arab
White and Arab
Hungary 520,186 10,033 530,219 | European Mixed
China 480,583 4,476 485,059 | Chinese
Portugal 478,526 8,428 486,954 | European Mixed
Belgium 451,961 42,995 494,957 | European Mixed
Sweden 446,313 2,169 448,483 | European Mixed
Argentina 442,619 - 442,619 | Argentinian
Denmark 392,517 9,933 402,450 | European Mixed
Greece 376,008 1,489 377,496 [oreek
Greek Cypriot
Norway 348,393 1,656 350,050 | European Mixed
Czech 314,921 10,425 325,347 | European Mixed
Republic
Singapore | 310,734 | 9667 | 320401 C=hinese
Malaysian
Hong Kong 269,635 22,864 292,499 | Chinese
Brazil 233,855 3,952 237,807 | Brazilian
Malaysia 226,342 5,314 231,656 | Malaysian
Saudi 167,179 33,691 200,870 | Arab
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Arabia African/Arab
White and Arab
Commonwealth of
Russia 159,499 1,622 161,121 | (Russian)
Independent States
Austria 146,052 669 146,721 | European Mixed
Thailand 141,522 4,232 145,754 | Thai
Japan 123,613 288 123,901 | Japanese
Finland 103,995 2,160 106,155 | European Mixed
Mexico 103,845 - 103,845 | Mexican
South Korea 91,933 - 91,933 Korean
Luxembourg 58,674 1,633 60,307 European Mixed
Other 8,954,497 308,085 9,262,582 | Other

Table 5.5 Free guest/own home tourist nights by ethnic group.

. : Total free guest/own
Ethnic group of the usual resident home nights in London
European Mixed 12,295,685
North American 5,047,547
Polish 3,114,599
Australian/New Zealander 3,196,272
Indian 2,494,622
Irish 1,443,808
Italian 1,304,162
South African 621,811
Arab 922,347
Chinese 777,558
Argentina 442,619
Greek 377,496
Singapore 320,401
Brazil 237,807
Malaysian 231,656
Russian 161,121
Thai 145,754
Japanese 123,901
Mexican 103,845
South Korean 91,933
Other 9,262,582
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Figure 5.5 Spatial distribution of the usual residents of 20 ethnic groups at
the LSOA level.
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. Havering

Inbound tourist -
free guest/own home
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9,826 to 13,156
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Figure 5.6 Free guest/ own home visitor distribution across LSOAS in
London: (a) inbound tourist; (b) domestic visitor.
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Having estimated the spatial distribution of guests across London we need
now to consider additional household expenditure generated by these
visitors. Here we can extract information from the Living Costs and Food
Survey (2019). The average weekly household expenditure on “Food and
non-alcoholic drinks” in London is £62.40, with the average number of
persons per household being 2.6 people. Therefore, on average,
expenditure per person on “Food and non-alcoholic drinks” for a week in
London can be inferred to be approximately £24. Thus, we assume that the
additional household expenditure associated with hosting a guest is £24 per
guest per week. Figure 5.7 shows the spatial distribution of additional
household expenditure associated with these visitors. Altogether, we
estimate a sum of over £3.7m extra grocery spend per week is induced by
hosting guests staying in London, which means the overseas and domestic
guests staying with family or friends in London generate almost
£193m grocery expenditure per year.

per week (£)

192 to 460
460 to 656

656 to 851
851 to 1,094

1,094 to 1,457
1,457 to 2,526

Figure 5.7 Estimated free guest visitor grocery expenditure across LSOAS in
London.

5.4.4 Day trip visitor

London hosts 319.2 million day trips and receives more than £13.96 billion in
expenditure from day visitors. At the aggregate level this is higher than the
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spend of overnight tourists from both overseas and domestic markets (Table
5.1). In fact, according to the Greater London Authority (2014), day trip
visitors make up 7.33% of London’s daytime population, whereas overnight
visitors only account for 3.61%. However, the travel behaviour of day
visitors is less-well understood, as well as their contributions to the local
economy such as expenditures on groceries. The Great Britain Day Visits
Survey (2018) reports that day visits to London are dominated by two source
regions: London itself (79.0%) and the South East (7.5%). Since these
visitors are staying at home overnight, their propensity to purchase groceries
to prepare meals (as opposed to snacks or ‘food on the go’) is limited, and
they are unlikely to exhibit a high grocery spend during their
visit. Nevertheless, on aggregate, they could generate considerable
additional expenditure on incidental purchases due to the large size of this
group.

Day trip visitors are defined in line with the daytime population survey
(Greater London Authority, 2014) as the 3 Hour + Leisure Day Visitors,
whose counts at the borough level are available via the survey. However,
day trip visitor statistics in London at the finer spatial scale are
unavailable. To help make progress in this respect we harness the
percentage of daytime geotweets in each LSOA. Since the day visitors are
consisted by a majority of local residents in London as well as day-trippers
from outside London, only the geotweets from domestic Twitter users are
used at here. The number of day visitors in each borough can be
distributed over the LSOAs according to the proportions shown in Figure 5.8.
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Figure 5.8 The proportion of daytime geotweets in the LSOA, nested within
borough.

According to the Great Britain Day Visits Survey (2018), there is a historical
average spend of £44 per 3hr+ visit in London, with purchases involving food
in shops or takeaways accounting for 27% of the expenditure (£11.88) of
these visits. In line with the suggestion of Newing et al. (2013b), half this
expenditure is a good estimation of the amount spent in grocery stores, the
remainder attracted to other takeaway food sources. This results in
approximately £4.29m spent per week in grocery stores by day trip visitors,
which accounts for an additional £223.7m grocery expenditure per annum.
The spatial distribution of the estimated day visitor associated grocery
expenditure across London is shown in Figure 5.9.
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Figure 5.9 Estimated day trip visitor grocery expenditure across the LSOA in
London.

5.4.5 Small-area tourist demand layer in London

In this paper we have attempted to build a new demand layer for tourists and
visitors in London in relation to a variety of temporary accommodation types:
Airbnb, traditional commercial accommodation, guests staying with relatives
or friends and day trip visitors who do not stay in overnight accommodation.
Table 5.6 exhibits a summary of the grocery demand from these four tourist
groups. The total tourist expenditure in Table 5.6 is £14.06m. Whilst this is
less than both the residential and workplace demand (estimated by the
census population data coupled with expenditure rate as £199.8 m and
£22.5 m respectively), it contributes a 6.32% increase in the total
expenditure in London. What might this mean for individual grocery stores?
The Geolytix Retail Points dataset (updated to Jan. 2020) provides individual
grocery store locations and aggregated floorspace by LSOA in London
(Figure 5.10). According to the Geolytix database, there are 1,759 grocery
stores providing a sum of 14.8m square foot (sqft) of floorspace in London
including 985 convenience stores (with a store size under 3,013 sqft), 647
supermarkets (store size between 3,013 and 30,138 sqft) and 127
hypermarkets (store size over 30,138 sqft). On average, the store revenue
from residents and workers in London is £126,379 per week, while tourist



adds a further £7,993 revenue to give £134,372 per week, resulting in a
£16.0 per sgft per week sale density. This figure is in line with industry
reports concerning the sales density of UK’s top brands - for example Tesco
is £17.11 per sgft in the UK and ROI (Tesco PLC, 2020). Of course, the
spatial distribution of tourist activity we have shown above means that this
additional expenditure won’t be shared evenly among these stores, with
some stores likely to attract considerable tourist expenditure whilst others
very little. Our subsequent research will seek to allocate these additional
tourist expenditures to stores in order to consider the spatial distribution of

store level sales uplift.
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Table 5.6 Summary of tourist grocery demand by accommodation type.

N. of tourists Grocery Estimated
with grocery | expenditure rocer
Tourist group demand rate (per 9 Ty
: expenditure
(average per tourist per (per week)
day) week) P
Airbnb guest 67,448 £70 £4.72m
Hotel and other serwc_ed 270,691 5 £1.35m
accommodation tourist
Free Overseas 117,034 £2.81m
guest/own . £24
home tourist Domestic 37,204 £0.89m
Day trip visitor 103,096 £41.58 £4.29m
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Figure 5.10 Grocery store location and aggregated floorspace by LSOA in
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Figure 5.11 shows the combined spatial pattern of estimated tourist grocery
expenditure at the LSOA level. By comparing this with the grocery
expenditure of usual residents in London, Figure 5.12 presents the uplift of
grocery expenditure by LSOA according to the addition of tourist
demand. By overlapping with the tourist attractions recommended by
VisitLondon (2020) we find that the LSOAs in inner London that are adjacent
to major attractions unsurprisingly have substantial uplift. In addition,
however, there are other neighbourhoods which have limited tourist
attractions but also benefit from tourist demand, such as Heathrow airport,
southeast Bromley, northwest Hillingdon and east Enfield. The demand
within these areas can be further identified via the examination of demand
type. For example, the outer London areas with sizeable uplift are usually
due to day trip visits, whereas inner London shows more balanced demand
sources from all the four tourist groups.
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3 | SR % Havering
Brent Vs e
Camdéﬁlingtcma(:kney © Barking and Dagenham
Hillingdon s v ", Newham ‘s
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et &
/-/ ; | Southwark Greenwich”™
J‘\w 7" Hounslow ! Bexley ¢
—

B : . Wandsworthambeth | eyisham
Richmond upon Thames., ¢

~— ok

Estimated to'uris,,t s e, RS

f Merton
grocery expenditure
per week (£) Kingston upon Thames
198 to 3,969 g | ; pAR
o3, 4
3,969 to 12,048 4 | Sutton 4o 5vdon

12,048 to 33,007
33,007 to 82,832

l 82,832 to 206,196
206,196 to 451,105

Figure 5.11 Estimated tourist grocery expenditure including Airbnb, serviced
accommodation, free guest/own home and day visitor.
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Figure 5.12 The uplift (%) in the usual resident demand due to estimated
tourist expenditure.

5.5 Discussion

In this section we discuss how these results may be of benefit to individual
retailers. Adding tourist demand into the estimation of local retail grocery
demand first enables the retailers to understand the volume and composition
of the customers in each individual store catchment area and tailor the
product range to maximise sales opportunities. Any local marketing
campaigns might thus be more focused around the accommodation stock in
the area. In some areas of London we estimate that 20-30% of all revenue at
individual stores may come from tourists, especially those that are likely to
be self-catering. The catchment areas of stores in these areas may consider
more fresh food which is easy to prepare (especially ready meals, ‘food to
go’ etc). Store management teams might also be encouraged to think about
different types of tourist. Mak et al. (2012) provides a good review of how
tourists from different countries behave in relation to local food consumption.
Some tourists value food products related to their own home countries.
Pizam and Sussmann (1995) suggest French, Italian, Chinese and
Japanese tourists are more likely to fall into this category for example, whilst
Henderson (2016) discusses the importance of providing halal food for
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visiting Muslim tourists. Thus exploring the country of origin component to
the tourist make-up included in our estimates could provide useful additional
information for product shelfing. However, there are those tourists that might
be searching for more typical UK products to enrich their experiences of new
taste sensations. Everett and Aitchison (2008), Kim et al. (2011) and Getz
et al. (2014) all discuss the growth of food tourism and show how different
demographic groups may be more likely to indulge in the search for local,
regional food. Even though this is likely to be more appropriate for
restaurants than grocery stores these types of tourists might be inclined to
try traditional UK products available in supermarkets. In the future, detecting
the demographic groups more inclined to indulge in food tourism in different
localities could be aided by the tourist Twitter activity data by person type (cf.
Longley et al 2015).

Second, the incorporation of tourist demand within a spatial modelling
framework also enables a more informed evidence base to support robust
location planning, performance evaluation and impact assessment of local
service development and delivery. For example, in relation to existing store
performance, actual versus expected or forecasted store revenues might be
reviewed in light of the extra demand available from tourists. We also argue
that the new demand layer could be used as an input to modelling tools used
to support retailers in estimating new store revenues which are so important
to consider before a new store is actually constructed (Birkin et al., 2017).
Forecasts of future revenues based purely on residential demand may
underestimate the potential of a particular location. This may, in turn, mean
the financial case for a new store would not stack up and be rejected by
senior management. The addition of tourist demand may not simply give
better forecasts — it might take estimated revenues beyond the threshold
needed to ensure long-term store viability. In subsequent research we hope
to show the value of this new demand layer when introduced into typical
store location models.

Third, the estimated tourist demand also has the potential to investigate any
latent “tourism food deserts” in our study area. In Figure 5.10, we showed
how the distribution of grocery stores is widespread across both inner and
outer London regardless of the locations of main tourist attractions, since
these stores were predominantly located to serve local residential demand.
The distribution of tourist demand plotted against existing stores can reveal
a significant mismatch between tourist demand and grocery supply. The
gaps, or tourist food deserts, may thus provide retailers with opportunities for
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(convenience) stores targeted more fully towards tourists. To illustrate this
idea we employ some additional spatial analysis here. In Figure 5.13 we
identify the areas that have the great differences between estimated tourist
demand and grocery floorspace. The darkest shading in
Figure 5.13 represents areas which have high estimated tourist demand but
low grocery retail floorspace. These areas may provide substantial degrees
of sales uplift to newly opened stores or increased store floorspace within
existing stores.
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Figure 5.13 Estimated tourist demand versus grocery floorspace in London
by LSOA.
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floorspace of grocery stores

In undertaking this research we realise that we have made some
assumptions that are difficult to validate in the normal way, especially when
trying to attach sensible spending patterns to each tourist group. For data
which is ‘missing’, we have tried to use figures routinely used by internal
store location teams (obtained via our retail partner links). We understand
that a detailed and fine-tuned tourist spending survey conducted at the local
area could be beneficial in future work. In the meantime, there are no
existing studies which have reported any small-area demand estimates
which can be used to validate the accuracy of some of the estimations we
have needed. That said, we have shown that even when using cautious
spending estimates from the retail industry, the uplift to grocery spend is
very significant. However, we hope in the future to be able to work with a
leading partner grocery retailer in London to see if these uplifts make sense
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when we compare sales between stores which are in tourist areas with those
that are not. Exploring store revenue performances in this way will go a long
way to helping us to produce even more robust sales uplift forecasts in the
future.

5.6 Conclusions

Urban tourism plays an important role in stimulating local economies. Most
of the existing research examines the economic impact of tourist shopping
via questionnaires to survey the tourist shopping behaviours and
expenditures at the macro-level of destinations or associated with specific
shopping sites or particular temporary events (Sullivan et al., 2012; Murphy
et al., 2011). These studies help shed light on tourist shopping experiences
to assist destination management and operation, but contribute little to the
understanding of the geographically varied distribution of tourist shopping or
the magnitude of these economic drivers at the local, small-area level. The
main problem traditionally has been the deficiency of fine-scale population
statistics regarding tourists and their behaviours. To overcome this barrier,
we have collated data from multiple data sources, for four different types of
visitors: overnight tourists staying in Airbnb self-catering accommodation,
traditional serviced accommodation, guests staying with relatives or friends
and day trip visitors who do not use overnight accommodation. To achieve
this task, we have combined conventional data from published industry
surveys and statistics with emerging online (big data) sources to estimate
small-area tourist numbers in urban areas. The enriched tourist population
dataset shows the key patterns of tourist distributions at a finer spatial and
temporal granularity, which can be incorporated with residential and
workplace statistics to further understand the diurnal and nocturnal
population composition in our Greater London study area.

Whilst our primary focus and interest is on tourists’ grocery expenditures, our
high spatial and temporal granularity estimates of small area tourist
distribution, disaggregated by visitor type, could offer tremendous potential
for other retail sectors and for tourism destination management and
planning. It highlights a detailed example of the benefits and insights that
can be gained by combining big data sources which capture sub-groups of
tourists and their spatiotemporal distributions at the sub-destination level. Ye
et al. (2020) present a broader suite of examples which demonstrate the
type of destination management issues that indicators derived from these
data could support. In relation to our specific focus on tourist grocery
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shopping expenditure, our study reveals that this expenditure is considerable
and spatially varied according to the degree of tourist concentration.

Coupling the associated grocery spending of each of the four tourist
subgroups with the small-area spatial distribution of tourist populations has
allowed us to estimate an additional demand layer to the more traditional
residential-based estimates used primarily in store location research. The
additional tourist demand surface demonstrates a concentration of grocery
expenditure uplift around London’s Central Activity Zone with a far more
dispersed pattern of tourist demand existing in the neighbourhoods of outer
London.

Although we have taken London as our example, the devised methodology
used here to produce the new small-area tourist retail demand estimates can
also be leveraged to other urban destinations which host significant tourist
activity. In addition, although we have focused on the grocery shopping
market the approach could be utilised for all other retail segments providing
that average expenditure rates are available for the appropriate retail sector.
We hope other researchers may take up the challenge to explore other cities
and retail sectors.
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Chapter 6 Adding urban tourism to retail location models
(Paper IIl)

Abstract

The spatial interaction model has proved to be a robust and frequently
implemented technique for retail location planning, notably in the grocery
sector. Over the years, a number of important extensions to the models have
been proposed related to both the demand and supply sides. This paper
adds urban tourist demand into the models to improve revenue predictions
for both existing and new grocery stores in tourist areas. The new model is
built upon tourist grocery demand layers across London and calibrated by
origin-destination flows extracted from large-scale Foursquare data. The
research shows the benefit of incorporating this additional demand within the
retail planning process, highlighting the estimated revenue uplift attributable
to tourism in certain stores. It also shows how the model can be used to
suggest locations for new investments, especially in areas with insufficient
tourist food shopping provision. Investment in these areas may not only
bring potential profit to local food retailers but could also improve the tourist
experience by adding greater service provision. Finally, by operationalising a
number of ‘what-if scenarios drawn from realistic development plans, the
work examines the potential revenue of new stores recommended in these
areas of insufficient tourist grocery provison.

6.1 Introduction

Although many different methodologies exist to support retail site location
research, the spatial interaction model (SIM) has been widely developed in
academia and used by many retail organisations across Europe, America,
Japan and Australasia (in particular) (Birkin et al., 2017). Over the years,
these models have been improved for applied use in the grocery retail sector
through the adoption of many types of model disaggregation, especially by
person type on the demand side and shop type on the supply side. A major
development in relation to the former has been the addition of non-
residential demand: in particular, work-based demand and demand from
schools, colleges, hospitals etc. (Birkin et al., 2010, 2017; Waddington et al.
2019). Newing et al. (2018) incorporated tourist demand into the models,
especially those related to coastal holiday resorts (using a case study of a
major UK tourist region - Cornwall). This analysis showed the importance of
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tourism to store revenues in such regions and highlighted the considerable
uplift to store revenues during the peak tourist season. Their analysis also
revealed that an understanding of the spatial and temporal variation in
underlying tourist demand across the study region was crucially important in
predicting store-level impacts. Impacts on revenue were highlighted by the
fact that uplift in store revenue, relative to a baseline outside the tourist
season, could be as high as 100% for stores in some locations, whilst other
stores were shown to be reliant almost solely on residential demand (Newing
et al., 2013b). The incorporation of this additional demand directly into the
models helped to improve model accuracy, especially when compared to the
standard uplift used in the retail industry in such areas (typically around 30%
across the entire study region) (Newing, 2013).

To date, there has been little analysis related to tourism uplift for grocery
stores in non-coastal regions. This might be deemed especially important in
larger urban areas where tourist visits contribute substantial additional local
expenditures. If all tourists stayed in central hotels, then the impact on local
grocery stores would be minimal, as this type of accommodation is unlikely
to have cooking facilities and to encourage the purchases of groceries.
However, the tourism landscape in cities is being reshaped by a variety of
new tourist trends. Maitland (2019) notes the ongoing spatial expansion of
tourism districts in London beyond city cores into more peripheral
neighbourhoods, which helps to ease pressure on traditional city centre
locations as well as allowing tourists to experience more local (and
authentic) urban environments. Such tourism expansion has been enhanced
greatly by a series of rapid developments including the growth of tourist
rental markets such as Airbnb, to supplement the tourism accommodation
stock, sharing bike schemes such as Mobike, and a diversity of geolocated
online travel media platforms to help navigate and to provide specialised
information about places (Novy, 2018). Among these developments, the
short-term rental and sharing economy accommodation has enabled more
tourists to stay within self-catering houses and apartments, especially in
areas beyond central tourism districts. In addition, new urban marketing
strategies have often created new ‘eventscapes’ (i.e. sports, cultural and
food events) to encourage day visitor tourists, which themselves bring more
retail demand into the city as a whole (Brown et al., 2015).

The aim of this paper is to add urban tourism into classic retail location
models in the grocery sector. This will be important for a number of reasons.
First, this will allow retailers to have a better understanding of the nature of
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trade in certain store catchment areas. If it is possible to estimate the
percentage of customers who are more likely to be tourists, especially by
type and origin of tourist, then product range could also be tailored to serve
that market better. Second, it could help to identify the areas where tourists
may find it difficult to obtain food products or neighbourhoods that
experience significant decrease of grocery provision (per head) when tourist
grocery demand is included. Retailers may be encouraged to invest in these
areas and urban planners perhaps might be more encouraged to give
planning permission for new stores. Third, the addition of tourist demand will
lead to better predictions of the revenue of future stores in such areas. This
might make a store that seems unprofitable when just examining residential
and work-based demand to be economically viable when tourist demand is
accounted for, and hence more likely to be approved for development by
company executives (and perhaps local planning authorities).

The rest of the paper is structured as follows. After a broader literature
review in Section 6.2, Section 6.3 outlines the spatial expansion of tourism
from central tourism zones, using the study region of London, UK. It also
outlines the estimation of grocery shopping demand disaggregated by
customer groups. Section 6.4 details the development and calibration of our
revised model. This section also highlights the importance of newly available
big data sets to help calibrate the model, given the fact that there is little
information on tourist movements from traditional published data sources. In
Section 6.5 the outputs of the SIM are used in three ways: first, to estimate
revenue uplifts to individual stores. Second, to evaluate tourist grocery
accessibility and assess the changes of local grocery provision rates due to
the influx of tourist demand; third, to show how the model can be used in a
‘what-if fashion to examine the impacts of new scenarios relating to store
development. Finally, some concluding comments are given in Section 6.6.

6.2 Literature review

This section first looks briefly at the evolution of the disaggregated SIM and
then sets out the changing nature of urban tourism. SIMs have a long
tradition in geography and regional science as a tool to quantify the likely
flows of persons (or money) between origins and destinations (Birkin et al.,
2017). SIMs have been widely used to support location-based decision
making in retail location planning, particularly in the grocery sector (Wood
and Reynolds 2011, 2012). Of course, regression and discrete choice
models have also been popular (Oppewal and Timmermans 2001; Wood
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and Browne 2007), but the SIM has been used in many collaborations
between academia and business, with many extensions over time (Birkin et
al., 2017; Clarke, 2020). It has been successfully applied in store sales
estimation, future store performance evaluation and patronage prediction for
individual grocery stores. Much recent attention has been paid to
incorporating non-residential demand to better forecast the temporal
variation of grocery store sales. Waddington et al. (2019) developed a highly
disaggregated SIM comprising residential, workplace and demand from
schools and universities to include daily fluctuations in each of these
demand side drivers of expenditure. Newing et al. (2015) incorporated tourist
spending around coastal resorts as additional demand into the residential-
based SIM, which has seen success in areas where the localised impacts of
short-term tourist-driven demand fluctuation are evident. Other recent
studies have developed the model to delineate catchment areas for grocery
Click & Collect services (Davies et al., 2019) and retail agglomerations at the
UK national level (Dolega et al., 2016). Meanwhile, tools required for model
development and more sophisticated model calibration are now available via
open-source software such as R and Python, opening up the potential for
better fitting and calibration of SIMs (Oshan 2016; Dennett 2018). However,
major urban tourist areas may also attract significant visitor-driven
expenditure for much of the year, although the dispersal of this expenditure
across the urban area may mean that it is less immediately noticeable than
in traditional tourist resorts.

As noted in the introduction, the tourism landscape in major destination cities
is changing and providing a more complex spatial pattern of demand in
urban areas. No longer are tourists concentrated solely in town or city
centres. Researchers have examined the economic and socio-spatial
impacts on residential neighbourhoods in a series of tourism cities. In
particular, Airbnb has been responsible for helping to transform residential
neighbourhoods, bringing visitors closer to the day-to-day experience of
local residents (Freytag and Bauder 2018; Stors, 2020). loannides et al.
(2019) suggested that Airbnb takes on a role as the instigator of urban
tourism bubble expansion and intensifies the potential conflicts between
visitors and locals. Novy (2018) also observed the changing commercial
demand in the residential neighbourhoods in Berlin fostered by heightened
tourist demand related to Airbnb. Gutiérrez et al (2017) showed the tourist
pressure on services in residential areas in Barcelona by analysing the
spatial association of Airbnb, hotels and tourist attractions with service
provision. Shabrina (2020) argued for greater food service provision for
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Airbnb guests as more Airbnb hotspots appear in residential areas.
Additionally, Buning and Lulla (2020) and Freytag and Bauder (2018) found
that bikeshare services have been increasingly used by visitors to access
and explore urban peripheral areas, further mixing visitors and local
habitants. While research has started to investigate the social and economic
impacts of these new tourism trends, particularly those associated with
Airbnb, the quantification of tourist impacts on urban neighbourhoods at the
small-area level has not been analysed on a city-wide basis. This paper
addresses this issue with specific reference to tourist-driven demand for
groceries.

The link between retail location modelling and tourism is currently under-
researched. Food is a daily need for tourists during their visits. Traditionally
hotel guests, with no cooking facilities, are more likely to eat out, thus
increasing revenues of cafes and restaurants rather than grocery stores.
However, many Airbnb guests have the opportunity to self-cater and
therefore to add food shopping consumption in the areas they reside. Airbnb
(2018) reported that their international Airbnb guests in the UK spend on
average £10 per person per night (PPPN) on groceries when self-catering.
Such grocery demand is also noted by Freytag and Bauder (2018) and Stors
(2020), who both evidenced that the ready access to daily shopping at
grocery stores is among the top mentioned facilities in Airbnb listing
descriptions.

Day visitors are also reported to purchase at food stores around the venues
they visit. The Great Britain Day Visitor Survey (GBDVS) (2018) surveyed
the expenditure of day trip visitors to discover that on average day trippers
spend £11.88 per person on food in shops or takeaways when they travel
around London. If as little as half of this expenditure is at grocery stores then
the potential expenditure uplift of such stores in residential neighbourhoods
could be significant. Meanwhile, visitors staying with friends and relatives
also increase the grocery consumption of their host families, and even hotel
residents may contribute a small amount of expenditure in local grocery
stores (Newing et al., 2013b).

Current research on tourist food shopping consumption and expenditure is
largely targeted at understanding the influencing factors of tourist food
shopping motivation or its impact on destination experiences (Mak et al.
2012; Mynttinen et al. 2015; Bjork and Kauppinen-Raisanen 2019). Tourist
food shopping, especially in relation to the local grocery market, has not
been reported in an urban context with the exception of recent work by Ye et
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al. (2021), in which they identified a geographical mismatch between tourist
grocery demand and the location of grocery supply across London.

The rest of this paper attempts to bring urban tourism and retail location
modelling together. Adding grocery demand driven by urban tourism in major
cities has not been considered or incorporated into retail location modelling
to date. Similarly, the quantification of the impacts of tourist food shopping
expenditures on the local grocery market has not been undertaken at a small
area level. To address both challenges, a tourist-based SIM is built next,
based on the urban tourist grocery demand layers created by Ye et al.
(2021). The model is developed and calibrated to simulate the flows of
tourists from their temporary accommodation or key attractions to nearby
grocery stores, with the help of novel large-scale individual origin-destination
flow data from Foursquare.

6.3 Tourism spatial expansion in London

London is one of the world’s leading tourist cities. In 2018, London hosted
almost 12 million domestic visitors and over 19 million international tourists,
alongside 319.2 million day visitors (VisitBritain 2019; VisitEngland 2018).
Tourists are attracted by a unique concentration of tourism attractions
generally located in the Centra Activities Zone (CAZ), along with a diversity
of cultural, arts, retail, entertainment and night-time economy functions
(Great London Authority (GLA), 2021). The CAZ has a constraint on space
and there is little capacity for the development of other strategic functions.
Hence, the GLA has for decades endeavoured to encourage tourism outside
central London, in more outer districts (Maxim, 2017). Encouragingly, the
GLA and Creative Tourist Consultants (2015) shows that 58% of the tourists
in London are repeat visitors who are more familiar with the capital and more
amenable to explore the outside districts (Inkson, 2019). Therefore, the
latest London Plan 2021 (the spatial development strategy for London) re-
emphasises this vision: “boroughs in outer and inner London beyond the
CAZ are encouraged for new serviced accommodation in town centres to
help spread the benefits of tourism to the whole of the capital” (GLA, 2021).
Against the background of this policy, the growth in sharing economy
accommodation in London has helped to facilitate the rapid expansion of
tourism into areas outside the conventional ‘tourist bubble’. For example, the
leading service platform Airbnb, accounting for around a third of the
accommodation sector in London, claims that over 72% of their listed
properties are located outside the main hotel areas in London (Airbnb,
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2018). A series of studies have provided evidence for this shift of tourism in
London, dispersing tourists into residential neighbourhoods, suburban green
spaces and peripheral shopping sites (Maitland, 2008, 2010, 2013, 2019;
Pappalepore et al., 2014; Maxim, 2020). Ye et al. (2021) showed how
different subgroups of tourists have penetrated into residential areas of
London and we build on this analysis in the sections below.

Ye et al. (2021) identified four major types of tourist groups in London and
produced the corresponding tourist demand layers at the Lower Layer Super
Output Area (LSOA) level, based on the estimated small-area distribution of
tourist populations and their associated grocery expenditures (Table 6.1).
The four tourist population groups comprise: 1) visitors using the sharing-
economy accommodation platform Airbnb; 2) tourists staying at hotels and
other serviced accommodation (i.e. B&Bs, guest houses, motels and
hostels); 3) ‘free’ guests who spend their nights with relatives or friends; 4)
day trip visitors who only undertake leisure activity-based trips during the
day/evening without using overnight accommodation. As shown in Table 6.1,
It is estimated that a total additional grocery expenditure of over £14m per
week is generated from both domestic visitors and international tourists. This
tourism demand is significant, contributing almost 6% of total grocery
demand in London. Given that tourists are expected to exhibit some
tendency to cluster spatially, due to clusters of accommodation and key
attractions, we argue that overlooking these additional expenditures
underestimates tourism’s economic impacts at the local level and also
results in an underestimation of demand at some grocery stores.

Table 6.1 Total expenditure estimates for demand groups in London.

Expenditure Proportion of
Demand group estimate (Em per | total

week) expenditure
Residential 199.8 83.4%
Workplace 25.8 10.8%
Tourism (total) 14.06 5.9%
Airbnb 4.72
Hotel and serviced

. 1.35

accommodation
Free guest/own home 3.70
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Day trip visitors 4.29

6.4 Modelling methodology

6.4.1 Model formulation

The small area estimation of tourist grocery demand produced in Ye et al.
(2021) is used as the essential demand input of the new tourism SIM.
Following the classic production-constrained SIM, our tourism model version
can be represented as:

—Rt4.:
St = X ALOf W expF du) (6.1)

Where:

Sitj is the predicted expenditure flow between LSOA i and store j by tourist

type t (1: Airbnb guest; 2: serviced accommodation tourist; 3: tourist staying
as a free guest with friends and relatives; 4: day trip visitor);

0! is the total tourist demand in LSOA i by tourist type t as estimated in Ye
et al., (2021);

W; is the overall attractiveness of store j, where a represents the additional
or perceived relative attractiveness of store j.

d;j is the distance between LSOA i and store j, expressed as exp‘ﬁt for
tourist type t.

Al is a balancing factor which takes account of competition and ensures that
all demand from LSOA i by tourist type t is allocated to stores within

London. The balancing factor thus ensures that:

t _ nt i LAt 1
Y;S{j = 0f, which is calculated as: 4] = e D (6.2)
To ensure complete coverage of the demand side, residential and workplace
grocery demand layers were also generated at the LSOA level and
incorporated within the models, although they act only as a baseline and are
not the focus of our discussion in this paper. The development and

calibration of the non-tourist SIM in London are detailed in Appendix C.
6.4.2 Model calibration

In common with the application of SIMs in the grocery sector, the model has
two calibration parameters, a and g, which reflect brand attractiveness and
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distance decay respectively. In previous model calibrations of the residential
and workplace SIMs, the attractiveness parameter a usually adopts different
values for each retailer, calibrated by retailer's market shares in the region,
to capture the variations in brand loyalty and the relative attractiveness of
different brands to consumers (Newing et al., 2015; Waddington et al.,
2019). However, for tourist customers, such brand preferences may not be
that significant. On the one hand, tourists usually are not always familiar with
the grocery supply side in (foreign) destinations and also, it is hard to
simulate their brand preferences without a comprehensive tourist survey.
Therefore the a value in the model is set at a value of 1 (no additional brand
attractiveness) for all brands for our tourist consumers.

Thus, the main calibration that needs to be undertaken is the distance
deterrence parameter B, which is set independently for our residential,
workplace and tourist layers to account for differences in personal mobility
and the relative importance of distance decay to each consumer type. In
common with similar model-building exercises (Thompson et al. 2012;
Newing et al., 2015), we use an indicator of average trip distance (ATD) by
small-area geography to obtain realistic distance-decay parameters.

As detailed in Appendix C, the demand side of the model is disaggregated
by household type according to the Output Area Classification (OAC) in
London, and for each household type k, the ATD is calculated as the mean
distance from each demand zone to the nearest three supermarkets. Thus,
B* in the residential SIM is calibrated utilising these indicative observed
ATDs as presented in Table A.4. Similarly, the g* for the workplace SIM is
calibrated according to the average trip length (walking) for eat/drink
purpose which is 0.965 km (0.6 miles) in England as reported by the
(National Travel Survey (NTS), 2017). In contrast, a major issue in this paper
is the calibration of 8 for the tourist SIM. Since tourists are not well-covered
by traditional data sources used for model calibration, such as loyalty cards
or large-scale consumer surveys, this study harnesses rich location-based
social networks (LBSN) data from the geolocation networking service
Foursquare to infer mobility patterns associated with tourists in relation to
grocery shopping in London, as outlined below.

Foursquare check-in data have been adopted in previous urban mobility
analyses, given its volume of data and ability to capture many different
human activities (Noulas et al. 2012). Unlike other geotagged social media
data, Foursquare check-in data can only be generated when users are
physically present at venues for a certain amount of time, and thus is



- 125 -

explicitly associated with actual venues involving consumption activities and
other Points of Interest (POI) (Marti et al., 2017; Salas-Olmedo et al., 2018).
Therefore, researchers have used Foursquare data to measure venue
popularity and interactions between different venues to simulate retail
activity at a fine spatial scale (Karamshuk et al., 2013; D’Silva et al., 2018;
Doan and Lim, 2019). For example, Piovani et al. (2016) leveraged
Foursquare data to validate their proposed retail location choice model and
found a high correlation between Foursquare-estimated pedestrian flows
and retail turnover of the neighbouring outlets.

The Foursquare data used here consists of two different data sets. First, a
venue dataset can be built up capturing urban POlIs categorised into a well-
structured venue classification schema, which in turn suggests the human
activities at the location. Second, movement datasets consisting of origin-
destination pairs and the time the movement occurred, offer spatiotemporal
information of users’ movement between venues. The Foursquare venue
and movement datasets used in this research were retrieved via Foursquare
Labs Inc. (in May 2019), which contains over 7.6 million origin-destination
interactions among 22,689 POIs in London. We identified 726 mentioned
grocery outlets and an associated set of 226,800 origin-destination flows
from the datasets. Specifically, the flows associated with trips from hotels,
residential buildings and tourist attractions were selected to calibrate the
travel behaviour of hotel stayers, Airbnb guests and day visitors respectively.
For the free guest/own home tourist who stays with residents in London, we
deem that their food shopping movements are in line with the hosts and thus
follows the ATD used in the residential SIM (see Appendix C). Therefore, the
observed ATD for grocery shopping was determined by tourist type,
accounting for the distance between accommodation/attraction and grocery
store used, as shown in Table 6.2. The parameter f has been set to
minimise the difference between observed ATD and the corresponding
model derived ATD (by tourist type) within our SIM.

Table 6.2 Beta values for the disaggregate tourist model.

Predicted Observed ATD
Demand B
ATD (km) ATD (km) | pred./ATD ob.
Airbnb travellers | 7.543 0.5520 0.552 0.9999
Hotel guests 5.796 0.5260 0.526 0.9999

Free guest/Own | 0.952 2.0941 2.0934 1.0003
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home

Day visitor 1.586 1.353 1.353 1.0001

For those familiar with calibrating g within SIMs the values for Airbnb and
hotel might look exceptionally high — but these values are needed to stop
any person travelling outside the very tight catchment area seen in the
observed ATD. Whilst the calibration process could be improved further with
the additional survey or transaction data, the large-scale foursquare data
permits model calibration in relation to inferred tourist shopping trip-making
behaviours, enabling us to demonstrate the potential utility of a tourist SIM in
supporting business and policy decision making, as explored in the following
section.

6.5 Model results

Section 6.4 outlined the model development and calibration process which
generated our custom-built SIM - a model containing interactions between
4,835 LSOAs and 1,759 grocery stores in London. The estimated flows are
disaggregated by consumer type of residents, workers and four sub-divided
tourist groups as outlined in Table 6.2. The calibration routine utilised
appropriate indicators of trip-making behaviours by demand type and
additionally captured brand attractiveness for residential and workplace
populations as presented in Appendix C. In the following subsections we
compare the tourist-included SIM to the non-tourist SIM to highlight the
impact of tourist demand on store level revenue uplift and local grocery
provision rates. We consider the change of grocery service provision ratio
and also model the impacts of new store openings. Our specific focus is on
the impacts of new store openings on tourist accessibility to grocery
shopping opportunities and the contribution of different types of tourist
demand to store level revenues.

6.5.1 Model revenue uplifts

Given the spatial variations in tourist demand, most stores receive some
revenue uplift from tourists, but the majority (75%) receive less than 10%
revenue uplift (which can still be a significant amount). However, 10% of
stores are estimated to enjoy a significant uplift (20% or more) whilst a small
number (2-3%) have an uplift of over 50% (mostly stores in inner London).
Figure 6.1 shows the spatial distribution of revenue uplift.
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Figure 6.1 The spatial distribution of sales uplift at a store level.
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A selected list of store revenues for different retailers is presented in Table
6.3. These stores experience substantial uplifts of revenue due to strong
local tourist demand. It is also noticeable that the stores close to transport
hubs usually have significant sales uplift as alarge amount of tourist
demand passes through these hubs. The list also includes several stores
that are located outside the CAZ but which benefit from considerable sales
uplift driven by tourist demand. Closer inspection reveals that in many cases
this is driven by concentrations of Airbnb properties (such as within Earl’s
Court and West Kensington), or clusters of tourists associated with

peripheral attractions (e.g. Richmond or Stratford).

Table 6.3 Selected store performance before vs. after tourist demand.

_ Floorspace )
Brand Postcode Location Uplift (%)
(sqft)
Co-Op WC1H 8BD Kings Cross 2,130 78.7
Co-Op SE10 OER The 02 2,130 77.8
Paddington
Others W2 1RH _ 505 66.2
Station
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Shoreditch High

Sainsburys E16HT 2,130 60.4
Street
The British
Co-Op WC1E 7DB 1,800 57.4
Museum
Earl's Court
Co-Op SW5 9QB _ 2,790 51.8
Station
Paddington
M&S W2 1HA _ 2,345 47.5
station
. Paddington
Sainsburys W2 1HB _ 2,691 45.2
station
Commercial St,
Tesco E1 6NF o 2,090 44.3
Spitalfields
Waitrose E20 1EH Stratford 2,130 23.84
Co-op W14 9EX | West Kensington 1,683 28.90
Lidl W12 8PP Westfield 7,586 16.67
Sainsbury’s | TW10 6NQ Richmond 2,130 13.48
Tesco N17 ONE Tottenham 2,000 9.73

6.5.2 Tourist grocery accessibility and changes of provision

The outputs of SIMs can be specified as performance indicators which can
measure accessibility (Clarke and Wilson 1994; Clarke et al., 2002). Unlike
typical accessibility measures which examine the size and location of
facilities against distance travelled (Hansen, 1959), SIM-derived indicators
also consider the likely interactions between facilities and demand. By
recalculating the share of floorspace according to the interaction flows, a
SIM-derived Hansen style accessibility indicator is used to quantify the
provision of grocery retail opportunities available to the customers of a
nearby origin. The aggregate level of provision in an LSOA (w;) can be
measured as

st
wi=3,2 W, (6.3)
*]

The level of provision per tourist capita by LSOA (v;) and the count of
tourists estimated (T;) by Ye et al. (2021) are utilised to account for
accommodation capacity and utilisation to identify the areas which have poor
grocery accessibility for tourists, as follows:



v = =L (6.4)

Figure 6.2 shows the level of provision per tourist over the LSOASs in
London. It is clear that the CAZ and its surrounding boroughs have relatively
lower levels of grocery store rates of provision, but these areas offer
abundant other types of food and beverage services to mitigate this poor
accessibility to grocery stores. Other locations of low grocery supply relative
to estimated demand appear in proximity to Heathrow Airport and large
sports stadiums, the latter principally associated with day visitors. The areas
beyond CAZ with low grocery provision rates compared to tourist locations
can be considered as areas of insufficient grocery provision for tourist, and
they become areas of opportunity for additional grocery stores. The model is
used to explore various new store opportunities in the next section.
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Figure 6.2 Interaction-based indicator of the grocery accessibility to tourist
customers.

Figure 6.3 illustrates the differences of grocery provision in the LSOAs over
London, when comparing the level of provision per person capita (v;)
derived from the non-tourist SIM and tourist-incorporated SIM. Besides the
aforementioned CAZ and airport district, we see a strong decline of grocery
provision rates in the inner borough areas outside the CAZ and the fringe
areas of the inner boroughs.
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Figure 6.3 Changes of grocery provision ratio after incorporate tourist
demand in the model.

6.5.3 ‘What-if’ modelling

In this section, we examine a series of ‘what-if?’ scenarios related to new
store openings. We have chosen three new store openings in areas
identified to be insufficient tourist grocery provision (Figure 6.2). Two of the
new store developments are based on actual retail provision plans. We use
these scenarios to illustrate the importance of incorporating tourism demand
within the spatial modelling process and to highlight the potential contribution
of tourist expenditures to new store revenues.

The three case scenarios are described below:

a. A new store in an area of major housing/tourist accommodation
growth. Our first case study is located in the borough of Tower
Hamlets, to the east of the CAZ. Although not a traditional hotel
district, Tower Hamlets has experienced a rapid growth of tourist
accommodation. From 2016 to 2019, the number of properties listed
on Airbnb in Tower Hamlets more than doubled (from 3,916 to 8,436
properties). In a report for the London Borough of Tower Hamlets, it is
stated that up to 9,085 square metres of new food store floorspace
could be supported in the area by 2031 (Carter Jonas, 2016). Also, in
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June 2016 one supermarket brand acquired a 15,500 sqft property in
Whitechapel Town Centre (a town within tower Hamlets) (Carter
Jonas, 2016). Therefore, we use our SIM to predict the performance
of the proposed new store in this area and offer insight into the
potential customer composition of the new store.

b. A new store to provide convenience retail opportunities in an area of
considerable commercial development. The second case scenario is
the Paddington Opportunity Area (in the western part of the CAZ), as
noted in the Westminster City Plan 2019 — 2040 (City of Westminster,
2019). The Plan supports our analysis in suggesting that an increase
of retail floorspace is needed to not only meet new resident’s needs
but also to serve more visitors, tourists and workers. Hence, we add a
supermarket of 15,000 sgft to explore how it serves the local
customer demand in the proposed areas and how the tourist demand
is better met after the new development.

c. A new store in an area identified to have limited retail provision when
considering the tourists in the catchment. Royal Dock is chosen as
our last case scenario, which is one of the most prominent areas in
London with low food shopping provision as identified in Figure 6.2a.
Currently, Royal dock and its neighbourhoods have no large-format
grocery store and only two small size convenience stores (less than
2,013 sqgft) within a 1km buffer. We experiment with a new store of
5,000 sgft in the Royal Dock area and examine its performance and
impact on the existing stores close by.

The model is rerun with these additional stores added. The level of provision
per tourist in the 1km catchment area of pre- and post- new stores opening
are compared in Figure 6.4. The Whitechapel and Paddington cases
demonstrate a significant improvement in tourist provision rates across the
whole catchment area, particularly around the immediate vicinity of the new
store sites. The impact of the Royal Dock new store catchment is not as
obvious, perhaps unsurprising given the relatively small (5,000 sqgft) store
proposed here. However, the ATD by tourists in the Royal Dock area is
observed to decrease from 2.15km to 1.55 km under this scenario,
considerably improving accessibility within this area.
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Figure 6.4 Level of provision per tourist change of pre- and post- new store
opening in all the three scenarios: (a) Whitechapel Town Centre; (b)
Paddington Opportunity Area; (c) Royal Dock.

Table 6.4 presents the store performance of the three proposed stores,

based on modelled estimates from our SIM, and the proportion of each

demand type accounted for by our modelled flows. The trading intensity — a

measure of store efficiency - of the three stores is much higher than the

benchmark sales density according to one of the UK’s top grocery brands

(£17.10 per sqft (Tesco PLC, 2020)), especially for the Paddington store and

Royal Dock store which are each modelled to achieve a trading intensity of

over £35 per sqft. The high trading intensity indicates a promising store

performance for the three proposed stores.

The split of revenue by demand type shown in Table 6.4 can be useful for in-
store operations and local marketing campaigns to meet the needs of
different types of demand in the catchment areas. The residential demand is
the dominant contributor to all three new stores, as we would still expect, but
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the results also suggest that tourist demand accounts for 11.6% of revenues
at the Whitechapel store, 18.9% at the Paddington store and 12.7% at the
Royal Dock store. The tourist compositions of each area are very different.
Half the tourists in the Whitechapel store catchment are Airbnb guests who
are able to self-cater during their stay and thus are likely to have higher
demand for fresh food. The store also attracts a quarter of their tourist sales
from day visitors who tend to purchase snacks or ‘food-on-the-go’. In
contrast, the Royal Dock store is estimated to attract a large volume of day
visitors, but a lower proportion of Airbnb guests. The tourist sales from the
Paddington store are mainly from overnight tourists staying in both hotel and
Airbnb (summed up to over 87%) in the immediate vicinity of that store.
Hence, the shelfing and product range of the three stores could be different
when targeting the different types of tourist customers.

Table 6.4. Weekly store revenue (£) and trade intensity (£ per sqft per
week) estimates and composition.

Store . .
pace revenue intensity
location Free Day
(saft) (£) (E/sqft) Resident Worker Airbnb Hotel
guest | visitor
Whitechapel 88.4% 11.6%
15,500 368,762 23.79
Town Centre 70.5% 17.9% | 51.3% | 11.7% | 11.5% | 25.5%
Paddington 81.1% 18.9%
Opportunity 15,000 525,299 35.02
Area 65.3% 15.9% 38.2% | 49.0% | 6.8% 6.1%
87.3% 12.71%
Royal Dock 5,000 190,503 38.1
80.8% 6.5% 24.0% | 21.7% | 5.5% | 48.8%

The opening of new stores inevitably impacts revenues at nearby stores.
The deflections which result from these new stores are calculated by
comparing the revenues of existing stores within a 1km buffer of the new
stores as summarised in Table 6.5. There are 22 existing stores in the 1km
buffer of the new Whitechapel store, and on average an 8.6% deflection is
caused by the new store, but the revenue from tourists at these stores
decreases less (6%), which suggests that the new store absorbs more non-
tourist demand than tourist demand from the existing stores close by. The
other two proposed stores lead to considerable revenue decreases of
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surrounding stores and draw in a greater proportion of tourist expenditure
since their tourist revenue deflections are higher. Although a rather small-
size store, the proposed Royal Dock store results in an average 24.2%
decrease for the two existing nearby stores. There is an estimated excellent
store performance for the Royal Dock new store — as in Table 6.4 the trading
intensity is as high as £38.1 per sqft.

Table 6.5. Number of existing stores close by and the mean percentage of

deflections.
Tourist
Store location Number of stores | Total revenue | revenue
in 1km buffer deflection (%) | deflection
(%)
Whitechapel
22 8.6 6.0
Town Centre
Paddington
) 16 18.3 23.1
Opportunity Area
Royal Dock 2 24.2 26.9

The ‘what-if’ analysis shows that in all three scenarios, new stores could
enhance tourist provision rates in the areas currently deficient in food
shopping supply and provide more accessible grocery shopping
opportunities for tourists. After incorporating tourist demand alongside
residential and workplace demand, it is possible in this new model to
estimate not only the new store revenues and the uplift from tourist demand
but also the disaggregation of store revenue by demand type. The in-depth
insights of disaggregated demand types could enable the retailers in urban
tourism destinations to prepare and make better informed strategic and
operational decisions about the new stores and to maximise sales by
tailoring the store product range to meet the different requirements of
different types of tourist demand.

6.6 Conclusions

Cities are experiencing a spatial expansion and redistribution of urban
tourists. The prevalence of self-catering accommodation such as Airbnb and
other new tourism trends foster this development — tourists are now
venturing into conventional residential neighbourhoods, increasingly sharing
local services which have traditionally served only a local residential
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customer base. Previous research has recognised that in host urban
communities of advanced economies like London, tourism now coexists and
overlaps with other processes of consumption and production of urban
space (Maitland, 2013; Cocola-gant, 2018). It has been suggested that more
research is needed for understanding the new demand from urban tourism
and its impacts on local residential provision rates (Guttentag, 2015).

This research attempts to bridge urban tourism research with retail location
planning to investigate the impacts of tourist grocery shopping demand on
the local grocery market. Using London as an example, the paper has
highlighted the existing geographical gaps between high tourist demand
areas and the local food shopping supply, particularly in peripheral
boroughs. A new SIM has been built to model interactions between the
tourist demand side origins (alongside underlying residential and workplace
demand) and the grocery store network. Given the lack of open survey data
on tourist travel behaviour, this research has utilised the large volume of
Foursquare data to investigate tourist travel patterns, helping to calibrate the
nature and magnitude of distance decay of tourist travel movements by
tourist group. We also demonstrated, via ‘what-if analysis, that new-store
performance evaluation should account for the impacts of tourist demand,
offering better insights as to the likely customer composition for each new
store, and assessing the impacts on the performance of stores in immediate
proximity.

The research demonstrates the importance of taking tourist demand into
account when conducting retail location analysis in urban destinations. The
individual store product selection and local marketing campaigns might be
more focused around the accommodation stock in the area. The model
could allow the store location planning team to estimate the potential sales
from each subgroup. This could provide a significant tool to use for in-store
product preparation and management. The research shows substantial uplift
of store revenue inflows in areas where tourist demand is high, and this
extra demand should not be ignored. We believe the addition of urban
tourism into retail location models is another important contribution to
improving the usefulness of these models in practical applications.

Future research could attempt to improve the current model calibration
process and validate the model outcomes, but both would require better
empirical data. GPS tracking records and mobile phone roaming data have
acted as useful sources to unravel tourist travel behaviour among
destination locations. We believe those data harvested in urban destinations
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might inform more accurate distance decay parameters when modelling in
the same areas. Also, any data from industry sources would be worthwhile
obtaining, particularly to help validate whether the estimated store sales
uplifts from tourists are in line with their estimations (if possible) of consumer
type differentiation.
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Chapter 7 Discussion and conclusions

7.1 General overview

This thesis has sought to answer the research question: “how can location-
based social media data be used to explore the spatial behaviour and
spending patterns of urban tourists and contribute to more accurate
retail location modelling in the grocery sector of urban destinations?”
First, the potential of LBSN data for helping to understand tourist spatial
patterns in urban areas hosting significant tourist visits was assessed. By
taking the world-leading urban tourism destination London as an example,
the thesis has explored (using LBSN data) how the estimated tourist
population, activity and mobility patterns could be used in the spatial
modelling process to quantify the impacts of tourism on local residential
areas with a geographical lens at a local level. In particular, the understudied
links between tourism and grocery spending was chosen as a specific
research agenda, especially given the growth in short-term self-catering
rental accommodation outside core tourist areas, which are thought to
generate additional grocery spending in the locality. A wealth of data was
collected and analysed in the area of Greater London to produce an
estimated tourist grocery demand layer which could be added into retail
location modelling. The new SIM built with additional tourist demand is
capable of supporting store revenue prediction, trade area analysis and new
store location planning in urban destinations which experience an influx of
diverse tourist groups.

The thesis has contributed to two main strands of research. On the one
hand, this work contributes to LBSN data analytics in the field of urban
tourism research. It demonstrates that the concentration and movements of
the digital traces left by tourist users from LBSN services have the potential
to reveal interesting new spatial patterns on both the activity and mobility
dimension of tourists in urban destinations. In this regard, the thesis
particularly chose Sina Weibo — a rich but under-utilised LBSN dataset to
investigate the spatial travel behaviours of inbound Chinese tourists in
London. Despite the limitation of this data only relating to one tourist group,
the analysis of the Weibo dataset highlights that tourist trajectories from
LBSN sources are capable of extracting tourists’ spatiotemporal behaviour.
When added to the collation of other English language based multisource
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LBSN data sets, we can obtain a rich pattern of tourist movements across an
urban area. The data integration of LBSN data and conventional sources are
used to model the small-area tourist population distributions, which offers a
more nuanced insight into the volume, composition and distribution of
various forms of urban tourism, which underpins the quantification and
assessment of tourist impact on host communities at a range of
geographical scales.

On the other hand, this work also contributes to retail location modelling in
urban areas. With a unique focus on tourist grocery demand, this research is
the first work to address the linkage of urban tourism and the local grocery
market in host urban destinations. To date, non-residential demand in retail
models has largely been made up of workplace demand and tourism in
seasonal mass-tourist destinations, such as coastal regions (Newing et al.,
2015; Waddington et al., 2019). In urban destinations, the findings of this
thesis suggest that the grocery demand from tourists and visitors are both
important in retail location analysis and in some areas tourism can make a
substantial contribution to store revenues and the composition of catchment
areas. This research is the first known work that incorporates urban tourist
grocery demand from all forms of tourist — overnight and day visitor,
international and domestic into the SIM for retail modelling process at the
scale of a major city.

Many of the findings in this thesis also identify the challenges when
exploiting different types of LBSN data to gain information on urban tourist
patterns or during the incorporation of urban tourist demand in the retail
location modelling process. The next section discusses these findings in
response to the original research aims and objectives and reflects on the
challenges of the methodology adopted, along with broader limitations of the
work. It also discusses the practical implications of the research in a broader
context and identifies future research opportunities.

7.2 Summary and critique of research findings

The research began with three overarching aims and eight specific
objectives (Chapter 1). Organised by each of the aims and corresponding
objectives, this section discusses the potential contributions and implications
alongside the challenges identified during the research.
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7.2.1 Reviewing and exemplifying the utility of LBSN data
analytics for exploring urban tourist patterns

The prevalence of LBSN platforms provides enormous and ever-growing
geospatial big data with high spatial and temporal granularity. With the
advance of urban data science, these LBSN data have provided new
opportunities to generate knowledge for urban tourism research and shed
new light on the practice of tourism planning and destination management.
Previous research on tourist behaviour analysis has relied heavily on
surveys and questionnaires, in which destination management organisations
usually predetermine what issues should be addressed, thus perhaps
missing out on other important tourist interests (Miah et al., 2017). The
works presented in Chapters 2 and 4 indicate that LBSN services are of
tremendous potential by offering large volumes of spatiotemporal data
regarding tourist travel behaviour. With the help of spatial analysis
techniques (see Chapter 4 and Appendix A), tourist patterns extracted from
LBSN data allow important trends to be revealed at a fine spatial and
temporal scale alongside outliers being identified for further investigation.
Furthermore, it is possible to link different LBSN datasets in the same region
to provide a more comprehensive source of data (beyond conventional
survey data) to gain insights into urban tourist patterns at high levels of
spatial resolution.

Chapter 2 addressed the potential of LBSN data as a means of exploring
tourist experiences (J. Li et al., 2018) and reviewed and critically assessed
the utility of different sorts of LBSN data in extracting and modelling spatial
patterns of urban tourist population density, activity and mobility behaviour. It
highlighted that three main types of LBSN data all have their unique
opportunities as well as limitations when employed to understand tourist
travel patterns. In brief:

e location-based check-in data has the advantage of identifying tourist
activities revealed by multipurpose tourist mobility trajectories (but
with a focus on only the most popular venues);

e geotagged social media data is suitable to estimate tourist
spatiotemporal densities and mobilities;

e tourism service website data offers the most complete and up-to-date
data on destination tourism offers and demand-side utilisation but
may lack individual user’s trajectories and thus only can be analysed
at the collective user level.
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Therefore, it is important to adopt multiple LBSN datasets to offer a
multidimensional view of tourist spatial patterns. These novel and emerging
geospatial big datasets can work as great supplements of reliable surveys
and statistics to offer invaluable sources to investigate tourist presence,
activities, movements and interaction within a host city at a high
spatiotemporal level of resolution.

Through the case study in Chapter 4 and Appendix A, the research shows
that as an emerging geospatial data source, LBSN data offer new
opportunities to answer the question ‘how do tourists experience the city?’ In
prior work, the applications of LBSN data relating to more specific tourism
research questions have been reviewed, such as geotagged Twitter data for
travel demand modelling (Abbasi et al., 2015) or Flickr geo-photos used to
illustrate tourist experiences (Miah et al., 2017). Chapter 4 used the under-
researched Weibo dataset in international tourism studies to introduce a
more general LBSN data analytic framework which could be applied to
extract and analyse urban tourist spatial travel behaviour from the LBSN
data sources containing users’ travel records. This LBSN data analytics
framework descends from Big Data analytics, in which a series of spatial
analyses are deployed to collect, collate, wrangle, geovisualise and analyse
the geospatial information associated with tourist travel behaviours from
LBSN datasets. The framework is summarised as follow, with the technical
details of the case study reported in Chapter 2 and Appendix A :

(1) Use APIs or web scraping tools to collect LBSN data;
(2) Identify tourist users;

(3) Form AOIls or tourist hotspots in destinations by spatial clustering
algorithms such as DBSCAN,;

(4) Infer tourist footprints;
(5) Geovisualise tourist density, by type of activity when possible;

(6) Construct travel trajectories of individual tourist users according to
individual time-series LBSN records;

(7) Aggregate individual trajectories to collective travel movements;
(8) Uncover tourist mobility patterns based on those travel movements;
(9) Understand destination attraction features by individuals.

In the case study (see Chapter 4 and Appendix A), Weibo check-in datasets
within Greater London were collected as a unique but typical location-based
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check-in data set. The results showed that LBSN data is a valuable data
source generated by tourists (inbound Chinese tourists in London in this
case) to extract their spatial travel patterns at both an individual and a
collective level, and more importantly, to reveal previously uncovered tourist
interests and preferences in term of their activity choices, travel routes and
core-peripheral attraction visits. It provides a novel way to create a tourist
segmentation based on the multipurpose travel behaviours of tourists, which
revealed that almost half of the sampled Chinese tourists are traditional
visitors of landmark attractions, undertaking common mobility patterns and
travel routes. It also revealed that a second large group, comprising around
a fifth of Weibo users, show strong shopping preferences at a high diversity
of popular shopping venues. Given that Chinese tourists have been
identified by UNWTO (2014) as the largest international tourist expenditure
group globally, Chapter 4 examined the shopping-related consumption
activities for each segment to demonstrate the heterogeneity of the shopping
venue choices and roles in their multipurpose travel itineraries. The identified
overlap between tourists’ and residents’ utilisation of local retail services
informed subsequent work in this thesis to investigate how different forms of
tourists may share local grocery retail services which were most likely
targeted at the resident population only.

7.2.2 Developing a methodology for urban tourist population
modelling and demand estimation based on data collated
from conventional and LBSN sources

Tourists and visitors are recognised as temporary populations, important
though for understanding daily urban movements and consumption patterns
within destination cities (Charles-Edwards and Bell, 2015). Comprehensive,
spatiotemporally detailed and accurate estimates of tourist populations are
thus a prerequisite for assessing their social and economic impacts within
local neighbourhoods of host urban destinations. However, there is no single
dataset that captures the spatial distribution of tourist populations at a fine
geographical scale, albeit disparate LBSN data emerge as new means of
exhibiting varied urban tourist patterns (as discussed in Chapters 2 and 4).
This thesis has developed a methodology to model estimates of tourist
population and demand in urban areas. This has been demonstrated in
Chapter 5 and Appendix B, where a diversity of LBSN datasets (alongside
conventional statistics and surveys) were amalgamated to generate a more
holistic representation of the urban tourist market in London.
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By reference to the tourism administrative survey outcomes (Table 5.1), this
research disaggregated the tourist population in London into four main
tourist groups - day trip visitors and three types of overnight tourists: tourists
using traditional commercial accommodation, travellers spending their nights
at Airbnb properties and guests staying with relatives or friends. Tourist
arrivals and nights spent are reported at an aggregate scale within official
surveys or statistics (typically at a city or borough level in the case of
London). These official sources are reliable and consistent but limited in
spatiotemporal detail and thus there is potential to combine these with the
novel emerging LBSN datasets to produce a series of small-scale tourist
population distribution maps by tourist type.

Based on the discussion in Chapters 2 and 3, it was shown that geotagged
social media data from Twitter, Flickr or other services are possible sources
to produce estimates of the daytime tourist population, whereas tourism
accommodation service websites are regarded as useful indicators of
overnight tourist distributions (Spalding et al., 2017; Patel et al., 2017;
Batista e Silva et al., 2018). In this thesis, the density of tourist geotweets
was utilised as a proxy to disseminate borough level daytime tourist
population into small area day visitor population mapping; Airbnb listing and
reservation records were used to create the short-term rental guest
distribution surface and the serviced accommodation locations were
generalised from Ordnance Survey and OpenStreetMap. The tourist
population estimates produced in Chapter 5 and Appendix B were used
within the subsequent analysis to understand the small area distribution of
different tourist groups and as inputs to tourist demand estimation and
modelling.

Chapter 3 demonstrated how the spatial extension of tourism has expanded
from the urban central area to more peripheral suburban neighbourhoods in
many urban destinations. This now means that both tourists and local
residents co-habitate in many areas and contribute more equally to local
expenditure patterns. Tourists now utilise the services and facilities initially
designed for the use of local residents and workers. In this regard,
increasing research seeks to examine and assess the impact of emerging
tourism on residential areas. The thesis draws on the prior evidence of the
spatial extension of tourism into the ‘off the beaten track’ areas of London
(Maitland and Newman, 2009; Maitland, 2013) and endeavours to bridge
urban tourism with grocery retailing. The tourist grocery spending patterns
created in Chapter 5 suggest that tourists, interweaved with the local
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population (cf Chapter 3), contribute a considerable amount to grocery sales.
According to the estimations in Chapter 5, tourists contribute more than 10%
of the grocery demand in nearly 12% of the LSOAs in London. These
demand estimations are based on the generated tourist population
distribution and potential grocery expenditure rate per person or household
(as detailed in Chapter 5). Since grocery retailing is not normally considered
as a key tourism product, and its expenditure has not been reported in
tourism satellite accounts, the best efforts were made in Chapter 5 to find
reliable sources of expenditure rates for different tourist types.

The produced high spatial and temporal resolution tourist population
estimates are valuable sources to understand the role of urban tourism in
the host destination at a fine spatial scale. The small-scale estimates of
tourist population distribution could provide empirical evidence to support in-
depth studies into the tension of urban tourists as a floating population and
the overlapping local dwellers (such as overcrowding, deterioration of public
spaces, environmental pressures, etc.) or to assess the service accessibility
for these transient users (i.e. public transport, food and drink, etc.) (Novy
and Colomb, 2019; Shabrina et al., 2019). Associated with the phenomenon
of tourist gentrification in urban destinations as touched upon in Chapter 3,
such small-area population mapping of tourists in both day and night time
enables scholars to investigate the role of urban tourism in the housing
issue, demographic change and urban transformation of the host
communities (Cocola-gant, 2018).

7.2.3 Incorporate urban tourist demand into retail location
modelling

An examination of how urban tourist demand interacts with the local grocery
supply was conducted in Chapter 6. A disaggregated tourist SIM was built
and compared to a traditional model based on residential and workplace
demand (non-tourist model: see Appendix C) to show the impact of tourists
on store-level catchment areas and store performance/revenues.

The estimated tourist demand layers of the four different types of tourists
and visitors were fed into the SIM as separate layers and calibrated
independently using bespoke model parameters to capture the mobility
patterns associated with each group. Specifically, the observed tourist
grocery shopping trips of Airbnb and serviced accommodation users were
informed by the Foursquare movements between accommodation sites and
grocery stores; the distance decay parameter of day visitors was calibrated
by the Foursquare movements from attraction locations to grocery outlets;
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for the free guests staying with their friends and relatives or at second home
the average travel distance was defined as being the same as the residential
model in London.

A major challenge during model building is the validation of the model
outputs. Previous research incorporating non-residential demand in SIMs
have been supported by actual sales data via industry collaboration (Newing
et al.,, 2015; Waddington et al., 2019). As this was not available for this
project, this thesis turned to the reported industry data (i.e. market share and
trading intensity of retailers) concerning retailer performance to validate the
effectiveness of the model. As outlined in Appendix C.4, these are the best
empirical sources regarding grocery store performance. Further validation
could be implemented via collaboration with retailers who could provide
more comprehensive store performance datasets which would assist in
model calibration and validation, but is unlikely to provide ‘whole of the
market’ data.

The incorporation of tourist grocery demand into the grocery shopping SIM
offers a more comprehensive insight into the local composition of grocery
retail demand. The findings in Chapter 6 show that for some stores tourists
make up a quarter to a third of the expenditure in the modelled store
catchment area. In this respect, the neglect of tourist demand will impair the
predictive power of conventional non-tourist retail models and underestimate
store revenue prediction. Although we lack actual individual store revenues,
the comparison of the tourist-included SIM against the tourist-excluded SIM
suggests the revenue uplifts of each store (and their spatial variation across
London) have a close relationship with the distribution of Airbnb units and
their utilisation. The ‘what-if scenario analysis presented in Chapter 6 also
demonstrated that the tourist SIM built upon urban tourist grocery demand
can be used to assist future store expansion plans on the supply side. The
model could estimate the revenue change of any proposed new stores both
in terms of residence-based and tourist-based expenditures.

In the domain of grocery retailing, Chapter 6 also suggests that with new
tourist demand trends, local grocery markets may face challenges and
opportunities from the spatial re-distribution of tourism and its associated
consumption activities. The estimated results from the model could inform
local marketing campaigns, to make them more focused around the
complexity of the population in the trade area, as driven by the volume and
range of accommodation stock in the area. The model allows the
disaggregation of store customer types to estimate the potential sales from
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each subgroup. This could be significant in store preparation and
management. Where model outputs estimate substantial uplift of store
revenues based on tourism, tourist demand should not be ignored. Although
using grocery shopping as an example, the study offers a viable approach to
evaluate the impact of urban tourism on other aspects of the local economy
(non-food goods for example). Similarly, although London has been used as
a case study, the ideas and methodology should prove applicable
elsewhere.

Besides the above contribution in retail location planning, the proposed
tourist SIM has wider implications for the urban studies community. As
presented in Chapter 6, the model is capable of quantifying the grocery
provision ratios in local areas. After incorporating the tourist demand, the
outputs of the model estimate a decline in the level of grocery provision per
capita in many areas, some of them are located in the peripheral suburban
areas which may not be well prepared for the new influx of tourists. As many
destinations have seen a growth in short-term rental accommodation such
as Airbnb, grocery shopping has been included as a desired facility in the
property description (Stors, 2020) and may increasingly become a part of
tourist food consumption. Therefore, the areas that are predicted to
experience a decrease of grocery provision ratios due to tourist inflows
should consider optimising store operations by serving longer opening hours
or a greater range of products tailored for tourist needs.

7.3 Limitations of the work

7.3.1 Limitation of Weibo datasets

The thesis used Sina Weibo check-in and POI datasets in London as a case
study to demonstrate the opportunities and potential of LBSN data for
exploring urban tourist patterns and their spatiotemporal distribution,
activities and movements. These datasets offer a large volume of Chinese
tourist observations at a high spatial resolution in London. However, the
guantity of big data cannot guarantee data quality (Brunsdon and Comber,
2020). As outlined in Chapter 2, with Weibo data, like other LBSN datasets,
the issues of bias, skewness and representation are often raised when
applying the data in human behaviour analytics (Roick and Heuser, 2013;
Malleson and Birkin, 2014; Lansley et al., 2018). There are also limits to this
research when leveraging Weibo datasets to gain information about Chinese
tourist patterns in London.
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The active users of these LBSN services are usually only a small fraction of
the overall tourist population. Internet connection accessibility and free Wi-Fi
provision in the destination cities may also influence the motivation and
ability of tourists to engage with social media (Ferreira et al., 2020). These
shortcomings of social media datasets raise the classic representation issue
(Yao et al., 2019) - how well the extracted urban tourist patterns represent
the activities of the entire population. From 2017 to 2019, the average
annual number of Chinese inbound visits to the UK was over 850,000.
Normally, London hosts more than half of the inbound visits to the UK. In the
case of China, due to nearly all the direct flights from China to the UK
landing in London, London is included as a major stop of almost all the
Chinese tourist visits to the UK (VisitBritain, 2019a), which means the
annually Chinese inbound visits in London should be more than 425,000. On
the other hand, according to the collected Weibo check-in dataset (see
Appendix A.2), between 2016-01-01 and 2018-08-28, there were 22,118
check-ins from 6,534 Weibo users assigned as Chinese tourists. Therefore,
approximately 2,300 Weibo tourist users per year have been captured in the
dataset, making up only 0.56% of the actual Chinese visits in London.

Meanwhile, although traditional sample-based data collection techniques
(including GPS data) in tourism research also involve bias (and
representation concerns of sample selections), the data are usually collected
in a controlled environment with characterised personal details and sample
guotas to fulfil (Shoval and Ahas, 2016). However, such detailed information
on users cannot usually be captured using LBSN. Although in this study, the
Weibo users are entirely Chinese and it is unnecessary to infer the origin of
country of these tourists, other demographic characteristics such as gender,
age and social class are very difficult to predict as reviewed in Chapter 2,
although some progress has been made based on user names, textual
contents or historic location records (Sloan et al., 2015; Huang and Wong,
2016; Longley and Adnan, 2016; Stock, 2018). This is mainly because the
Weibo is a Chinese language social networking service based in mainland
China and user information is still limited and there are also associated
privacy and ethical concerns. Meanwhile, Weibo Data Centre (2021) reports
that Weibo users are dominated by the younger generation - almost 80% of
their users are under-30s, with more female than male users. Therefore,
when using Weibo check-in data to analyse Chinese tourists, the sample
dataset over-represents the younger generation and female tourists. Thus,
the LBSN data-driven approach in this thesis may provide insights into the
spatial patterns of tourist presences and flows to some extent, but it does not
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offer a means of fully quantifying tourist distributions and dynamics. It does
help, however, when data can be cross validated with the findings from
different LBSN datasets or combined with published survey data as also
shown in this thesis. The skewness issue discussed in Chapter 2 also
occurs in the Weibo check-in datasets. Weibo is dominantly used in
mainland China and the users may use the service to share their
experiences during travel. However, compared to over 1 million tourists
during the day in London (GLA, 2014), the Weibo check-in data from
Chinese tourists is only a fraction of this number and the spatial distribution
is rather sparse. Therefore, the spatial skewness originating from the dataset
inevitably affects the results of Chapter 4.

Furthermore, apart from the check-in dataset, the Weibo POI dataset also
has its limitation. First, the POI system in Weibo is chaotic with many
mistakes. The attractions may have several POls. Second, the Weibo POls
are categorised in Chinese without a defined classification system. However,
as introduced in Chapter 2, tourist activities can be inferred based on the
venue category. Therefore, to retrieve a correct and concise category
system is crucial. Appendix A.2 and A.3 fully report the approaches that
have been used to generate a clean Weibo venue dataset with the help of
Foursquare venue category structure. It is also worth mentioning that
uncertainty exists when inferring tourist activity type simply from the category
of the venue they visit. For example, people may visit an iconic shop to take
photos rather than actually consume there. There is the potential of
inaccuracy in such an interpretation.

Based on the above discussion, therefore, it is important to be critical when
using Weibo and other similar LBSN datasets in urban tourism research.
However, apart from complementing existing sources in urban analytics,
LBSN data usually offers the most important (or sometimes the only) freely
accessed spatiotemporal logs concerning the travel behaviour of individual
tourists at many tourism destinations. These new forms of data are valuable
in exploiting tourist travel patterns at fine spatiotemporal scales, although
with the abovementioned limitations. Thus, it is important to integrate
multiple data sources, especially with reliable administrative datasets (Roick
and Heuser, 2013). The vast quantities of small area data on tourist travel
behaviour from LBSN should be combined with routine official statistics to
reweight and enhance the representativeness of that data (Birkin, 2019).
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7.3.2 Limitation of tourist population modelling

In this thesis, a wide spectrum of publicly available data from both
conventional sources and LBSN services has been used to present the
details of the defined four major tourist groups in London. Thus, the
production of small-area tourist population estimates is also to some extent
limited by the available datasets. These will be summarised below:

(1) Non-serviced accommodation: only the sharing economy
accommodation properties registered on Airbnb were included. Although
Airbnb is the most successful platform, and one that has built a strong
partnership with London’s community tourism programme, there are still
many other short-term rental and house sharing suppliers offering similar
services (GLA, 2017a). For example, there are over 150,000 entire
properties providing accommodations for backpackers in London on
Couchsurfing; service platforms such as Holiday Lettings, Homeaway and
Booking.com each has more than 5,000 registered short-term rentals in
London (Inkson, 2019). However, arguably it is almost impossible to obtain a
complete estimation of these sharing economies and short-term rental
properties. Also, Inkson (2019) identified the duplication of accommodation
listings across a number of suppliers, but tourist utilisation of these
accommodation services is usually also not as openly accessible as Airbnb.
However, it is worth noting the incompleteness of the dataset.

(2) Hotel and serviced accommodation: there is no one source that lists the
accommodation stock in this sector along with attributes including location
and bedspaces. This research collected and linked two open-source POI
databases (Ordnance Survey POl and OpenStreetMap) to gain one
consistent service accommodation POI dataset. Error and missing entries
may exist in the original datasets. Moreover, the dataset was disaggregated
to the LSOA level to evenly distribute the serviced accommodation
bedspace stock by one bedspace occupancy rate across the LSOAs in
London (as no disaggregated occupancy rate is available). However, in
practical terms, the bedspace count of each accommodation establishment
can be vastly different, as the type, price, ranking and location all could
influence the choices of tourists and lead to an uneven utilisation of the
service across London. Therefore, the small-area modelling of these
serviced accommodation tourists is a coarse estimate and might not fully
represent the area variation of tourist preferences. Detailed and up-to-date
serviced accommodation datasets at fine granularity regarding its supply and
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utilisation from the hotel industry or tourism survey would benefit future
research in this area.

(3) Free guest/own home: the estimates of free guests and own home
stayers are derived from IPS, GBTS and 2011 Census by ethnic group,
which are reliable in terms of representation. The work here mapped these
inbound tourist stays by linking with the usual residence of each
corresponding ethnic group. That seemed more appropriate than allocating
randomly. However, do say Japanese tourists always stay with Japanese
residents? It could be an arbitrary approach to attribute free guest/own home
tourists to the ethnic community just based on where are they from. In
addition, some of the tourist groups are difficult to map onto a typical ethnic
group, such as Singapore, South Africa and Russia (see Appendix B.1). The
work assigned tourists from these markets to the closest ethnic groups.
There are also 21.5% free guest/own home tourist nights in London are from
other minor markets, which were evenly dispersed to the distribution of
households in London. Although a coarse method, the numbers in these
cases are small. This allocation process might be improved through
additional study work, but given the relatively small numbers involved, the
gains may be marginal.

(4) Day trip visitor: based on the definition of day trip visitors in London, this
research only considers domestic visitors in London as the day trip visitor
market. Whether a Twitter user is defined as domestic depends on the most
intensive activity centre of a user according to his/her historic geotweets.
The spatial variation of day trip visitors over the LSOAs in London was
estimated by linking day trip visitor geotweets in London with the borough-
level daytime population survey results concerning day trip visitors. The
technical details of generating small-area day trip visitor population can be
found in Appendix B.2. Since the population estimation is based on
geotagged Twitter dataset, the aforementioned limitations of LBSN data
analytics may also exist at this step and lead to some uncertainty issues.

7.3.3 Limitation of data sources for the spatial modelling of
tourist SIM

The SIM is essentially a spatial modelling approach to simulate the flows
between origin and destination. In the case of this study, the tourist SIM is
constructed to estimate the grocery shopping flows from the location of
tourists to the nearby grocery stores in London. As noted in Chapter 6, the
calibration of distance deterrence parameter 8 is a crucial part of this spatial
modelling process. In previous studies, such calibration was aided by
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empirical data provided by one or more collaborating retailers (Newing,
2013; Waddington et al., 2019). Due to the lack of survey sources
concerning tourist travel patterns, in this study the distance decay parameter
was calibrated based on the tourist grocery trips derived from Foursquare
movement datasets. The skewness and representation issue discussed in
Chapter 2 is also likely to influence the effectiveness of the calibration
procedure here. Even though there are plenty of tourist observations that
can be collected from the Foursquare datasets in London, the venues and
movements related to grocery shopping trips is still limited. Among the
Foursquare venues in London, only 3.2% of the POIs are grocery stores or
supermarkets and the movements that can be used to simulate tourist
grocery trips only account for 12.9% of all the harvested Foursquare
movement dataset. The proportion of accommodation in Foursquare venues
in London is 4.35% and the attraction is 11.4%, which make up 9.2% and
30.2% of the Foursquare movement dataset respectively.

Also, the validation of the model results was not possible to conduct due to
the lack of empirical store sales and performance data. In an ideal world,
therefore, the tourist SIM would benefit from more data to validate its
robustness and accuracy. This means that errors might propagate through
the process of model construction and comparison. As presented in
Appendix A.4, some reported data regarding retailer performance has been
used to validate the accuracy of the model outputs, but more solid and
comprehensive sources that would improve the validity of the research were
unavailable.

Finally, the building of a tourist SIM in other major urban destinations may
confront similar challenges of data availability. The research draws on a
broad range of datasets of conventional sources derived from the surveys
and census of the UK and the daytime population surveys provided by GLA
for London. The data sources used in this research may not be available for
other cities. The varied circumstances of data availability in different
destinations may lead to distinctive limitations that impede estimating the
tourist population in other cities. Furthermore, although the emerging open
accessed datasets such as OpenStreetMap, InsideAirbnb and other social
media data can be retrieved ubiquitously, it is expected that the LBSN data
in some cities may be much sparser than in London and lead to more biased
and skewed datasets. This may affect the tourist population modelling and
the calibration of SIMs when leveraging LBSN data to simulate tourist
presences and movements.
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7.4 Future research agenda

The topics in this thesis can be expanded in a broad range of future
directions.

As noted above, many aspects of the presented work are limited by data
availability. Therefore, the rapid advances in embedded sensor technologies
with smartphones and other mobile devices, in conjunction with the
increasing open scheme of data sharing, provide immense opportunities to
use greater high resolution space-time data on tourist mobilities, which will
improve the breadth, depth and scale of tourist travel data sets. These highly
accurate and reliable spatiotemporal data would benefit this research and
also other applications of LBSN big data. These enriched and refined tourist
travel datasets, which also cover long periods of time, will increase the
understanding of tourist travel behaviour and the combination of diverse
tourist datasets could provide invaluable additional insights to inform the
small area estimates of tourist populations in the future. It also possible to
implement a real-time data infrastructure of tourist LBSN data collection,
integration and analytic for the vision of ‘smart tourism’. But the empirical
datasets required to validate the accuracy and validity of the proposed SIM
can only be accessed via industry collaboration, which is an obvious area of
future research.

Another avenue for future work is to move the research focus from London
to other urban destinations. Recently, work on other European cities such as
Barcelona, Madrid, Lisbon, Paris and Berlin and some urban regions in
Australia have also observed the increase in tourism in residential areas due
to the proliferation of Airbnb properties, which has attracted scholars to
investigate the undergoing tourist gentrification and displacement process in
these cities too. It would be useful to test the methodological framework
proposed in this thesis in other cities. It would also be worthwhile to examine
what data sets might exist for smaller cities, to again test if the methodology
and results could be replicated. This would be important too in the context of
grocery retailing given that the grocery sector itself, and the importance of
grocery stores as a source of tourist food and drink, will be different in these
cities.

In a similar way to studying different cities, it would be of interest to extend
the analysis from the grocery sector to the effects on other services and the
urban environment, such as housing, food and beverages, nightlife and
green space. It should be relatively straightforward to adapt the methodology
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used here to other key sectors of the service economy. Furthermore,
constant annual tracking of the tourist patterns in urban destinations will
facilitate the longitudinal analysis of tourist demand trends, which would be
advantageous to understand the transformative changes driven by tourists in
cities. Especially in the post-Covid era, it is a need for many destinations to
investigate the repercussion and recovery of their tourism economy. These
LBSN datasets and the extracted tourist patterns will offer great research
opportunities in this area.

7.5 Concluding remarks

In light of all the above, the thesis concludes as follows:

Firstly, this thesis has evaluated LBSN data as an emerging means to refine,
extend and enlighten the understanding of the spatial travel behaviour of
urban tourists, although the skewness and biases of the LBSN data should
always be considered. The research recommends that LBSN data should be
combined with census and other routine surveys to better inform small-scale
tourist population modelling. It provides novel opportunities to understand
the micro-geographies of the population in urban areas hosting a significant
number of tourists and visitors. The proposed methodology of tourist
population modelling can be applied to other tourism cities to create a
comprehensive evidence base to quantify and assess tourist impacts on
host communities at fine geographical scales. After identifying the spatial
expansion of urban tourism in destinations, the thesis has argued that in
major urban destinations tourist demand on grocery should not be
neglected. In the case study area of London, tourists make up an estimated
6% of the total grocery expenditure, 71.8% of which are now generated
outside the CAZ and 32.7% are in the outer boroughs. In regard to tourist
type, it has been estimated that Airbnb guests and day trip visitors are the
major contributors to tourist grocery demand, followed by free guests and
serviced accommodation travellers. The spatially varied tourist grocery
demand estimates suggest there are unmet gaps even in large metropolitan
cities like London which are often assumed to have sufficient grocery supply.
It is likely to be the same in other major urban areas - hence, there may be
scope for other major urban destinations to produce similar small-area
tourist demand estimates. Building on that, the thesis has later shown the
benefits of adding tourist demand into the retail location modelling of grocery
retailing in urban destinations. The tourist-incorporated SIM has contributed
an effective approach to quantify and assess the tourism impact on local
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neighbourhoods. It has also been argued that the new model is capable of
facilitating more accurate retail location analysis within areas that have many
urban tourists. The disaggregated insights into catchment demand
composition could assist store operations by tailoring the products and
running marketing campaigns (especially to different types of tourists). The
addition of tourist demand in SIM enhances the predictive capacity of the
model in terms of estimating the store revenue and brand performance; thus
the new model is more suitable to be applied in store performance
benchmarking, new store site selection, store network optimisation and other
retail planning practices at major urban destinations. The next step of the
research seeks to use this model in collaboration with a retailer in relation to
examining the impacts of real, planned development schemes. To sum up,
as cities experience the spatial diffusion of tourists into more suburban
areas, grocery stores should be considered as an important source of tourist
food and drink and this should be considered more by both retailers and
retail planners. Not only will this improve the store location research
undertaken in tourist areas by retailers themselves, it will also provide
opportunities for gaps in the provision of supply to be proactively identified
and addressed by urban planners.
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Appendix A Supplementary notes for Chapter 4 (Paper 1)

This appendix provides complementary notes on the techniques discussed
in Chapter 4.

A.1 Data collection

This case study collected all the Points of interest (POIs) within Greater
London by Weibo Open API https://api.weibo.com/2/place/nearby/pois.json

with a defined boundary, whose coordinates are referenced by minimum
longitude (51.278239), minimum latitude (-0.514428), maximum longitude
(51.697120) and maximum latitude (0.343027) respectively. Within this study
area there are 2,665 POIs which have been used as ‘check-ins’ by Weibo
users. The detailed information of each POI can be retrieved by
hitps://api.weibo.com/2/place/pois/show.json. The key fields of the Weibo

POI dataset are listed in Table A.1. Weibo created a large number of POls
within Greater London for users to check-in at, but Weibo users can also
create a new POI when they want to check-in at places or venues that have
not been included in the POI dataset. As a result, the category system of
POIs in Weibo is quite messy and incomplete. Such a category system
cannot be used to explore tourist activity directly, so the category association
is indispensable in this case study. This study categorised all the POls into 8
groups: Art & Entertainment, Outdoors & Recreation, Professional & Other
Places, Food, Education, Hotel and Travel & Transport. The detailed
approach conducted in the category association is discussed in section
A.2.3.

Table A.1 Key fields and description of Weibo POI.

POIID Object ID of the POI

POI Title Textual description of the POI
POl address Address of the POI
Category Category of the POI

Check-in Number | Sum number of check-ins at the POI until 2018-08-28

Check-in User | Sum number of users who have been checked-in at the
Number POI until 2018-08-28
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Lat Latitude of the POI

Lon Longitude of the POI

For each POI, only the most recent 1,500 check-ins can be downloaded by
API https://api.weibo.com/2/place/pois/users.json, but only 31 out of all the
POls have check-ins of more than 1,500. It means that for most of the POls,
all the check-ins can be retrieved. Every downloaded check-in has a series
of information, with the fields most relevant to this study listed in Table A.2.
In addition to spatial data, temporal information of check-in time can also be
obtained. For an individual user, the first and the last check-in for the
collected dataset are designated as t,,;, and t,,,, respectively. As a result,
a total of 148,039 check-ins within London were collected and used in this
study, among which the earliest check-in was on 2013-04-16 and the latest
one was on 2018-08-28. The Weibo check-ins before 2016 are too sparse
and the new Sino-UK tourism VISA started from 2016. Therefore, this
research only used the check-ins after 2016-01-01, meaning 114,471 check-
ins are used in the subsequent analysis.

Table A.2 Key fields and description of downloaded Weibo Check-in.

Check-in ID Object ID of one check-in

Check-in date Date (yyyy-mm-dd) of one check-in

Text Text message contained in one check-in

User-ID/name Object ID and name of the user who check-in

POI-ID/title Object ID and title of the place which being
checked-in

A.2 Data cleaning and optimizing

The noisy nature of data from social media is a commonly criticized
drawback of LBSN data when compared with often well-structured and ‘neat’
survey data. Therefore, data cleaning is a crucial process before any
analysis can be conducted. The research utilised two datasets from Weibo:
the Weibo check-in dataset and the POI dataset. For the check-in dataset,
the research needed to identify the check-ins from tourist Weibo users and
also filter out the data from fake tourist accounts. For the POI dataset, the
data cleaning and optimising steps include location detection and category
association.



https://api.weibo.com/2/place/pois/users.json

- 161 -

A.2.1 Identifying tourists

Weibo is an almost exclusive Chinese user social media service. By using a
‘reasonable time-span’ criterion, it is possible to distinguish each Weibo user
as either a Chinese inbound tourist or a resident (Chinese migrants in
London). For every Weibo user, the length of stay in London is calculated by
the time span:

tspan = tmax — Umin (A1)
tspan 1S the time span of each user and used as the estimated length of stay
in London; t,,., IS the timestamp of the last Weibo check-in of the user’s

record in London; t,,;, IS the timestamp of the first Weibo check-in of the
user’s record in London.

The time-span criterion was chosen with the help of the International
Passenger Survey (IPS). Every year, IPS conducts more than 700,000
interviews, of which over 250,000 are used to produce estimates of overseas
travel and tourism for usage by various government sectors including
VisitBritain and the national and regional Tourist Boards. IPS provides a
quarterly Travelpac dataset containing information on inbound tourists’
country of residence, duration of visit and expenditure. Using the Travelpac
data for 2016, the box plot in Figure A.1 shows that the mean length of stay
of Chinese tourists (including leisure and business tourists) was 20 nights.
Also, according to VisitBritain, Chinese tourists on average stay 19.84 nights
when they visit the UK (VisitBritain, 2017). London is usually both the arrival
and departure city for Chinese tourists in the UK. Thus, this research
identifies 20 continuous days per year as a suitable threshold to separate
tourists and short-stay visitors from longer-term students and residents.
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Chinese Visitors Average stay nights in the UK during 2016
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Figure A.1 Chinese visitor average stay nights from IPS TravelPac 2016.

This work adopted 15 different POIs in a day as a preliminary threshold of
real users. It is easy to filter spammers and other non-person users out by
using this criterion to examine every user’s check-in log in Greater London.
According to the above criterion, 6,534 users with a total of 22,118 check-ins
were assigned as tourists, while 11,947 Chinese users generating 53,811
check-ins were categorised as residents, students or long-stay visitors.
There were also 2,364 users who only had check-ins on one day and 26,959
users who only had one single check-in. It was impossible to decide whether
they were tourist or resident users. These users and check-ins were not
included in the subsequent analysis. Finally, 72 users having intensive
check-ins (at more than 15 different locations) on one day were identified as
fake accounts. These users and the related 1,412 check-ins from them were
excluded.

A.2.2 Location detection: from POl to AOI

The data cleaning of POI datasets is more complicated. The spatial
uncertainty of LBSN data is driven by the accuracy of the mobile devices,
GPS and the precision in translating place names to coordinates and
geographic references, which can result in incorrect and inconsistent POIs.
Incorrect POI names are obviously errors, but the inconsistent POls usually
appear at some large venues, such as parks and universities. There could
be several different POIs which are closely related to the same venues. The
fundamental reason is the issue of scale; in other words, if the research is
conducted at a small scale, different POIs will be considered as different
places. But at a large scale, the POls are related to the same AOIs, which
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means it is better to regard them as a whole and use the collective check-ins
as the check-ins of this AOI. Hence, location detection is introduced as a key
step for obtaining reasonable and consistent POl datasets.

This thesis used DBSCAN for location detection to identify nearby POls and
aggregate them when they are in the same category. Given that only the
Attractions and Education category are more likely to have this multi-POI
issue, this step is not applied to the other 6 categories. This category criteria
also helps to avoid missing but necessary POIs: some small accommodation
places and shopping venues for example, which are important in this
research to study tourist shopping activities in detail. In each cluster, the
origin POI with the highest number of check-ins is assigned as the new POlI,
meanwhile, the number of check-ins at all the origin POIls are summed to be
the check-in number of the new POI. The origin POIs (now aggregated into
new POIs) are then removed from the POI dataset. The evolution of POI
optimizing is illustrated in Figure A.1 (POls having less than 5 check-ins
have been erased to avoid random visits). Figure A.2(a) presents the origin
POls around the British Museum, collected from Weibo. There are five
different POIls which all located within the geographical extent of the British
Museum. After spatial clustering by DBSCAN, the 5 POlIs were generalised
into only one (the one has the largest number of check-ins among them),
and all the check-ins were added to the remaining POI (Figure A.2(b)).
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Figure A.2 Evolution of POI optimizing (a) before location detection; (b) after
location detection.

A.2.3 Category association of AOI

The next step is to associate categories to the AOIs, with the help of
Foursquare venue categories and APIl. The Foursquare venue database
structured all the venues into 10 main categories: Travel & Transport, Arts &
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Entertainment, Shop & Service, College & University, Event, Food, Nightlife
Spot, Outdoors & Recreation, Residence, and Professional & Other Places.
The tourism accommodation venues belong to the ‘Hotel’ subcategory under
the main category of “Travel & Transport”. Therefore, the research first
identified all the accommodation POls (they have very few errors because
they were created officially by Sina Weibo due to business cooperations),
and then adopted the commonly accepted Foursquare venue categories to
reclassify all the remaining POls into 8 groups: Shopping, Attractions,
Entertainment, Accommodation, Education, Restaurant, Transport and
Others (Figure A.3). The classification of the POI category was based on
mapping to Foursquare venues. By using the
https://api.foursquare.com/v2/venues/search? and limiting the mapping
result as the most likely venue, it is possible to know the venues and their
correspondent categories.

For the aim of this case study, all the collected POI locations were
associated at an AOI level. After noise filtering, location inference and
category association, the study obtained a clean POI dataset of 1,329 AOIs
in London and a related 20,223 check-ins from 6,265 tourist users. As will be
detailed in the next section, the British Museum, London Heathrow Airport
and Trafalgar Square/ the National Gallery are the top three most popular
check-in locations and the categories that have most check-ins belong to
Attractions and Education.
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Figure A.3 Activity and venue choices of inferred Chinese tourists as
derived from Weibo check in data.
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A.3 Kernel Density Estimation

Weibo check-ins from tourist users were geovisualised by different activity
types. The first three activity types “Visiting arts and entertainment venues”,
“Outdoor sightseeing” and “Visiting monumnets and building”, as listed in
Figure A.3, were aggregated as Visiting and Sightseeing activity. Other
types of activities included in the geovisualisation were Shopping, Dining
out, Travelling and Accommodation. The Weibo tourist check-ins of each
activity type were extracted based on the venue main category as shown in
Figure A.3.
Kernal Density Estimation (KDE) was used for the geovisualisation of both
Weibo tourist check-ins and the Foursquare venue dataset for comparison,
presented in Figure 4.1 and Figure 4.2 respectively. The KDE bandwidth are
the scalar values of normal reference distribution and applied to both the x
and y directions, based on the better-supported rule-of-thumb principle
(Venables and Ripley, 2002):

bandwith = 1.06 * min(a, R/1_34) *n~1/5 (A.2)
R is the interquartile range of the standard deviation of the points, o is the
variance of the points, n is the number of points. The KDE surfaces are
generated via R package MASS by the function kde2d, and the bandwidths
are calculated by the default function bandwidth.nrd.

A.4 K-means clustering

A.4.1 Variable selection

Tourist travel behaviour at the collective level helps us to obtain an overall
view of how Chinese tourists travel in Greater London. However, every
tourist has different travel movements and activities reflecting their different
experiences in London. The main aim of the research of Chapter 4 was to
investigate the latent tourist multipurpose travel patterns and attempt to
create an LBSN data-driven tourist segmentation. Therefore, this study
introduced a series of variables to understand individual tourist travel
behaviours.

Previous studies indicated that although of great significance, the similarity
of user-activity is not good enough solely to create clusters. Among all the
user travel dimensions, the transition between locations is the most effective,
while the temporal dimension is the worst in clustering LBSN service users
(Lian and Xie, 2011). Therefore, this study described tourist multipurpose
travel from three different dimensions. First, the travel characteristic
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indicators described the basic travel feature of each tourist; second, activity
preference indicators characterised each tourist’s activity choices in London
from the frequency and importance of each type of activity, the popularity
and diversity of the venue choices in each type of activity and the
multipurpose degree of the daily trips; third, the spatial mobility indicators
depicted individual tourist travel behaviour based on the spatial analysis of
their footprints and trajectories patterns.

A.4.1.1 Travel characteristics

Travel characteristic measurements were used to calculate the basic check-
in behaviour of each user during their stay in London. Four measurements
were used to quantify tourist travel mode: 1) length of stay, calculated by the
time span as in Equation A.1; 2) number of trips, referring to the number of
trip days that each user had at least checked-in in the study area; 3) number
of stops, the total number of check-ins from one user, and 4) number of
different AOIls, the total number of AOIs one user has checked in at during
one trip.

A.4.1.2 Activity preferences

In this study, the category of one venue was used to suggest the activity of
the tourists who checked in at this venue. This study considered the 7 main
tourist activities in Figure A.3: Visiting arts and entertainment venues,
Visiting monuments/building, Shopping, Dining out, University-related activity
and Travelling and accommodation.

Tourists’ activity preferences according to their check-ins are described from
5 different dimensions: 1) activity frequency is calculated by how often one
activity accounts for the whole journey; 2) main activity frequency refers to
how often the tourist takes one activity as his/her main activity in daily trips;
3) activity diversity means how many different venues the tourist visited
under the same activity type; 4) activity popularity measures the total
popularity of the venues visited by the tourist, aggregated by activity type;
and 5) multipurpose degree quantifies how many different activities the
tourist visits along the daily trip. The former four indices were calculated for
each of the 7 activities, so there are a total of 28 variables. The last variable,
named “multipurpose degree” is designed to measure the average number
of multipurpose activities of the tourist. Therefore, the activity preference
indices have 29 variables in sum.
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A.4.1.3 Mobility patterns

Tourist mobility patterns were quantified by a series of variables from 3 main
aspects: travel behaviour, spatial measurement and networks analysis.

(@) Travel behaviour

Tourist travel behaviour can be very different. Two measurements were
used to further describe the travel behaviour of each tourist: 1) Mean transit
AOI is the number of AOI tourist visits per day, which shows whether tourists
take a busy or relaxed trip; 2) return probability is measured by the
probability of returning behaviour, that is how often a tourist returned to the
previously visited places.

(b) Spatial pattern of footprints

Spatial pattern measurements can quantify tourist movements by using
geographical calculators. Since the aim was to explore how Chinese tourists
experience Greater London during their stay, the check-ins at London
Heathrow Airport were excluded from the spatial pattern analysis of tourist
travel footprints.

The travel distance of each tourist was calculated by two quantitative
indices: 1) mean travel distance refers to the average length of tourist’s daily
route; 2) mean travel placement is the average length between the two stops
in a daily route. Point patterns of tourist’ footprints can be quantified by
Standard Ellipses Deviation (SED). SED is a centrographic measure to
summarise the size and shape of a point set: a larger area means more
dispersion points and a low eccentricity shows a more even distribution of
the points (Huang and Wong, 2016). Therefore, by adopting SDE, the study
calculated another two indices — 3) dispersion and 4) even distribution of
each tourist’s footprints from Weibo check-in data.

(c) Trajectory pattern from AOI networks

Two quantitative indices were designed to describe tourist’s trajectory
patterns: 1) total weight of routes indicates to what extent a tourist’s travel
route is similar to the majority of the tourists captured in these data, and 2)
total degree of AOIs suggests to what degree a tourist visits core AOIs
and/or peripheral AOls.

After quantifying individual tourist travel behaviour from the 41 variables
outlined in Table 4.2 for all the 5,634 tourists, the research only used the
1,171 active tourist users for understanding tourist multipurpose travel
patterns. These 1,171 tourist users were chosen because they had daily
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routes consisting of more than 3 stops and could be used to create a
segmentation of tourist multipurpose travel patterns. K-means was first used
to classify all the 1,171 Weibo tourists; then, the research used LDA to
understand the multipurpose trip characteristics of tourists within each
classification group.

A.4.2 Standardisation

Before clustering, the variables need to be first standardised to make
variables comparable. The standardisation includes transforming the
variables to make them have mean zero and standard deviation as in
Equation A.3.

Xi— Xmin

R, = (A.3)

Xmax— Xmin
Where R; is the standardised value of variable X for tourist object i, X; is the
initial value, X,,;,, is the minimum value of the variable X for all the tourist
object, and X,,,, IS the maximum value of the variable X for all the tourist
object. R package ‘scale’ is used at here to scale the input data. After
standardisation of all the 41 variables, the value of each variable ranges
from —1 to 1, eliminating the potential errors due to different numeric scales.

A.4.3 Variable correlation

The R package ‘Hmisc’ function rcorr was used to create the correlation
matrix of all the 41 variables in Table 4.2. The visualisation of the correlation
coefficient is shown in Figure A.4, generated by R package ‘corrplot’ function
corrplot. The variables in Figure A.4 are ordered by hierarchical clustering
order. The hierarchical clustering analysis used the ward method, which is a
popular clustering method of hierarchical agglomeration (Ward, 1963). Using
Ward's Method, we start out with all sample units in n clusters of size 1 each.
The algorithm initially forms n-1 clusters by considering the smallest error
sum of squares and largest values. Then, in successive iterations, every
step reduces one cluster and forms the clusters of observation until the
results of error from the squares is minimised or alternatively the value
maximised. In this case, n starts from 41 and stops at 8. The result of Ward
clustering is visualised in Figure A.4 and the series number of variables
within each rectangle represents the high correlation of these variables.

The eight clusters formed by the Ward hierarchical clustering are numbered
from 1 to 8 as shown in Figure A.4. Except cluster 2, the other seven
clusters correspond to the seven tourist activities and each cluster includes
the four indicators of activity preference in Table 4.2. This finding is in line
with expectations and demonstrates that there are no two activities
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correlated with each other. However, there are other variables which show
significant correlation with some of the activity clusters. Cluster 5 consists of
the variables related to tourist dining out activity but also correlates with the
41% variable ‘total centrality’, which suggests that the Chinese tourists who
show a strong preference for dining out have an obvious tendency to also
visit the most core attractions in London. Also, the travelling and
accommodation cluster (No. 3) presents a high correlation with the length of
stay and number of daily trips and return probability. This is also reasonable
because the travelling and accommodation activities mainly include the
check-ins at the transport hubs and hotels, and these variables all relate to
travel in the city. The last cluster which correlates with other non-activity
variables is Cluster 8, which is based on the ‘Visiting landmark and building’
activity. This activity correlates with number of stops, number of different
attractions, multipurpose degree and mean transit attraction. This is probably
because tourists are more likely to combine landmark and building visits with
other activities (suggesting multi-place visit behaviour). Finally, the results
for Cluster 2 indicate that the four mobility pattern variables are correlated,
especially mean distance and mean displacement. But the two variables
measure different aspects of travel and thus both are kept in the subsequent
analysis.
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Figure A.4 Variable correlation matrix with the hierarchical clustering results.
A.4.4 Clustering

K-means clustering is a technique that creates groups by partitioning the
objects in the shortest distance of similarity into subsets and reallocating the
assignments until an acceptable set of groups is obtained. The K-means
algorithm is efficient for clustering high-dimensional objects, therefore has
been widely used in building neighbourhood classifications and
geodemographic discriminators to support service delivery. This research
aimed to identify the clusters of 41-dimensional objects (in Table 4.2), thus
K-means was chosen for the clustering algorithm to identify various types of
multipurpose trip patterns.

The only prior knowledge needed for k-means is to specify the number of
clusters (k). K-means iteratively allocates objects into clusters until the
variability within clusters is minimised and the variability between clusters is
maximised. In this research, k was determined with the help of the R
package ‘NbClust’. The ‘NbClust’ package provides the optimal number of
clusters under 30 index solutions. Among the outputs of the NbClust, 12 out
of 30 indices suggests five as the optimal k. The goodness-of-fit of the
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clustering is usually evaluated by two criterion: the total within-cluster Sum of
Square which measures the Euclidean sum of squared deviations of each
object to the cluster mean, and the total between-cluster sum of square
which calculates the distance between each cluster. This research used the
Calinski-Harabasz index in the R package ‘vegan’ to evaluate the result.
The Calinski-Harabasz index is also known as the Variance Ratio Criterion
and is calculated as the ratio of the sum of between-cluster dispersion and
the sum of inter-cluster dispersion for all clusters. Figure A.4 shows the
Calinski criterion of the k-means clustering using different k values (3 to 12),
and the right plot indicates that when k=5, the Calinski criterion has the
highest score. Therefore, the cluster number of 5 was chosen in this
research to classify tourists into separated subsets.
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Figure A.5 Determination of the value of k for K-mean clustering.

A.5 Describing the clusters with LDA

Different from partitioning clustering algorithms like K-means, the LDA
algorithm is a generative statistical model in natural language processing
(NLP) which is widely adopted in document topic modelling. It assumes that
each document contains a mixture of topics and each topic has a certain
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probability of mentioning a word. LDA has been widely used to identify topics
from documents and calculates the proportion of different topics in each
document by examining word distributions in the documents (Blei et al.,
2003). Previous research has successfully extended the topic modelling
approach to infer user life-style patterns from their Foursquare check-ins
(Hasan and Ukkusuri, 2015; Qu and Zhang, 2013). In our work, we treat the
daily trajectory of each Weibo tourist user as a “document” and the
subcategory of each checked-in place as a “word”. The “topics” are hidden
destination choice patterns in the tourist multipurpose trips.

When applying K-means to the 41 variables in Table 4.2, the clustering is
based on not only the diversity and popularity of tourist activity choices, but
also a spatial dimension reflecting how tourists visit and transit between
attractions. For each cluster, LDA can be applied at the subcategory level to
identify the detailed activity choice patterns. Therefore, to combine the
advantages of both K-means and LDA, this study first used K-means to
classify all the Weibo tourists into different clusters, then employed the LDA
algorithm to further identify hidden multipurpose destination choice patterns
by the subcategory sequence of tourist’s daily trips.

This research work first filtered out the outliers in each of the five tourist
segments generated by K-means cluster and then applied the LDA algorithm
to the subcategory sequences of remaining cluster members’ daily
trajectories. The classification and further topic modelling results can be
described as follows:

Cluster 1 — Traditional tourists (48.4%) is a group of tourists that only have a
high proportion of check-ins at Arts & Entertainment venues such as
museums and performing art venues. They have a longer length of stay but
few of their daily trips are shared on Weibo. They travel to the most core
attraction areas but their travel routes can be very different from the majority.
The tourists in this cluster have the lowest level of multipurpose trips. The
topic modelling results further reveal that although their daily trips include
fewer activity types, they have more diverse subcategory types under the
same activity: they mainly visit museums, performing art venues and
stadiums, and incorporate other sightseeing activity at a variety of
attractions. Their shopping activities may occur at department stores (LDA
group 4) or souvenir shops (LDA group 1 and 2).
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Figure A.6 Topic modelling result of Cluster 1 (Traditional tourists) based on
subcategory.

Cluster 2 — Shopping enthusiasts (20.5%) is the most multipurpose group of
tourists with clear shopping activities. Their greater number of stops at
different attractions and the largest travel displacement both suggest their
rather busy schedules. They travel by the most popular routes but only
remain in a small region of London. They also enjoy visiting and sightseeing
at different types of attractions.
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Figure A.7 Topic modelling result of Cluster 2 (Shopping enthusiasts) based
on subcategory.
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Cluster 3 - Gourmets (11.6%) is a group of tourists who have a very strong
preference for dining out. They do not stay long in London, but they tend to
share most of their trips on Weibo. They enjoy shopping a lot but it is rare for
shopping to be their main trip purpose and they only visit the most popular
shopping venues including department stores (LDA group 2 and 3), souvenir
shops (LDA group 3) and markets (LDA group 4). They travel among the
core part of the attraction networks but take rather relaxed trips (fewer
visited attractions per trip). The topic modelling of this cluster shows
consistent results of less sightseeing attractions but more restaurants
compared with other clusters. Their choices of dining out venues can be
diverse: Asian restaurants, English restaurants, French restaurants,
Portuguese restaurants, Modern European restaurants, burger joints, and
steakhouses.
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Figure A.8 Topic modelling result of Cluster 3 (Gourmets) based on
subcategory.

Cluster 4 — Education (9.8%) is a highly multipurpose travel group with a
dominant activity related to university or combined university and travelling,
from both the results of K-means and LDA. They also enjoy outdoor
sightseeing and shop at a variety of places including department stores,
markets, electronic stores, souvenir shops, and bookshops, but each
individual tourist does not visit many diverse shopping venues. This is the
only cluster which shows an apparently periodic behaviour. Also, the spatial
mobility pattern suggests that their footprints are the least evenly distributed
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and they may travel in uncommon routes to some peripheral areas in the
attraction networks including some unpopular shopping venues.
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Figure A.9 Topic modelling result of Cluster 4 (Education) based on
subcategory.

Cluster 5 — Outdoor sightseeing (9.6%) consists of tourists who mainly visit
very popular sightseeing attractions. Their footprints are widely dispersed
during their short stays, but they do not have very busy daily schedules,
which is in line with their large mean displacement between attractions. The
result of LDA also suggests that the tourists in this cluster visit and sightsee
at various places but have a clear preference for religious buildings (group 3)
and famous monuments/ buildings (group 2 and 4). The topic modelling
results reveals that they only occasionally shop at department stores and
souvenir shops.
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Figure A.10 Topic modelling result of Cluster 5 (Outdoor sightseeing) based
on subcategory.

According to this Chinese tourist segmentation, among all the three
dimensions, activity preferences significantly distinguish our sample tourists:
tourists with different activity preferences are separated from each other,
and those with similar activity engagements are clustered together, which
shows the capability of the proposed framework for unveiling diverse
tourists’ activity preferences. The K-means results show that each segment
has a varying degree of activity-based multipurpose patterns: Cluster 2
(Shopping enthusiasts) is the most multipurpose travel group whereas
Cluster 1 (Traditional tourists) and 4 (Education) are the lowest. The topic
modelling results also indicate that even within the same segments, the
multipurpose travel patterns can be different. the Shopping enthusiasts
(Cluster 5) and the Gourmets (Cluster 3) show more heterogeneous
multipurpose travel patterns than the other clusters. This is probably
because the visiting and sightseeing venues have less different
subcategories than the shopping venues or restaurant types, hence, these
tourists can combine visiting and sightseeing activities with their own specific
preferences in much more variable ways. Therefore, the segmentation
results indicate that based on tourist daily trajectory, it is possible to cluster
tourists by their dominant activity engagements. However, tourists with the
same activity preferences may still have distinct multipurpose travel patterns,
especially for tourists who are fond of consumption-related activities such as
shopping and dining out.
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This segmentation also incorporates a spatial dimension, which reflects the
mobility patterns of tourists with different multipurpose travel patterns.
Shopping enthusiasts (Cluster 5) is a highly multipurpose tourist group but is
also distinguished by its long mean travel distance and displacement but
small dispersed footprints and great travel route weights. It helps to depict a
persona for this segment: a group of tourists who travel within a small area
with condensed and diverse services, although they enjoy plenty of different
activities in their daily trips. They are more like tourists following the guide
books rather than genuine city explorers. Another example is the art and
entertainment segment Cluster 1 (Traditional tourists). This group shows
very low travel route weights but high attraction degrees with a small
footprint area, which suggests that the tourists in this group may not usually
follow the common travel routes but they still remain in the core areas of the
constructed attraction networks, rather than explore the peripheral areas.
Their rather short travel distance and displacement also infer that this group
enjoy travelling in a more relaxed way. In contrast, for the Education
segment (Cluster 4), although also having low travel route weights but high
attraction degrees, their travel area can be much larger and they show a
unique periodic behaviour which is rarely seen in other segments. Contrary
to other segments, in which the low mean distance always appears with the
low displacement, the Education segment (Cluster 4), shows low mean
distance but high displacement. These features help us to depict the
persona of the university-related tourists: they do not travel actively every
day but when they travel they tend to visit far distance places in the
peripheral area of the attraction networks by transit from the core areas, and
these visits are often repeated.

With a particular focus on tourist shopping activity, this Chinese tourist
segmentation shows how shopping activities in the multipurpose trips of
each tourist segment can be very different. Visiting and sightseeing clusters
(Cluster 1) take account of the majority of Chinese tourists, but for these
groups of tourists, shopping activity usually appears as a low proportion of
their daily travel, especially when the dominant activity is visiting the
museum — these tourists’ shopping activities are even lower except at
souvenir shops. But the department store can be a more common choice
when their main activity is outdoor sightseeing or visiting performing art
venues. In contrast, Shopping enthusiasts (Cluster 2) and Education (Cluster
4) show higher enthusiasm for shopping activity, but the Shopping
enthusiasts segment is characterised by more diverse shopping venue
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choices but popular stores while the Education segment tends to have few
shopping stops per trip, but with a preference for visiting less popular stores.

Therefore, these results suggest that by understanding tourist multipurpose
travel patterns, and how they can include shopping activity in their daily trips,
can be vital for practical tourism planning and destination management,
especially for a world tourism city like London with abundant tourism
resources on offer.
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Appendix B Supplementary notes for Chapter 5 (Paper Il)

This appendix provides complementary technical notes for the work
presented in Chapter 5. In this Chapter, the tourist population was modelled
using four disaggregated tourist segments at the LSOA level and the grocery
demand for each was estimated separately. The four tourist groups in
London considered in this research were: Airbnb guest, travellers staying
overnight at a hotel and other serviced accommodation, free guests living
with relatives or friends, and day trip visitors. The three former tourist types
are overnight tourists who may generate different levels of grocery
expenditure at the grocery stores near their temporary accommodation sites,
thereby uplifting the store revenue in the locality. On the other hand, the day
trip visitors may shop at the grocery outlets near the attraction and the
venues, or the transport hubs they visit. This appendix adds more details of
the methods used to create the population distributions of the four types of
tourists.

B.1 Airbnb guest

The AiIrDNA datasets were retrieved in October 2019 from the CDRC
(Consumer Data Research Centre) of the University of Leeds. The datasets
used in this research include the total property data for London and the
reservation records of each property updated to June 2018. There are
207,117 Airbnb properties according to the AirDNA dataset. The reservation
records were used to calculate the actual utilisation of each property in the
previous year (from June 29, 2017 to June 28, 2018) and to link to the
property dataset for further analysis (see Table B.1). There were 106,974
properties (51.6% of all the listed properties) that had been booked and used
during the time span. This study used the location and utilisation of these
Airbnb properties in London during the one-year span to estimate the spatial
distribution pattern of Airbnb guests in London.

Table B.1 The data structure of the property dataset.

Data field Example

Property ID 3623312

Utilisation 590

Host.ID 17279844

Listing. Title 1Bed flat Piccadilly/Trafalgar, London
sleeps3
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Property.Type Serviced apartment
Listing.Type Entire home/apt
Created.Date 16/07/2014
Last.Scraped.Date 28/06/2018
Neighborhood Westminster
Average.Daily.Rate..Native. 120.24
Annual.Revenue.LTM..Native 14188
Occupancy.Rate.LTM 0.8
Number.of.Bookings.LTM 29
Number.of.Reviews 55

Bedrooms 1

Bathrooms 1

Max.Guests 3
Calendar.Last.Updated 28/06/2018
Superhost FALSE
Minimum.Stay 2

Count.Reservation.Days.LTM | 118

Count.Available.Days.LTM 29

Count.Blocked.Days.LTM 129
Latitude 51.509384
Longitude -0.132466

The utilisation of the property was calculated using the reservation days
during a year and the maximum guest number of the property. For example,
the property (ID: 3623312) had been reserved for 118 days in one year. The
capacity of the property is 3 guests. Therefore, in a timespan of one year,
this property had hosted a maximum of 590 guests. When aggregating the
utilisation of all the 106,974 Airbnb properties by LSOA level, the spatial
distribution of Airbnb guest in London within one year in 2018 is presented
as Figure 5.1.

B.2 Tourists stay overnight at serviced accommodation

The spatial pattern of tourists also depends on the distribution of the
serviced accommodation they stay in. The serviced accommodation mainly
includes traditional hotels, B&Bs, guest houses and hostels according to the
glossary of ‘Hotels and similar accommodation’ in Eurostat!. Since there is
no freely accessible dataset ready to use for this research, the location and

1https://ec.europa.eu/eurostat/statistics-
explained/index.php?title=Glossary: Tourist accommodation establishment
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utilisation of the hotel and other serviced accommodation was collected from
Ordnance Survey and OpenStreetMap.

Ordnance Survey has a clear classification that can be used to extract the
point dataset of hotels and other serviced accommodation establishments.
The classification code ‘01010003, ‘01010005’ and ‘01010006’ were used to
identify the ‘bed & breakfast and backpacker accommodation’, ‘hostels’, and
‘hotels, motels, country houses and inns’ accommodation establishments in
the Ordnance Survey POI dataset.

For the OpenStreetMap, the hotel POIs were downloaded by the R package
‘osmdata’ with the function add_osm_feature , selecting the region name as
“Greater London”. The feature key was defined as “tourism” and the values
of designated POI types were determined as ‘hotel’, ‘guest_house’, ‘hostel’
and ‘motel’, linking to the introduction of tourism POI types available from
OpenStreetMap Wiki?.

The two accommodation establishment datasets were then combined
together using the R package ‘sf’ function st_is_within_distance. The POls
from the two datasets within a distance of 20 metres were identified as
duplicates and combined as one POI. Finally, the research obtained a point
dataset of 2,042 geolocated serviced accommodation in London. Figure B.1
shows the spatial distribution of these serviced and non-serviced
accommodation establishments.

The bedspace of serviced accommodation in London was audited by
VisitEngland in 2016 and released as the Accommodation Stock Audit
(VisitEngland, 2016); The data is available at the borough level (see Table
B.2). The next step is to distribute the utilised bedspace of each borough into
the location of each serviced accommodation location. According to the
England Occupancy Survey, the occupancy rate in London was quite stable
during the year before the pandemic at an average of 60.2% (VisitEngland,
2019). Therefore, this research used this occupancy rate to evenly distribute
the bedspaces in each borough to the location of serviced accommodation.
The resultant spatial distribution of the serviced accommodation bedspaces
in London is shown in Figure 5.3.

2 https://wiki.openstreetmap.org/wiki/Key:tourism
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Figure B.1 The spatial distribution of serviced and non-serviced
accommodation in London.

Table B.2 The traditional serviced accommodation stock by borough in

London.
Borough Serviced.estab | Serviced.room | Serviced.bedspace
City of London 59 6264 14543
Westminster 548 49746 107543
Kensington & 475 31111 69696
Chelsea
Hammersmith & | ;) 7636 17249
Fulham
Wandsworth 34 1534 3521
Lambeth 69 8539 19632
Southwark 34 3148 7765
Tower Hamlets 94 11180 25938
Hackney 21 1705 3940
Islington 62 5140 12593
Camden 244 25517 58371
Brent 44 2926 6681
Ealing 66 2501 6119
Hounslow 63 5116 12782
Richmond upon | 14, 3311 7277
Thames
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Kingston upon

Thames 25 1088 3002
Merton 13 449 1305
Sutton 16 312 709
Croydon 55 3177 7489
Bromley 32 801 1785
Lewisham 21 276 621
Greenwich 48 2252 5089
Bexley 15 544 1198
Havering 19 716 1857
Barking &

Dagenham 11 630 1576
Redbridge 39 1246 3046
Newham 47 4376 10369
Waltham Forest 21 1181 2704
Haringey 16 225 499
Enfield 13 655 1607
Barnet 42 2174 5084
Harrow 39 1129 2578
Hillingdon 83 11019 23996

B.3 Free guest with relatives or friends

Free guests staying with relatives or friends is a significant accommodation
type for the tourist in London. Its economic impact, however, has been
largely overlooked. The estimation of the spatial distribution of free guests in
London is based on the free guest tourist nights reported by IPS
(International Passenger Survey). The IPS regularly collects information
about the numbers and types of visitors entering and leaving the UK since
1961. Normally, the IPS conducts 700,000 to 800,000 interviews a year,
among which over 250,000 interviews are used for the estimation of inbound
and outbound travel and tourism, on a monthly, quarterly and annual basis
(ONS, 2016). The interviews are conducted with a random sample of
passengers as they enter or leave the UK. The IPS estimates that
approximately 90% of the passengers have a chance of being sampled on
the survey. The robustness of the IPS estimate is reported as ranging from
95% confidence interval of +/- 1.9% of the estimate for total visits to the UK
by overseas residents, to confidence intervals of +/- over 50 per cent for
some estimates relating to visits to the UK from some countries (ONS,
2020). The study results are used by various government departments,
including the ONS, the Department for Transport, the Home Office, HM
Revenue and Customs, VisitBritain and the national and regional Tourist
Boards. Particularly, VisitBritain, as a member of the IPS Steering Group,




-184 -

uses the data to not only produce overseas tourism reports and market-
specific analysis, but also provides the UK figures to international bodies
such as UNWTO, Eurostat and the European Travel Commission.

According to IPS, free guest with relatives or friends ranks in second place
of the accommodation types of all the staying visits in the UK. In 2018,
26.43% of the visits in London were free guests staying with their relatives or
friends, making up for 37.43% of all nights (VisitBritain, 2019b). These free
guests living with local residents, bring an expected uplift to local grocery
demand. To better quantify this grocery demand uplift at the small-area
level, the research aimed to investigate the spatial distribution of the free
guest tourists in London. A basic rationale of our methodology was that
during travelling in a foreign country, free guest tourists are more likely to
live with their relatives and friends sharing the same ethnic group. Therefore,
it is sensible to distribute these tourist nights into the households of the
same ethnicity in London. The methodology of estimating the overseas free
guest tourists in London follows the steps listed below and the results are
reported in Chapter 5:

(1) Identify the ethnic groups of the main source countries of the free
guest tourists;

(2) Investigate the spatial distribution of each ethnic group at the
LSOA level in London;

(3) Equally distribute the total nights of each source country into the
LSOA in London according to the usual residents of each corresponding
ethnic group population;

(4) Calculate the free guest nights in each LSOA and visualise the
result.

IPS offers the inbound accommodation choices of the main source markets
in the UK (Table B.1, created based on https://www.visitbritain.org/inbound-
accommodation-research), but the origin countries of free guest tourists in
London is unknown. According to Table B.3, the total free guest nights in the
UK is 114,773,759. IPS also reports that 41,523,000 nights are spent by free
guests in London, hence it is known that London accounts for approximately
36.18% of all the free guest nights in the UK. Therefore, we use 36.18% to
calculate the total nights staying in London for each country.
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group.
. . . . Ethnic group

Country 'Il;cl)<tal nights in the Ig;a;ll(;lrl]ghts in (detailed) in
2011 Census

Total 114,773,759 41,523,000

USA 9,688,924 3505271 | North
American

Poland 8,576,304 3,102,747 Polish

France 7.741,148 2.800,603 | European
Mixed

Spain 7,655,698 2,76d9,689 | European
Mixed

. Australian /

Australia 6,861,947 2,482,524 New Zealander
Anglo Indian

Ind|a 6,825,483 2,469,332 |nd|an or Br|t|sh
Indian

Germany 4,472,134 1,617,935 | £uropean
Mixed

Ireland 3,903,299 1,412,140 Irish
North

Canada 3,892,466 1,408,221 American

Italy 3,519,890 1,273,430 Italian

Netherlands 2 298,544 831,570 | European
Mixed

New Australian /

Zealand 1,898,212 686,738 New Zealander

Switzerland 1,736.376 628,188 | European
Mixed
African

South Africa 1,718,748 621,811 | White African
White and
Black African
Arab

UAE 1,573,877 569,399 | African/Arab
White and
Arab
European

Hungary 1,437,847 520,186 Mixed

China 1,328,379 480,583 Chinese

Portugal 1,322,695 478526 | European
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Mixed
Belgium 1,249,267 451,961 | European
Mixed
Sweden 1,233,655 446,313 | EUropean
Mixed
Argentina 1,223,444 442,619 Argentinian
Denmark 1,084,957 302,517 | European
Mixed
Greek
Greece 1,039,323 376,008 ,
Greek Cypriot
Norway 962,994 348,393 | European
Mixed
Czech European
Republic 870,474 314,921 Mixed
_ Chinese
Singapore 858,900 310,734 ]
Malaysian
Hong Kong 745,299 269,635 Chinese
Brazil 646,399 233,855 Brazilian
Malaysia 625,631 226,342 Malaysian
Arab
if‘:gi; 462,099 167,179 | African/Arab
White and
Arab
Commonwealth
Russia 440,871 159,499 | Of (Russian)
Independent
States
Austria 403,703 146052 | EUropean
Mixed
Thailand 391,181 141,522 Thai
Japan 341,679 123,613 Japanese
Finland 287,452 103,095 | European
Mixed
Mexico 287,037 103,845 Mexican
South Korea 254,112 91,933 Korean
Luxembourg 162,182 58,674 | Curopean
Mixed
Other 24,751,132 8,954,497

In the 2011 Census, the standard 18 ethnic group response categories are
expanded into 251 detailed ethnic groups at the OA level by country. The
data at LSOA level can be downloaded via Nomis under the table of
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QS211EW.csv. The core approach to creating the spatial distribution of free
guest tourists is to allocate the tourist nights of each origin of country to the
corresponding household with the same ethnic group. The allocation results
are shown in Table B.3 and are used to generate the spatial distribution of
the free guest tourists of each ethnic group. Of course this brings some likely
errors. For some countries, it is straightforward to assign the source market
country to a specific ethnic group, such as Brazil to “Brazilian”, Poland to
“Polish”, and Japan to “Japanese”. Also, it is sensible to combine the tourist
nights from the 14 European countries to the “European Mixed” ethnic
group. But for some other countries, the allocation is not that straightforward
and the origin countries are assigned based on the most related main ethnic
groups in the census. This may result in the estimated spatial distributions
not being as accurate as others. These origin countries are Singapore to
“Chinese” and “Malaysian”, Saudi Arabia to “Arab”, “African/Arab”, and
“White and Arab”, South Africa to “African”, “White African”, and “White and
Black African” as shown in Table B.3.

B.4 Day visitors in London

Although very little information exists on actual small-area visitor numbers
and their associated expenditure, in this section the research tries to
demonstrate that the use of headline figures from national surveys such as
the London Daytime Population (Table B.4) can be linked with novel social
media data to generate small-area estimates of the day visitor distribution
and their expenditure.

Table B.4 Day trip visitors across borough in Greater London.

% of total
0 .
Day % of total % of daytlme_
: . total population
Code Boroughs Trip daytime .
Visi . daytime | (excl. 0-4 &
isitors | population :
tourists | school
children)
E12000007 | London 736,400 | 7.33% 66.99% | 8.94%
E09000001 | City of London | 97,572 | 17.64% 80.16% | 17.73%
£09000002 | Barking and 141 535 | g 300 81.76% | 9.03%
Dagenham
EO09000003 | Barnet 18,066 |5.07% 72.53% | 6.55%
E09000004 | Bexley 12,867 | 6.08% 76.85% | 8.22%
EO09000005 | Brent 13,252 | 4.51% 69.88% | 5.86%
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E09000006 | Bromley 24,767 |8.16% 78.76% | 10.61%
E09000007 | Camden 36,759 | 7.42% 60.21% | 8.08%
E09000008 | Croydon 27,175 | 7.78% 78.98% | 10.27%
E09000009 | Ealing 14,354 | 4.38% 64.34% | 5.67%
E09000010 | Enfield 24,163 | 7.86% 80.97% | 10.42%
E09000011 | Greenwich 20,782 |11.68% | 86.05% | 15.18%
E09000012 | Hackney 18,639 | 7.08% 83.31% | 8.99%
E09000013 :r?(;“gﬁrzzm'th 17,807 | 7.73% 63.00% | 9.12%
E09000014 | Haringey 11,951 | 5.30% 76.66% | 6.94%
E09000015 | Harrow 20,882 | 9.11% 83.90% | 11.72%
E09000016 | Havering 15,743 | 7.02% 76.42% | 9.03%
E09000017 | Hillingdon 15,992 | 4.48% 52.84% | 5.53%
E09000018 | Hounslow 12,861 | 4.42% 68.28% | 5.53%
E09000019 | Islington 24,759 | 7.55% 80.94% | 8.42%
E09000020 gﬁgsc':?]getl‘;ga 21,204 |8.39% 37.91% |9.57%
E09000021 ﬂ”ﬁrﬁtgsn UPON 110,082 | 6.61% 67.43% | 8.43%
E09000022 | Lambeth 18,145 | 6.10% 65.93% | 7.42%
E09000023 | Lewisham 17,484 | 7.64% 82.44% | 10.31%
E09000024 | Merton 10,551 | 5.44% 69.29% | 7.01%
E09000025 | Newham 23,823 | 7.78% 76.44% | 10.38%
E09000026 | Redbridge 11,613 | 4.58% 73.27% | 6.46%
E09000027 Sé%mmfh”;mes 12,905 | 6.80% 67.38% |8.91%
E09000028 | Southwark 26,383 | 6.33% 76.59% | 7.41%
E09000029 | Sutton 12,597 | 7.09% 82.12% | 9.62%
£09000030 | T OWer 17,161 | 4.32% 58.65% | 5.09%
Hamlets
E09000031 ﬁ‘(’)?ggf‘m 9,514 | 4.27% 76.73% | 5.83%
E09000032 | Wandsworth | 20,130 | 7.55% 70.90% | 9.65%
E09000033 | Westminster | 75,282 | 8.39% 4279% | 8.79%

The research downloaded a sample of geotweets by streaming from REST
API from Sept. 21, 2018, to Oct. 01, 2019 in the Greater London area. All
together, 1,316,218 geotweets from 325,077 users were collected. In order
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to explore further the spatiotemporal distribution of tourist geotweets, the

structure and format of an individual tourist's geotweets are as shown in
Table B.5.

Table B.5 The data structure of the geotweets.

Data field Example

Geotweet ID 1099613290685110016
User ID 438097407
Latitude/longitude 51.5096/-0.2043
Venue Kensington, London
Venue type City

Notting Hill is a 1999 romantic comedy-
drama film directed by Roger Michell. The

Text screenplay was written by Richard Curtis.
https://t.co/dwBNtBSQaE

Text language en

Create time Sun Feb 24 10:13:32 +0000 2019

Timestamp 1.551e+12

Home Bangkok, Thailand

User Language en

Screen name GotzyRedLips

The procedure to extract the geotweets from daytime visitor has three main
steps:

(1)

)

3)

(4)

Identify users’ origin of country to exclude the international tourist
Twitter user in London

Collect all the daytime geotweets from these users when they stay in
London. The daytime geotweets are defined as the geotagged tweets
that are posted during 9 am to 5 pm.

For each of these users, trace back the historic geotweets, to identify
the usual residence (or the workplace). The usual residence is defined
as the location that the user posted there on different dates with a total
of more than 10 geotweets. These locations are recognised as the
usual residence of the user, and the geotweets there are excluded from
the day trip visitor geotweets datasets.

Create the spatial distribution of day trip visitors in London based on
the density of the user in the LSOAs. It is the user rather than the
geotweets that is used to depict the spatial pattern. This is to avoid any
potential skewness which may occur when some users generated
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much more geotweets than others leading to the over
representativeness of some venues.
The technical details of each step is reported as follows:

Step 1:

According to the UNWTO definition of a tourist, the following criteria have
been used to distinguish the international tourists in London:

i.  The user’s usual environment is outside the UK;

ii.  The user’s stay in the UK is less than one year;

iii.  The user has at least one overnight stay.
Each user's usual environment has been gleaned from his/her historic
geotweets by downloading from Twitter usertimeline API. After identifying
the international tourists in the UK and excluding their geotweets, a set of
836,008 geotweets from 106,272 Twitter users belong to the local users and
are used in the research for further analysis (representing 32.7% of all the
users and 63.5% of the geotweets in the collected sample dataset).

Step 2:

Among these geotweets, there are 450,652 geotweets generated between 9
am to 5 pm, which makes up 53.9% of the local users’ geotweets. research
for modelling the distribution of day trip visitors.

Step 3:

The last step is to exclude the geotweets that are posted at the users’ usual
residence or workplace location. For each user, the locations that may refers
to usual residence or workplace are identified as the place that the user has
visited more than once and generated a sum of more than 10 geotweets
there. After applying this criteria to each of the users in the datasets after
Step 2, the 313,233 geotweets from 65,437 users are used to model the
distribution of day trip visitors.

The tourist geotweets density by LSOA (Figure B.2) clearly shows a high
spatial concentration of visitors in Central London, particularly Westminster,
City of London, Camden, Kensington and Chelsea, Islington and
Hammersmith and Fulham. Some LSOAs in Brent, Tower Hamlets and
Newham borough also show dense tourist geotweets.
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Figure B.2 The distribution of sampled Twitter users that are identified as
day trip visitors in London.

Step 4.

Based on this dataset, Figure B.3 presents a proxy of day trip visitors over
the LSOAs in London. The proportion of day trip tourist users in each LSOA
has been calculated, nested within the borough (see Figure 5.8). By Linking
to the population survey of daytime visitors as shown in Table B.4, the
spatial distribution of day trip visitor in London is created as in Figure B.3.
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Figure B.3 Day trip visitor distribution in London.
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Appendix C Supplementary notes for Chapter 6 (Paper lll)

In this appendix, the model developments and calibration of the non-tourist
SIM are detailed. The non-tourist SIM has been built on residential and
workplace demand in London and is used to compare with the tourist SIM
(seen in Chapter 6) to investigate the impacts of urban tourist demand on
local grocery demand and potential supply.

C.1 Demand estimation

The conventional demand side of grocery shopping consists of expenditure
from residents and workers in London.

C.1.1 Residential demand

The residential demand is segmented by household type according to the
Output Area Classification (OAC). OAC is a UK geodemographic
classification created from the 2011 census data by ONS at the Output Area
(OA) level. It consists of 8 Supergroups, 26 Groups and 76 Subgroups
(ONS, 2011). For each of the 26 OAC groups, ONS further reports their
detailed household expenditure in their annual Living Costs and Food
Survey (LCF) (see Table C.1) (ONS, 2017). This research uses the ‘Food
and non-alcoholic’ expenditure released in the LCF 2017 as the expenditure
rates of residential household spending per week.

There are 25,053 OAs in London in the 2011 census. Residential grocery
demand in London is estimated at the OA level, using disaggregated
expenditure rates from LCF by OAC group, alongside household counts
capturing the number of residential households in each OA from the 2011
Census, and the OA level small-area geodemographic classification from the
OAC. The produced demand estimate is associated with the residential
population and is calculated as:

0k = eknk (C.1)
Where:

0F is a measure of the total residential grocery demand available in
OA i by household type k;

ek is a measure of the average weekly grocery expenditure for
household type k, taking from the LCF survey;
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n¥ is the number of households of type k in OA i.

Table C.1 London OAC and household expenditure per week according to
the LCF survey (ONS, 2019).

Food & Food &
non- OAC non-
OAC | alcoholic | Description alcoholic Description
. group .
group | drinks drinks
(E/lweek) (Elweek)
1A 0 Farmln‘g‘ 4C 69 Asian Traits
Communities
Urban
1B 0 Rural Tenants 5A 78.4 Professionals
and Families
1C 0 Ageing Rural 5B 74.9 Agelng_ Urban
Dwellers Living
Students
2A 0 Around 6A 73.3 Suburban
Achievers
Campus
Inner-City Semi-Detached
2B 55.9 Students 68 76.2 Suburbia
e 185 Comfortqble 7A 16.6 Challenged
Cosmopolitans Diversity
Aspiring and Constrained Flat
2D 62 Affluent B 24 Dwellers
3A 495 Ethnlc_ Family e 0 Whlte_ _
Life Communities
Endeavouring Ageing City
3B 4.4 Ethnic Mix D 22.1 Dwellers
3C 36.8 Ethnic 8A 52.2 Industrious
Dynamics Communities
Aspirational Challenged
3D 55.8 pirat 8B 70.4 Terraced
Techies
Workers
AA 63.8 Rente.d. Family 8C 26.3 Hard-Pressed
Living Ageing Workers
Challenged o
4B 64.4 Asian 8D 52.6 Migration and
Churn
Terraces

C.1.2 Workplace demand

The workplace demand is produced using the census-based Workplace
Zones and Workplace Zone Statistics (WZS) in London published by ONS
(2014). Workplace Zones are a small-area geography created from the 2011
Census, optimised to capture workplace population based upon the places
of work (ONS, 2014). Therefore, the WZS gives greater geographical
precision to the location of workplace populations than residence-based
geographies. In addition, since no specific survey reports the average
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grocery expenditure of workers in London, the research follows the advice of
Waddington et al. (2019) and uses £5 per person as the expenditure rate of
workers in London. Therefore, workplace demand can be calculated as:

0,, = en,, (C.2)
Where:

0,, iIs a measure of the total worker grocery demand available in
Workplace Zone w;

e is assumed as £5 for the expenditure rate of workers in London;
n,, is the number of workers in the Workplace Zone w.

As such, combined with the tourist demand as estimated in Chapter 5, the
three parts of the disaggregated demand side of grocery shopping in London
is summed up as in Table C.2. The residential, workplace and tourism
demand is fed into the SIM separately and the model parameters are
calibrated separately too. Thus their unique impacts on the flows and
revenues can be clearly seen.

Table C.2 The three parts of disaggregated grocery demand in London.

Residential Workplace Tourism
Spatial unit OA Workplace Zone LSOA
Counts of unit 25,053 8,154 4,835
£ dit Disaggregated bD;/S% %Qr'r; %?it:td
Xpenditure by 26 OAC grou
rates y | group £5 types
(Table C.1) (Table 5.6)
Expenditure
estimates (£ 199.8 25.8 14.06
millions)

C.2 Supply side

The model allocates the estimated demand to 1,759 separate stores that fall
within Greater London. These stores include all supermarkets and
convenience stores from the newly released Geolytix Retail Point dataset in
2020. However, the Geolytix dataset only offers the floorspace of the stores
at the band level (<3,013 sqft; 3,013 sqft ~ 15,069 sqft; 15,069 sgft ~ 30,138
sgft; >30,138 sqgft) instead of the actual size. Therefore, the research utilised




the CACI grocery outlets data (up to 2014) to infer the actual size of these
stores based on the geographical coordinates of the store points. For the
store built after 2014, their size is estimated by the average size of stores in
the same band of floorspace but whose actual size is available from CACI
2014 dataset. Besides the major ten retailer brands, other brands such as
Booths, Costco, Whole Foods Market, Budgens, etc., are combined as
‘Others’. The spatial distribution of the grocery stores in London and their
aggregated floorspace by LSOA is presented as in Figure 5.10. The brands
and detailed information are listed in Table C.3.

Table C.3 10 main grocery brands in Greater London and detailed

information.
Brand Csotlérrlé:f roSourrsant:e I:Iso r?arrsg ?r:: °
(sqft) London (%)
Aldi 39 463,202 2.39
Asda 43 1,230,611 9.10
Co-Op 265 863,604 6.32
Iceland 124 809,354 4.83
Lidl 90 1,020,584 5.64
M&S 174 1,736,572 5.25
Morrisons 30 900,875 6.57
Sainsbury’s 367 3,631,624 4.81
Tesco 466 3,194,173 24.65
Waitrose 92 1,298,820 21.16
Others 69 752,647 9.28
Sum 1759 15,902,065 100.00

C.3 Model development

Based on the demand estimated above, the non-tourist SIM built upon the
residential and workplace demand in London is represented as:

n _pkr..
Snon—tourist = Sresi T Swork = Sikjn + Svréj = A?OLkVVja exp( prcy) +
Ay O, W exp=BCw)

Where:

(C.3)
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Si"j" represents the predicted expenditure flow between residential
demand zone OA i and store j of brand n by residential household type k;
0F is the total residential demand in OA i by household k as measured in
Section C.1.1.

Sw;j represents the predicted expenditure flow between Workplace

Zone w and store j of brand n; O, is the total workplace demand in
Workplace Zone w as measured as in Section C.1.2;

W; is the overall attractiveness of store j, and a™ represents the
additional or perceived relative attractiveness of store j by store brand n; C;;
and C,,; are the distance from origin zone i or w to store j, and incorporate
the distance decay parameter exp‘ﬁk for household type k and exp~# for
workplace demand;

A¥ and 4,, are the balancing factors that take account of competition
and ensure that all demand from OA i by household type k or Workplace
Zone w is allocated to stores within London. The balancing factors thus
ensure that: Y; S/ = 0f and ;S = 0,,. They are respectively calculated

as: AF = and A? = : (C.4; C.5)

3w expl 1) 5w exp(-BCus)’

C.4 Model calibration

C.4.1 Distance decay parameter p

The goal of calibrating the distance deterrence parameter (3 is to replicate
the average trip distance (ATD) of the consumers. For the residents of each
OAC supergroup k, B¥ is calibrated with the corresponding observed ATD
shown in Table C.4. These observed ATD are calculated by the mean
distance from each OA demand zone to the nearest three supermarkets.
The B value of OAC supergroup 1 is empty because the LCF reports no
expenditure on ‘Food & non-alcoholic drinks’ for this group in London and
the only 10 OAs in London belong to this supergroup are not included.
Meanwhile, the B value of the workplace SIM is calibrated according to the
average trip length by walking mode for eat/drink purpose which is 0.9656
km (0.6 miles) in England as reported by the National Travel Survey of
London (National Travel Survey (NTS), 2017).
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Table C.4 Beta values for the disaggregate model.

. ATD
Demand B Prid_:_(ged Ob:;ged preg.t/)ATD
2 2.983 0.7380 0.738 1.0000
3 2.855 0.8000 0.800 1.0000
resident 4 2.292 1.0802 1.080 0.9999
(OAC 5 1.973 1.1999 1.200 0.9999
SPRGRP) 6 1916 | 1.3994 | 1.400 0.9999
7 1.899 1.2198 1.220 1.0002
8 1.966 1.2893 1.290 1.0001
worker 2.208 0.9656 0.9656 1.0000
Airbnb 7.543 0.5520 0.552 0.9999
Hotel 5.796 0.5260 0.526 0.9999
tourist Free
guest/Own 0.952 2.0941 2.0934 1.0003
home
Day visitor 1.586 1.353 1.353 1.0001

C.4.2 Relative attractiveness parameter o

Next, we calibrate a according to the market share in Table C.5. Although
Kantar monitors market shares by major grocery retailers in Greater Britain
(Kantar, 2021), the observed market share of grocery retailers in London has
not been reported publicly. Obviously, the Kantar national market shares are
not suitable to be taken as observed market shares to be used in the
calibration of the London model. This research uses the same approach of
Waddington (2017) to estimate the regional market share of grocery retailers
by calculating the market share per sqgft. of floorspace (V) using the national
figures. This method is also in line with the corroborated relationship
between brand’s presence level and market share in prior studies (Hughes
et al., 2009; Thompson, 2013). As such, the regional market share (Nmksh;,)
is calculated as:

__ Nmkshy
- Nflspp

(C.6)

Nprop, =V, * Rflsp, (C.7)
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Nmbksh,, = (M) %100 (C.8)

Yn Npropp
Where:

V, represents the market share value of one sqft of floorspace for
brand b, which is calculated by the Kantar national market share Nmksh,,
and the reported national total floorspace Nflsp, of each brand b. The
Nflsp,is estimated via the same abovementioned method based on CACI
2014 and Geolytix 2020 datasets;

Nprop, is the proportion of regional market share making up national
market share for brand b, which is measured by the brand market share
value V,, along with the regional floorspace Rflsp,;

Nmksh,, is the estimated brand regional market share for each brand
b of all the n brand, which is upscaled from Nprop,. Nmksh,, is then used to
calibrate the residential SIM.

The estimated market share of the ten main grocery retailers in London is
shown in Table C.5. The estimated regional market shares of several major
retailers in London have substantial differences compared to the national
market shares. For example, Aldi, Asda, Co-Op and Morrisons have a much
lower value, whereas Sainsbury’s and Waitrose have a higher market share
in London. These estimated market shares have been used to calibrate the
relative attractiveness parameter a for the residential SIM. The predicted
regional market share of residential SIM and the goodness-of-fit following
calibration on a in the SIM are shown in Table C.6.

Table C.5 Estimated regional market shares in London.

_ London Estimated
National National proportion London
market floorspace | of national regional
Brand share market
Nflspp market
Nmksh,, Share share
(%) (saft) Nprop, (%) Nmksh,,
prop, (7o (%)
Aldi 8.20 8,230,193 0.46 4.59
Asda 15.00 19,483,528 0.95 9.42
Co-Op 6.20 14,301,185 0.37 3.72
Iceland 2.20 6,865,431 0.26 2.58
Lidl 6.10 8,809,931 0.71 7.03
M&S 3.20 11,441,413 0.49 4.83
Morrisons 10.00 14,879,456 0.61 6.02
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Sainsbury’s 15.30 22,658,026 2.45 24.39
Tesco 26.80 33,037,051 2.59 25.77
Waitrose 5.00 6,307,335 1.03 10.24
Others 2.00 10,550,273 0.14 1.42
Sum 100.00 156,563,822 10.06 100.00

After calibrating the a value of the residential SIM, the workplace SIM follows
the same attractiveness parameter a, which means the brand attractiveness
to the workers remains the same as to the residents. The workplace SIM
outputs in Table C.6 shows that when a remains the same, Aldi, Asda, Lidl,
Iceland and Morrisons are observed to have lower predicted workplace
market shares than the predicted residential market shares in London,
whereas the market shares of M&S and Waitrose show a significant rise.
This may be due to the format of the stores since the workers are more likely
to visit convenience stores during their work break time. As noted in Chapter
6, the a value for the tourist SIM is 1.0 without further disaggregation.
Consequently, the market shares of the residential, workplace and tourist
SIM are reported as in Table C.6.

Table C.6 The predicted market share of each disaggregated SIM.

predicted | predicted | Predicted | Predicted Ei;g?féfd
B residential | workplace tourist overall i
rand sharein
market market market market London
share (%) | share (%) | share (%) | share (%) (%)
Aldi 4.56 2.34 1.32 4.13 4.59
Asda 9.50 7.59 5.03 9.04 9.42
Co-Op 3.80 2.95 8.83 4.01 3.72
Iceland 2.85 1.89 4.65 2.85 2.58
Lidl 7.17 4.21 3.70 6.65 7.03
M&S 4.85 11.21 9.61 5.82 4.83
Morrisons 6.34 4.00 3.92 5.95 6.02
Sainshurys 24.32 22.75 24.21 24.14 24.39
Tesco 25.09 24.12 22.27 24.82 25.77
Waitrose 10.10 17.57 12.42 11.04 10.24
Others 1.42 1.36 4.03 1.57 1.42

Goodness-of-fit for the calibration of market share in residential SIM
Correlation: 0.99975; R2=0.99950
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C.5 Model validation

Since there is no empirical data of individual store sales, it is not possible to
validate the robustness of the custom-built SIM. This research, however,
endeavours to make use of industry reported brand performance data. For
example, in Colliers International (2018), the UK supermarket investment
review mentioned that the current trading intensity of the ASDA Mitcham
supermarket is around £15 sgft. In the SIMs built in this thesis, the sale
density of this store is £15.31 in the non-tourist SIM and £15.65 when adding
the tourist SIM. This result shows that in the ASDA Mitcham store case at
least, the model outputs are very close to the industry report.

For each of the stores in the model, if any empirical performance data can
be accessed, it will enable the examination of the validity of the SIM. Any
evidence suggesting the tourist contribution to store revenue will also be
valuable to validate whether the tourist SIM accurately reflects the impact of
tourists at the individual store level.
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