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Abstract

This research contributes to advancing our knowledge on the topical issue of the

proliferating use of digital platforms, specifically the home-sharing platform, Airbnb.

The aim is to answer the research question of how to measure possible impacts

stemming from the adaptation of Airbnb as a form of digital platform economy. A set

of various spatial analysis methods and a predictive model were constructed utilising

novel datasets such as Airbnb accommodation data and Zoopla rental price data, as

well as open government datasets such as dwelling types, housing tenure, and points

of interest. This gave rise to a set of methods and results that are four-fold. On the

one hand, the spatial distribution and temporal trends, is analysed using the space

time cube. These findings show that for London and San Francisco, Airbnb tend

to be centrally located, favouring residential areas. In addition, this method also

shows the seasonality of the use of the platform. Secondly, using Geographically

Weighted Regression (GWR) and the multi-scale form of GWR, it is possible to

look at the local scale and the influencing factors for Airbnb locations, and the

thesis shows that these are related to functional elements such as hotels, food and

beverages availability, and access to public transport links. Thirdly, how Airbnb

may be disrupting the housing system by exacerbating the already problematic

condition posed by the housing crisis in London is explored. To do this, the focus is

shifted onto Airbnb misuse, defined from entire property listings that do not conform

with the local regulation, and we look at the relation between those listings and

residential areas that are experiencing rapid rental price changes. These changes are

measured by extracting the difference in rents for certain years based on the Zoopla

longitudinal data. The results conclude that indeed, there is a linear relationship
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between them, indicating that Airbnb might be putting pressure on housing provision.

Lastly, a gravity model is constructed to forecast possible future locations for Airbnb.

These are determined in terms of proximity to touristic locations, the historical

Airbnb supply, and rental prices. The estimated Airbnb rental distribution based

on the model follows a similar distribution to the actual rent derived from Zoopla

rental price data. This last outcome suggests that prime Airbnb locations are often

located in highly-priced residential neighbourhoods. These often are prime areas

for residential location, that now have competing interests with Airbnb conversion.

Overall, this thesis provides an analytical perspective that can prompt a conversation

on best practices which mitigate the adverse impact of over-saturated short-term

rental adaptation in urban settings.

Keywords: Platform economy, Airbnb, Zoopla, tourism, housing, gravity

model.
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Research Impact

The rapid proliferation of the online platform economy, that is characterised by a

wide adaptation of digital platforms to facilitate the transaction of goods and services,

is a topical issue faced by many cities nowadays. A specific type of platform offering

short-term holiday rentals, such as Airbnb, has been especially highlighted in the

local and global news. The adaptation of Airbnb has been largely perceived as

disrupting the way cities operate. Generally, this is the central argument on debates

surrounding Airbnb that take place across different stakeholders, ranging from

academics, activists, and the private sector to government entities. Only recently,

academic contributions have helped provide more grounded analysis on this topic.

Thus, this thesis uses Airbnb as the main case study. Although quite specific in terms

of the selection of its case study, many urban-related aspects are examined in detail

throughout this thesis utilising novel datasets including Airbnb data and Zoopla

rental data, as well as the relationship with various open government datasets such as

dwelling type, housing tenure and points of interest data. The analysis presented in

this thesis can contribute to providing insights on possible impacts from the presence

of Airbnb as a form of the online platform economy. In this thesis, an in-depth

understanding of four critical angles are obtained, 1) the geographical distribution

of Airbnb in cities, 2) the location dependencies with traditional accommodation

(hotels), retail activities (mainly eating and drinking establishments), and access to

public transport; 3) the risks it poses of disrupting the housing market system; and

4) the prediction of the future spatial distribution as well as the potential rental of

Airbnb. Overall, this thesis provides an analytical perspective that serves as a basis

for a well-grounded discussion surrounding the topic of the impact of disruptive
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technologies, such as the online platform economy.
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1
Introduction

“Cities have the capability of

providing something for everybody,

only because, and only when, they

are created by everybody.”

Jane Jacobs, The Death and Life of

Great American Cities, 1961



2 Chapter 1 – Introduction

This chapter gives an introduction to the thesis by laying out the background of the

study in terms of why this research is important. This is followed by the central

aspect of the study, posing the research question and the research objectives, and

determining the scope and the general direction of the research. We then introduce a

set of relevant data and methods to measure possible impacts stemming from Airbnb

adaptation. The last part of the chapter describes the structure of the thesis by

providing a concise summary of the contents in each chapter to give readers a sense

of direction to the overall thesis.

1.1 The platform economy

Cities are continuously changing. Elements of cities interact through spatial struc-

tures and physical forms as well as digital interactions, creating a complex system

(Batty, 2009). For the past decades, advances in technology have enabled us to trans-

late digital interactions into those of physical ones. This includes the emergence of

the online platform economy that is facilitating economic and social activities using

internet-mediated platforms. The emergence of the new technologies that utilise the

new wave of data, generated in (or near) real-time, has made it possible for platforms

to provide services on-demand by matching supply and demand in the market. This

approach was not possible decades ago, hence it has been considered as a novel

innovation through maximising the efficiency and effectiveness of the way we are

able to transact. This offers convenience to users, as an alternative to the traditional

approach. These types of platforms can possibly disrupt many established industries

in various aspects of the urban system, including housing, transportation as well

as commerce. Such innovation is made possible by incorporating the connectivity

offered by the advancement of Internet technology. The rise of smartphone usage

worldwide has created a supporting climate for this newfound economy. According

to independent market research, there were close to 3 billion smartphone users world-

wide by the end of 2018, which comprise more than 35% of the world population

(Takahashi, 2018). This means that a huge portion of the population worldwide
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has convenient access to utilise such platforms enabled by their accessibility to the

Internet - and these are causing significant changes in peoples’ engagements with

digital media (World Economic Forum, 2015).

Today’s digital revolution revolves around the emergence of these digital platforms,

just like the industrial revolution revolved around factories. These platforms fix

market inefficiencies by capitalising on data-rich environments and algorithms to

facilitate interactions and transactions. This contemporary trend seems to have taken

the world by storm, offering convenience, easy access, and suggesting the picture of

an intelligent world where everything is as easy as the swipe of a card and the click

of a button. For consumers, the abundance of choices means that people can choose

among those platforms which have better algorithms and which ultimately lead to

a competition on how to provide more attractive services. Many platforms have

emerged in the past decades, and without our even realising it, they have become

a part of our daily lives. It has become a relatively new normal to utilise these

platforms to support our everyday activities, from using the ride sharing app Uber in

opposition to the taxi, enabling food delivery using Deliveroo instead of getting a

’take out’, as well as staying on holiday in an Airbnb rather than in a hotel. Many

people participate in using the platforms generally due to the economic gains and the

extra convenience (Hamari et al., 2016; Volgger et al., 2018). These companies have

provoked reorganisation of works and services that have revolutionised busineses and

consumption patterns. This is because the changes brought by the platform economy

go well beyond industry disruption, as they also bring societal and behavioural

changes (Sampere, 2016).

How do these platforms change the way we pursue our activities? We do not really

know for sure to what extent these digital platforms have made a difference in

our activities, consumption or behaviour. The research by the World Economic

Forum shows that as we navigate the world of hyper-connectivity, the use of digital

media has been perceived to have benefited individuals and society by enhancing

our levels of communication and social interactions beyond the boundary of time
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and space (World Economic Forum, 2015). It has opened up novel opportunities

such as through enabling direct interactions between consumers and suppliers in

businesses and industries - generally referred to as Peer-to-Peer (P2P) interactions.

The rise of the digital platform has opened up a new opportunity to extend the pool

of labour and users by eliminating traditional third parties and replacing them with

the internet mediated platforms. Many people participate to provide services through

these platforms, either as contingency work to supplement their income, as well as

their main source of employment. The flexibility offered by these platforms has

made it possible for workers to enter and leave the workforce in the digital economy

much more easily.

Research by Joint Research Centre (JRC) European Commission estimated that

based on a 2017 survey measuring platform-based works as a form of employment

in fourteen European countries, 2.3% of the observed respondents identify that

they earn 50% or more of their income from such platform work for more than

20 hours a week (Brancati et al., 2019). Another report states that in total, there

is a rough estimate of 100,000 active persons in the labour force or 0.05% of the

total employees in the European Union who are online platform workers (De Groen

and Maselli, 2016). The sector is even proportionately larger in the United States

of America. From a study of 3000 American respondents by Burston-Marsteller,

Aspen Institute and TIME, the author inferred that 44% of the study’s population are

active users of online platforms where 22% of them have provided services through

such platforms (De Groen and Maselli, 2016). It has been estimated that around 6

million workers, comprising 3.8% of overall US employment have alternative work

arrangements digitally including those who provide services through high profile

platforms such as the ride sharing apps (Uber, Lyft, etc.) and holiday rentals (Airbnb)

(Gayle, 2018). This number could be anywhere from 4% to 40% of the workforce in

the US, depending on the scope of the definition. The Freelance Union online survey

that counts the number of individuals who are engaged in supplemental/temporary/

or contract-based work (in the past 12 months before the study), shows a staggering

number of such workers as much as 36% of the population (Molla, 2018). The
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presence of digital platforms is also rapidly increasing in the Global South, with

over 110 million workers in China alone, accounting for approximately 15% of the

labour force where workers provide services as freelance writers, cab drivers, pet

sitters, house cleaners as well as couriers (Rothschild, 2019). In South-East Asia, the

rise of digital platforms is especially due to the lack of a comprehensive transport

system, e.g. the Indonesian-based unicorn Go-Jek and Malaysian-based Grab have

not only provided new structures of transport but also alternative employment in

these countries. In Asia, the share of growth of ICT compared to GDP is faster

than their overall economic growth with an average of 15.9% (compared with 7.7%

of economic growth) for India, 13.7% (compared with 9.7% economic growth) in

China and 7.5% (compared with 3.5% economic growth) in Thailand (Sedik, 2018).

This proportion is rising continuously with more people joining to participate.

The high level of participation in joining the platform economy is arguably due to

the advantages it brings including the greater flexibility, autonomy and higher oppor-

tunities for individuals - as well as the possibility of globalising work for those living

in countries with less economic opportunity (World Economic Forum, 2015). But at

what cost? This type of employment based on the platform economy, might redefine

the structure of jobs, challenge how companies operate, and create disruptions on

the system - but we do not know how big or in what direction this disruption is

occurring. Work has now been packaged as being flexible, but this also means that

the talent utilising these platforms also has no access to traditional protections such

as insurance and pension schemes. There are indeed serious questions about values

and risks in the platform economy.

Considering how big the platform economy has become, for example in terms

of the rapidly increasing labour force joining the digital platform, it is pertinent

to have a better understanding of how online platforms work, the benefits and

opportunities they create, as well as the challenges and the negative repercussions

that emerge. However, it is important to note that different types of platform economy

will lead to different challenges and problems that need different intervention for
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regulation. Given that the problem is not ubiquitous, each platform needs to be

analysed independently. Based on this consideration, this thesis focuses on a a single

platform, the short-term holiday rental, Airbnb. Thus, the detailed study of the

possible impacts of Airbnb as a form of digital platform can be carefully examined.

Airbnb has a high prominence in the tourism economy in terms of its relations to

urban functions (housing, urban tourism, etc.) as well as the regulatory approaches

that are taking place in various cities world-wide. By implementing diverse spatial

analysis methodologies, including spatial regression, entropy statistics, as well as

predictive analytics, this thesis provides a critical approach to ways of measuring the

possible impacts of these novel innovations with respect to a city’s structure.

1.2 Research objectives

This research aims to answer the main research question "how can we measure

possible impacts stemming from the wide adoption of Airbnb as a form of digital

platform economy?" Mainly using Airbnb data in London as a case study, the

research objectives are formulated as follows:

1. To examine the spatiotemporal configuration of Airbnb listings.

2. To investigate the relationship between Airbnb and elements of urban tourism

such as hotels and retail activities (specifically the food and beverage or F&B

establishments) as well as accessibility to public transport.

3. To analyse the possible Airbnb disruptions on the housing market structure

with respect to the relationships between location of Airbnb with increasing

rent prices of housing.

4. To construct a model forecasting possible future locations of Airbnb and its

associated potential rents that emerge from these locational patterns.

The general hypothesis is that the proliferation of the online platform economy
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provides both disruptions and opportunities. Thus, understanding the dynamics and

the underlying mechanisms will allow proper responses that ensure the positive

implications of sharing towards the urban system which might mitigate conflict as

well as disruption.

1.3 Contribution to knowledge

This thesis analyses the topical issue of the online platform economy. It provides

an in-depth analysis of a particular digital platform, Airbnb. The analysis and

results could contribute to enriching our current understanding of how the platform

economy works as well as its possible impacts on cities. This is especially important

considering the growing popularity of digital platforms in the last decade. Its

rapid growth has sparked debates worldwide, but the notion is still in its infancy

(McLaren and Agyeman, 2015) and it is not easy to figure out the extent to which

such technologies are transforming the way we structure our cities (Batty, 2016).

Thus, the first part of this thesis contributes to providing a better understanding of

how the platform economy might affect the labour market system and the regulatory

implications of different types of online platforms.

A huge part of the thesis is then focused on an in-depth analysis of Airbnb from

different perspectives. As a global phenomenon, various studies in different cities

show how Airbnb has disrupted both the hotel industries (Zervas et al., 2016; Gut-

tentag and Smith, 2017; Neeser et al., 2015; Jamie Lane, 2016) and the housing

system (Schäfer and Braun, 2016; Lee, 2016; Horn and Merante, 2017). But there is

still a gap in our understanding of the spatial distributions of Airbnb with respect to

elements of the urban system such as urban tourism and housing and we will cover

this in this thesis.

Moreover, housing affordability problems could have complex social and economic

effects. However, the growing literature on how Airbnb affects the long term housing

market is still very limited, with very little quantitative research available. Even
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though Airbnb has made headlines for years, we do not have enough scientific data

and observations which ground an analysis of how the phenomenon might contribute

to the increasing rental prices in cities by possibly distorting housing supply in terms

of the long term housing market. Also, the case of Airbnb is very city-specific and

this implies that much more research in different cities worldwide is necessary. Thus

this thesis contributes in the development of a comprehensive analysis of how Airbnb

affects housing specifically in London, in terms of the diversity of dwelling types,

the effect on housing supply as well as predictions of future Airbnb locations.

This thesis fills-in gaps in our knowledge of the platform economy and presents the

problem of Airbnb by re-contextualising existing techniques and models such as

spatio-temporal analysis, entropy statistics and spatial interaction models. Through-

out this thesis, we will advance our knowledge on how a platform such as Airbnb

affects the city’s structure in general. Overall, it enhances our understanding in

terms of the recent development of the platform economy while also providing for a

comprehensive analysis of possible impacts which emanate from an individual plat-

form, Airbnb, and we examine these impacts from various descriptive and analytical

perspectives.

1.4 Data sources

The adoption of Airbnb platform in cities has a close association with many ele-

ments of the urban system. The term urban system is complex, describing a set of

sub-systems interacting in the urban context including components such as urban

settlements, retail activities, populations, government, etc. Thus, a diverse range of

datasets are used to produce viable results that can inform how the platform economy,

specifically Airbnb, might affect cities. In this thesis, these datasets are introduced

in the following subsections:
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1.4.1 Tourism related data

1. Airbnb

This thesis uses publicly available data of Airbnb which has been scraped by

Murray Cox and is available to be accessed from the ‘Inside Airbnb: Adding

Data to the Debate’ (insideairbnb.com) website. The website is independent

(that is, it is not related to the official Airbnb site) and is protected under a

Creative Commons CC0 1.0 Universal (CCO 1.0) ‘Public Domain Dedication’

license. Inside Airbnb contains both the tools to analyse how Airbnb affects

neighbourhoods by providing interactive visualisations and basic Airbnb stat-

istics, as well as raw data available for download as CSV files. The website

serves as a data repository for Airbnb in North America, Europe, Africa,

Asia/Pacific and Latin American cities.

The data includes:

• Hosts and listings identifications including ID, picture (both listing and

host), a summary of the listing, description, host name, the host since a

given date, etc.

• Spatial locations including information about the neighbourhood, the city,

the country, and the geographical locations of the accommodation in the

form of latitude and longitude, whether exact or anonymous. Note that

Airbnb can use anonymous locations for security purposes; the location

for a listing on the map will be from 0-450 feet (150 metres) of the actual

address and listings in the same building may appear "scattered" in the

area surrounding the actual address. The raw data also show whether the

Airbnb locations are exact (meaning not anonymised) or not.

• Listings detail information including property type, room type, how

many guests can be accommodated, number of beds, bedrooms, price,

minimum nights, reviews, etc.

The data represents activities recorded on the Airbnb website since 2008

insideairbnb.com
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when it was launched until the year of data collection. Limitations include

disappearing listings because of actions taken by the hosts that make listings

invisible such as cancelling, ’snoozing’ and deactivating listings. The hosts

can cancel their account entirely, thus removing their profile and listings and

activating back a cancelled account can be done by contacting Airbnb directly.

Alternatively, hosts can snooze - pause listings and hide them from search

results - and (temporarily or permanently) deactivate listings. The platform is

rather unstable in this regard.

The complete datasets are obtained from different months and years as follow:

(a) London

• 2019: 05 May, 09 April, 07 March, 05 February, 13 January

• 2018: 07 December, 04 November, 06 October, 10 September, 08

August, 07 July, 11 May, 8 April

• 2017: 04 March

• 2016: 03 October, 02 June, 02 February

• 2015: 02 September, 06 April

(b) San Francisco

• 2019: 03 May, 03 April, 06 March, 01 February, 09 January

• 2018: 06 December, 03 November, 03 October, 08 September, 06

August, 05 July, 09 May, 06 April, 04 March, 02 February, 17

January, 10 January

• 2017: 07 December, 02 December, 08 November, 01 November, 02

October, 02 September, 02 August, 02 July, 02 June, 02 May, 02

April, 02 March, 02 February, 01 January

• 2016: 03 December, 02 November, 01 October, 02 September, 02

August, 02 July, 02 June, 02 May, 03 April, 02 February

• 2015: 02 December, 01 November, 02 September, 04 May
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In this thesis, four different datasets from these counts are as shown in Table

1.1 and these are used for case studies which follow:

City Month Year Counts Counts (reviews) Ratio (reviews) Chapter
London June 2016 42,646 28,398 0.67 3
San Francisco June 2016 8,619 6,396 0.74 3
London May 2018 69,886 50,466 0.72 4 and 5
London May 2019 80,767 60,194 0.75 5 and 6

Table 1.1: The Airbnb datasets used for the analysis throughout the thesis.

2. Points of Interest (PoI) data from Ordnance Survey

Ordnance Survey is the British national mapping agency that provides geo-

graphic data for government, business and individuals. The Points of Interest

dataset refers to the location-based directory of all public and privately owned

business, education and leisure activities in Britain. The data consists of over

four million records across different themes: accommodation, eating and drink-

ing, commercial services, attractions, sport and entertainment, education and

health, public infrastructure, manufacturing and production, retail, as well as

transport. We use the points of interest data for 2016. The data structure is point

data in which each of the data points is given some attributes including their

geospatial information. For complete information about the data see the link

here https://www.ordnancesurvey.co.uk/business-government/products/points-

of-interest. In this thesis, only London data is used, and this involves two

themes.

• Accommodation data is a classification in the Points of Interest data

with sub-classifications as follows:

(a) Bed and breakfast and backpacker accommodation

(b) Camping, caravaning, mobile homes

(c) Holiday parks and centres

(d) Hotels and refuges for the homeless

(e) Hotels, motels, country houses and inns

(f) Self-catering

https://www.ordnancesurvey.co.uk/business-government/products/points-of-interest
https://www.ordnancesurvey.co.uk/business-government/products/points-of-interest
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(g) Timeshare

(h) Youth accommodation

• Eating and drinking establishments is data consisting of sub-

classifications as follows:

(a) Banqueting and function rooms

(b) Cafes, snack bars and tea rooms

(c) Fast food and takeaway outlets

(d) Fast food delivery services

(e) Fish and chip shops

(f) Internet cafes

(g) Pubs, bars and inns

(h) Restaurants

3. Annual survey of visits to visitors attractions from Visit Britain in 2015

The link www.visitbritain.org contains annual visits to approximately 88 most

popular tourist attractions in London. This is a self-reported survey by the

attractions and does not contain all the tourist attractions. It is limited to those

who are willing to provide the information. The complete lists of the 88 tourist

attractions can be viewed in Appendix B - Annual survey of visits to visitors

attractions from Visit Britain in 2015.

4. Public Transport Accessibility Index (PTAI) 2015 in LSOA level from

Transport for London (TfL) available in the London Datastore (link:

https://data.london.gov.uk/dataset/public-transport-accessibility-levels) and

this provides an indicator of public transport accessibility based on their prox-

imity to diverse urban activities as well as the frequency of the available

services.

www.visitbritain.org
https://data.london.gov.uk/dataset/public-transport-accessibility-levels
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1.4.2 Housing related data

Different datasets related to housing are put together, from dwelling types to housing

stock as well as rental prices as follows:

1. Population Census data 2011 for dwelling types and tenure from the Of-

fice for National Statistics

In the UK, census data is a source of detailed socio-demographic statistics that

is collected every ten years, most recently in 2011. This contains data on the

dwellings, household spaces and accommodation type data for output areas

(census code: KS401EW). Dwellings in England and Wales are classified by

type of accommodation including:

(a) Whole house or bungalow: Detached

(b) Whole house or bungalow: Semi-detached

(c) Whole house or bungalow: Terraced (including end-terrace)

(d) Flat, maisonette or apartment: Purpose-built block of flats or tenement

(e) Flat, maisonette or apartment: Part of a converted or shared house (in-

cluding bed-sits)

(f) Flat, maisonette or apartment: In a commercial building

(g) Caravan or other mobile or temporary structure

The housing tenure data classify property ownership as follows:

(a) Owned outright

(b) Owned mortgage/loan

(c) Social rented

(d) Private rented

2. The housing stock data from the Valuation Office Agency. This consists

of the data on the available property stock per-LSOA in London in 2015.
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3. Rental prices data from the Zoopla property website obtained from Zo-

opla Limited, © 2018 by University of Glasgow - Urban Big Data Centre.

This is a longitudinal dataset from 2010 - 2017 by Zoopla, a private property

website that gathers the sales and rental price information when a unit is being

listed for sale or rent in the website. For a complete methodology of the data

extraction and cleaning, refer to Appendix A - Zoopla data cleaning.

1.4.3 Boundary and attribute data

(a) London

• Lower Super Output Area (LSOA) Atlas accessible from the London

Datastore containing a summary of demographic and any related

data from various sources. This dataset is available for download

through this link https://data.london.gov.uk/dataset/statistical-gis-

boundary-files-london.

• Ordnance Survey (OS) Open Data, the National Mapping Agency of

Great Britain. This dataset is available for download thorugh this link

https://www.ordnancesurvey.co.uk/opendatadownload/products.html.

(b) San Francisco

• SF Open Data, the City and County of San Francisco official open

data portal available at .

– Analysis neighbourhood - 2010 census tracts assigned to neigh-

bourhood

– San Francisco neighbourhood socio-economic profile

1.5 Methodology summary

Various spatial analysis and urban modelling techniques are presented in this thesis

which comprehensively examines the effect of the platform economy on the spatial

https://data.london.gov.uk/dataset/statistical-gis-boundary-files-london
https://data.london.gov.uk/dataset/statistical-gis-boundary-files-london
https://www.ordnancesurvey.co.uk/opendatadownload/products.html
https://data.sfgov.org/
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structure of cities. The topics, data and methodology used are summarised in Figure

1.1. In each chapter, a thorough explanation of the methodology is presented further.

Thus, in this section, only a brief explanation is given of each of the proposed

methodologies.

• Spatio-temporal analysis using the space-time cube. The space-time cube

provides an interactive analysis of data that contains spatial and temporal

attributes in a geo-visualisation environment (Kraak, 2008). The nature of the

analysis is exploratory, to gain a better understanding of how the phenomenon

is distributed in geographical locations across time. In this thesis, we use

this spatio-temporal method to explore our Airbnb data, by examining Airbnb

listings based on first review. This enables the analysis of spatial hot and cold

spots, in addition to deriving seasonality patterns. This method is used as a

first step in exploring our Airbnb data.

• Local spatial regression using geographically weighted regression (GWR)

and multi-scale geographically weighted regression (MGWR). The use of

local regression to capture spatial heterogeneity is not new as dealing with

spatial data often includes dealing with the presence of spatial autocorrelation.

The use of geographically weighted regression (and now the multi-scale GWR)

is proposed as a methodology to capture dependencies between Airbnb and

other elements of urban tourism. The concept follows the method proposed by

Brunsdon et al. (1996) and Fotheringham et al. (1998, 2017) which focuses on

examining the local spatial variations within the system.

• Entropy and inferential statistics. The use of entropy statistics is used

here in its most basic form, where diversity is measured according to the

greater variations of dwelling types in London. We use entropy and inferential

statistics to look at the relationships between Airbnb and some elements of the

housing system.

• Gravity spatial interaction modelling assumes that flow is proportional to
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the degree of attraction and inversely proportional to the distance between

them. Using this basic assumption, we compute the accessibility index based

on the singly constrained model and develop the doubly constrained model to

predict the optimum location and potential rents of Airbnb.

Figure 1.1: Topics, data, and methodology summary.

1.6 Structure of the thesis

This thesis is divided into seven chapters that together elaborate on how platform

economies might impact cities.

In this Chapter 1 the background to the study is introduced, with the introduction to

the research objectives, the contribution to knowledge, the complete set of data used,

as well as the summary of the methodology. This chapter gives an overview of the

thesis structure to help readers navigate clearly throughout the text that follows.
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Chapter 2 is an exploration of the theoretical definition of the online platform eco-

nomy, summarising the different types of platforms and the way these platforms

might disrupt established industries and create changes in the labour system. Dif-

ferent types of platforms are discussed, such as Uber, Amazon MTurk, and Airbnb.

This chapter also includes a quick overview of regulation issues associated with the

online platform economy.

Chapter 3 provides an initial exploration of Airbnb globally in several major cities

worldwide. Consequently, London and San Francisco are chosen to be investigated in

more detail using the space time cube based on the 2016 data. The results are clusters

of Airbnb locations with high supply as well as the trends of Airbnb locations based

on when they receive their first reviews.

Chapter 4 examines how hotels, locations of food commerce and access to public

transport can be used as estimates for Airbnb density by modelling them at the local

level using geographically weighted regression (GWR) and multi-scale geograph-

ically weighted regression (MGWR). These local models are superior compared

to the global regression model in terms of capturing the specific (local) locations

where independent variables can be used as Airbnb estimates. Overall, food and

beverages (F&B) establishments are consistently a positive estimator of Airbnb while

the association with hotels and access to public transport are much more complicated.

The utilisation of the local model allows us to capture the Airbnb phenomena in

association with the urban tourism elements, especially in central London areas.

Chapter 5 shows possible Airbnb disruptions to the housing market. This is based on

an analysis using entropy statistics that assesses the correlation of Airbnb distribution

with dwelling types and housing tenure. The result shows a positive correlation

of Airbnb and a single dwelling type, which corresponds in general to purpose-

built flats, conversions and flats in commercial buildings and areas that have a high

proportion of privately rented properties. These impacts of Airbnb detract more than

0.15% of the housing supply into short-term rentals. Such a phenomenon can reach

up to 6% in some neighbourhoods.
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In Chapter 6, a predictive model is constructed by calculating the accessibility

index of Airbnb locations relative to their proximity to the most visited tourist

attractions in London and the ease of travel to those destinations based on the singly

constrained gravity model. As the singly constrained model is rather limited in terms

of predicting Airbnb’s future locations, another constrained model is introduced,

where rents can be derived from the model. The result of the second model is more

robust, not only with respect to their optimum locations but also to potential Airbnb

rents.

Chapter 7 closes with a general summary, focusing on the limitations of the study,

further work and concluding remarks. The implications of these findings are dis-

cussed as instruments to inform policies associated with the online platform economy

in relation to the disruption of urban spatial structure. This thesis concludes that

the policy recommendations surrounding Airbnb should be proactive rather than

reactive and the thesis serves to introduce tools to support innovation but mitigate

the potential risks of creative destruction through the online platform economy.

The overall argument of the thesis is that the platform economy brings possible

disruptions to various elements of urban function, and understanding these impacts

might help us understand how to move forward.



2
The online platform economy

"Uber, the world’s largest taxi

company, owns no vehicles.

Facebook, the world’s most popular

media owner, creates no content.

Alibaba, the most valuable retailer,

has no inventory. And Airbnb, the

world’s largest accommodation

provider, owns no real estate.

Something interesting is happening."

Tom Goodwin | Techcrunch, 2015
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This chapter delves into the theoretical background of the emergence of the online

platform economy for the past decade, where economic transactions happen on-

demand and are mediated by Internet technology. The rapid adoption of online

platforms is viewed from the disruptive innovation lens in terms of how they capture

the mainstream market and the way in which they affect the labour forces who

provide the work through these platforms. It is problematic to categorise these types

of activities into existing regulations and formulations, making it difficult for both

cities and incumbent industries to regulate and respond. Challenges arise, especially

in terms of creating the appropriate policies. Airbnb is examined from a comparative

policy perspective as an example.

2.1 Theory and definition

Nowadays, there is a blurred line between our physical and digital world as the two

are increasingly intertwined. Schmidt and Cohen (2015) call it the new digital age,

where everything is interconnected through Internet technology, and this has impacts

on how the two worlds coexist, conflict, and complement one another. These are

unprecedented, and people are grappling to make sense of the phenomenon. Among

the most discussed topic is the emergence of the new economy as a result of the wide

adoption of Internet technology that connects our global community (Albinsson and

Yasanthi Perera, 2012). The challenges of physical distances and other information

barriers get diminished, facilitating the transactions that are based on our networked

digital world (McLaren and Agyeman, 2015).

Many attempts are being made to elucidate this discourse, as Dredge and Gyimóthy

(2015) find that no fewer than 17 terms are used, including collaborative consumption

(Botsman and Rogers, 2010), the ’sharing economy’ (Richardson, 2015), pseudo-

sharing (Belk, 2010), the mesh economy (Gansky, 2010), the sharing paradigm

(McLaren and Agyeman, 2015), and the access economy (Rifkin, 2001), while the

most recent is the platform economy (Scholz, 2016). Most are being criticised
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because these terminologies are considered problematic as they tend to largely

overlook the core concept of what is actually happening on the ground. This is

especially true for the popular term ’sharing’ economy that has been used widely,

emphasising the notion of sharing for what essentially is an economic transaction

(Belk, 2014). The term sharing is parallel with values of fairness, sustainability,

openness and collaboration (Schor et al., 2016) that are not always present in these

commercial transactions (Belk, 2014; Schor et al., 2016).

One of the most used terms besides ’sharing economy’ is collaborative consumption.

Botsman and Rogers (2010) define collaborative consumption as a system with

greater efficiency and access to assets, displaying three important elements: product-

service systems, redistribution markets, and a collaborative lifestyle. The first

element, product-service systems, shows the shifts in people’s preferences where

maximum utility is a more desirable quality rather than ownership. Therefore, these

elements enable multiple products to be shared, maximising utility. The second

element, the redistribution market, refers to the creation of a second-hand community

where pre-owned goods can be redistributed to extend the life cycle of these products.

The last element is a collaborative lifestyle through sharing and exchanging to create

social connectivity.

Moreover, collaborative consumption can be achieved if its four principles are

present, which are trust between strangers, idling capacity defined below, critical

mass, and belief in the commons (Botsman and Rogers, 2010). Trust is a fundamental

precondition in collaborative consumption. Thus systems are created to support the

trust-building for interaction through digital platforms. Möhlmann and Geissinger

(2018) introduced several cues which are leveraged when establishing trust including

peer reputation (often based on digital ratings) that offers accumulative knowledge

of other online members, digitalised social capital that connects peer profiles to

other social media platforms such as mutual connections in Facebook, detailed

provision of information such as photos, interests, age, skills; escrow services where

digital platforms extend the security system by protecting money in case problem
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occurs during the transactions; and lastly validation and insurance for example

where platforms validates government IDs or phone numbers as well as providing

protection from risky incidents. The second principle, idling capacity, relates to the

untapped values both socio-economically and environmentally, of underused assets

(Botsman and Rogers, 2010). This could be in the form of physical, labour and

capital assets. For collaborative consumption to work effectively, the system needs

to reach critical mass, where there are enough choices in the system for participants

to feel satisfied. The last principle is a belief in the commons, where people who

participate in the collaborative economy add values to the overall system. However,

in her TED talk, Rachel Botsman emphasised that there is a clear distinction between

the ’true’ sharing or collaborative consumption with the on-demand applications that

makes it easier to access things (Botsman, 2010). The collaborative consumption

focus is not very straightforward especially in capturing the capitalistic side of the

new economy, thus it is not able to capture the whole concept of a digital-based

economy (Rogers, 2016).

For the purpose of this research, we will use the term Online Platform Economy

(OPE), that emphasises from the producers and consumers easier access to labour,

goods and services, on-demand, generally at a lower cost compared to traditional

transactions (Drahokoupil and Fabo, 2016; Scholz, 2016). This term is prefer-

able because it is less convoluted compared to other terminologies. According to

Drahokoupil and Fabo (2016), there are three important aspects of the platform

economy. Firstly, companies create platforms providing a necessary algorithm for

pairing up the matching of labour/asset providers and users. Secondly, transaction

costs are significantly reduced allowing micro-transactions (thus lowering the barrier

to entry for a peer-to-peer transaction) and outsourcing of labour. Lastly, the risks are

managed to address many potential market failures, for example by using a review

system to build trust.

De Groen and Maselli (2016) differentiate the platform economy into the virtual

global services (where work can be distributed without the needs of physical pres-
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ence) and local services (where platforms enable local transactions such as work to

happen). This differentiation can be further categorised into the type of the sector,

whether the platform enables labour to be hired or capital to be sold/leased. Ex-

amples of virtual services in the labour sector are Amazon Mechanical Turk (MTurk

- https://www.mturk.com), a crowd-sourcing marketplace for a workforce who can

perform tasks virtually, from data validation, research, content moderation, etc.,

and UpWork (https://www.upwork.com), a freelancing website for highly-skilled

labour in various sectors including architecture, data science, and web development.

Another example of a virtual service in the capital sector is peer-to-peer lending such

as Upstart (https://www.upstart.com) that expands loan eligibility to not only include

credit scores, but also education and job histories.

Virtual Physical
Labour Labour marketplace i.e. Amazon

Mechanical Turk (Mturk) and Up-
Work.

Transport: drivers providing ser-
vices in transporting people or
goods i.e. Uber, Lyft and Non-
transport: workers offering ser-
vices such as home repairs (i.e.
TaskRabbits) or knowledge (i.e.
TakeLessons)

Capital Peer-to-peer lending marketplace
i.e. Upstart, Funding Circle and
Prosper Marketplace.

Leasing assets / capital such as
Short term rentals marketplace
i.e. Airbnb, Roomorama, Love-
HomeSwap, Onefinestay, Wimdu
and leasing marketplace i.e. Pave-
mint for parking space.

Table 2.1: Sectors and examples in the platform economy (Source: De Groen and Maselli
(2016) and Farrell and Greig (2017))

The second category corresponds to platforms that provide physical or local services

where the transaction that happens virtually is followed by a physical interaction. In

this latter category, the platforms enable local interaction by acting as an intermediary

to ensure access between users and providers that can benefit both parties. Local

services offering labour are further divided into transport-related work (i.e. Uber

- https://www.uber.com and Lyft - https://www.lyft.com) as well as non-transport

related work (i.e. TaskRabbit - https://www.taskrabbit.co.uk and TakeLessons -

https://www.mturk.com
https://www.upwork.com
https://www.upstart.com
https://www.uber.com//gb/en/
https://www.lyft.com
https://www.taskrabbit.co.uk
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https://takelessons.com). Some examples of local services that offer lease to assets

/ capital are short term rental platforms such as Airbnb (https://www.airbnb.co.uk)

and Pavemint (https://www.pavemint.com), a peer-to-peer marketplace for parking

spaces. For a summary of these sectors and examples, please refer to Table 2.1.

The adoption of these type of digital platforms worldwide has led to various questions.

Will it transform the way we structure our cities? (Batty, 2016), should cities

regulate or deregulate? (Ranchordás, 2015; Dyal-Chand, 2015; Miller, 2016), do

digital platforms disrupt established industries? (Zervas et al., 2016; Guttentag,

2015), what are the implications for urban functions? (Gutierrez et al., 2016),

how do policymakers respond to the platform economy (Ranchordás, 2015), and

do these platform economies exacerbate inequalities by causing a digital divide?

(Van Dijk, 2006). Most of these questions remain unexplored. This chapter thus

begins to explore some of these pressing issues by analysing the phenomena based

on theoretical concepts.

2.2 The disruptive nature of the platform economy

The growing importance of the platform economy is globally apparent, and one of the

widely discussed topics is the disruptive nature of these integrated software systems

(Schmidt and Druehl, 2008; Batty, 2016; Laurell and Sandström, 2016; Guttentag and

Smith, 2017). Looking from the disruptive innovation lens, digital advancement has

somewhat facilitated the transformation of the established market and the emergence

of new markets by providing alternative services that might replace the already

established system (for the detailed theoretical concept of disruptive innovations

refer to Bower and Christensen (1996)). For example, Airbnb shows tendencies

of becoming a direct substitute for hotels, lowering hotels’ revenue by competing

for similar market-share (Guttentag et al., 2018; Zervas et al., 2016). Uber, has a

long history of competition with the taxi industry, with various conflicts arising due

to the rivalry (Cramer and Krueger, 2016) with several such services going out of

https://takelessons.com
https://www.airbnb.co.uk
https://www.pavemint.com
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business. Upstart, the P2P lending platform, disrupts the traditional banking system

by offering a more accessible ecosystem for consumer lending (Mateescu, 2015).

These companies appear in the market and capture the mainstream players rapidly,

as they grow notoriously fast.

As the proposed theory of disruptive innovation has focused on the product-based in-

dustry, such as the disruption of cellphone to land-line and laptop to home computers

(Bower and Christensen, 1996), we are presented with a new kind of disruption,

stemming from technological platforms. Sampere (2016) identified how the two

different types of disruption have different impacts, as the product-based impacts

the industry from within, changing consumer preferences, while the platform-based

systems create ripple effects both within and beyond the industry by further creating

societal changes (Sampere, 2016). Thus, it could be problematic to categorise these

digital platforms as part of the traditional disruptive innovation definition.

2.2.1 How digital platforms capture the mainstream market

Christensen et al. (2015) argue that people have been carelessly using the theory

to define all kinds of digital platforms without assessing further if those really are

disruptive innovations, or some other form of innovation. Examining fully the type of

disruptions taking place can help us gain a better understanding of how it affects the

market system and the ways to respond strategically (Gobble, 2016). For example,

Christensen et al. (2015) provide arguments that Uber, one of the most used examples

of disruptive innovation does not meet the prescribed criteria. Although the company

is disruptive in a broader sense, it does not originate in a low end / new market

foothold, capturing opportunities not existing before (thus turning non-consumers

to consumers). It is not considered inferior initially before catching up with the

mainstream market, which is a characteristic of disruptive innovations. Instead, Uber

grows strongly from the point at which the company enters the market and competes

with the Taxi industry head on, which is the incumbent in the industry.
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Schmidt and Druehl (2008) mapped out the different types of innovations according

to their diffusion types using four categories; sustaining innovation, disruptive

innovation, new-market disruption and low-end disruption. Uber might be more

appropriately categorised as sustaining innovations. They improve the products and

services in the eyes of the incumbent’s customer, through incremental advances

as well as a major breakthrough, thus capturing the mainstream market quickly

(Christensen et al., 2015; Schmidt and Druehl, 2008). Instead of capturing the

low-end market, they capture the high-end of the existing market first, then they

diffuse to the overlooked segment (Christensen et al., 2015). The case of Airbnb is

not as straightforward, as it both captures the market segment not existing before as

well as those who are in the mainstream market. It is better suited as a new-market

disruption, where the platform opens up a detached market, fulfilling the customer’s

need that is significantly different from the incumbent’s consumers (Schmidt and

Druehl, 2008). But over time, Airbnb encroaches the mainstream market both from

the supply and demand side. The latest Airbnb strategy is hotel acquisition by

adding a ’boutique’ category so hotels can advertise their rooms via the platform and

identify themselves as hotels as well as building Airbnb branded apartments (Ting,

2018). The common thread is that it is debatable whether or not these powerful

companies (Uber valued at $120 Billion in 2018 and Airbnb valued at more than

$30 Billion - according to data from the American online publisher of technology

industry, TechCrunch) provide uniform kinds of disruption. Thus, it is important to

see these phenomena in a more critical way.

2.2.2 The platform economy and the fundamental changes in the la-

bour market system

When talking about the platform economy, we need to consider two narratives: the

one promoted by the digital companies and the counter-narratives, related to the

impact on the system. Perhaps the most pressing topic is how the labour system is

changing as these platforms are providing alternative employment opportunities to



2.2 – The disruptive nature of the platform economy 27

become platform workers and how these differ from traditional workers. The first

side of the narrative advocates the new opportunities, ones that are easy to enter, with

huge market share providing economic growth for the under- and unemployed, where

jobs are flexible and data-driven to ensure compatibility between service providers

and consumers (Pasquale, 2016). Monetary reasons and flexibility are the biggest

draws for providing work through digital platforms (Teodoro et al., 2014). Many

people join as Uber drivers to provide additional earnings to supplement their main

income and become financially independent (Berger et al., 2018). Hosts rent out

their homes in Airbnb, or other short-term rental platforms to supplement rents or

mortgages (Ikkala and Lampinen, 2015; Jefferson-Jones, 2014). According to a

study by Farrell et al. (2018), many of these workers still have their traditional source

of income (according to the study in the US), where earnings from platforms account

for around 54% of observed total income for active workers and 20% for occasional

workers. Moreover, flexibility and autonomy is another large motivation to enter

as platform workers (Berger et al., 2018). Generally, these technologies offer some

sort of self-employment, where workers are given the freedom to arrange their own

schedules and autonomy to choose jobs as they see fit (Garben, 2017).

But there is also the counter-narrative. In many cases, these platform workers

are defined as ’driver partners’ such as in the case in Uber, ’taskers’ as it is in

TaskRabbits, and ’hosts’ as in Airbnb. The common thread is that the platforms

release themselves from responsibilities of becoming an employer, by separating

the workers from their own entity and label them as micro-entrepreneurs (Kuhn and

Maleki, 2017; Finck, 2017). This has left the platform workers without benefits

or protection, while the workforce pool in the platform economy keeps on getting

bigger (Farrell et al., 2018). This means that an increasing number of workers are

vulnerable and under-protected by the existing regulatory system (Prassl and Risak,

2015). These platforms also allow people from different skill levels, even those who

are below the professional standard, to enter the workforce as ’professional’ drivers

competing against occasional drivers in the case of Uber (Drahokoupil and Fabo,

2016). Furthermore, it is possible that they promote inequalities because the workers
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are depleted in terms of their bargaining power, and there is discrimination by using

picture-based profiles revealing the worker’s race and ethnicity that could result in

the system being biased in terms of who is employed (Pasquale, 2016; Edelman and

Luca, 2014; Cheng and Foley, 2018).

Examining the impact of the platform economy on the labour system also requires

us to look deeper into the different types of platforms. As mentioned before, online

platforms can be categorised as virtual and local services (see again Table 2.1 for

details). How digital platforms affect the workforce in these two platform economy

categories differ slightly from one another. Through digital platforms, the market

becomes highly globalised, where labour is competing regardless of their locations

(De Groen and Maselli, 2016). This is especially true in the case of virtual services,

for example, where workers from Western countries and the Global South are put

together on the same platform which then becomes a big melting pot of workers. In

Amazon MTurk, people can crowd-source jobs easily to batches of workers all over

the world without having to conduct an expensive recruitment process. What used to

be local competition has turned into a global one. One of the main concerns is that

these platforms offer competitive pricing at the expense of the workers. Providing

work through the platforms has gradually lowered the wages for some industries,

as price equilibrium is decreasing following the diversification and saturation of

supplies (De Groen and Maselli, 2016). Based on a study of Amazon MTurk earnings,

workers are being paid generally lower in total because the platform excludes the

time spent by workers who search on tasks as well as the tasks rejected, leaving a

median hourly wage of only $2 per hour when accounting for those unpaid elements

(Hara et al., 2018).

The problem of low wages is also experienced by platform workers that provide

local services. Table 2.2 provides the percentage cuts for each successful service.

For Uber drivers, short routes would leave them penny-less, i.e. the minimum

fare for Uber is £5 in London and after the fee, they will only get £3.75 gross

payment while they still need to cover the costs of providing the services (Wood
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Digital Platform Percentage cut for the platform
Uber 25% from partners (drivers)
TaskRabbits 15% from taskers
Airbnb 3% from hosts and 6% to 12% from guests
Upwork 5% to 20% from freelancer
MTurk minimum 20% for requester
TakeLesson 40% to 10% decreasing based on amount of lessons

Table 2.2: The percentage cut of some online platforms based on the platforms’ official
websites

et al., 2017). In order to ensure workers are not cherry picking the job, and to ensure

even service, these platforms are using algorithmic management, where platforms

’nudge’ their workers to provide services by using a certain system within the

platform (Rosenblat and Stark, 2015). For example, the Uber algorithm makes sure

drivers provide an even distribution of work - both long and short distances - thus the

app strategically does not allow drivers to know the passengers’ destination before

accepting requests (Davidson, 2014). Drivers can only see the pickup locations,

passengers’ ratings and the type of the ride (UberX - normal size car, UberXL -

larger capacity, UberPool - sharing rides with other riders, etc.) (Wood et al., 2017).

This leads to information and power asymmetry between the labour behind the apps

and those who actually perform the tasks (with no stability or benefit)(Rosenblat

and Stark, 2015). In terms of fees, another platform, Airbnb, distributes the cost to

both service providers (hosts) and customers (guests), so the apps fee does not solely

rest on a single entity. TakeLesson on the other hand, offers a decreasing fee based

on the number of lessons, with workers earning 60% for the first 5 lessons, with

10% increases in earnings for every additional five until it reaches 90% of earnings

(https://support.takelessons.com/).

2.3 Regulatory implications

We have discussed the wider impacts of the platform economy towards the labour

market, both from the opportunities they provide and the challenges they present.

https://support.takelessons.com/hc/en-us/articles/202350965-What-is-the-fee-attached-to-my-TakeLessons-earnings-
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As the evidence suggests that digital workers are exposed to liabilities and are

vulnerable, we need to consider measures to address the potential risks from the

platform economy (Drahokoupil and Fabo, 2016; Jepsen and Drahokoupil, 2017).

However, the current regulatory system falls short and is unable to adapt to the

fundamental changes that the platforms bring in general and the labour market

specifically, thus an adequate policy formulation is needed (Garben, 2017). But

before, we need to understand the regulatory mechanism surrounding these digital

platforms. The basic nature of the online platform economy is self-regulation, where

companies are in charge of setting the rules by creating their own terms of services

to ensure the transactions are being carried out efficiently and safely (Finck, 2017).

The form of self-regulation can be seen in the way these platforms work. For service

providers, certain standards (although lower than the traditional barriers) need to

be met. Also, each platform has the capability to deactivate an account as they see

fit if workers violate the companies’ proof of conduct. An Uber driver’s account

can be suspended or deactivated automatically if their rating falls below 4.6 (the

maximum rating is 5) and cancellation rating rises above 10% (in which drivers

cancel the rides after accepting the requests). This suspension / deactivation can be

done without further explanation from Uber (https://help.uber.com). Airbnb can also

deactivate hosts’ listings if they feel that the hosts are unable to provide the service

adequately or have a poor response rate, i.e if they let four consecutive bookings

expire, decline consecutive requests constantly and consistently take more than seven

days to approve an enquiry (https://www.airbnb.co.uk/terms). These measures are

taken to maintain their standard of service in order to compete in the market.

There is also a feedback system as a reinforcement to increase trust in the platforms

(Finck, 2017). Uber drivers can give ratings and reviews for their riders, and these

ratings are visible when the requests from riders appear in the apps. The same

with Airbnb, where hosts can rate guests. Reviews allow a self-organised and

self-managed system to encourage both producers and consumers to build a good

reputation (Malhotra and Van Alstyne, 2014). There is also dynamic pricing for

https://help.uber.com/partners/article/driver-deactivation-policy?nodeId=ada3b961-e3c2-48e6-ac3f-2db5936e37a9
https://www.airbnb.co.uk/terms


2.3 – Regulatory implications 31

those platforms, such as peak hours fare increase for Uber, or higher ’taskers’ price

in TaskRabbits for jobs that come in short-notice. Airbnb offers more revenue due

to better visibility and booking conversions for Airbnb super hosts, giving hosts the

necessary incentives to respond quickly to booking requests and provide services

with higher standards (Airbnb, 2018).

These regulations from within the platform are formulated based on the company’s

interests generally to maximise profit. Therefore, self-regulation might not be

sufficient to protect both the workers and the public interests. This is where the city

or statewide regulations come into play, to make sure that the interests of private

parties are not preceding the public ones. However, challenges arise as many of the

existing rules are outdated and made for offline commerce, thus not fully appropriate

for digitally mediated services (Finck, 2017). The platforms are also resistant to the

regulations by arguing that as a technological company, they are not accountable for

the works done by their ’partners’ or workers (Hall and Krueger, 2015; Wallsten,

2015). Knowledge asymmetry also occurs between platforms and regulators due

to the lack of understanding between the platform’s definition, operating systems

and their overall impact because the data is generally private and closed (Cohen and

Sundararajan, 2015; Finck, 2017). Some of the most recurring regulatory problems

is related to the type of work, tax, safety, health, consumer protection, city zoning,

among other things (Garben, 2017).

But as with other aspects of the online platform economy, the regulatory implications

are different across platforms. In the next section, we will focus on examining the

regulatory debates surrounding one particular sector: home sharing using Airbnb as

a case study.

The case of Airbnb

If we look at the case of Airbnb, a home-sharing app, regulation and taxation are

aspects that have created many controversies surrounding the platform. Compared
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to hotels, Airbnb is considered experimental and under-regulated due to its unpre-

cedented nature (Dyal-Chand, 2015; Miller, 2016; Hacki and Lighton, 2001). Some

studies associate this under-regulation with informality, such as Guttentag (2015)

who referred to Airbnb as ’informal tourism sector’ because generally they are not

located in the appropriate zoning codes and thus deviate from various ordinances

(Guttentag, 2015). When compared to the traditional hotels, hostels, B&Bs and

other incumbents, Airbnb lacks comprehensive policies that regulate customers,

businesses, and government as key players in the tourism industry (Guttentag, 2015).

Figure 2.1: Left: A protest in San Francisco published in The New York Times in 2014
allegedly because the landlord converted their units into Airbnb rentals. Source:
Justin Sullivan / Getty Images in Benner (2016). Right: Protest in supporting
the home sharing outside the City Hall in New York in 2015. Source: Bebeto
Matthews.

Over the years, conflicts are highlighted by the media, such as the front-page article

in the New York Times by Benner (2016) titled ‘Airbnb in Disputes with New

York and San Francisco’ along with an image of an elderly man holding a big red

sign saying ‘evicted’ in the protest against eviction by landlords as seen in Figure

2.1. The allegation was that the owners converted their units into Airbnb rentals.

There is various similar news linking Airbnb with the soaring house price issues

(Benner, 2016; Farivar, 2016; Truong, 2016; Mclean, 2016). Lee (2016) suggested

a targeted restriction towards Airbnb to prevent distortion in the housing market

through applying for limited permits, only allowing Airbnb in buildings that meet

’the affordability threshold’, limiting the number of days per year as well as enforcing

tax to fund enforcement.



2.3 – Regulatory implications 33

In mid-2016, Airbnb sued the city of San Francisco over the new ordinance that

forced Airbnb hosts to register their listings. The city tried to make enforcement

by putting a $1,000 fine a day for every unregistered host operating via the Airbnb

platform (Benner, 2016). Just a couple of weeks later on June 26th, Mclean (2016)

reported via CNN Money that Airbnb had sued its hometown, San Francisco, in

federal court, objecting to the said ordinance that was to go into effect in late July

2016. The article mentioned that Airbnb contended that the rule violates the Commu-

nication Decency Act’s section 230 (protecting interactive Internet service providers

from being liable for voluntary actions made by users), the Stored Communications

Act (allowing Airbnb not to disclose user contents without subpoena), as well as the

First Amendment’s freedom of speech provision (Mclean, 2016; Farivar, 2016). This

is just to mention a few concerning the way in which the platform economy goes

on head-to-head with regulators, as the platform tends to blur the established legal

boundaries (Finck, 2017).

Cities all over the world have created various attempts in formulating targeted policy

responses to protect the housing stock. Some regulation tightens while other is made

to be more relaxed. Amsterdam implemented ’Amsterdam short stay policy’ in

agreement with Airbnb in 2014, by putting a 10% cap for the amount of private

housing proportion that can be converted into short-stay properties per district. Addi-

tionally, apartments under EUR 710.67 should be available for households with lower

incomes.1 In London, section 25 of the Greater London Council (General Powers)

Act 1973 was previously used to restrict the use of residential premises as temporary

sleeping accommodation, protecting London housing supply and benefiting per-

manent residents by preventing the conversion of family homes into short-term lets.

But on the 26th May 2015, London implemented Section 44 of the Deregulation

Act (HM Government United Kingdom, 2015b) allowing Londoners to rent out

properties for up to 90 days without planning permission, providing there is no

change of use (for which planning permission would be required) (HM Government

United Kingdom, 2015a). Before the Deregulation Act, unlawful short-term rentals

1http://www.iamsterdam.com/en/local/live/housing/rental-property/shortstay
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could cost homeowners a fine of up to £20,000, but this would not affect subletting

by renters who are mostly restricted by the tenancy agreement. For a complete

preview of cities attempts in regulating short term rentals, refer to Table 2.3 where

we compare six cities worldwide in terms of the kind of regulations implemented.

Cities Regulations Details
San Fran-
cisco

Residential Unit Conver-
sion Ordinance (Chapter
41.A) regulating the short-
term rental of residential
units (enacted on 1 Febru-
ary, 2015 legalising short-
term rentals)

Buildings should be owned or rented by per-
manent residents of San Francisco who reside
in the units at least 275 days per year - 90
days rule (not applied for hosted rentals); re-
gister and obtain permit to the Office of Short
Term Rental and pay USD 50 fee good for two
years; Rent Control Laws (not more than what
the host is paying to the current landlord), pay
Hotel Taxes (14%) and obtain business regis-
tration certificates.

London Deregulation Act 2015 Act amending the outdated 1973 Greater Lon-
don Council laws ‘requiring Londoners to get
planning permission for rentals of more than
90 nights, or face a fine of up to GBP 20,000
for each unlawful rental’ making it legal to list
and rent short term rental properties.

Amsterdam Amsterdam Short Stay
Policy

Rental of non-subsidised housing for periods
from seven nights to six months; owner of
property must secure a permit for short stay
rentals and pay a fee, local districts put cap
of 10% of total private housing which can be
granted a permit to ensure sufficient housing
supply for residences.

Berlin Zweckentfremdungs- ver-
bot

New regulation passed in 2014 with a two-
year transition period (began on 30 April) ban-
ning short-term rentals without explicit per-
mission from the Berlin Senate; fines of up to
EUR100.000 for offenders.

Seoul Banned Existing regulation ruled against unregistered
home sharing due to tax and health concerns.

New York Senate Bill S6340A pro-
hibiting advertising the
use of dwelling units in a
class A multiple dwelling

Rentals that last fewer than 30 days are prohib-
ited if residents are not present.

Table 2.3: Regulatory responses to Airbnb in various cities

These policy implementations have served as an example of how cities regulate

platform economies. To develop these arguments further, this thesis will look at
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Airbnb as a case study and analyse in greater detail how this platform economy

impacts the overall city system. Like most kinds of digital platform, the Airbnb

market and its demand are very fluid, experimental and highly adaptive. Thus, much

more remains to be researched and the subsequent chapters will show the complexity

of the phenomenon.





3
Exploring the spatiotemporal

dynamics of Airbnb

"We used to live in a world where

there were people, private citizens, a

world where there are businesses,

and now we’re living in a world

where people can become businesses

in 60 seconds."

Brian Chesky, CEO Airbnb in

Atlantic Aspen Ideas Festival, Aspen

- Colorado, 2014
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In this chapter, we focus on one platform economy: Airbnb, a short-term rental

platform for accommodation. This includes how the platform started and developed

over the past decade, the latest strategies, the underlying mechanisms of the platform,

and the adoption of Airbnb worldwide. This chapter first looks at the Airbnb pattern

globally, in terms of its permeation in several major cities worldwide, including Lon-

don, Paris, New York, Rio de Janeiro, Berlin, San Francisco, Barcelona, Amsterdam

and San Francisco before going into a deeper analysis. Airbnb data for London and

San Francisco are examined using the space-time cube method, to recover spatial

patterns and any seasonality effects. The result of this preliminary analysis is used

as a basis for further analysis in later chapters.

3.1 The rising trend of short-term renting

In recent years, there has been an explosion of short-term rental platforms such as

HomeSwap, Roomorama, HomeAway and Airbnb. These are considered as part

of the platform economy, which refers to the open-access approach of utilising

assets and services (Richardson, 2015; Rifkin, 2001), mostly for-profit (Belk, 2014),

and generally mediated by Internet technology (Schor et al., 2016; McLaren and

Agyeman, 2015). These hospitality platforms offer two main benefits to those who

participate: economic incentives for hosts from renting their underutilised rooms or

properties, and choices of short-term accommodation with extra amenities often not

available at hotels for guests. The biggest short-term rental platform remains Airbnb,

a San Francisco based private technology company offering accommodation in a

marketplace that connects hosts (with entire apartments, private or shared listings)

and guests.

Airbnb was first launched in 2008 by Joe Gebbia, Brian Chesky, and Nathan Blechar-

czyk who started with the idea of providing air mattresses for conference participants

in San Francisco who wanted to find alternative lodging. Figure 3.1 showcases the

info-graphics of how Airbnb started. It shows that the Airbnb idea came out as a
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necessity as the two co-founders were unable to pay their rents. Thus, when a big

conference came to town, they made a simple website (in the form of a blog) to

advertise air mattresses for rent and three people showed up. Realising this potential,

Airbnb was born and now has grown into a company valued at $38 billion in 2018

(Team, 2018). In 2018 there were nearly 5 million Airbnb listings in 81,000 cities

located in more than 191 countries worldwide (Airbnb, 2018).

Figure 3.1: Infographic of Airbnb development since its first launch. Source: Anna Vital,
2014. https://blog.adioma.com/how-airbnb-started-infographic/.

Since then, Airbnb has been experiencing rapid development. In their Press Room

website (https://press.airbnb.com/) Airbnb unveiled the plan to add four property

types - on top of entire flats, private rooms, and shared rooms - with ’Vacation Home’

(such as chalet), ’Unique’ (such as tree houses, igloo, castle) and - as Airbnb is

acquiring more hotels - ’B&B’ and ’Boutique’ (for hotels). There is also an Airbnb

collection for special events such as weddings, honeymoons, group getaways, etc

and new tiers aim at diversifying the range of guests by introducing Airbnb Plus

(verified listings for a high standard of quality and comfort) and Beyond/Luxury

for high-end customers (Airbnb, 2019). Considering Airbnb also introduced the

’Airbnb Experience’ program emphasising guides for travellers, it is clear that Airbnb

https://press.airbnb.com/airbnb-unveils-roadmap-to-bring-magical-travel-to-everyone/
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aspires to extend its services beyond short term rentals, toward a more elaborate

travel agency function, although, the largest market would still be the marketplace

for temporary rentals.

(a) Airbnb web interface for hosts

(b) Airbnb web interface for guests

Figure 3.2: The Airbnb web interfaces

Based on a study by Ikkala and Lampinen (2015), the monetary reason is the

biggest motivation for joining the Airbnb platform especially to supplement high

rent or mortgage prices. Figure 3.2a shows the landing page for hosts and the first

information provided is the possible income per-month by renting their place via the
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Airbnb platform. The calculation is based on the city where the property is located,

the type of listing (whether it is an entire property, shared room or private room)

and how many people can be accommodated. The second message featured on the

website is the flexibility the platform offers (see the section "Why host on Airbnb?"

in Figure 3.2a), emphasising that hosts take full control of their listing in terms of

availability, prices, rules and how much interaction there need be between hosts and

guests. Airbnb has been developing their pricing tools, Smart Pricing, over the years,

and their calculation is based on a machine-learning algorithm considering the type

of listing, locations, seasons, demands, etc. (Hill, 2015). Unlike other platforms who

control their price algorithms, such as Uber, Airbnb only suggests a price to hosts,

but the final decision on the price depends on each host (Gibbs et al., 2018b). Thus,

the pricing for Airbnb listings is very versatile because they are entirely dependent

on the hosts who sometimes set up inefficient pricing to attract more guests (Ikkala

and Lampinen, 2015). Although it increases flexibility, this method also comes with

a drawback as most hosts do not have the capability to calculate optimum pricing

for their listings. So, even though prices fluctuate according to seasons, days of the

week and holidays, 52.2% of the listings do not change in price based on a study in

Canadian cities, thus indicating to some extent a loss of opportunity (Gibbs et al.,

2018b).

Figure 3.2b shows the landing page for guests to make a booking. To inform their

decision, several main attributes are displayed including the location (city), pictures

of the rooms, type of listings (entire flat, private room, shared room), number of

beds, a one-line description of the place for rent and a special badge in cases where

the properties are featured as ’PLUS’ (referring to properties that have been fully

inspected and met certain criterion by Airbnb) or super-hosts (those with excellent

services and communications) (Airbnb, 2018). Per-Airbnb policy, the exact location

of the property is not made public and guests who make a booking will be given the

details afterwards to minimise risks of fraud, invasion of privacy and such issues.

Airbnb adoptions are different in various cities. In this chapter, nine cities where
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(a) London (based on December 2018 data) (b) Paris (based on December 2018 data)

(c) New York (based on June 2018 data) (d) Berlin (based on November 2018 data)

(e) Rio de Janeiro, Brazil (based on February
2019 data)

Figure 3.3: Part 1: Airbnb listings in several cities showing the listings locations ordered
based on how big the supply in each city. Yellow dots represent entire properties,
green dots represent private/shared rooms and blue dots represent shared rooms.
The maps and data are taken from Inside Airbnb website.

Airbnb operate are examined. Figures 3.3 and 3.4 shows the Airbnb pattern in these

metropolitan and historic cities. Table 3.1 shows the summary statistics of Airbnb in



3.1 – The rising trend of short-term renting 43

(a) Edinburgh (based on November 2018
data)

(b) San Francisco (based on December 2018
data)

(c) Amsterdam (based on May 2019 data)
(d) Barcelona (based on November 2018

data)

Figure 3.4: Part 2: Airbnb listings in several cities showing the listings locations ordered
based on how big the supply in each city. Yellow dots represent entire properties,
green dots represent private/shared rooms and blue dots represent shared rooms.
The maps and data are taken from Inside Airbnb website.

London, Paris, New York, Rio de Janeiro, Berlin, Amsterdam, Barcelona, Edinburgh

and San Francisco from Inside Airbnb (http://insideairbnb.co.uk) which collects

publicly available data from the Airbnb website and has provides visualisations to

examine this data. The top three most popular Airbnb locations worldwide in July

2019 are London with approximately 77,000 listings, followed by Paris with 59,800

listings (per-December 2018) and New York with 47,500 listings (per-June 2018)

respectively.

Studies suggest that Airbnb is generally leisure-oriented, as only 10% of its overall

guests are travelling for business purposes according to an Airbnb global market

http://insideairbnb.co.uk
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study (Haywood et al., 2017). Airbnb has transformed global travel by shifting

many of tourist stays to holiday rental apartments (Gurran, 2018) by facilitating

the rise of informal tourist accommodation (Guttentag, 2015). Airbnb is extremely

popular in cities that offer metropolitan tourism (such as London, Paris, New York,

Berlin, Amsterdam, Rio de Janeiro) and historic urban tourism (such as Barcelona,

Edinburgh, San Francisco) as shown by the high number of outlets in these locations

(see Figures 3.3 and 3.4).

Most metropolitan cities have complicated problems of housing markets such as

New York, Berlin and London with a long history of housing affordability, stability,

gentrification and displacement (Fields and Uffer, 2016; Bramley, 1994). The

presence of Airbnb has been blamed on worsening these problems (Barron et al.,

2017; Wachsmuth and Weisler, 2018; Horn and Merante, 2017) especially because

most of the properties are entire flats as shown in Figure 3.5a which describes the

aggregated room type counts in 17 countries worldwide. It shows that overall, most

Airbnb listings are indeed private properties followed by private rooms and shared

room listings as shown in Table 3.1 where we present the count as well as the

percentage of each listing type in nine different cities.

In Paris, almost 87% of Airbnb offered are the entire property type, indicating that

hosts are not usually present when guests rent the place. This is also the case in

Amsterdam and Rio de Janeiro, where 79% and 71% of Airbnb offered are also

entire properties. In Edinburgh and San Francisco, the proportion of entire property

listings is 61%, slightly less than Amsterdam and Paris, but still well over half

of the overall listings. For complete information about the number of counts and

proportion of entire properties, private rooms and shared rooms, refer back to Table

3.1. Figure 3.5b shows the proportion of listing types in London neighbourhoods,

and it shows the same trend as the global trend. The immediate implications are

that these properties might be unavailable for long-term renting, and as the Airbnb

occupancy rate is not always constant, they might be underutilised when not being

booked, and thus these properties are not accessible to long-term renters. A study by
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City ∑ of list-
ings

Entire
property

Private
room

Shared
room

Mean
price
per-
night

Date
(m/y)

London 77096 42758
(55.5%)

33594
(43.6%)

744
(0.9%)

£112 12/18

Paris 59881 51983
(86.8%)

7428
(12.4%)

470
(0.8%)

C111 12/18

New York 47542 23870
(50.2%)

22546
(47.4%)

1126
(2.4%)

$146 06/18

Rio de Janeiro 35887 25629
(71.4%)

9440
(26.3%)

818
(2.3%)

R$626 02/19

Berlin 22552 10722
(47.5%)

11534
(51.1%)

296
(1.3%)

C67 11/18

Amsterdam 19619 15496
(79%)

4056
(20.7%)

67
(0.3%)

C156 05/19

Barcelona 18346 8457
(46.1%)

9715
(53.0%)

174
(0.9%)

C103 11/18

Edinburgh 11985 7366
(61.5%)

4582
(38.2%)

37
(0.3%)

£109 11/18

San Francisco 7072 4366
(61.7%)

2524
(35.7%)

182
(2.6%)

$213 12/18

Table 3.1: Summary statistics for Airbnb worldwide. Source: Inside Airbnb.

Coyle and Yeung (2016) reveals that the occupancy rate in some of these cities is not

particularly high, 33% for London, 35% for Paris, and 39% for Amsterdam based

on a study using web-scraped Airdna (a commercial company that collects Airbnb

data).

Moreover, in historically rich touristic cities, Airbnb might put extra pressure on the

cities’ historic cores (García-Hernández et al., 2017). Take Barcelona as an example,

that has been experiencing a battle between welcoming revenue streams from tourism

and the negative impact of that same tourism. Residents have raised issues related to

various disturbances and damage to historic areas possibly due to the influx of badly

behaving international visitors that have led to a series of anti-tourism protests. This

has pinpointed that Airbnb is perceived to have contributed to these problems, as

highlighted by local news (Santolli, 2016).
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(a) Distribution of Airbnb room type in 17 countries (sample only).

(b) The distribution of ’active’ Airbnb listing (referred to as listings with at least one review)
based on the room types. In nearly all the London boroughs, almost 50% of the properties
being listed are entire homes. Data from Inside Airbnb.

Figure 3.5: Airbnb supply is dominated by entire flat properties.

3.2 The spatiotemporal analysis of Airbnb in London and San
Francisco

As case studies, London and San Francisco have been selected to be examined

further. Here, we use the space-time cube and visualise the spatial pattern of Airbnb

in London and San Francisco based on its geographical and temporal attributes. The
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purpose is to analyse the dynamics of Airbnb activation in London, as indicated by

the time a listing was first reviewed by guests. Areas with more supply are more

likely to receive more activation, thus this method can provide a proxy for the spatial

and temporal elements of Airbnb utilisation, or how they started to be used (indicated

by the first time a listing receives its first review).

For the purpose of the study, we select only the relevant spatial (i.e listing’s geograph-

ical information such as latitude and longitude) and temporal elements including

the date in which each listing receives their first review. We use the date of the first

review as a temporal parameter that the listings have been activated. The ratio of

overall registered listings and the listings with review(s) for the two case studies can

be seen in Table 3.2. For this analysis, the data from October 2016 is used. For a

detailed explanation of the dataset, refer to Chapter 1 Section 1.4.

City Listing count Listings with reviews Ratio
London 42,646 28,398 66.6%
San Francisco 8,619 6,396 74.2%

Table 3.2: Ratio of Airbnb listings with reviews (based on data from Inside Airbnb, 2016).
The Airbnb data from Inside Airbnb consists of point data for each Airbnb listing
in each city. This represents the Airbnb supply, and any listings that are available
for bookings in June 2016.

3.2.1 Methods: the space-time cube

The space-time analysis visualises as well as conceptualises data with both spatial

and temporal attributes and presents them in a way that makes it easier to understand

their spatial relationship and dynamics (Nakaya, 2013). A method often used is the

Space-Time Cube tool that allows us to explore XYZ data (with XY being the spatial

information and Z being the time attribute). Figure 3.6 visualises the structure of the

space-time cube where each cube has a geographic ID that is shared across the time

steps (yellow bins in the image share the same geographic ID) and time-step ID that

is shared across the geographical location (green bins share the same time-step ID).

The output summarises the listing points in the NetCDF (Network Common Data
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Form), the independent data formats for array-oriented scientific data, and aggregates

them into space-time bins. Thus, each data point is assigned to a specific bin with the

correct geographical and time information and aggregated according to the specified

measurement for each bin.

Figure 3.6: Space time cube visualisation. Source: Esri, 2019.

The spatiotemporal analysis using the space-time cube is used to detect spatiotem-

poral clusters (Gatalsky et al., 2004). This methodology is selected to explore the

dynamics of Airbnb using the data of available Airbnb supply. The analysis using the

Space-Time Cube (STC) and Emerging Hot Spot Analysis can provide a quantitative

measure as the basis for determining clusters and trends, specifically the temporal

seasonality and the spatial dynamics. Airbnb is defined using 500 square meters

as the spatial parameter across three different temporal scales (1 month, 3 months

and 6 months) and the analysis reveals rich spatiotemporal dynamics based on the

month each listing first received their first review. The choice of 500 m for the

http://desktop.arcgis.com/en/arcmap/10.3/tools/space-time-pattern-mining-toolbox/visualizing-cube-data.html
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spatial parameter is considered according to the proposed concept of the compact

neighbourhood unit by Perry (1998). This is also accounted for the method applied

by Airbnb to allow anonymous location with precision of up to 150m from listing’s

exact location, so 500 m is considered sufficient to accurately capture the aggregate

locations of Airbnb listings. Airbnb locations are represented as three-dimensional

cubes containing the spatial and temporal information from 2008 until 2016.

Here we use the approximate latitude and longitude of Airbnb locations as the

geographical ID and the time of the first review as the temporal ID. Any data that has

no review is excluded from the overall analysis using the assumption that the listing

is not yet active. Firstly, the latitude and longitude (XY) data of the listings are

transformed into vector data and projected according to accurately provided distance

measurements. Secondly, the active Airbnb listings are aggregated into space-time

bins according to the assigned distance parameter throughout the three-dimensional

cube with regard to their position in space (x and y-axes) as well as time (t). The

cubes are then processed as an input to identify statistically significant trends in

hot and cold spots using the Getis-Ord Gi* Statistic (see Getis and Ord (2010) for

detailed information). The Getis-Ord Gi* is a spatial statistic that allows us to identify

spatial clusters by examining each feature within the context of their neighbouring

features. Neighbours can be defined using the concept of neighbourhood relations

and there are several types of contiguity (bordering) including the Rook Case (shared

edges), the Bishop Case (shared corners/nodes), the Queen Case (shared edges or

corners) and the secondary order contiguity (neighbour of neighbours). Figure 3.7

shows the different types of contiguity and visualises what is defined as neighbours

in the analysis.

The spatial neighbours in this analysis are defined using the Queen Case Contiguity

(based on edges and nodes) and the temporal neighbours are defined using 1, 3 and 6

months parameter window. We calculate the Gi* statistic using Equations 3.1, 3.2,

and 3.3 below:
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Figure 3.7: Different types of contiguity. Source: www.lpc.uottawa.ca/
.

G∗i =
∑

n
j=1 wi, jx j− X̄ ∑

n
j=1 wi, j

S
√

n∑
n
j=1 w2

i, j−(∑
n
j=1 wi, j)2

n−1

(3.1)

where wi, j represents the spatial weighting between i and j, x j is the attribute for

feature j and n is the total number of features. X̄ and S, which are the mean and

variance respectively, can be defined as follow:

X̄ =
∑

n
j=1 x j

n
(3.2)

S =

√
∑

n
j=1 x2

j

n
− (X̄)2 (3.3)

When a feature is surrounded by another high-value feature, it might indicate a

statistically significant hotspot. The sum of the observed bin is compared to the

overall sum of all bins, resulting in returned z-scores (a measure of standard deviation

from the mean) that represents the intensity of the clustering. When a z-score is

statistically significant, a high z-score indicates a cluster of high values and vice-

versa.

After computing the Gi* statistic, each bin is tested using the Mann-Kendall statistic

to explain the temporal trends and the dynamics (Mann, 1945; Kendall and Gibbons,

1990). This statistic is a non-parametric test, that works for all data distributions (a

http://www.lpc.uottawa.ca/publications/moransi/moran.htm
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normal data distribution assumption is not necessary - hence it is distribution-free),

and tests the difference between the earlier and later data points in time (x j− xi)

where j>i. If the value of the previous time step is higher or lower, trends can be

determined by assigning the value of 1 (positive differences), 0 (no difference), or

-1 (negative differences). The assumptions for the Mann-Kendall statistic is that

observations are independent and not serially correlated over time (Mann, 1945). We

calculate the Mann-Kendall statistic S using Equation 3.4 as the sum of the integers

below:

S =
n−1

∑
i=1

n

∑
j=i+1

sign(x j− xi) (3.4)

and the test statistic τ can be computed as Equation 3.5 below:

τ =
S

n(n−1)/2
(3.5)

The null hypothesis is that there is no monotonic trend versus the alternate hypothesis

which assumes that an upward or downward trend exists (Gilbert, 1987). This null

hypothesis is rejected if the value of S and τ are significantly different from zero.

Both the spatial cluster statistic based on the Getis-Ord Gi* Statistic and the trends

from Mann-Kendall statistic are used to identify the emerging hot spots.

3.2.2 Results

The results are divided in two separate sections. In the first section, we only look at

the spatial dynamics of Airbnb counts in 500m x 500m grids. In the second section,

we add the temporal component to our data and aggregate our point locations into a

space-time cube. Figure 3.8 shows the diagram of our results.

From the first analysis, we are able to reveal the spatial pattern of Airbnb based

on their geographical locations. This is essential in exploring our data and start
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Figure 3.8: Diagram for the results presented.

understanding the spatial distribution of our Airbnb locations. After mapping our

Airbnb point data (based on the 2016 data) into the two-dimensional space based on

their geographical locations (latitude and longitude), we analyse these locations of

Airbnb listings by assigning them into the space-time cube using the time hosts first

received their first review as the temporal parameter. We set out three different time

parameters, dividing the cubes into one month, three months, and six months time

slices and assign the points according to these temporal setups. After aggregating the

data into the space-time bins, we can start analysing the spatiotemporal dynamics

that can also reveal the pattern of Airbnb seasonality.

The spatial dynamics

The first analysis involves aggregating our Airbnb data into 500m x 500m spatial

grids. For London, we have approximately 28,000 listings with reviews across the

entire Greater London Area. These listings represent the available Airbnb supply at

the time of data collection in 2016. Each listing has geographic attributes indicating

their locations. We map this out accordingly before aggregating into the specified

grids. Figure 3.9 shows the descriptive statistics for each grid - using cumulative

counts of Airbnb listings. The yellow colour indicates higher values followed by
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green, blue, and purple respectively.

Figure 3.9: Cumulative Airbnb counts in London (3D and 2D perspectives). The colours
show the cumulative counts of Airbnb according to their spatiotemporal bins
that increase overtime.

We present the spatial dynamics both in 2 dimensions and 3 dimensions to show the

contrasts in terms of the number of listings in central London and its periphery. We

can immediately see some peaks where some grids have more listings compared to

others. The advantage of examining this phenomena at such a scale is that we can

immediately see the local peaks of supply. Although the Airbnb supply seems to be

higher in central areas, the highest cumulative counts are scattered in three specific

areas (indicated by the red grid squares). The 3D visualisation shows high peaks

in several locations in Tower Hamlets, Hackney, Westminster and City of London.

These results indicate areas where Airbnb supply is high.

Figure 3.10 shows a closer look at the grids that have the highest cumulative counts

of Airbnb in London. By examining these grids, we can start to have a more

detailed understanding of the spatial locations of Airbnb. It shows that five out of

six areas with the highest cumulative Airbnb count across their spatial attributes are

located in the Hackney and Tower Hamlets areas. The grids with the highest supply

are located in areas around Haggerston, Weavers and Spitalfields and Banglatown,

specifically within walking distance of the Shoreditch High Street Overground line

and Whitechapel Overground and Underground line. These are areas where there are

many available hipster cafes such as Cereal Killer Cafe that sparked neighbourhood
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Figure 3.10: Areas in London with the highest cumulative Airbnb counts in 500m x 500m
grids (Top: West London, Bottom: East London). Five out of six areas with
highest cumulative counts are located in Hackney and Tower Hamlets, areas
with rapid gentrification.

protest as it was assumed as a symbol for gentrification (Khomami and Halliday,

2015). Also, this area is famous with their markets including Brick Lane Sunday

Market and Spitalfields market.

Hackney and Tower Hamlets have been long described as areas commonly associ-

ated with rapid gentrification (Robson et al., 2008). Over the last five years, Tower

Hamlets and Hackney have been experiencing rapid changes. According to a com-
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parison between the Index of Multiple Deprivation in 2010 and 2015, the two areas

are among the top three authorities that have been experiencing the largest point

decrease (Hackney for more than 20% drop and Tower Hamlets for more than 15%

drop).1 Both Hackney and Tower Hamlets are no longer among the top 20 most

deprived areas in the UK. However, in this stage of the research, we have not looked

at the association any further.

In contrast, the grid with a high supply of 150 Airbnb listings is located in Hyde

Park and Lancaster Gate area, specifically surrounding the intersection between

Westbourne Terrace and Cleveland Square. This is an upscale residential neighbour-

hood with white Victorian houses and private gardens near Paddington Underground

Station. This is a highly desirable residential area in Central / West London where

house prices are above average. It also happens that this is also a touristic area

and the prime location for Airbnb rentals. We can start to see the tendency that

gentrifying and touristic areas might be the characteristics of prime Airbnb locations.

Figure 3.11: Cumulative Airbnb counts in San Francisco (3D and 2D perspectives). The
colours show the cumulative counts of Airbnb.

We further our exploration by examining San Francisco, the hometown of Airbnb.

Figure 3.11 shows the cumulative count of Airbnb in San Francisco in the 500m x

500m grids in a form of 3D and 2D visualisations. It shows that the highest counts

1According to The English Indices of Deprivation by Department for Communities and Local
Government and calculated using change in the proportion of neighbourhoods in the most deprived
deciles



56 Chapter 3 – Exploring the spatiotemporal dynamics of Airbnb

are scattered mostly around the North-East part of San Francisco, with some of the

highest located in Downtown San Francisco. Historically, Downtown San Francisco

has undergone rapid developments and redevelopments and now it is a mixture

of retail, offices, residential and recreation among other urban functions (Godfrey,

1997). Moreover, this area now serves as a technological centre with digital and

tech companies/industries beginning to occupy many buildings in the central area

(Graham and Guy, 2002).

Figure 3.12 shows that Mission in San Francisco has the second-highest cumulative

counts. This is a gentrifying area that has undergone dramatic economic and racial

changes displacing many Latina/o residences (Mirabal, 2009). This finding is con-

sistent with the finding in the London case, where a gentrifying neighbourhood is

one of the characteristics of prime locations for Airbnb. Increased housing prices

due to Airbnb use has been a major concern among the Airbnb critics. For example,

Lee (2016) finds through his study that Airbnb has exacerbated the problem of the

affordable housing crisis in Los Angeles, another major city in California. The study

shows that Airbnb listings are concentrated in the most expensive part of the city and

the location is ’correlated with gentrification in the adjacent neighbourhood’ (Lee,

2016). This does not mean that this is automatically the case in San Francisco, but

with such tendencies, further studies are needed. In Chapter 5 we will look further

into Airbnb and the housing problem.

The spatiotemporal dynamics

We can now move on to examining the spatiotemporal dynamics of Airbnb by

assigning each Airbnb point into its space-time bin. The spatial parameter is 500m x

500m while the temporal parameter is either one month, three months and six months.

The summary of the total space-time bins created for London and San Francisco can

be examined in Table 3.3. A global Mann-Kendall statistic is calculated to see the

city-wide trends in London and San Francisco before continuing on looking further

at the local trends.

Generally, the total counts of the bins are the highest using the one-month parameter
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Figure 3.12: Areas in San Francisco with the highest cumulative Airbnb counts in 500m x
500m grids including Downtown, Mission and Northeast areas.

Description one month three months six months
San Francisco

Total bins 54,912 18,720 9,360
Global Mann-Kendall statistics 11.7173 7.0483 5.1467
Trend direction Increasing Increasing Increasing

London
Total bins 692,469 230,823 119,686
Global Mann-Kendall statistics 11.5826 6.6516 4.8176
Trend direction Increasing Increasing Increasing

Table 3.3: Summary statistic of the space time cube (STC) result.

compared to the three and six months, and overall the trend direction shows that there

is generally a monotonic increasing trend of Airbnb activation, linear in time both in

London and San Francisco. However, the general trend might be different from the

local trends, and our next section further examines the local patterns of the cubes in

terms of the temporal pattern (seasonality) and its spatial pattern (dynamics).

Airbnb seasonality

In this section, we will examine the local pattern of each of the space-time bin. First,
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we’re going to examine if the aggregated Airbnb data are showing hot or cold spots

based on the time of activation (the time hosts first receive their first review).

Table 3.4 shows the counts of cubes according to the type of hot spot both in San

Francisco and in London. This represents the significant clusters of the Airbnb

activation trend. The hot spot is categorised as a consecutive, new or sporadic

hot spot based on the pattern of hot time-step intervals. The consecutive hot spot

appears when there is a continuous and uninterrupted run at the end of the time step.

A new hot spot means that the area experienced a statistically significant Airbnb

activation for the first time, while a sporadic hot spot refers to a location where

Airbnb activations are higher but not in all time intervals. Table 3.4 shows the

summary of these results. Based on Figure 3.13, in both cities (London - Figure

3.13a and San Francisco - Figure 3.13b), when assigned the 1-month temporal

parameter, the model shows a predominantly statistically significant sporadic hot

spot. This shows the heterogeneity in the temporal behaviour of neighbouring areas.

Our analysis shows that the hot time step intervals do not occur consecutively and

appear to experience interruption. When implementing the longer time interval, 3

months and 6 months intervals, there are less sporadic hot-spots. When using the 6

month temporal attribute, the consecutive hot-spots appear to replace the sporadic

hot spot significantly.

San Francisco London Remarks
Month 1 3 6 1 3 6
Consecutive 17 96 113 116 544 571 A single uninterrupted run of hot

time step intervals comprised of
less than 90% of all intervals.

New 14 34 54 36 78 198 The most recent time step inter-
val is hot for the first time.

Sporadic 151 53 2 682 143 3 Some of the time step intervals
are hot.

Table 3.4: Location counts from emerging hot spot analysis in London and San Francisco.
Each value represents the number of cubes in the specified categories.

The monthly hot spots may correspond to the seasonality aspect. Seasonality is

not apparent any longer when coarse-graining in time. In the field of tourism,
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(a) London

(b) San Francisco

Figure 3.13: Airbnb emerging hot spot based on the Getis-Ord Gi statistic (1 month – 3
months – 6 months time step)

the problem of seasonal demand and supply variation is an important aspect in

which the implications are yet to be properly addressed in general (Baum, 1999).

This refers to the temporal imbalance that influences the number of visitors that

depend on the natural aspects (i.e. weather/climates) and institutionalised aspects (i.e.

cultural, ethnics and social factors) (Butler, 2001). A study by Avireddy et al. (2015)

comparing countries with contrasting weather, Australia and Canada, shows that the

influx of Airbnb visitor is weather dependent. This finding is also supported in a

study by Ye et al. (2018) who find that a global Google search of Airbnb keyword

from 2012 to 2017 shows strong seasonality pattern that peaks in the summertime

and times around big events.

This aligns with our findings where unit listing availability varies greatly on a month-

to-month basis. It is probably affected by the seasonality of travel demand that peaks
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in the summer and holiday periods but drops during winter seasons and other times.

Airbnb hosts are most likely to register a listing during the peak season, consequently

providing a higher chance of booking and being given the first review. Thus in

the longer time interval, there is a statistically significant increase in point counts

consecutively.

In London, the hot spots are located in a monocentric pattern, with the nucleus in

central London. The Airbnb dynamics in San Francisco shows a similar pattern in

terms of seasonality with hot spots mainly in central San Francisco (located along

North and South East of the city). The functions of those areas, according to San

Francisco zoning, are commercial (the downtown area along San Francisco Bay) and

mixed residential-commercial districts. The dominant residential areas such as West

and South San Francisco do not show statistically significant hot spots. In general,

they are located in areas with high economic activities based on their centrality to

touristic attractions.

So far, the emerging hot spot analysis using the Getis-Ord Gi* Statistic with 1, 3

and 6 months temporal windows allow us to see how Airbnb is clustered in three

scenarios. This showcases the seasonality dynamics of Airbnb activation based on

the first review. The sporadic hot spot appears when using shorter time steps and

consecutive hot spots appear using a longer time step. This is similar to the pattern of

the seasonality of other temporary accommodations such as hotels, where occupancy

rates might spike or drop according to various factors (Butler, 2001).

Airbnb dynamics

Our previous finding shows that the 6 months temporal parameter reveals more

stable results for the emerging hot spot analysis. Thus the local analysis for Airbnb

activation trend, Figures 3.14 and 3.15, shows the visualisation of the Mann-Kendall

trend statistic value using the 500 square meters spatial parameter and 6 months

temporal parameter. The purpose of the analysis is to explore the activation trend

of Airbnb by comparing the counts of Airbnb in each bin with the previous time

steps. The results are then categorised into an uptrend (with 99%, 95% and 90%
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confidence intervals) and no significant trend. When a result of the Mann Kendall

statistics indicate that there is a monotonic upward trend, this means that our variable

(Airbnb count) is increasing over time or vice versa for downward trends. We check

these trends in both London and San Francisco.

Figure 3.14: Airbnb activation trend in London based on the Mann Kendall statistics.

In London, Figure 3.14 shows that most of the Airbnb activation is uptrend (with

99% confidence intervals) especially in and around central areas, as indicated by the

purple shades (darker purples show higher confidence intervals). The downtrend is

almost non-existent as, over time, there is an increasing number of Airbnb being

listed on the platform. In most of London’s periphery there is no significant trend as

indicated by the white cubes.

However, this is not the case in San Francisco where there is a more apparent mix

of uptrend and downtrends based on the Mann-Kendall statistic as shown in Figure

3.15. These areas that are experiencing higher downtrends are scattered around the

city especially in residential areas, south-west and west of the city. This might be
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Figure 3.15: Airbnb activation trend in San Francisco based on the Mann Kendall statistics.

an indication that the San Francisco market has reached the saturation point earlier

than the case in London, possibly due to a harder barrier to entry in San Francisco

compared to London and possibly also related to the different regulatory approaches.

San Francisco is among the top market for Airbnb in US cities but with lower than

the national average growth rates in Airbnb revenue (44% compared to the national

average of 76%) indicating the early maturity of the Airbnb market (Jamie Lane,

2016).

The previous initial analysis of Airbnb in nine top locations of Airbnb presence

globally, have shown that most of listings in these cities are dominated by entire

property listings indicating that Airbnb properties might overlap with residential

properties used by permanent residents. We also looked in greater detail at the spatial

and spatiotemporal dynamics of Airbnb in two cities: London where Airbnb supply

is the highest worldwide (according to data by Inside Airbnb) and San Francisco,
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the birthplace of Airbnb. The spatial dynamics of Airbnb in London and San

Francisco show similar characteristics, where Airbnb is located in either desirable

residential neighbourhoods near the city centre or in gentrifying ’edgy’ residential

neighbourhoods such as Tower Hamlets and Hackney in London and Mission in San

Francisco. Lastly, the spatiotemporal analysis reveals the seasonality and trends of

Airbnb activation. Based on previous studies, seasonality is also a huge aspect in

terms of hotel demands (Coenders et al., 2003). In terms of activation trends, London

shows a distinct pattern with San Francisco, where London is experiencing general

upward trends, while San Francisco is experiencing both upward and downward

trends that might indicate saturation of the Airbnb market in San Francisco.

The nature of this chapter has been preliminary, using only Airbnb data, and thus the

next chapter will look at the relationship between Airbnb dynamics and other related

urban elements so that we can provide more conclusive results.





4
Airbnb and urban tourism

"Dull, inert cities, it is true, do

contain the seeds of their own

destruction and little else. But lively,

diverse, intense cities contain the

seeds of their own regeneration, with

energy enough to carry over for

problems and needs outside

themselves."

Jane Jacobs, The Death and Life of

Great American Cities, 1961
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Understanding the interlink between the elements of urban tourism (the food industry,

etc.) and different types of accommodations (traditional versus those stemming from

platform economy, Airbnb specifically), might help us understand the complex re-

lationship between these elements. This chapter investigates whether or not the

Airbnb presence is stronger in areas that have high hotel density, more provision

of amenities such as food and beverage establishments (F&B) and better public

transport links. To explore this, a global regression is not sufficient to capture the

associations between the parameters mentioned above, because Airbnb is dispersed

widely across the city while other elements, such as hotels and F&B, are more

concentrated due to the many restrictions on locating such businesses. Considering

this, a method that could capture the localities within the phenomena is proposed:

geographically weighted regression (GWR). The GWR method can also include

the difference in scales for each parameter estimate, using multi-scale geographic-

ally weighted regression (MGWR). In this chapter, a comparison between the two

methods is presented. The result shows that incorporating localities improves the

overall model performance, as it allows local regression to be implemented for each

unique area – although MGWR performs only slightly better than GWR. For both

models, Airbnb in the periphery of London could not be explained due to its lack

of significance at 95% (p-value higher than 0.05) and thus the local model is only

useful in explaining the relationship of Airbnb and urban tourism elements in central

areas where most data are present. Based on the analysis, we find that the presence

of F&B establishments has a positive association with an increase in Airbnb density.

This is not always the case for hotels and transport links as they could have positive

and negative estimates of Airbnb depending on the localities. Through this study, we

also find that it is useful to examine the GWR and MGWR results side by side, as

they provide a more robust analysis overall.
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4.1 Urban tourism: using city elements to attract visitors

The travel and tourism industry is one of the most prominent sectors of the global

economy, contributing nearly 10.2% of the world’s GDP in 2016 and affecting

more than 109 million jobs worldwide (World Travel and Tourism Council, 2017).

Despite constantly changing economic conditions, tourism has been experiencing

steady growth worldwide, as the sector has been growing continuously over the last

several decades, influencing the world’s socio-economic as well as cultural progress

(UNWTO, 2010). It is an important source of welfare in many countries in the world,

with direct impacts, indirect impacts (to the supply chain) and induced impacts

(to the local economy both directly and indirectly) from tourism spending (World

Travel and Tourism Council, 2017). Some places are largely dependent on tourism

to support their economic growth (mostly nature specific: i.e coastal or mountain

areas), but in other places, tourism exists among many other economic activities

(mostly in metropolitan and big cities). In this chapter, we are focusing on the latter.

Urban tourism is a form of tourism that uses urban elements or city spectacles as

key components in attracting visitors (Ashworth et al., 1989; Pearce, 2001; Edwards

et al., 2008; Bramwell, 1998). The 1970s in Britain and 1980s in America marked

the emergence of the urban tourism discourse, but before then, studies were largely

fragmented. As more cities use tourism as a means to regenerate, especially in older

industrial cities where tourism was not initially an important element in developments,

the concept of urban tourism has gained wider interest. Although using tourism to

regenerate cities is not without its debate, bringing more visitors to urban areas might

add to congestion, thus increasing the cost of urban maintenance due to faster wear

and tear of city facilities (Pearce, 2001).

Cities serve multiple functions economically and physically, with heterogeneous

social and cultural fundamentals and interurban networks (Pearce, 2001). System-

atically, to support urban tourism, primary elements must be available in cities,

such as the clusters of attractions (museums, art galleries, concert halls, historic
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buildings, urban-scapes, etc.), and secondary elements helping to assist these at-

tractions (accommodations, transports, catering, shopping facilities and tourism

agencies) (Law, 1992). Figure 4.1 provides a visualisation of urban tourism con-

taining primary, secondary and conditional elements. The primary aspects include

activity places and leisure settings, such as cultural and entertainment facilities, green

spaces, waterfronts and other socio-cultural activities. The core model proposed

by Jansen-Verbeke et al. (1999) suggests that without these first components as the

primary tourism product or ’the draw’, there will be little reason for a leisure visit

to cities that do not offer such tourism. Furthermore, the second elements are the

supporting factors required to substantiate and enhance the visitor’s experiences.

This includes adequate and diverse choices of accommodation as well as facilities

providing food and goods for consumption. Integration of these elements can further

present socio-cultural and economic benefits for cities.

Figure 4.1: Urban tourism elements. Source:Jansen-Verbeke (1986).

Urban tourism can be distinguished from other tourism forms based on several

features: there is a considerable portion of visits for non-leisure purposes (such as

business, conferences, and visiting family members). The attractions vary and are

large in scale; tourism is just one of the many economic activities in the city so it
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collides with other industries, and attractions and infrastructures used by residents as

well as visitors (Edwards et al., 2008). Specifically, urban tourism can be defined

based on the setting (complex urban areas) and the type of cultural activities, in

which tourists share and/or compete with residents for services, space, and amenities

(Pearce, 2001; Ashworth et al., 1989). Although facilities favoured by tourists might

be different from those preferred by local residences (Law et al., 1993), the overlap

is somewhat inevitable, as there is a social convergence between local and tourist

consumption (Ashworth, 2003). Moreover, residents also consume tourist attractions

regularly as a source of entertainment. Another element involves cities that offer

urban tourism which generally have easy access to the key gateways for national

and international visitors such as multiple nodes for air transport systems (such as

London and Paris which have multiple airports nearby) (Law et al., 1993; Edwards

et al., 2008).

Perhaps the biggest and the most important change in tourism today is how it has

been largely affected by the rapid development of information and communications

technology (ICT). This is especially true as at present traditional intermediaries (such

as traditional travel agents) are bypassed by the emergence of platforms that can

connect consumers and suppliers directly (Minghetti and Buhalis, 2010; Buhalis

and O’Connor, 2005). For a theoretical background to such platforms, categorised

as an online platform economy, refer to Chapter 2. These platforms allow small

individuals and businesses, often referred to as micro-entrepreneurs, to have access

to an alternative platform to market their goods (Buckley et al., 2015). Tourism

has now been steered toward these demand-oriented technologies that dynamically

interact with consumers.

Within the context of urban tourism, Airbnb is a platform that supports the secondary

aspect (refer back to Figure 4.1) in terms of providing accommodations for visitors.

As mentioned previously in Chapter 3, Airbnb supply is highest in metropolitan

areas offering urban tourism such as London, Paris, New York, etc. (refer back to

Section 3.1 for a comprehensive list of cities with some of the highest Airbnb supply
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worldwide). In this chapter, we analyse the different elements of the urban system

that make up urban tourism, focusing mainly on the food industry and temporary

accommodation (both traditional hotels and Airbnb) as they are interrelated within

the complex urban environment. Furthermore, we have tied this back to primary

elements (locations of tourist attractions and key transportation facilities).

4.2 Relationship between Airbnb, hotels, food industry and public
transport accessibility

In this chapter, we analyse the association between the presence of holiday rentals

and the elements within urban tourism such as the traditional hotel industry, the food

industry and public transport accessibility. Much interest has been shown surround-

ing the topic of possible impacts of holiday rentals on the hospitality industry. Many

argue that holiday rental users do not focus on having the alternative experience, and

thus the facilities essentially serve the same function as hotels for which there is an

apparent overlap in demand within their targeted demographic (Jamie Lane, 2016;

Zervas et al., 2016; Guttentag et al., 2018). This has been particularly prominent

within the lower-end categories of hotels that may not cater to the needs of the entire

cross-section of potential tourists and travellers (Zervas et al., 2016). This competit-

ive impact of Airbnb over traditional hotels was again substantiated in a recent study

by Dogru et al. (2017), which indicated a revenue decline of approximately 2.5%

across all hotels in Boston. Several studies certainly suggested that the presence

and availability of the Airbnb platform have steadily fulfilled a growing need for

alternative accommodation within the hospitality industry (Guttentag et al., 2018;

Zervas et al., 2016). As such, the overlap of potential customers for all forms of

temporary accommodation, whether provided by digital platforms or hotels, is said

to have had a significant increase over recent years (Dogru et al., 2017; Gutiérrez

et al., 2017). This is evident in both the rising trend in hotels offering typical Airbnb

attributes through purchase and partnerships (Solon, 2018); and, similarly, with

Airbnb following this trend in capturing a wider market share through the acquisition
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of other hotel booking platforms (Ting, 2018).

In terms of spatial locations, Arbel and Pizam (1977) found that the travel patterns

of tourists within a city remain close to the vicinity of their chosen accommodation

and their intent to visit individual areas of interest. This is a result that has been

expanded upon in research by Shoval et al. (2011), illustrating that large shares of

tourist travel within a city often lie in a definable area that extends over their chosen

accommodation. These are areas that might have saturated city facilities (transport

links, entertainment centre, etc.) within many central tourist areas (Shoval and Raveh,

2004). In areas where hotels are located, there is likely to be an increased number

of establishments offering amenities such as food and beverages (F&B), to meet

increased tourist demands.

Although findings from previous studies have pointed to a strong spatial relationship

between the distribution of hotels and constructed tourist amenities, indicating the

critical role the tourist amenities play within proximate locations to hotels (Lee et al.,

2018; Li et al., 2015), this relationship is not very clear for Airbnb. Whilst the spatial

pattern of hotels can often be predicted by several factors, such as local zoning and

planning regulations that further limit their densities and distribution, this is not

likely to be the case for Airbnb.

To examine the relationship between Airbnb and urban tourism elements, we use

four datasets. Our first data is the Airbnb listings available in 2018 from Inside

Airbnb (http://insideairbnb.com). Our Airbnb data contains the count data of listings

in each category: entire property, private room and shared room listings. As we now

know, it is easy to join the Airbnb platform and list a property as a holiday rental.

Figure 4.2a confirms that the Airbnb can be found all over the city, although in some

areas it is more concentrated. The data contains over 69,000 Airbnb listings based

on May 2018 data; however, we only consider active listings (these are proxied by

the presence of at least one review). Airbnb listings which satisfy this condition are

aggregated for each LSOA in London for a total of approximately 50,000 listings

across 3982 LSOAs (82% of all LSOAs).

http://insideairbnb.com
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(a) Airbnb are concentrated in central areas (b) F&B are geographically dispersed

(c) Hotels are concentrated in some specific
areas

(d) The Public Transport Accessibility Index
(PTAI) has a higher level in central area

Figure 4.2: The spatial distribution of the density for the dependent variable (a) and the
explanatory variables in (b) , (c), and (d).

The second dataset is the Food and Beverages (F&B) establishments data includ-

ing restaurants, fast food outlets, pubs, and other similar types of venue from the

Ordnance Survey Points of Interest (POI) data. Figure 4.2b shows the spatial distri-

bution of 27,716 F&B establishments in London, distributed in 3306 LSOA (68% of

the total LSOA), many dispersed across London in different geographical areas, but

mainly concentrated in central locations. Figure 4.2b represent this data as a density

map of F&B establishments by dividing the count with the total area. From the

same data source, the third dataset is the traditional accommodation data (including

guest houses, bed and breakfast, hostels, hotels, motels, country houses, inns, youth

hostels, and other youth classifications). Figure 4.2c shows the data across London.

It illustrates the concentration of 1382 hotels distributed in only 644 LSOAs (13%
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of the total LSOAs). We can see that a significant hotel density is only present in

certain areas, arguably in areas of high tourist demand.

The last dataset is the Public Transport Accessibility Index data (PTAI) from Trans-

port for London. It is a form of accessibility indicator, which assesses several key

attributes including places, such as houses, offices, shops, etc., the locations of public

transport stop known as service access points (SAP), walking networks, as well as

transport services in terms of routes and frequencies (Transport for London, 2015).

We can see from Figure 4.2d that the distribution follows the public transport routes

where the concentration of services gives rise to a radial pattern with high levels in

Central London.

A summary statistic of the four datasets is provided in Table 4.1. We can immediately

see that especially for hotels, there are many areas (87%) that have no hotels present,

followed by F&B data where 32% of the LSOAs have no recorded data. Thus, we

need to find an appropriate way to model our system that could best explain the

phenomena without compromising the validity of our model. Hence, the proposed

methodology is geographically weighted regression, so that we can examine each

local area separately and analyse in which localities the explanatory variables could

be best used to explain Airbnb.

Type (density is per-hectare) LSOA Containing (%)

Airbnb density 82%
Hotel density 13%
F&B density 68%
PTAI 100%

Table 4.1: Overview of the data used for the study area for all 4835 LSOAs in Central and
Greater London (standardised at LSOA level).
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4.2.1 The Geographically Weighted Regression (GWR) and multi-scale

GWR

Simple linear regression, the most used technique in geographical analysis, assumes

changes across space to be universal, which is not always the case in any spatial

context. Variations across geographical space, known as spatial non-stationarity,

might be lost when using simple global fitting methods such as Ordinary Least

Squares (OLS) (Brunsdon et al., 1996). Therefore, geographically weighted re-

gression (GWR) provides an alternative method to analyse and model the complex

spatial variations in local parameter estimates (Fotheringham, 1997; Brunsdon et al.,

1996; Fotheringham et al., 1998). The developed method extends the traditional

linear regression technique to incorporate spatial heterogeneity in different regions

by allowing the parameter estimate to vary locally (Fotheringham et al., 2003). GWR

has been used extensively to describe relationship in various fields, including but

not limited to crime analysis (Cahill and Mulligan, 2007), population research (e.g

drug resistance distribution (Shoff and Yang, 2012)), nutritional epidemiology (Yoo,

2012), infectious disease epidemiology (Liu et al., 2011), physical environment (e.g

rainfall and altitude study (Brunsdon et al., 2001), land use and water quality study

(Tu, 2011)), and various other disciplines.

The core specifications for conducting a GWR are the choice of kernels and the

optimum bandwidth. An optimum bandwidth can be obtained for all the independent

variables taking into consideration the choice of kernel (fixed or adaptive) and how

neighbouring points are weighted. Fotheringham et al. (2003) discuss this in detail.

An overview of how both kernels work is shown in Figure 4.3. The fixed spatial

kernel is based on distance and is best used when the distribution of data is uniform.

Figure 4.3a shows that in this case each local regression is computed based on a

specific bandwidth distance. When data is sparse, this type of kernel is insufficient

because in areas with very few regression points, it provides insufficient variations,

resulting in a large standard deviation of errors (Fotheringham et al., 2003). In this

case, an adaptive kernel-based on k-nearest neighbours is more favourable. This is
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(a) Fixed spatial kernel

(b) Adaptive spatial kernel

Figure 4.3: Spatial kernel types adapted from Fotheringham et al. (2003).

because, as shown in Figure 4.3b, the size of the kernel follows the density of the

data, with larger bandwidths for sparse data, and smaller bandwidths for clustered

data (Fotheringham et al., 2003).

Another consideration is the weighting functions of the kernels. Gaussian weighting

will consider all the data points and gradually decrease weights from the centre

of kernel. In this case, weights are never assigned zero values. In contrast, the

bi-square weighting has a clear-cut range for which weights are non-zero. All the

data points outside the optimum bandwidth are set to zero and thus does not influence

our local regression. Thus, after specifying these elements, we can find an optimum

bandwidth using an iterative optimisation process, that either minimises the corrected

Akaike Information Criterion (AICc) or the cross-validation (CV) statistic. The AICc

optimisation measures the information distance by capturing the divergence between

the predicted and observed values (Charlton et al., 2009) while CV minimisation
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largely depends on examining the sum of the squared error when estimating the

predicted dependent variable at each regression point (Brunsdon et al., 1996).

However, the GWR method has several known limitations. These include the

possibility of obtaining false positives as a result of multiple hypothesis testing

(da Silva and Fotheringham, 2016) and accuracy problems due to the assumptions

on a univariate scale by using a single bandwidth for every variable (Yu et al., 2019).

To overcome some of these issues, Fotheringham et al. (2017); Yu et al. (2019)

and Oshan et al. (2018) proposed an extension of the GWR method to include the

computation of optimum bandwidths of the local parameters in each iteration, using

multi-scale geographic weighted regression (MGWR). This new method improves

the common GWR model mainly by eliminating the assumption that variations

occur within the same scale (Yu et al., 2019). In contrast, MGWR allows multi-

scale modelling, overcoming the issue of multiple testing as well as increasing the

reliability by introducing multiple bandwidths (Fotheringham et al., 2017).

MGWR recasts GWR as a generalised additive model (GAM) and uses a back fitting

algorithm. This refers to the iterative process of calibrating a series of GWR models

based on the models’ partial residuals until the MGWR model converges to a solution

(Fotheringham et al., 2017). In other words, the algorithm allows us to update each

iteration process using an appropriate smoothing function by refining the partial

residuals. Oshan et al. (2018) argues that an MGWR needs to be initialised using a

starting value (generally the optimum parameter estimates based on the GWR model)

for faster model calibration.

This chapter implements three models - Ordinary Least Squares (OLS), Geographic-

ally Weighted Regression (GWR) and Multi-scale Geographically Weighted Regres-

sion (MGWR). We analyse the relationships between Airbnb and elements of urban

tourism including hotels, food and beverages establishments (F&B) and the accessib-

ility to public transportation as indicated by the Public Transport Accessibility Index

(PTAI). The purpose is to observe if the Airbnb presence is stronger where hotels are

located, indicating overlapping interests, as well as using F&B and transport links as
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proxies for desired Airbnb locations. It adds to our comprehension of the effect of

spatial heterogeneity on Airbnb locations as the emergence of holiday rentals in a

city can be thought of as reactive to the impacts of urban tourism (Page et al., 1995).

As indicated in previous studies, there is a strong positive relationship between

traditional accommodation (hotels) and places of interest (attractions) in many cities

(Lee et al., 2018). However, the rapid rise of holiday accommodation, through the

utilisation of digital platforms such as Airbnb has somewhat changed the nature

of tourism, especially in urban settings. Given that Airbnb can fundamentally be

located wherever residential properties are available, it has been argued by Guttentag

(2015) that this leads to increased dispersal of tourists in areas not typically regarded

as central tourist destinations. Zervas et al. (2016) expand on this, suggesting that

Airbnb also pervades traditional tourist accommodation, such as hotels. However, the

knowledge surrounding Airbnb and retail land-use is rather limited. Understanding

the dynamics here might help us to uncover interesting insights into the association

between temporary accommodation types (mainly Airbnb and hotels). Specifically

for Airbnb, this call for an investigation is further strengthened given the fact that

London contains the greatest Airbnb supply globally (based on data from Inside

Airbnb), and it corresponds to a city with a high rate of urban tourism.

In our study, the hypothesis is that the interactions between Airbnb, hotels, F&B and

transport links are not universal across space. Therefore we test our data using three

different models: OLS, GWR and MGWR to describe these spatial distributions.

Previous studies have highlighted how hotels benefit strongly from the locational

attributes of their proximate tourist and retail amenities (Arbel and Pizam, 1977;

Shoval et al., 2011; Shoval and Raveh, 2004). Thus, in this chapter, we investig-

ate whether Airbnb landscapes equally exhibit spatially-dependent distributions in

relation to the existence of hotels, F&B and accessibility to the public transport

system.
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Statistical base-lining

In developing our model, we have to make sure that the parameters are appropriate. In

the first instance, we need to make sure that our parameters exhibit no correlation with

one another. Thus, we calculate the variance inflation factor (VIF) which assesses

how much variances increase if predictors are correlated: no correlation would yield

a VIF score of 1 and a VIF above 5 indicates problematic multicollinearity (Wheeler

and Tiefelsdorf, 2005; Wheeler, 2007). The VIF value is calculated by dividing

the ratio of the total variance of the model’s parameters with the variance of these

parameters if they were fit alone. Table 4.2 shows the descriptive statistic of the

data as well as the VIF and it shows that all the three covariates do not exhibit

multicollinearity since the VIF is close to 1.

Variable Mean SD Min Max VIF

Airbnb density 0.772 1.495 0 21.714 -
Hotel density 0.019 0.115 0 2.658 1.157
F&B density 0.303 0.585 0 9.629 1.699
PTAI 13.34 12.54 0.19 121.89 1.772

Table 4.2: Descriptive statistics.

We set a baseline for the model using simple linear regression with Airbnb density

as the dependent variable and a set of independent variables namely hotel density,

the density of food and beverage (F&B) establishments, and the Public Transport

Accessibility Index (PTAI) as an indicator of public transport accessibility. The

result of this regression is reported in Table 4.3 suggesting a positive relationship

between Airbnb and the independent variables. The model performance show an

adjusted-R2 of 0.3997 where almost 40% of the data variance is explained by the

global model.

However, considering the distribution of our data, where many LSOAs do not contain

hotel and F&B data, the parameter estimates in the global model are unlikely to be

the best representation to describe what happened in reality. The global regression

assumes that we have independent observations. However, this is not always the case
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Residuals
Min 1Q Median 3Q Max

-6.4331 -0.3917 -0.1720 0.0204 19.5092
Coefficients

Estimate Std. Error t value Pr(>|t|)
(Intercept) -0.034223 0.024822 -1.379 0.168
Hotel density 2.776062 0.155725 17.827 <2e-16***
F&B density 0.477264 0.037052 12.881 <2e-16***
PTAI 0.045664 0.001769 25.816 <2e-16***
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 1.159 on 31 degrees of freedom
Multiple R-squared: 0.4001, Adjusted R-squared: 0.3997
F-statistic: 1074 on 3 and 4831 DF, p-value: < 2.2e-16

Table 4.3: The global model result using OLS regression.

in spatial data as the variables might exhibit spatial dependence known as spatial

autocorrelation. This captures the spatial relationships in a dataset, where closer

observations are more related than distant ones (Anselin, 2001). To check for spatial

autocorrelation, we test the residual of our Ordinary Least Squares (OLS) regression

using Moran’s I by checking if our residuals show a pattern where neighbouring

locations show similar magnitudes and (or) signs. Our result for Moran’s I test

indicates that the OLS residuals show spatial dependence (p-value of < 0.01) and

we can also see the effect of spatial auto-correlation in Figure 4.4. There is a clear

pattern in space: the highest under predictions (dark blue) are clustered in central

London, whereas over predicted residuals (red) are in the periphery, with smaller

clusters in the northern and southwestern boroughs.

When spatial data exhibits spatial autocorrelation, the parameter estimates from the

global model might be inefficient, and this is because the global statistics, such as

in the linear regression used above, generalise across a study area, reducing the

inherent variability at localised scales. Thus, heterogeneity might be lost across

space. Thus, we need to use a model that can take into account the modelling of

spatially heterogeneous processes (Brunsdon et al., 1996). Geographically weighted

regression (GWR) is a method to localise regression modelling to understand the

relationships between variables across space, thereby addressing the issue of spatial
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Figure 4.4: Spatial OLS Residuals plotted by quantiles. The OLS residuals are between
Airbnb (dependent variable) and hotel, F&B and PTAI (independent variables).

autocorrelation (Brunsdon et al., 1996; Fotheringham, 1997; Fotheringham et al.,

1998). GWR extends traditional regression analysis to allow local (instead of global)

parameters to be estimated.

Given a dependent variable y in location i with coordinates ui,vi, the parameter

estimates that can be represented as continuous function ak(ui,vi) at point i, and

independent variables xik at point i with k representing the number of independent

variables (Brunsdon et al., 1996; Fotheringham, 1997; Fotheringham et al., 2003),

the GWR model can be written as follows (Equation 4.1):

yi = a0(ui,vi)+∑
k

ak(ui,vi)xik + εi (4.1)

Thus, using the geographically weighted regression, the resulting parameter estimates

are specific to that location, instead of being universal across space. In our case, the

parameter estimates are generated for each regression point, which are the LSOA

centroids containing information about Airbnb, F&B, hotel densities, and the PTAI
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within that LSOA. We conduct GWR using the mgwr package within the Python

environment.

In analysing our data using the GWR method, we first need an understanding of

what is local. We need to construct a weight matrix that varies according to the

locations of the regression points. First, we specify the type of kernel used, which

can be fixed (specified) or made adaptive for providing the spatial weighting for the

model. As our data contains sparse distributions, we use an adaptive bi-square kernel

(refer to Charlton et al. (2009), p5-8), where only observations inside the computed

bandwidth are taken into account, nullifying the rest. As mentioned previously, an

adaptive kernel is arguably more favourable when dealing with non-uniform spatial

distributions (Fotheringham et al., 2003; Oshan et al., 2018). Using an adaptive

kernel allows GWR to compute the most optimum bandwidth by iterating the number

of nearest neighbours that should be taken into account for the local regression model.

The data points near the locations (ui,v j) will be assigned higher weights than the

ones further away. The weight (wi j) of data point j at regression point i based on

the optimum number of nearest neighbours (b) between regression point i and data

point j (di j) can be calculated as follows in Equation 4.2. If the number of computed

nearest neighbours di j is beyond the value of b, then it is given 0 value.

wi j = (1−d2
i j/b)2 i f di j < b,0 otherwise (4.2)

In this model, the optimal proportion of the bandwidth is returned by minimising the

corrected Akaike Information Criterion (AICc) score or simply minimising the loss

information in the local model (Fotheringham et al., 1998).

Because GWR assumes the bandwidth is constant for each relationship, there are

possibilities for misspecification at one or more scales (Oshan et al., 2018). Thus,

multi-scale GWR further extends the functionality of GWR by allowing the use of a

specific bandwidth for each variable denoted as bw allowing the model to operate at

different spatial scales (Fotheringham et al., 2017). Using a back fitting algorithm,
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with an iterative procedure to fit the generalised additive model (GAM), MGWR

relates a univariate response variable (in this case the GWR model) to predictor

variables (partial residuals from a previous iteration), using smooth functions until

the model converges to a solution (Fotheringham et al., 2017; Yu et al., 2019). We

use a Python based package called mgwr (for complete methodology, see Oshan et al.

(2018)). The computation is based on iterations of optimum bandwidth for each

parameter estimates. The MGWR model can now be written as follows (Equation

4.3):

yi = abw0(ui,vi)+∑
k

abwk(ui,vi)xik + εi (4.3)

4.2.2 Results and discussion

As the global regression might suffer from the inefficiency of the parameter estimates

due to the spatial autocorrelation of the residuals, we model our variables using local

models: geographically weighted regression (GWR) and multi-scale geographically

weighted regression (MGWR) to capture the spatial heterogeneity in the local system.

Model comparison and performance

Table 4.4 shows the comparison between the results of the implemented models,

including the global model and two local models, through the models’ goodness of

fit. It shows that both local models show a significantly better fit than the global

regression model, where the adjusted R2 has almost doubled. The local models

improved the adjusted R2 from 0.4 (OLS) to 0.72 (GWR) and 0.77 (MGWR).

The adjusted R2 indicates the level of model variance that can be captured by the

model, where the local models can explain more than 70% of the model variance.

The residual sum of squares (RSS), indicating unexplained variations, are very

high in the OLS model (2900) and the RSS values are brought down to one third
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in the local models, 1212 (GWR) and 1124 (MGWR). The generally corrected

Akaike Information Criterion (AICc) is used for model selection in GWR (Charlton

et al., 2009), representing the relative amount of lost information in the model by

considering both the risk of overfitting and underfitting (Akaike, 1998). The local

regression shows an AICc of 11260, while the GWR AICc is 8072 and the MGWR

further brings AICc down to 7561. We aim for lower AICc values as this means that

we retain most of the important information and that leads to a better fit of the model.

Model Adj-R2 RSS AICc

OLS 0.400 2900.463 11260.412
GWR 0.722 1211.924 8072.117
MGWR 0.767 1124.203 7560.638

Table 4.4: Comparing the OLS, GWR and MGWR model fits.

The performance of both models depends largely on the optimum use of bandwidths

or neighbouring values for model smoothing (Charlton et al., 2009). When the

computed bandwidth is too small, the model might suffer from under smoothing

while large bandwidths tend to have a poor fit and over smoothed patterns, we

must ensure that the bandwidth correctly represents the optimum number of nearest

neighbours. The adaptive kernel helps us achieve this condition by finding the

optimum bandwidth automatically using the chosen statistical criterion (AICc in our

case). Table 4.5 shows that the GWR model has a single bandwidth of 95 - thus

considering 95 nearest neighbours to inform the construction of parameter estimates

in each local regression point (LSOA). The use of the 95 bandwidth for each variable,

correctly classifies 72% of the observations (refer back to Table 4.4).

In the case of MGWR, the difference is that instead of assigning a single bandwidth

for all independent variables, the MGWR computes the optimum bandwidth for each

variable specifically as shown in Table 4.5. By allowing multiple bandwidths in

MGWR, the model accounts for an optimal number of neighbours for each parameter

estimate, thus allowing better predictions for the response variables, theoretically. In

the case of MGWR, the bandwidth for each parameter is higher than those in GWR.

To set our perspective on the scale of our study area, there are 4835 LSOAs in London



84 Chapter 4 – Airbnb and urban tourism

Model Variable Mean STD Min Median Max Bandwidth*

GWR
Intercept -0.058 0.602 -0.694 -0.344 3.699

95Hotel density 0.004 0.219 -2.138 0.007 1.176
F&B density 0.051 0.120 -0.247 0.012 0.715
PTAI 0.114 0.184 -1.203 0.074 1.126

MGWR
Intercept -0.006 0.710 -0.493 -0.348 4.540 43
Hotel density 0.062 0.101 -0.384 0.036 0.482 412
F&B density 0.068 0.083 -0.012 0.030 0.283 195
PTAI 0.041 0.056 -0.129 0.048 0.167 384

Table 4.5: The GWR and MGWR results for the spatial variability of parameters using
adaptive bandwidth*.
*Bandwidth represents the number of nearest neighbours.

and 33 London boroughs. A borough consists of roughly 100 to 200 LSOAs, thus if

we examine the bandwidths for MGWR result, each variable accounts for around one

or two boroughs as the nearest neighbours. Compared to the MGWR bandwidths,

the single GWR bandwidth underestimates the number of nearest neighbours for all

our parameters (95 compared with 412 for hotel density, 195 for F&B density and

384 for PTAI).

The residuals from both local models are examined here. As previously discussed,

the residuals from the global regression show heavy spatial clustering. Although the

local model using GWR and MGWR is not designed to specifically address spatial

autocorrelation issues, less structured residuals can be obtained. Figure 4.5 shows

the plotted standardised residuals for both GWR (Figure 4.5a) and MGWR (Figure

4.5b). We can observe that the GWR residuals still show some spatial clustering,

especially in inner London and west London. In contrast, the MGWR residual

appears to be distributed more randomly than GWR, showing that more random

errors remain. Upon conducting the Moran’s I test for both the GWR and MGWR

residuals for spatial autocorrelation, the p-value is 0.083 (under the 0.1 level or

90% confidence interval), thus at a certain level, the GWR model still exhibits some

spatial autocorrelation. On the other hand, Moran’s I test for MGWR residuals shows

a p-value of 0.035, rejecting the null hypothesis that spatial autocorrelation exists

under the 0.05 level or 95% confidence interval, thus indicating the residual pattern
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(a) GWR residuals

(b) MGWR residuals

Figure 4.5: Spatial distribution of GWR and MGWR residuals. The GWR residuals (a) still
show some clustering in central London, while MGWR residuals (b) are more
randomly distributed.

is very slightly more random.
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Model interpretation

In presenting the models’ results, a cartographic technique proposed by Mennis

(2006) is used where the parameter estimates are visualised along with the local

t-value and the p-values so that we can make an empirical analysis based on the

statistically significant estimates. Each parameter is presented individually by dis-

playing the GWR and MGWR results side by side. The purpose is to enhance

our understanding of the models while also increasing the accuracy of our model

interpretation.

Hotels. We have modelled the relationship between Airbnb and other elements of

urban tourism using both GWR and MGWR models. For our dependent variable,

the Airbnb listing density is examined using a series of independent variables: hotel

density, F&B density, and PTAI score for transport accessibility. In this section, we

present our model results by visualising the model’s parameter estimates that have

a statistically significant relationship with Airbnb. We examine this relationship

individually, by comparing the GWR and MGWR results and examine their empirical

implications in explaining the phenomena. If we look back at the spatial configuration

of hotels (refer back to Figure 4.2), we can see that hotel location are extremely

concentrated. Hotel locations depend heavily on accommodation demand, which

usually takes into account a long and continuing process of drafting a location

strategy (Lockyer, 2005). Hence, hotels are often located adjacent to major elements

of urban tourism such as main tourist attractions, convention centres, major transport

hubs such as airport and rail stations, or agglomeration of activities (Yang et al.,

2014). This is also the case in London, where hotels locate mainly in areas that have

been designed to attract many visitors and where a diverse mix of activities overlap

(employment centres, entertainment facilities, etc.), such as areas stretching from

Westminster east towards the City of London along the River Thames. Through

the local model, we can start to analyse whether hotel presence shows a positive or

negative relationship with Airbnb density in given areas.
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(a) GWR parameter estimates for hotel based on 95 nearest neighbours.)

(b) MGWR parameter estimates for hotel based on 412 nearest neighbours.)

Figure 4.6: Hotel parameter estimates with magnitudes and significance level for GWR (a)
and MGWR (b) models. All the spatial distributions in this chapter are mapped
using quantile ranges.

Figure 4.6 shows the spatial variation in the local parameter estimates for hotel

density. Both GWR and MGWR models indicate that some spatial variation exists

in the effects of hotel density on Airbnb density, but this relationship only happens

in some central areas around Hammersmith and Fulham, Westminster, Kensington

and Chelsea, the City of London as well as areas in Camden, Tower Hamlets and
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Hackney that are adjacent to City of London. The MGWR result has slightly larger

number of statistically significant areas although the difference is not large. The

main difference is the range of parameter estimates, where the GWR result has a

larger range of estimates. Based on our analysis, in both models, the presence of

hotels could be an explanatory variable for Airbnb presence, but the relationships

are not always positive.

(a) A closer look at the GWR parameter estimates for hotels in
the study areas.

(b) A closer look at the MGWR parameter estimates for hotels
in study areas.

Figure 4.7: Areas where hotel presence shows significant relationship with Airbnb density.

Figure 4.7 gives a closer look at the areas that have statistically significant results
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based on GWR and MGWR models. The spatial locations of the main tourist

attractions shown as yellow triangles based on the data from Visit Great Britain,

2015. In Figure 4.7a, we could see patches of negative relationships when using the

single bandwidth of 95 nearest neighbours using GWR model in Hackney and some

LSOAs near Westminster that are adjacent to Hackney. The two areas are known

as up and coming neighbourhoods that attract many younger and diverse visitors

to their street markets and artsy commerce. In these areas, according to the GWR

model, hotel density is a negative estimator for Airbnb presence and a -1.5 to -0.15

decrease in hotel density is associated with one unit increase of Airbnb density. This

is reasonable because these areas are heavily populated with Airbnb but not too

many hotels are located in these areas. The MGWR estimates shown in Figure 4.7b

extend this negative relationship to the City of London where Airbnb density is also

quite high, but the estimate is rather low with a -0.3 to -0.2 decrease in hotel density

associated with one unit increase in Airbnb density.

Both models in Figure 4.7 show that in areas such as Westminster, Kensington

and Chelsea, as well as part of Camden, Islington and Hammersmith and Fulham

there are overlaps between Airbnb and hotel density where hotels can be a positive

estimator for Airbnb. Especially around Westminster, there is a concentration of

main tourist attractions in the areas and these are well-developed areas with high

activity mix embedded within its urban fabric. The value of the estimate is a bit

different with higher values given by the GWR results, which are likely to be a slight

overestimation. Also, the MGWR result using the 412 nearest neighbours bandwidth

extends the analysis to focus on Lambeth, just south of Westminster and across the

river, where overlaps between Airbnb and hotel density occur, as indicated by the

dark blue patch in Figure 4.7b.

Food and Beverages (F&B). Figure 4.8 shows the local variations of F&B in

association with Airbnb in statistically significant areas. Both GWR and MGWR

models show that F&B is a consistently positive estimator for Airbnb density, with

up to a 0.71 increase in F&B density associated with one unit increase in Airbnb
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density, while the estimate is lower for the MGWR result (0.28). F&B could be a

proxy for street life or how lively the residential area is, where areas with many F&B

establishments cater to more urban activities.

(a) GWR parameter estimates for F&B locations based on 95 nearest neighbours.)

(b) MGWR parameter estimates for F&B locations based on 195 nearest neighbours.

Figure 4.8: Food and beverages (F&B) parameter estimates with magnitudes and signific-
ance level for GWR (a) and MGWR (b) models. All the spatial distributions in
this chapter are mapped using quantile ranges.

A study by Sparks et al. (2003) shows that the availability of the diverse type of

restaurants is perceived to be an important attribute for tourist destinations. Also,
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extending beyond satisfying daily needs, food is now seen as an aspect of tourism

especially with the rapid popularity of culinary tourism where the tourism experience

is emphasised surrounding the theme of food (Long, 2013). As many Airbnb users

are motivated by tourism (Guttentag et al., 2018), it is understandable that the model

shows that F&B is a consistent positive estimator for Airbnb.

(a) A closer look at the GWR parameter estimates for F&B in
the study areas.

(b) A closer look at the MGWR parameter estimates for F&B in
study areas.

Figure 4.9: Areas where F&B presence shows significant relationships with Airbnb density.

In terms of bandwidth, the MGWR model assigns larger bandwidth for F&B (95

for GWR compared with 195 for MGWR). The effect is that the MGWR model
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accounts for larger areas with a statistically significant relationship between Airbnb

and F&B, but the result also has larger clustering of parameter estimates (refer to

Figure 4.9a) compared to the GWR result (refer to Figure 4.9b).

According to the MGWR result, the areas with the highest positive cumulative

estimates are divided into two clusterings in the west of London and east of London

followed by the City of London and Islington. The highest estimate in East London

is Hackney and Tower Hamlets which are famous for their food environment, with

many famous street markets such as Spitalfields and Hoxton market that attracts

many local and international visitors. This is also the case of Westminster and

Camden, where the concentration of F&B establishments is a positive estimate for

Airbnb with up to a 0.3 increase in F&B density associated with one unit increase

in Airbnb density. For the case of the City of London and Islington, this estimate is

slightly lower at 0.22.

The Public Transport Accessibility Index (PTAI). Public transportation is an integ-

ral part of tourism, especially in an urban setting. In London, the highest proportion

of the population (up to 46%) use public transportation to commute, while 35% rely

on a car, 11% travel daily on foot and 3.8% uses a bicycle to get around (Florida and

Bendix, 2015). Arguably, tourists visiting London are likely to use public transport-

ation since London has an integrated system with the underground (tube) system

and busses. Through the local models, we analyse the linear relationship between

accessibility to public transportation and Airbnb density. The spatial pattern of the

GWR model (bandwidth = 95) in Figure 4.10a and the MGWR model (bandwidth

= 384) in Figure 4.10b show slight differences in terms of the smoothness of the

parameter estimates where the MGWR model results in less but bigger clustering

of the parameter estimates. The GWR model shows a higher range of parameter

estimates while the MGWR model result shows a higher level of smoothing.

At first glance, we could sense that the model result is not as straightforward as the

other explanatory variables: hotel and F&B density. In the case of access to public

transportation based on PTAI, the spatial variations of Airbnb show both positive and
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(a) GWR parameter estimates for LSOAs based on their PTAI score using 95 nearest neigh-
bours.)

(b) MGWR parameter estimates for LSOAs based on their PTAI score using 384 nearest
neighbours.

Figure 4.10: Public Transport Accessibility Index (PTAI) parameter estimates with mag-
nitudes and significance level for GWR (a) and MGWR (b) models. All the
spatial distributions in this chapter are mapped using quantile ranges.

negative relationships according to specific localities. Considering the geography

of the public transport links in London, we might assume that high PTAI index in

tourist areas along the north of the River Thames stretching from Westminster to the

City of London is a positive estimator of Airbnb density. However, this is what the
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model results show. Areas, where PTAI are negative estimates, are also areas with

very high accessibility, but they are also very expensive in terms of the rental values.

With respect to the extreme centralisation of accessibility in London, the difference

of PTAI is rather large in the central areas compared to others, but this is not how

Airbnb is distributed.

(a) A closer look at the GWR parameter estimates for hotel in
the study areas.

(b) A closer look at the MGWR parameter estimates for hotel in
study areas.

Figure 4.11: Areas where hotel presence shows significant relationship with Airbnb density.

Figure 4.11 shows a zoomed-in view of the study areas with Figure 4.11a showing

the GWR result and Figure 4.11 the MGWR model results. Many Airbnbs are not
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located in areas with the highest PTAI, and this might be due to the tension between

rents and public transport accessibility. Based on the models’ results, PTAI does not

solely explain Airbnb location choices, and the effects of other variables are likely

to be more complex. In areas that have a high density of residential properties such

as Kensington and Chelsea, PTAI is indeed a positive estimator for Airbnb density -

although the PTAI value is considerably lower compared to those in the more central

areas. This is also true in the case of Hackney, where higher PTAI values are also

associated with higher Airbnb density.

4.2.2.1 Conclusion

In urban tourism, the impact of hotel presence in cities is widely studied, for example

in relation to the distribution of local amenities, e.g. the food industry. However,

the rise of digital platforms in the hospitality industry during the past decade has

given a new nuance to the overall temporary accommodation sector, but this addition

is largely understudied. That is why our study offers a synoptic view of London in

terms of the spatial distribution of Airbnb through examining the Airbnb density

increase in areas of high hotel and F&B density, as well as in terms of good public

transportation accessibility. Upon conducting three different models to measure this

relationship, we find that spatial heterogeneity is lost in OLS, thus a more robust

model is needed. The GWR and MGWR models both improve performance, by

allowing local variations to be captured. The latter model, MGWR, further allows

the use of different bandwidth to be used, so that the analysis can be conducted at

different spatial scales. This method can be implemented to analyse phenomena

where variables vary locally and exhibit spatial non-stationarity at different levels.

There are two limitations to our study. Firstly, we consider a fairly limited number

of variables, making our GWR analysis relatively focused. Whilst the model shows

a strong relationship between these variables in central areas, it may also be prudent

to include other sub-sectors to improve the study results. However, this extension

should be done by selecting the parameters carefully. Also, as previously suggested,
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the study can be augmented using additional data in particular demographic variables.

Secondly, we only analyse a single snapshot of the phenomenon. Based on this, a

suggestion for further work would be to consider this analysis using time-series data

when this is available. Despite the limitations mentioned above, our study contributes

to the development of current urban studies especially related to urban tourism and

the platform economy.

There are two main findings from our study: the methodological findings and the

empirical finding. Methodologically, by allowing the use of different optimum scales

among the three variables in our analysis, we can assess the complexity of the effect

of our explanatory variables across different spatial scales through MGWR. When

implemented in our case study, the back-fitted algorithm for MGWR computes the

optimum bandwidth that is higher than the universal bandwidth in GWR, indicating

that the model needs a larger number of neighbouring values for the model to perform

better. This results in a higher degree of clustering and smoothing in our study areas.

Also, the MGWR results show consistently lower parameter estimates compared to

the GWR results.

Empirically, based on our local models, we can conclude that the higher presence of

F&B density always has a positive association with Airbnb, as F&B is consistently a

positive estimator for Airbnb. This is not the case with hotels and accessibility to

transport, as the contributions have positive and negative spatial variations. Hotels

are better positive estimators in central areas with a high diversity of activities

including a concentration of tourist activities and other urban activities. While

transport accessibility in these areas are negative estimators, with a drop in the transit

index indicating a rise in Airbnb density. This might be an indicator that further

examination including rent as an explanatory variable is important, to further unravel

the relationship between the two components. Because house price/rent tends to be

highly correlated to public transport accessibility, it can act as a constraint as well.

We will examine this notion of Airbnb, rents, housing and accessibility in further

detail on Chapters 5 and 6.



5
Airbnb and its potential disruptions

to the housing system

“History will see this as the

residential commodification era, in

which housing provision seemed to

lose all contact between supply and

demand of housing as a utility and

simply focused on supply and

demand of investment — and that is

worrying.”

Peter Rees, professor of places and

city planning at University College

London in "Home Truth" article by

Kate Allen, 2015.
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This chapter analyses the possible implications of Airbnb in disrupting the housing

system and provides a proxy for pressures that Airbnb puts on housing. We focus

on the housing system in terms of housing tenure and dwelling types (based on

the building typology) as well as the structure of the (rental) prices. In examining

Airbnb, we differentiate between entire properties and private/shared rooms, as

possibilities for disruption to happen when properties are being misused. We define

these as entire properties that are listed for more than 180 days a year and are

multi-listing properties (where hosts have more than 2 entire property listings). We

assume that they provide the highest risk for rental housing to be converted into

short-term holiday rentals. We also measure the relationship between Airbnb and

rental changes using Zoopla rent price data and find evidence that Airbnb contribute

to rising rental prices in London.

As a global city, London has undergone extreme distortions of the housing market

over the last 200 years or more (Edwards, 2016; Watt and Minton, 2016) where

housing currently is being affected by the rapid adoption of home-sharing platforms

such as Airbnb (Guttentag, 2015; Gutiérrez et al., 2017; Volgger et al., 2018; Gut-

tentag and Smith, 2017). London is also known as an unequal city with rapidly

rising rents and high house prices, wide disparities in its income distribution, distinct

separation of social classes, and multifaceted gentrification which is present in its

urban fabric (Davidson and Wyly, 2012; Hamnett, 2004; Watt and Minton, 2016).

The nature of housing in London is already very complex, and Airbnb is contributing

to its complexity. However, global research surrounding Airbnb is very contested,

as some commentators identify Airbnb as invading the housing market (Lee, 2016;

Horn and Merante, 2017) and hotels (Zervas et al., 2016), while others find there are

no apparent significant impacts and disruptions from Airbnb in terms of detracting

from permanent housing through becoming tourist accommodations (Snelling et al.,

2016). Because the Airbnb impact varies regionally, and depends heavily on the

socio-economic factors pertaining to the city itself (Quattrone et al., 2016), there is a

challenge in drawing general conclusions regarding how Airbnb impacts the housing

market globally.
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This chapter aims to investigate the possible disruption of Airbnb in the housing

market by examining the supply of Airbnb while correlating this with the housing

system, including tenure, dwelling typology and the structure of rental price changes

in London. We examine the association between the housing system in London,

mainly due to the affordability issue and the housing crisis, and the rapid growth

of peer-to-peer holiday rentals through platform economies such as Airbnb. We

also identify the possible misuse of Airbnb by separating out Airbnb that might

not comply with the city-wide regulation, which puts limits on holiday rentals for

being used for no more than 90 days annually (HM Government United Kingdom,

2015b,a). Lastly, we assess the dependency between Airbnb misuse and the rental

changes in London, to see if Airbnb could possibly contribute to the rising cost of

renting in London.

5.1 The complexity of London housing

Too many people, not enough homes. That is just one aspect from many feature

defining the housing problem in London. This is a manifestation of a complex system

with a significant imbalance in demand and supply, issues of taxation, subsidies

and credits, the influx of the global investments, as well as the impact of policies

and politics surrounding the housing system (Gallent et al., 2017; Whitehead and

Williams, 2011). Housing holds a fundamental place both in the economy and in the

society with dual roles as the human need (for shelter) and as an asset that holds a

large proportion of a person’s wealth (LLP, 2012). For decades, the increase in the

value of housing has been perceived as a sign of wealth and a collapse in housing

prices would also mean significant disruption in the overall economics of how the

city functions (Macfarlane, 2017). Prices remain high, pricing out many Londoners,

even those who receive steady paychecks. The Office of National Statistics (ONS)

found that based on the ratio of house prices compared to gross annual earnings,

many young first-time buyers would need to spend close to 13 times their annual

earnings to acquire properties (Bentham, 2019). Although currently growing at their
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slowest rate in the last 10 years, house prices in London are still the highest in the

country by far, and first-time buyers find it difficult, if not impossible to afford any

accommodation (Elliott, 2018). For millennials, the generation born after the 1980s,

the number of those in homeownership has collapsed dramatically, with many of

them facing a future of being a life-long renter, thus creating what is called the

’generation rent’ (Chu, 2018).

The growing unaffordability of the owner-occupation sector further increases demand

for the private rented sector (PRS), which is a classification of housing in the UK

for properties owned by a landlord (individual, a property company, or institutional

investor) and leased to a tenant. It is estimated that by 2030, 40% of Londoners will

be renting their homes (Future of London, 2018), a rise from 27% in 2016 (Trust

for London, 2017). The PRS is the least secure type of tenure, especially due to the

UK’s assured short-hold tenancy (AST) which gives a landlord the right to remove

tenants at two months notice after the fixed term of generally 6-12 months as well

as exercising sharp increases in rent without warning (Judge and Tomlinson, 2018).

Housing is considered affordable when a household spends no more than thirty

percent of its income (Williams, 1992), but a study shows that one in seven privately

renting tenants are spending more than fifty percent of their income on housing in

Britain, even up to 72% in Inner London based on 2015-2016 data, while only two

percent of owner occupiers spend more than those proportions for mortgages (Trust

for London, 2017; Collinson, 2017). Many more people with families are renting

their homes compared with the past. From a total of 4.5 million of households in

the UK that are living in the PRS (according to data by Office for National Statistics

in 2017), 1.8 million are families with children (according to 2016 data) (Judge

and Tomlinson, 2018). There is a distinct difference compared to the early 2000s

when there were only 600,000 of families with children living in the PRS (Judge and

Tomlinson, 2018).
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5.1.1 How policies help shape London’s housing problems

In the UK, post World War II was a period of large scale rebuilding where the

government supported the construction of council housing blocks as an attempt to

solve the past legacy of unfit slum housing as well as providing for continuously

growing population (Wohl, 2017). From the 1970s, there was a period of neo-

liberalisation, where problems of affordable housing provision were exacerbated

through the privatisation of London social housing. London experienced the most

significant tenure transformation in inner London when Prime Minister Margaret

Thatcher’s government introduced the ’Right to Buy’ (RTB) policy through the

Housing Act in the 1980s, thus marking the privatisation of council houses which

led to a transformation in housing ownership (Beckett, 2015). The policy still allows

people living in council housing to buy their properties at market value with discounts

along with mortgage tax relief, subsidising the loan, resulting of course in a boost

to home-ownerships and ultimately rising prices (Foster, 2015). The discounts start

at 33% (for those who have lived in the accommodation for at least three years),

increasing by 1% for each additional year, up to a maximum of 50%. By 2014,

around 1.8 million properties had been sold under the ’Right to Buy’ scheme (Jones

and Murie, 2008).

Subsequently, the ’Right to Buy’ properties were often rented out, particularly where

the owner chose to move out of the property thus capitalising their assets. This

contributed to a new generation of private landlord-ism and further excacerbated the

housing crisis in the following years after the policy was implemented (Slater, 2016;

Edwards, 2016). At least 36% (which is probably an underestimate) of ex-council

housing across London is now let by private landlords, and in some boroughs, this

figure is as much as half of all sold council housing (Copley, 2014). This means that

the policy has helped to accumulate wealth in the hands of private sector landlords.

The policy also creates another key social issue, the emergence of the ’sink estate’,

signifying the presumption that social housing estates creates poverty becoming

an instrument of urban politics, simply because desirable social housing has been
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bought and undesirable properties are still left under the council’s ownership (Slater,

2018). The term social housing has become stigmatised and is used as part of various

political agendas.

The ’Right to Buy’ is by no means the only policy that appears to have further

exacerbated the problem of high house prices. Other policies formulated to help first

time buyers, such as ’Help to Buy’ schemes that were introduced back in October

2013 eventually pushed up house prices further due to the increase in demand that is

followed by unresponsive and inelastic supply (Hilber, 2013). Through the scheme,

first time home buyers or homeowners looking to move can get an equity loan for

the property up to 40% in London (and 20% in the rest of England) after putting

down at least 5% deposit for properties up to £600,000 and obtaining the rest of the

mortgage from a commercial lender (HM Government, 2019). Moreover, it requires

that buyers purchase newly built houses from certified ’Help to Buy’ builders, with

evidence that this often helps inflate the price of the property while giving heavy

advantages to private developers (Jones, 2019). Another element is the interest-free

payments for the first five years, meaning that taxpayers are taking a collective hit to

make the scheme possible (Dorling, 2014).

Furthermore, the local regulatory constraints due to the rigid British planning system

are viewed to be another factor affecting the volatility of house prices (Hilber and

Vermeulen, 2015). To start a new development, developers are currently restricted

by two features, the decline of residential land supply and the growing regulatory

burden entailing the regulatory cost as well as the uncertainty of these costs related

to the planning decisions. Section 106 (S106) of the English 1990 Town and Country

Planning Act requires new developments to contribute to infrastructure requirements

and affordable housing provision in new development aims to create benefits both

for the overall economy and the locality (Burgess et al., 2013). It is specific to the

proposed development site and is uncertain in terms of what is delivered, thus a

negotiation between the local authority and developers is often lengthy. The Planning

Act 2008 allows, but does not require, local authorities to introduce the Community
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Infrastructure Levy (CIL) that is levied on a wider range of developments in a form

of a published tariff schedule that makes it possible to gather contributions more

systematically for regional and national importance (Lord, 2009). Overall, these

rigid requirements can slow down development and constrain the overall housing

supply.

5.1.2 The system failure: an imbalance of demand and supply

Historically, the housing market in the UK and London has not been able to create a

balanced demand and supply, as there is insufficient quantity and quality of supply.

Despite recent efforts in new house construction over the last 10 years, there has

been a prolonged decline in new houses constructed since the 1970s, leading to a

continuous housing shortfall and severe supply constraints (GLA, 2015; Watt and

Minton, 2016). Thus, the massive annual development of new housing is now being

prioritised over the coming decades. The London-wide Strategic Housing Market

Assessment (SHMA) and Strategic Housing Land Availability Assessment (SHLAA)

identified that London needs around 66,000 additional homes to be built annually

with a total of 650,000 new homes by 2029 as shown in Figure 5.1. The distribution

of a complete target for housing completions in the next ten years is concentrated in

the East, South, and Northwest of London.

Despite various efforts, housing supply is still highly constrained. A study by LLP

(2012) suggests that London is experiencing an asymmetry in prices (when house

price increases but supply does not necessarily increase at the same rate) and an

inelasticity (where a change in price is associated with a smaller percentage change

in supply). This leads to an under-supply of housing over time and contributes

to massive upward pressure in demand, thus pushing prices up much faster than

income growth. London’s population is projected to reach 10.2 million by 2039

(GLA Intelligence, 2015), and it seems unlikely that income will outpace house

prices anytime soon (Macfarlane, 2017). The need for housing comprises of a

mix of market demand as people’s preference over dwelling type, geographical
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Figure 5.1: 10 year targets for net housing completions 2020 - 2029. Source: London
(England). Mayor, Shadiq K. (2018).
Note: The London Legacy Development Corporation is responsible in the plan-
ning, development, management, and maintenance of Queen Elizabeth Olympic
Park after London 2012 Olympic Games. Old Oak Park Royal Development
Corporation manages the regeneration project in Old Oak and Park Royal (West
London) in response to the Elizabeth Line (Crossrail) and High Speed 2 (HS2)
projects.

location, occupancy and affordability varies (LLP, 2012). There should be a good

enough mix of supply to meet diverse demands but the London housing supply is

constrained due to several challenges including the institutional (lengthy process for

planned development as well as objections due to political reasons), procedural (i.e

obtaining land ownership is complex due to the asymmetry between developers and

local authorities) and fundamental challenges (i.e. land supply constraints, financial

hurdles) (Holman et al., 2015). These challenges have shaped a housing market

structure that is dominated by large firms in terms of local housing construction and

this creates a barrier to entry for small firms (LLP, 2012). Without proper steps, such

as making the planning more transparent and predictable, encouraging more land to

be available for housing construction, and the restructuring of finance programmes

to include more developers in all sizes of firms, expanding housing investment and

increasing supply is a major challenge (Holman et al., 2015).
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5.1.3 London’s post-financial crisis

The collapse of the sub-prime mortgage market and the burst of the housing bubble

originated in the USA as the leading causes of the 2007 financial crisis. It has had

repercussions globally, including London, as the local and global dimensions are

highly intertwined with capital movements in the financial sector (Martin, 2011). The

major effect was a meltdown in the UK property market, where house prices plunged

by 20% over 16 months and it took six years for prices to return to the pre-crash levels

(Morrison, 2018) although parts of London remained resistant to such falling prices.

Stamp duty up to a certain price of housing was abolished in 2010 for first-time

buyers to stimulate house sales (Morrison, 2018). What subsequently followed was

a surge of foreign investors flooding the prime property market by being attracted by

reduced property prices making London the centre of a speculative market with the

emergence of Global Corporate Landlords (GCL) who buy properties as investments

(Dorling, 2014; Beswick et al., 2016). This trend has led to a big expansion towards

the private rented sector with an expected significant and continuing increase over

future years (Colson, 2017).

The private rented sector (PRS) has experienced accelerated growth as a consequence

of the global financial crisis, with the proportion of new households who are renting

privately increasing substantially while existing households stay in the PRS for a

longer period (Kemp, 2015). The greater demand on the PRS is a result of slumps in

spending and transactions in the housing sector, especially as financing mortgages

have become increasingly more difficult to obtain. With a mortgage-tightened market,

the ’Bank of Mum and Dad’, a popular term describing the reliance on family loans,

has contributed quite a large proportion of finance for the housing market, and

this has probably also led to upward pressure on property prices as well as further

extending the gaps between those who can buy a home and those who can not

(Walker, 2017). Family loans act as the UK’s ninth-biggest lender with an average

of £17,500 each, funding more than 300,000 deals worth of the £77 billion housing

finance in 2016. Also, trading up in the housing market, such as moving to a bigger
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home, becomes increasingly difficult as it is not affordable to jump up to the housing

ladder for most existing homeowners (Colson, 2017).

The crisis has exacerbated the UK’s long-standing tensions in housing provision

(Whitehead and Williams, 2011). Since 2008, there is an increased risk and financing

difficulties for new housing development that reduces the market’s confidence and the

low willingness to buy with reduced mortgages and restrictions on commercial and

government lending (LLP, 2012). This has restricted the availability of new supply

and further pushed prices upward generally. The credit crunch has transformed the

nation’s housing market, and to reach equilibrium, the UK housing market needs a

rise in supply by an average of 1% a year, even higher in London (Kay, 2017).

5.1.4 Airbnb: An additional contributor to the housing crisis?

Even before Airbnb was introduced, London has undergone a long history of complex

housing problems. Hilber (2015) found that for similar flats, the rental price-per-

square meter in London is the second highest in the world, below Monaco, and

followed only by Hong Kong, New York and Paris. Nowadays, the rapid growth

of short-term holiday rentals such as Airbnb is feared to have worsened the hous-

ing crisis and affordability in many large cities, if not most cities where there is

a significant presence worldwide. Past research has examined Airbnb from the

important perspective of exploring the effects of short term rentals on the housing

market and touched upon the possible impact of Airbnb towards the gentrification

of neighbourhoods (Lee, 2016; Horn and Merante, 2017; Wachsmuth and Weisler,

2018). Based on the analysis by Wachsmuth and Weisler (2018) who examine the

relationship between gentrification and short-term holiday rentals, Airbnb might

be forcing a new kind of rent gap that is fused with the new revenue flow from the

platform mainly in areas that are currently gentrifying or that are post-gentrified

neighbourhoods. Horn and Merante (2017) revealed that a one standard deviation

increase in Airbnb listings results in an 0.4% increase in housing rent in Boston due

to the decrease in the supply of units available for prospective permanent residents.
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This claim is also supported by Lee (2016) who studied Airbnb and the housing

crisis in Los Angeles. Moreover, there are many misuses through short-term holiday

rentals in the housing market where hosts list more than one offer, for example in

Berlin where as many as 0.30% (5,555 properties) of the total housing stock are

being misused as Airbnb listings (Schäfer and Braun, 2016). Other studies point out

that Airbnb only comprises a small amount compared to the city-wide housing stock,

establishing causalities between rental changes and Airbnb presence is a challenging

research question (Snelling et al., 2016).

In this chapter, we assess the relationship between the two features: housing and the

short term rental phenomenon in London. This is especially important in a city such

as London where there is rising urgency concerning affordable and new housing

development. Thus, any factor that contributes to detracting housing from permanent

residents need to be investigated closely. Additionally, as short term rentals become

a more attractive and viable option, private companies specialising in managing these

properties have emerged. They are referred to as ’Airbnb management’, a business

model that manages Airbnb rentals (cleaning, keys management, website update, etc)

in exchange for a share of the profit, eliminating the need for owners to be present to

manage their properties. These short-term rental platforms have become a bigger

business model for both micro-entrepreneurs and businesses alike.

5.2 Understanding the relationship between Airbnb and the over-
all housing system in London

This chapter explores various datasets to identify possible disruptions associated with

Airbnb presence in London including the following data sets that we have already

noted but will repeat for convenience here:

Accommodation data from the 2011 UK Population Census that refers to the types

defined by the use of the dwellings according to the typology of the buildings. Table

5.1 shows the structure of dwelling types in the Greater London Area based on their
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count and overall proportion. Almost 48% of dwellings in London are whole houses

or bungalows and the rest, 52%, are flats or apartment types of dwelling (dominated

by purpose-built flats or maisonettes that make up the largest proportion of almost

38% of London dwellings).

Airbnb data from Inside Airbnb (http://insideairbnb.com) has information on the

rental outlets that were available for booking in May 2018. There is a total of more

than 69,000 observations (Airbnb rentals) in London, from which 50,000 (72%)

have at least one review, which can be used as a proxy for active listings on the

platform. Listings refer to properties (entire property, private rooms or shared rooms)

that are being advertised on the Airbnb platform. Each listing has attributes such as

estimated geographical location, price per-night, number of beds/bedrooms, number

of reviews, and so on. The data shows that 55% are listings of the entire property,

44% are private rooms and only 1% correspond to shared rooms in the 2018 snapshot.

Although most of the analysis uses the May 2018 snapshot, we also compare the

longitudinal data starting from 2015 until 2019.

Dwelling Type Count %

Whole house or bungalow
Detached 211232 6.24%
Semi-detached 629607 18.59%
Terraced 776821 22.93%
Flat, maisonette or apartment
Purpose-built block of flats 1274526 37.63%
Conversion 429456 12.68%
In a commercial building 62795 1.85%
Mobile/temporary structure 2818 0.08%
Total 3387255 100%

Table 5.1: Proportion of dwelling types in the Greater London Area (Source: UK Census
2011)

We use the housing supply data from the Valuation Office Agency (VOA). The

Valuation Office Agency data consists of the number of houses in each London LSOA

(Lower Super Output Area) and this makes up the total building stock available for

London dwellings. Also, we use the LSOA type of homeownership data from the

London Datastore which contains a summary of areas with the proportion of the
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type of homeownership. Lastly, we incorporate the Zoopla data Zoopla Limited, ©

2018. (from the Economic and Social Research Council. Zoopla Property Data.

University of Glasgow - Urban Big Data Centre.), based on available data at the

postcode level. From the 2.5 million records on housing data in London, 1.3 million

involve rental data, while the rest is sales data.

5.2.1 The spatial distribution of Airbnb in London

The idea behind Airbnb is simple: capitalise an empty or spare room by turning it

into extra earnings. However, the reality is that the properties that are being listed in

Airbnb are not always spare or underutilised as there is a mix between those who rent

their extra rooms / empty houses and those who do it commercially by commodifying

their assets via the platform. In joining the platform, hosts can choose to list an entire

property - where they generally do not reside in the property - and a private/shared

room where hosts are mostly present in or at the property. Based on a study using

semi-structured interviews with Airbnb hosts who use the platform, one of the most

repeated extrinsic motivations for renting through this peer-to-peer market is to

supplement rent or mortgages (Ikkala and Lampinen, 2015; Jefferson-Jones, 2014).

This is also particularly true in the case of London, in which sharing accommodation

or long-term subletting is a very common practice to lessen the burden of the cost

of renting or owning a house. This might be one of the reasons why Airbnb is

very popular in cities where the cost of living is relatively high, mainly because it

provides channels for extra earnings. According to the dataset from Inside Airbnb

(http://insideairbnb.com) which collected publicly available data from the Airbnb

website, the top three most popular Airbnb locations in 2018 are London, with more

than 69,0000 listings, followed by Paris and New York respectively, all cities where

the living costs are well above average for world cities.

Figure 5.2 provides a series of cumulative temporal snapshots of the current Airbnb

listings, i.e. it shows the set of listings available (from the currently existing ones)

for booking at specific time intervals in Central London. As we have discovered
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Figure 5.2: Airbnb listings accessible for bookings in May 2018 according to the time of
first listing

in previous chapters, one of the characteristics of Airbnb locations is the close

proximity to tourist attractions. The far left of Figure 5.2 shows the key attractions

in London based on Visit London 2015 Data, that showcases the concentration of

tourist attractions around the River Thames. Figure 5.2 shows that very few Airbnb

listings currently available have been hosted since 2008, and they are all located

north of the river (there is a total of eight listings). The distribution of London tourist

attractions is quite concentrated in the central areas north of the river, and this aligns

with the distribution of older Airbnb establishments. The previous study by Li et al.

(2016) finds that the turnover of establishments on the Airbnb platform is relatively

high, where 49% of the hosts exited the market after registering (based on 18 months

of observations of Airbnb in 2012 to 2013). Also, non-professional hosts (hosts with

one listing instead of multiple listings) are 13.6% more likely to exit the market (Li

et al., 2016). Unfortunately, our data cannot provide the overall evolution and growth

of Airbnb because it does not contain the listings that have disappeared from year to

year. But even disregarding these disappearing listings, our visualisation showcases

how Airbnb listings increase cumulatively over the years to the point in 2018 where

London is now populated rather heavily with Airbnb.
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In terms of regulating the platform economy, London has implemented Section

44 of the Deregulation Act (HM Government United Kingdom, 2015b) allowing

Londoners to rent out properties for up to 90 cumulative days without planning

permission, providing there is no change of use (for which planning permission

would be required) (HM Government United Kingdom, 2015a). This deregulation

amended section 25 of the Greater London Council (General Powers) Act 1973 and

placed a cap on the number of days people can freely short-let their properties. This

deregulation has left local institutions (such as councils) the resource-intensive tasks

of managing and enforcing the new regulation, which is often more challenging as

there is no formal notification process for short-term letting, nor any data transparency

from the platform itself (Ferreri and Sanyal, 2018). The relaxation of the deregulation

related to the platform economy might be one of the reasons why Airbnb has grown

uncontrollably over the years. In the next section, we assess the relationship between

Airbnb and the distribution of dwelling types in London.

5.2.2 Entropy statistics to describe the diversity of dwelling types in

London in relation to Airbnb

Entropy is a prominent measure which lets us study the complexity of cities in terms

of their functional mix and heterogeneity (Batty et al., 2014; Wilson, 2013). It is

a measure of spatial variance that is at a maximum when the distribution of types

is uniform or completely heterogeneous and is at a minimum when the distribution

is peaked around a single type thus representing extreme homogeneity. Note that

heterogeneity and homogeneity pertain to the space over which the distribution

is measured at this context. The concept of entropy has been used in geography

for different research purposes ranging from measuring urban land-use change and

composition (Zhao et al., 2004; Tan and Wu, 2003), to describing the geographic

concentration of economic activity (Garrison and Paulson, 1973), as well as urban

spatial interaction modelling (Jat et al., 2008) but here we use it in its statistical form

as a measure of heterogeneity. The measure of entropy used is originally due to
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Shannon where information varies inversely with the probability of occurrence.

The probability of the number of dwelling types Pi for example can thus be calculated

as follow:

Pi =
Ai

K
∑
i

Ai

(5.1)

where Ai and K represent the number of dwelling types i and the total number of

observed dwelling types respectively. Entropy denoted as H is calculated as:

H =−
K

∑
i

Pi lnPi (5.2)

while its maximum (Hmax) can be computed as:

Hmax = lnK (5.3)

Entropy is thus a measure of heterogeneity with higher values indicating a higher

number of dwelling types in an area (with more diversity or a greater mix). Using the

data, we calculate the entropy for the distribution of dwelling types in each London

LSOA. Figure 5.3 visualises this entropy for all seven dwelling types calculated using

equations (5.1) and (5.2). The darker colour blue indicates higher entropy values,

meaning that those areas have a greater diversity of dwelling types. Maximum

entropy is achieved when all types are equally likely thus presenting maximum

diversity (Atkinson et al., 2014). Maximum entropy is defined using equation (5.3)

and therefore the maximum value for our case is approximately 1.94 while the

minimum entropy is 0. Minimum entropy 0 indicates an area dominated by a single

dwelling type, and maximum entropy 1.94 indicates there are seven dwelling types

(ln 7) present in that area with an equal proportion in each.

Based on the entropy calculation, the core of inner London Boroughs is very homo-
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Figure 5.3: Entropy of dwelling types in London defined by the methodology outlined in the
text. The darker colours indicate high diversity of dwelling types while lighter
colours indicate less diversity and more homogeneity

geneous (low entropy) with heterogeneity filtering out towards the peripheries (high

entropy). The outer London Boroughs are dominated by diverse dwelling types (mid

to high entropy values). When correlated, the locations of Airbnb establishments are

negatively associated with dwelling type diversity and are positively associated with

flats (purpose-built, conversions and flats in commercial buildings). At first glance,

we might assume that central areas have a mix of dwelling types because the general

conception is that cities are very diverse in their centres and homogeneous on their

edges. But in the case of dwelling types, although the housing typology in the city

centre might be more diverse, the buildings are occupied in a quite homogeneous

way. The inner borough areas in Figure 5.3 spanning east have an extremely low en-

tropy values (0.05 to 0.62) indicating that the area is dominated by a single dwelling

type. The areas with the lowest entropy are the City of London, Hackney, Tower

Hamlets and parts of Kensington, and Lambeth, as well as a fraction of housing in

Westminster. Looking back historically, inner and east London have experienced

heavy de-industrialisation in the past and other land-use change which has allowed
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space for newer development. These are areas where residential accommodation

have been built after the 1970s. Moreover, 31% of the total housing built-in 2000 or

later is located in Tower Hamlets (GLA, 2015). These new developments are mostly

purpose-built blocks of flats to cater for singles, couples and small families. Aside

from the core area, London’s dwelling types are quite diverse generally with mid to

high diversity as shown by the entropy statistics.

Based on our diversity measure of dwelling types using the concept of entropy,

London’s core area is quite homogeneous (especially in its inner-city areas and

East London) whereas elsewhere there is mid to high diversity. Past research tends

to associate the diversity of the city with land use mix but this is very different

from the picture we have presented in this chapter. We focus on the diversity of

dwelling types and find that the dwellings in London’s city centre are being used

in a very homogeneous way. This finding can be linked to the history of housing

in London with its concentration on purpose-built flats dominating the central to

eastern areas from the 1980s onward, resulting in low diversity (low entropy) in

those areas. We also find that the diversity of dwelling types is negatively correlated

with Airbnb locations, as Airbnb tends to locate in areas that are dominated by flats

(purpose-built, conversions and flats in commercial buildings) as can be seen by the

positive correlation between Airbnb locations and flats.

Furthermore, we use correlation to measure the strength (decreasing or increasing)

of a linear relationship between variables (Lee Rodgers and Nicewander, 1988).

The coefficient values can range from -1.00 and +1.00 and Figure 5.4 shows the

correlogram depicting the correlation coefficients between Airbnb and the various

dwelling types as well as showing their entropy measures in London. The matrix is

used to investigate any simultaneous dependence between these multiple variables.

The blue shades indicate positive and the red shades indicate negative associations.

The colour intensity is proportional to the correlation coefficients according to the

colour bar legend on the right-hand side. Any non-significant results with a p-value

higher than 0.01 are indicated using the white colour in the graph.
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Figure 5.4: Correlations of Airbnb and dwelling types.

The analysis shows that the number of Airbnb listings is negatively correlated with

the entropy of the dwelling type in terms of the correlation coefficients (r = -0.14),

indicating that Airbnb is associated with more homogeneous dwellings. Examining

further, Airbnb listings have a positive association with specific dwelling types such

as purpose-built flats/apartments, conversions, and flats in commercial buildings (r

= +0.48, +0.35 and +0.40 respectively). In contrast, the number of listings has a

negative association with semi-detached, detached and terraced whole houses (with

r = -0.41, -0.23 and -0.22 respectively) as shown in Figure 5.4. We can conclude

from our analysis that the concentration of Airbnb tends to be in areas with a higher

proportion of flats and apartments, a lower proportion of whole houses and in areas

where there is lower dwelling type diversity (lower entropy).

Considering that the distribution of Airbnb shows a positive correlation with flats,

apartments and maisonettes, Figure 5.5 further displays the distributions of these

specific dwelling types. Figure 5.5a shows the distribution of purpose-built blocks of

flats (flats that have been constructed originally as flats as opposed to conversions

from other functions, for example). The main characteristics of purpose-built flats

are that they have regular shapes, most are newly built, and they are generally
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(a) Percentage of purpose-built blocks flats /
apartments, r = 0.48

(b) Percentage of conversion flats / apart-
ments, r = 0.35

(c) Percentage of flats / apartments in com-
mercial buildings, r = 0.40

Figure 5.5: The distribution of flats, apartments and maisonettes in London based on
UK Census data 2011 (the sub-captions showing the correlation coefficients r
between Airbnb and the specific dwelling type)

newer than converted flats. They can be either low rise (usually less than six

storeys) or high rise (more than six storeys). Airbnb has the highest correlation with

purpose-built flat dwellings compared to other types of dwellings where there is a

positive linear relationship between the two indicated by an r of +0.48. Although

spatially distributed all over London, the highest proportion of purpose-built flats

is 99%, mostly in Tower Hamlets, the City of London and Hackney, and there is a

high proportion of flats generally distributed through Central London towards East

London with some increase in proportion in Greenwich. These overlap with the

areas with the highest concentrations of Airbnb.

The Airbnb count also shows a positive correlation with conversions. The demo-
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graphic structure in London has changed from the 1980s to 1990s with a rise in one

and two-person households, and this has led to many whole house properties being

converted into flats (Hamnett, 1973, 2004). For example, many two or three-storey

terraced houses were broken up into several flats in that period. It is estimated there

was a total of 120,700 units converted in a short period from 1980 to 1989 (Hamnett,

2004). Moreover, former industrial properties and offices especially those near the

Thames and inner-city London were converted into flats as well, further increasing

London’s housing supply. From Figure 5.5b we can see that the areas with high

proportions of converted flats are located in West London, North London and South

London near the river. In the 2000s, London experienced a substantial increase in

its housing stock, and this was not due to the construction of new houses, but rather

from a combination of conversions of existing houses to flats and buildings changing

from industrial/commercial to residential (GLA, 2015). This might be a London

phenomenon as London is very different from the rest of the UK in that over half of

London housing comprises flats (see again 5.1 for more details) compared to less

than 20% in the rest of the country (GLA, 2015).

Figure 5.5c shows the distribution of flats in commercial buildings. The proportion of

this type of dwelling is generally lower compared to other types of flats (the highest

is 26% of the overall dwellings, located in an LSOA in Westminster), and they are

dispersed all around London. Overall, the r coefficient shows the positive linear

correlation of Airbnb establishments with flat dwelling type as shown in Figure 5.5,

even though not all those dwellings are located centrally.

As this study has only considered the London case, it is not possible to draw a more

general conclusion as Airbnb case is city-specific. Therefore, it would be interesting

to see if this is also the case in other major cities with complex housing problems

such as Paris, New York, and Berlin. As the study specifically analyses the diversity

of dwelling types, thus disregarding other types of diversity such as that associated

with land use, incorporating different metrics to analyse the geographical patterns

of Airbnb at different scales would yield interesting results which would hopefully
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complement this analysis and deepen our understanding of this phenomenon further.

5.2.3 The relationship between tenure and Airbnb

Figure 5.6: Correlation of Airbnb, entropy of dwelling types and the type of tenure.

In their previous work, Quattrone et al. (2016) found that Airbnb offerings correlate

with the socio-economic attributes of their geographical locations. These are the

areas that have high proportions of young population that are ethnically mixed and

economically active with a low proportion of owned properties and good accessibility

to the city centre (Quattrone et al., 2016). Expanding on this, we look into greater

details of the relationship between the entropy of dwelling types, Airbnb, and type of

homeownership in London as shown in Figure 5.6. We differentiate between entire

properties and private/shared room listings and examine how these are associated

with the type of tenure. The analysis shows that areas with a higher diversity of

dwelling types (mid to high entropy) can be associated with owned properties both

outright (r = +0.22) and owned with mortgage/loan (r = +0.35).
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In contrast, Figure 5.6 shows that the entire property Airbnb has a positive correlation

(r = +0.48) with areas that have a higher proportion of private rented properties and

a negative linear relationship with owned-mortgage/loan dwellings (r = -0.30) and

owned-outright (r = -0.15). In London, private renting was once the largest tenure

until the 1980s, when there was a dramatic transformation to ownership where almost

40% of households in inner London either owning or are buying their own homes

(Hamnett, 2004). Recently, the number of private rentals has been rising rapidly

to 26%, making it the second-largest tenure, while owner occupancy has fallen in

commensurate terms (GLA, 2015). The median price of this private rented sector

varies hugely between various boroughs, where higher rents tend to be located in

inner London boroughs (areas with the large rented sector) (GLA, 2015). There are

thus very distinct characteristics for areas with high entropy and those with high

numbers of Airbnb establishments.

Many Londoners have been priced out and have been moving to the commuter belt

areas due to the more than proportionate annual increase of rent in inner and central

London (Fraser, 2017). The problem of affordability is even worse in the prime

London LSOAs, where Airbnb is heavily concentrated, as in areas with mid to high

rental prices. A report shows that in August 2018, there was a 24% drop in available

properties to rent in Greater London compared to the previous year; thus an increase

in rent in the future is to be expected (Silva, 2018). It is possible (although not

definitive) that Airbnb might exacerbate this problem.

5.3 Possible misuse of Airbnb properties

The previous study by Schäfer and Braun (2016) analysed the misuse of Airbnb in

Berlin as the practice of letting through the platform that does not comply with the

local regulation. We attempt a similar approach by also separating out Airbnb supply

that complies with the current 90 days limit regulation and those of potential misuse

of holiday rentals. Figure 5.7 shows the data of Airbnb from 2015 to 2019 (source:
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Inside Airbnb) and the general growth over the years. The exponential growth of

Airbnb supply is staggering in London as in 2015, only 25,000 properties were being

offered for short term rentals, and since then it had grown to 80,000 properties in

2019. The table below Figure 5.7 shows the distribution of Airbnb supply according

to the type of listings offered. Airbnb is broken down into the three types of listing:

entire properties, private rooms and shared room listings, and all these types are

examined to determine any possible misuse. The data shows consistency in terms of

the proportion of Airbnb density, with the highest density for entire property listings

followed by private room and shared room listings.

In the case of London, we define possible Airbnb misuse using the criteria as follow;

• Entire property listings that are offered for more than 180 days cumulat-

ively in one year, assuming that the occupancy rate is 50%1, has a higher

chance of being booked for more than 90 days annually (which violates the 90

days limit for letting properties as holiday rentals in London).

• Entire property listings in which hosts have multiple listings (2 or more

listings).

The density of Airbnb is calculated by dividing the number of Airbnb with the

overall number of available dwellings (representing the housing supply) as shown in

Equation 5.4 as follows:

Airbnb_Density_(i) =
∑Airbnb_i

∑Dwelling_i
∗100% (5.4)

1Based on Visit Britain UK Occupancy Survey for hotels, guest houses and bed & breakfast
establishments in the UK, the occupancy rates for year 2017 - 2019 for rooms are 69% to 79%, while
bed-space occupancy ranges between 53% to 55%. Therefore, this study chose the lower boundary
of the occupancy rates and assumes that Airbnb listings are being booked with a 50% occupancy
rate. This number might be an under-representation or over-representation of the actual booking
number as the occupancy rate greatly varies for Airbnb properties. Thus we use the term "potential
/ possible" misuse because the number is not definitive. For more info regarding the survey, visit
https://www.visitbritain.org.

https://www.visitbritain.org/sites/default/files/vb-corporate/2019_ukos_newsletter_June_2019.pdf
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Figure 5.7: Airbnb supply from 2015 - 2019 data and possible misuse based on the amount
of days properties are being offered and whether hosts have multiple listings.
All values are proportions of the total housing stock.

From Figure 5.7 we can see that the total Airbnb proportion compared with the

housing supply, has grown from 0.75% (25,000 properties) in 2015 to 2.38% (80,000

properties) in 2019. The growth does not stop there, as Airbnb is continuously

growing in terms of their supply as more people participate in the platform over

the years. Figure 5.7 shows the proportion of Airbnb in general and the possible

misuse over a five year period and it examines the proportion of each listing type

according the annual availability (if listings are available for more than 180 days and

300 days), as well as whether the hosts have multiple listings. Based on the Valuation
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Figure 5.8: Airbnb density in London compared to the housing supply in London LSOAs as
percentage values.

Office Agency data, there are approximately 3.4 million dwellings in London, and

compared to this number, houses advertised through the platform comprise quite

a small percentage of the overall housing supply. This number seems somewhat

insignificant, but because Airbnb is very strongly concentrated in several areas, some

regions might experience more pressure from Airbnb conversions compared to other

areas.

In this study to gain a finer understanding of the distribution of Airbnb listings

according to their types, Figure 5.8 provides a snapshot of the Airbnb data for May

2018 into LSOAs which typically have an average population of around 1500 in

London. London is quite mono-centric in terms of its activities and employment

centres (Buck et al., 2013), so we would wish to see if this is also the case for the

Airbnb distribution. We can see that although Airbnb intensity tends to increase in

the city centre as has been confirmed in previous studies by Dredge and Gyimóthy
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(2015) and Gutiérrez et al. (2017), the Airbnb phenomenon extends well beyond

the central areas. We have examined the Airbnb distribution in all 4835 LSOAs and

found that 82% of the areas (3982 LSOAs) have at least one Airbnb listing. This also

aligns with the findings by Coles et al. (2017) suggesting that although centrality

is the main driver in Airbnb locations, Airbnb listings have become geographically

more dispersed than many other comparable establishments such as hotels, guest

houses and hostels. Figure 5.8 shows that up to 23% of available housing is being

advertised through the platform. From the overall proportion, up to 16% of the

dwellings are entire property listings that are being advertised as holiday rentals.

This finding requires a more thorough examination of how Airbnb affect the rental

markets. The numbers for private and shared room proportions are less than the

entire property proportions, up to 11% and 2%, and because the hosts usually still

reside in the property, they are not categorised as a possible misuse.

Based on our previous criteria of possible misuse, Figure 5.9 shows the geographical

distribution of Airbnb properties that are being advertised for more than 180 days

annually and are multi-listings properties. For comparison, the spatial representations

are being visualised at two different scales: LSOA level and Borough level. The

purpose of displaying two different spatial scales is to emphasise the point that

when looking at a finer smaller spatial scale, Airbnb is concentrated in some small

geographical locations, where the possible implications on how they encroach on

the availability of housing for permanent residents is more apparent. In 2018,

approximately 0.25% (8,200 properties) of the entire housing stock in London are

entire property Airbnb listings that are being advertised through the platform for

more than 180 days annually. Meanwhile, around 0.16% (5,300 properties) of those

possible Airbnb misuses are multi-listings properties. Based on Figure 5.9a in the

City of London, up to 1.5% of the housing stock is being used as possible Airbnb

misuse and mutli-listings properties, followed by up to 0.9% of the housing stock in

Westminster as well as Kensington and Chelsea, and up to 0.4% of the housing stock

in Tower Hamlets, Hackney and Southwark. These are the areas where house prices

have soared and the problem of affordability persists. When looking at the LSOA
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(a) Possible misuse of Airbnb at Borough level

(b) Possible misuse of Airbnb at LSOA level

Figure 5.9: The proportion of possible Airbnb misuse compared with the overall housing
stock shown as percentage values. Left: The proportion of Airbnb entire property
that is being advertised for more than 180 days annually through the platform.
Right: The proportion of Airbnb entire property that is being advertised for more
than 180 days annually through the platform and where hosts have multiple
listings (two and above).

level as shown in Figure 5.9b, the proportion on a smaller scale is much higher.

Around 5% to 7% of the housing stock of some LSOAs in Camden, Westminster,

the City of London and Hackney contain possible Airbnbs that are being misused,

and a slightly lesser proportion, from 3% to 5% of the housing stock in LSOAs in

Hackney, are also possible misuse. The 90 day time limit seems to be problematic as

hosts with these multi-listings can re-register their homes to get around the regulation

since little enforcement is taking place (Lynn and Allen, 2017).

Coles et al. (2017) found that Airbnb is most profitable compared to long-term rentals

in middle-income neighbourhoods. Areas such as Tower Hamlets and Hackney are
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among those with the highest Airbnb supply, and according to Savills (2014), these

two middle-income areas have been experiencing the highest influx of affluent

newcomers and creative workers over recent years (Savills, 2014). Since 1998,

prices in the east London borough, Hackney, have increased by 568 per cent, pushing

the average cost of a flat above half a million pounds to £515,600, which is amongst

the highest price increase for the last 20 years (Ivey, 2018). In their New York

study, Wachsmuth and Weisler (2018) found that significant Airbnb revenue stream

appears in "post-gentrified" neighbourhoods where the process of rent increases and

displacements have happened already and neighbourhoods are transforming or have

been transformed into wealthy areas. This seems to also be applicable in London in

the wealthier areas in Central and West London and those already gentrified in East

and South London which are the primary areas for Airbnb.

5.4 Does misuse of Airbnb properties contribute to increasing
rental price?

Various scholarly studies attempt to quantify the effect of Airbnb as a contributing

factor in the increase of rental prices in cities (Barron et al., 2017; Horn and Merante,

2017; Schäfer and Braun, 2016). In this section, we examine whether Airbnb is

indeed a contributing factor for London’s continuous increase in rent prices. In

cities such as London, where the private rented sector plays a huge role in the

housing market (Chu, 2018; Future of London, 2018), even a slight interference in

the permanent rental market could potentially create a disturbance in the overall

housing market. In conducting the analysis, we are fully aware that housing in

London is a complicated issue, and unravelling the causes of price increases would

require a fully comprehensive analysis. Instead, we are focusing on examining if the

density of possible misuse might in some ways contribute, thus having a positive

linear relationship with the increase in rental price.

First, we look at the trend in rental prices in London based on the advertisement
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Zoopla data provided by Zoopla Limited and the University of Glasgow’s Urban Big

Data Centre. The longitudinal data is available from 2010 until 2017 consisting of

more than 2.5 million asking selling prices and asking rent prices data for Greater

London Area at postcode level. As we are only interested in rent data, we exclude

sales data, leaving us with 1.1 million rent prices data. Among the data variables are

ID, the number of bedrooms, price per-week, postcode, the first and last marketing

date, etc.

0 BR 1 BR 2 BR 3 BR 4 BR 5++ BR

1st Qu 160 202 275 312 403 550
Median 200 270 335 392 530 740
Mean 226.5 294 398.1 520.7 694.4 1181
3rd Qu 270 349 450 550 700 1154
Max 3850 8400 7800 8995 11500 14999
∑ obser-
vations

101872 346651 484495 246156 103779 43310

Property
propor-
tion

7.68% 26.14% 36.53% 18.56% 7.83% 3.25%

Table 5.2: Zoopla rent data summary.

Table 5.2 shows the summary statistics associated with the Zoopla dataset according

to the number of bedrooms. The highest number of adverts, almost 37%, is for

two-bedroom properties, followed by one-bedroom and three-bedroom properties

at 26% and 19%. Based on this initial data, we conducted a further data cleaning

process which involved the following:

• Classifying the data based on the year according to when the listing enters

the market. The data shows when the listings enter the market (first marketed

date) and exit the market (last marketed date). 1,168,438 have marketed year

information (84%) while the rest is missing.

• The data was extracted in 2017, thus all data with the marketed year of 2018

is deleted from the data set so there are 1,149,713 data included (83%).

• The data is further cleaned by removing errors, duplicates as well as examining

the outliers (those with very high or very low prices when cross-validated with
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the number of bedrooms) and a check on the validity of those outliers is made.

The end result is 1,109,469 (80%) of the cleaned dataset as shown in Table

5.3.

• Adding the geographical information in terms of latitude and longitude

data from each data set by cross-sectioning them with Doogal postcode (ht-

tps://www.doogal.co.uk/).

Year Rental data Percentage (%) of yearly rental data

2010 124,785 11
2011 143,356 13
2012 170,712 15
2013 102,647 9
2014 147,739 13
2015 137,184 12
2016 148,897 13
2017 134,149 12
Total 1,109,469 100

Table 5.3: Longitudinal Zoopla rental data information.

Table 5.3 shows the proportion of the dataset according to the year the advert is

being marketed. The largest dataset is 2012 with the lowest in 2013. Generally, the

proportion is quite consistent with 9% to 15% of the data available to be analysed

each year. An important variable for our analysis is "price" information. However, as

the properties have a different number of bedrooms, price is standardised according

to the number of bedrooms according to Equation 5.5 for each yearly data as follow:

PricePerBedroom =
WeeklyRentalPrice
NumberO f Bedroom

(5.5)

Due to the purpose of our analysis, we select the years 2014 and 2017. Most available

Airbnb data starts from 2015, which marks the time where Airbnb supply takes off

and people have more interest in joining the platform. The year 2017 is selected as

the most recent year. Thus, examining rental changes between those years could

provide a comparable result between change in rental prices and Airbnb misuse. The

individual rent prices from the year 2014 and 2017 are then aggregated to Borough

(https://www.doogal.co.uk/london_postcodes.php)
(https://www.doogal.co.uk/london_postcodes.php)
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level because this study focuses on the price index of an area rather than individual

dwellings, and, as mentioned before, spliced according to their marketed date data

to create a time series. Therefore each Borough in London has information on the

mean rental price per-bedroom for each chosen year. As the data is not evenly

distributed among London LSOAs, the analysis in this section is done using a higher

geographical scale at Borough level (32 London Boroughs and City of London). By

aggregating the data at this larger spatial scale, the overall trend is more consistent

and the results are thus more reliable.

Figure 5.10: Year to year variations of rental price per-bedroom per-week in London. Note
that we do not incorporate inflation in the rental changes.

Figure 5.10 shows the year to year variations of rent prices in each London Borough

where the variations are visually apparent. This is especially true in areas where

rent prices are higher than the rest of London such as Kensington and Chelsea,

Westminster and City of London. This is possibly due to two causes: the nature of

the area and the nature of the data. Secondly, these areas have some prime properties

with very high prices that might distort the data. Any sudden spike (or drop) in

prices for these properties might bring up (or bring down) the overall mean prices.

Secondly, properties asking prices in Zoopla are used as samples in determining

the rent, and these samples are geographically uneven. According to the years’
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variations, choosing another set of years might yield different results.

Figure 5.11: Rent changes at the Borough level.

Due to the limitation of our Zoopla rent data, it is not possible to conduct further

analysis at LSOA level, and thus we use a coarser spatial scale and instead perform

the analysis at the Borough level. There are 32 Boroughs and the City of London

(also regarded as a Borough in this analysis) and Figure 5.11 shows the rent changes

in the London Boroughs. The data are classified using percent rent changes, as a

percentage difference between the rent prices in 2017 compared to 2014, as well as

standardised rent changes. The standardised rent changes ∆R̂s represents data in the

range of 0 to 1, calculated as follows in Equation 5.6.

∆R̂s =
∆Ri−min(∆Rall)

max(∆Rall)−min(∆Rall)
(5.6)

where ∆Ri is the rental change in Borough i between 2017 and 2014 and ∆Rall is the

cumulative rental change in all London Borough.

The percent rent changes ∆R̂p can be calculated using Equation 5.7 where Rlatter_year

is the rent price in the most current year while Rlatter_year is the rent price in the base

year.

∆R̂p =
Rlatter_year−Rbase_year

Rbase_year
∗100% (5.7)

Figure 5.11 shows the spatial distribution at the coarser spatial scale, at Borough

level, and the overall trend shows a cumulative increase in all London Boroughs from
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2014 to 2017 with the only exception being Brent, where rent decreases from 2014 to

2017 based on the Zoopla data. The highest percent rent changes are happening south

of River Thames especially in Southwark where the rent increases is approximately

54% to 68% followed by Greenwich, Lewisham, Lambeth and Wandsworth where

32% to 54% rent increases are apparent. Almost the entire south London area is

experiencing rent increases of at least 20% within this period. To validate this

finding, we compare the rent increase with the previous study by GMB London

that compares the rent increase with the rise in wages. The study shows that rental

price for a 2-bedroom flat in London has increased by 25.9% between 2011 to 2017,

while monthly earnings have increased by 9.1% (GMB London Region, 2018). The

largest gap between rents and pay-rises occurs in Greenwich where rent prices have

increased by 50%, followed by Newham, Barking and Dagenham, and Sutton with

more than 40% rent increases with less than 17% increases in wages (GMB London

Region, 2018). The report similarly suggests rapid rent increases especially in the

southern part of London.

5.4.1 Association between Airbnb misuse and rental changes

We examine whether or not the density of Airbnb misuse is an influencing factor

that helps affect the rental price changes in London, specifically the dependency

between rent prices and the density of Airbnb misuse. We measure the difference in

rents in 2014 and 2017 (4Ri) in Boroughs (n) as a function of the density of misuse

of Airbnb accommodation calculated as a proportion of misuse Airbnbs divided

by the total dwellings in each London Borough in 2017. We hypothesise that the

Airbnb presence might be contributing to rising of rents due to properties being

taken away from the long term property market and instead being converted into

short-term holiday rentals. Similar studies such as that by Horn and Merante (2017)

and Schäfer and Braun (2016) also quantify Airbnb effects on rental changes in

Boston and Berlin. Horn and Merante (2017) use hedonic estimation to associate

the two variables while Schäfer and Braun (2016) implement an empirical approach
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using multiple mean comparisons. Both result in evidence of the association between

Airbnb presence and rental price changes (Horn and Merante, 2017; Schäfer and

Braun, 2016).

(a) ∆R2014−2017 and Airbnb Misuse in 2017
(all Boroughs).

(b) ∆R2014−2017 and Airbnb Misuse in 2017
that are more than 0.2 in density.

Figure 5.12: Relationship between the density of misuse Airbnb and rental changes at the
Borough level.

In this study, we isolate the environment to only include the Airbnb misuse and

rental change. This simplistic approach is intentional due to the complex nature

of the factors that could influence rental change, as we discussed theoretically at

the beginning of this chapter. Thus the question we then posed is straightforward:

"Is rental change higher in areas with a higher density of misused Airbnb?" Using

Ordinary Least Squares (OLS) regression, we examine if this is the case. OLS

works best for data which is normally distributed and to reduce the problem of

heteroskedasticity (the non-constant variance of the error), we use standardised

rental change data using a range of 0 and 1 (refer back to Equation 5.6) and a

standardised misuse Airbnb density relative to the housing supply (in percentage)

with scale of 0 to 1.5. The regression results displayed in Table 5.4 show that indeed

there is a positive linear relationship between the density of misuse and areas that

are experiencing rapid rent changes. This regression model explains about 50% of

the model variance as shown in Figure 5.12. Figure 5.12a includes all the points

in every London Borough. In an attempt to include more variance, we subset the

data to only include those areas with more than 0.2% of the density of misuse (as

shown in Figure 5.12b and it shows that indeed areas with a higher level of misuse
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are exhibiting an association with increasing rental changes.

Figure 5.13: Spatial distribution of areas in London with a low level of Airbnb misuse but
at the same time, a medium to a high level of rental change (shown in blue).
These are the areas that are clustered far from the regression line shown in
Figure 5.12.

Examining further, there are areas in Figure 5.12a that are not experiencing a high

level of Airbnb misuse but at the same time these the rental price changes in these

areas are apparent. It is useful to examine further the spatial locations of these areas.

Figure 5.13 shows the spatial distribution of these locations that are scattered around

the peripheries of London. They appear to locate mostly in South and South East

London where many new houses constructions are located (refer back to Figure 5.1).

Table 5.4 suggests that a one percent increase in the density of misuse is associated

with a 0.61% increase in rental changes unit (standardised form). Thus, based on the

regression result, we can conclude that Airbnb misuse mostly located in areas with

high rental changes in London. It is important to emphasise, while Airbnb might be

contributing to driving up rents, many other factors might also influence this trend, as

London housing market is extremely complex and it is very challenging to quantify
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this.

As with other commonly used statistical approaches, OLS assumes that the meas-

ured outcomes are independent, thus residuals testing is an important component.

There are three important elements when analysing the residuals: (1) the errors have

constant variance (are homoscedastic), the errors are independent and not influenced

by neighbouring location (not exhibiting spatial autocorrelation) and (3) the errors

are normally distributed (Griffith et al., 1999). We have improved heteroskedasticity

using the normalisation of the data and we checked our residuals distribution. Fur-

thermore, we test our residuals for spatial autocorrelation using Moran’s I to improve

reliability and accuracy. Least squares regression assumes that error terms are inde-

pendent under the null hypothesis, thus performing Moran’s I (a common test for

spatial autocorrelation) would allow us to either reject or accept the hypothesis of the

said normality distribution. Our result for Moran’s I test indicates that our residuals

are indeed independent as our p-value is above 0.01 (p-value of 0.0138), thus we can

be sure to accept the null hypothesis that there is no spatial autocorrelation. Also, the

Shapiro-Wilkes test (Shapiro and Francia, 1972) under the 99% confidence interval

shows that the errors are normally distributed.

Residuals
Min 1Q Median 3Q Max

-0.46191 -0.06542 -0.01239 0.04456 0.30704
Coefficients

Estimate Std. Error t value Pr(>|t|)
(Intercept) 0.38988 0.02845 13.71 1.07e-14 ***
Density of misuse 0.61565 0.10994 5.60 3.85e-06 ***
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.1392 on 31 degrees of freedom
Multiple R-squared: 0.5029, Adjusted R-squared: 0.4868
F-statistic: 31.36 on 1 and 31 DF, p-value: 3.847e-06

Table 5.4: Regression results between rental price changes (dependent variable) and the
density of Airbnb misuse (independent variable).
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(a) Rent changes 2014-2015

(b) Rent changes 2016-2017

Figure 5.14: Sample of yearly percent rent change in the London Boroughs.

5.4.2 Robustness check

We do a robustness check to make sure that our regression result has structural

validity and is plausible by changing the rental change data into different year ranges.

We take yearly changes, by selecting two samples: ∆R2014−2015 and ∆R2016−2017

and regress them with 2015 and 2017 misuse data to see if such trends persist.

Geographically, there are some differences in yearly rental changes compared with

the cumulative one as seen in Figure 5.14. Figure 5.14a shows the standardised and

percent rent changes in 2014 to 2015 that shows very strong rent increases especially

in the east and the southern part of London. Overall, the changes are universally

positive in all London boroughs. In contrast, Figure 5.14b shows many negative

rent changes with overall positive increases concentrating in Greenwich, Lewisham,
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Southwark, Lambeth and Wandsworth.

(a) ∆R2016−2017 and Airbnb Misuse in 2017 (b) ∆R2014−2015 and Airbnb Misuse in 2015

Figure 5.15: Linear regression for rental changes and density of Airbnb misuse.

Upon examining the density of misuse in 2015 and 2017, the results show similar

trends. Figure 5.15a suggests positive linear dependence between ∆R2016−2017 and

the Airbnb misuse in 2017, where the regression can explain 35% of the data variance.

Similarly, Figure 5.15b suggests positive linear dependence as well, accounting for

67% of the variance. Thus, we can be confident that these results are plausible.

∆R2014−2017 ∆R2016−2017 ∆R2014−2015

MAE 0.1009 0.1093 0.1134
MSE 0.0218 0.0259 0.0222
RMSE 0.1220 0.1413 0.1369
Adj-R2 0.50 0.35 0.67

Table 5.5: Comparison between the regression performance of rental changes and the density
of Airbnb misuse in different ranges of years.

Table 5.5 represents the comparison between the regression results by showing the

Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared

Error (RMSE) and Adjusted R2. This illustrates how well the regression works in

explaining the data and based on our analysis, the regression with cumulative rent

changes (2014-2017) has the least errors based on the lower value of the MAE, MSE

and RMSE while the highest Adjusted R2 is for the yearly change in 2016-2017.
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5.5 Discussion

The concept of peer-to-peer renting through the emerging online platform economy,

such as that developed by Airbnb, has various implications for the long term housing

supply. This problem is even more urgent in a city where the housing market is as

overheated and as complex as in London. It has been very difficult, especially for the

working class and low-income groups to get onto the housing ladder. The conversion

from permanent private rented housing to short-term holiday rentals facilitated by

Airbnb is likely to further worsen this problem.

The complexity of the housing system in London makes it very challenging to

pinpoint its precise roots. London is facing an extreme problem of unaffordability,

supply scarcity, and a growing numbers of ’generation rent’, especially for young

cohorts. The presence of Airbnb in the last decade has stimulated some concern

as the growing usage of Airbnb is feared to have exacerbated the uncontrollable

growth of rent prices by constraining the housing supply further. As such, this study

provides the first comprehensive measures that analyse the relationship between

Airbnb and the overall housing system in London.

Based on our analysis, Airbnb is located mainly in areas with low dwelling type

diversity, dominated by flats and apartments. Moreover, Airbnb is associated with a

high proportion of private rented properties. As previously discussed in the body of

this chapter, the renting population is at the highest risk of changing tenure because

the assured short-hold tenancy (AST) gives a right to landlords to evict tenants with

just two months notice as well as increasing rents arbitrarily (Judge and Tomlinson,

2018). With the exponential growth of Airbnb, landlords now have the choice to

advertise their properties for permanent residence or holiday rental. Considering

the association between entire property listings with private rented dwellings, it

is possible that the speculation that Airbnb disrupts the provision of housing for

permanent residents is well grounded. This impact can be especially eloquent in

areas where the possible misuse of Airbnb properties (especially entire property



5.5 – Discussion 137

listings) take a significant portion of the overall housing stock. At the LSOA level,

up to 23% of the properties are being advertised in the Airbnb platform in 2018. Up

to 6% of the dwellings are misuse Airbnb that are advertised for more than 180 days

and are multi-listings. This misuse comprises 0.15% of the overall housing stock,

equivalent to 5,300 properties that are converted into entire property listings that

are available almost continuously. Considering this, an emphasise on protecting the

supply of rental properties should be put forward. Considering how fast Airbnb has

grown, especially with the regulated deregulation and the low level of regulation

enforcement that has allowed more people to participate (Ferreri and Sanyal, 2018)

it would appear that proper use of Airbnb should be enforced accordingly.

Aligned with other scholarly findings such as those by Lee (2016); Horn and Merante

(2017); Schäfer and Braun (2016), we find evidence of Airbnb contributing to

the exacerbation of the rising rental growth in London. Although, in reality, the

relationship might be cyclical where Airbnb misuse is influenced by other higher

rental changes, and where hosts find it more profitable to rent their properties as

Airbnb rather than rent them to permanent tenants. Further studies are needed to

further examine the importance of this problem. However, through our findings,

we can demonstrate that a one percent increase in the density of Airbnb misuse is

associated with areas with up to a 0.6% increase in rental changes in London based

on the 2014-2017 data.

Although to some extent we have already started to touch upon some of the effects

of Airbnb on housing in general, following the work of Quattrone et al. (2016);

Wachsmuth and Weisler (2018); Horn and Merante (2017); Lee (2016); Jefferson-

Jones (2014); Schäfer and Braun (2016), more perspectives from different cities are

needed to enrich our knowledge of the relationship between Airbnb and housing.

It is important to conduct such critical analyses to overcome the challenges that

come with rapid developments of new phenomena such as short-term holiday rentals

without stifling this kind of innovation by imposing mandatory regulations that are

not thought through. Platforms such as Airbnb are a key representation of the wider
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platform economy which extends from mobility issues to many kinds of retailing

and capital investment such as housing. We believe we have made a start on this

problem in terms of the focus in this chapter.

In the next chapter, we will shift the focus from an analytical perspective towards a

more predictive analysis by constructing a model that predicts the optimum locations

of Airbnb as well as the potential generated rents.



6
Predicting Airbnb’s optimum

locations and potential rents

“The purpose of models is not to fit

the data but to sharpen the

questions.

Samuel Karlin, 11th R.A. Fisher

Memorial Lecture, to the Royal

Society (20 April 1983)
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In this chapter, we explore the possibility of predicting the optimum locations of

Airbnb and estimating the rental price for Airbnb listings using the gravity-spatial

interaction model. The gravity model has been used widely to predict trip distribution

to determine an equilibrium allocation based on the model’s constraints on the

number of trip ends and the average generalised cost. The resultant gravity model is

calibrated by matching the observed and modelled average trip costs. We implement

two different types of gravity models - the singly (destination) constrained and the

doubly constrained model. The results indicate that the two approaches complement

each other in terms of the information derived from both models. From the first

model, an accessibility index can be used as a proxy for optimum locations for

areas within easy access to tourist destinations while the second model is a novel

approach positioning rents within the gravity model. Through the second model,

accessibility is a function of the balancing factors that the model uses to ensure the

trip end constraints are met where we calibrate the model against observed and

estimated rents instead of trip costs. For this exercise, we use an observed vector of

destinations to significant tourist sites. We then develop an estimated vector of origins

from Airbnb data which is normalised to the total number of destinations. The model

is then run with trial values of β , giving origin balancing factors which, combined

with β allow an estimate of origin rents. The calculated rents are compared with

the observed using J-divergence statistic. This is carried out for a range of β values

and the value which minimises the J-divergence is chosen as best. Estimated rent

prices are then compared with the Zoopla rent data set used in previous chapters,

indicating the actual rent distribution of London housing. Based on our analysis,

the estimated rents can explain for up to 64% of rental distribution in London. This

implies that Airbnb has a similar distribution to the rental price distribution and is

generally located in already highly priced areas, further contributing to the increase

in house prices in London.

In Chapter 5, we examined how Airbnb affects housing rents in London by examining

the relationship between the potential Airbnb misuse (entire property listings that are

being advertised for more than 180 days - assuming that there is a 50% occupancy rate
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- and multi-listings properties where hosts own more than one property) and the rise

in rental prices. We can conclude that there is well-grounded evidence that Airbnb is

indeed disrupting the housing system, especially in areas with high property prices,

in central locations, dominated by private rented flats or apartments. This chapter

extends the previous findings and adds predictive elements to the thesis by modelling

the optimum locations of Airbnb based on their accessibility. The purpose of this

final analysis is then two-fold. Firstly, we examine the probabilities of the spatial

locations for Airbnb based on the cost function to the touristic destinations - in which

distant locations provide diminishing values in terms of Airbnb locations. Areas

with the highest probabilities of becoming saturated with Airbnb establishments are

assigned the highest score which indicate optimum locations of Airbnb. Secondly,

we measure the potential rental market derived from Airbnb rents as a proxy for

accessible Airbnb listings. This second part yields more information aside from

optimum locations, by also providing an estimate of potential rents of Airbnb through

the model. From the estimated values, we can extract the difference in rents that

could be obtained if a property is converted to become an Airbnb. This difference

is a sign of a deeper social phenomena, and based on the second model’s result, it

is possible to examine further how the Airbnb phenomena might affect the overall

neighbourhood not just at the present, but also in the future.

Tussyadiah and Zach (2017) identify that one of the most important characteristics

repeatedly mentioned in Airbnb guest reviews is location, which is related to the

proximity of Airbnb relative to points of interest, and the characteristic of the

neighbourhood where Airbnb is located. Along the same lines, Volgger et al. (2018)

suggest that based on the behavioural study of Airbnb and non-Airbnb guests,

the profile of those who have stayed in Airbnb does not deviate much from other

travellers in terms of staying in areas with good access to well-known and iconic

touristic highlights. This is strengthened by a study based on the sentiment analysis of

Airbnb reviews, which found that one of the key attributes for an Airbnb experience

is location, followed by amenities and hosts (Cheng and Jin, 2019). Previous research

by Zervas et al. (2016) also found that Airbnb is indeed competing with hotels. This



142 Chapter 6 – Predicting Airbnb’s optimum locations and potential rents

is due to the spatial locations of some prime Airbnb establishments that are adjacent

to hotel locations, which mostly approximate the city’s points of interest and urban

activities. We have found previously in Chapter 4, that Airbnb co-locates with hotels

and is located in established neighbourhoods. Tourists are more attracted to upscale

neighbourhoods, or those with strong cultural characteristics near the attractions,

as their consideration for travelling is different compared to those who are looking

for long term residences. This is possibly related to tourists’ willingness to spend

more money on a better travelling experience by staying within the established

neighbourhoods near the attractions. Deboosere et al. (2019) confirm that high

accessibility neighbourhoods are more desirable as Airbnb locations, and this might

lead to the displacements of permanent residents to less accessible neighbourhoods

because Airbnb offers a higher premium in terms of collective revenue. A study by

Gibbs et al. (2018a) who has implemented a hedonic model approach to simulate

what Airbnb consumers value from Airbnb listings, finds that physical locations

matter greatly and this component is valued with a higher price.

Although many studies have analysed the spatial locations of Airbnb (Gutiérrez

et al., 2017; Eugenio-Martin et al., 2019; Sans and Quaglieri, 2016), a predictive

analytic of the future locations of Airbnb is almost non-existent with the exception

of Quattrone et al. (2018) who use geographic and socio-economic data to predict

Airbnb penetration in 8 US cities. Thus, our study is among the first in providing

predictive analytics for Airbnb locations. In this chapter, we explore the use of

the gravity-spatial interaction model as a method for predicting accessibility of

future Airbnb locations using location attributes already mentioned in some of the

previous studies, such as proximity to tourist locations (Tussyadiah and Zach, 2017)

in relation to the ease of accessing those locations. But before going further into the

model specification, let us explore our proposed methodology: the gravity-spatial

interaction model.
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6.1 Theoretical context of the gravity model

The concept of spatial interaction refers to any movement as a result of human

processes over space (Haynes et al., 1984). The framework has been used in various

research purposes such as the analysis of bilateral trade flows (Tinbergen, 1962;

Anderson, 1979; Overman et al., 2001), commuting and transport (Wilson, 1998),

tourism (Khadaroo and Seetanah, 2008; Patuelli et al., 2013; Morley et al., 2014),

and migration patterns (Lowry, 1966; Karemera et al., 2000; Simini et al., 2012).

Various approaches to spatial interaction have been used extensively in past research,

with the gravity model being used most of all (Wilson, 1971; Haynes et al., 1984).

The gravity model in geography and contemporary economics was first used by Jan

Tinbergen in an analogy to Newton’s law of universal gravity to explain the size

of bilateral trade flows between countries. These flows are proportional to relative

economic size (such as GDP) and are determined by trade costs (Tinbergen, 1962).

The concept is also used to estimate travel flows, where the trip interchange between

two zones (origins and destinations) is directly proportional to the relative attraction

of each zone and inversely proportional to the spatial separation between them. It

touches upon the second step in the transport modelling - trip distribution - and it

provides the forecasting mechanism for future trips. The gravity model can be used

for example to explain why land values are high in areas with high accessibility or

between larger cities compared to smaller cities, as well as to explain why customer

flows are higher in certain locations (Haynes et al., 1984).

The model shows the interdependence of different locations by examining the degree

of spatial interaction reflecting Tobler’s First Law of Geography when stating that

’everything is related to everything else but near things are more related than distant

things’ (Tobler, 1970). The gravity model works by simulating the flows on networks

and assumes that the flows are proportional to the mass/size of the origin and

destination and inversely proportional to the cost function or measure of deterrence

known as generalised travel cost. Flows can be modelled where Ti j is the flow from
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origin i to destination j, K is the scaling constant, Oi is attraction at the origins i,

D j is attraction at the destinations j, and di j is the deterrence factor, following the

equation:

Ti j = K
OiD j

(di j)2 , (6.1)

We can generalise the function and write Equation 6.2 as:

Ti j = KOiD j f (ci j),where f (ci j) =

e−βci j

c−α

i j

(6.2)

where ci j represents the cost, and in general this is represented by the distance di j

or travel time ti j. The cost function can take the form of a power function c−α

i j or a

negative exponential e−βci j which is the default arising from entropy maximisation.

The concept of spatial interaction model is not without its critiques. Arguably, the

model is said to ignore a sound theoretical base, but it has been proven to work well

in modelling empirical problems related to flow and movements, analysed best in

their aggregate form. One of the most notable breakthroughs in the discourse is the

introduction of a whole family of spatial interaction models that can be derived using

the entropy maximising methodology as a statistical averaging procedure, which

is reasonably effective in describing the behaviour of a large population (Wilson,

1971). Wilson (1971) introduces the family of spatial interaction models as four

general forms of interaction: they are unconstrained (both Oi and D j are unknown),

production-constrained (Oi known but D j is unknown), attraction-constrained (Oi

unknown but D j is known) and doubly constrained spatial interaction model (both

Oi and D j are known). Each form implies a different approach in terms of obtaining

an estimate of the model’s parameter through model calibration. These different

models are needed according to the type of movement that is being investigated,

what information is available, as well as the form of the model’s predictions.

The unconstrained gravity model tends to overestimate the predicted trips. This

problem of overestimation can be eliminated by using the constrained gravity model
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where the idea of a constraint is introduced where known information is incorporated

into the model equation. In a doubly constrained gravity model, the interaction

between a location i (origin) and a location j (destination) is a function of their attrib-

utes and the friction of separation between those locations. This can be formulated

as follows:

Ti j = AiB jOiD je−βci j (6.3)

The purpose of the trip distribution model is to estimate the number of trips between

pairs of points. The notation Ti j is the number of trips from origins to destinations,

ci j is the travel costs between them (this can be distance, travel time or costs to

travel in terms of money), Oi is the total number of trip origins in i and D j is the

total number of trip destinations in j. Ai and B j are the balancing factors and the

summations across both rows and columns should equal the Oi and D j totals. Thus,

the doubly constrained model needs to satisfy these two constraints:

∑
j

Ti j = Oi (6.4)

∑
i

Ti j = D j (6.5)

where the column sums of the trip matrix are equal to the number of trips generated

in each zone and the row sums the numbers of trips emanating from each zone.

Although the model has become an important focus in both regional science and

human geography, the use of the model specifically in tourism is still rather limited

(Hall, 2006). In tourism, the spatial interaction model describes the interaction

flow (or tourism flow) between two regions, areas, or locations. The interaction is

influenced by the push factors associated with the flow leaving region i for tourism

reasons (tourism outflows) and the pull factors associated with the factors related

to the flow going to region j for tourism reasons (tourism inflows) (Patuelli et al.,

2013).
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6.2 Forecasting possible future locations of Airbnb

We use the concept of the gravity-spatial interaction model to calculate the potential

accessibility measures of Airbnb locations. It is important to identify the relevant

determinants of this potential accessibility in terms of the existing locations of Airbnb,

which are mostly residential areas facing the threat of depleting the long-term housing

supply (Lee, 2016; Wachsmuth and Weisler, 2018). Traditionally in touristic cities,

tourists are heavily concentrated in areas where hotels are located. This could be in

central areas (monocentric) or agglomerated around certain geographical points (such

as tourist destinations, airports, hospitals, etc.) (Yang et al., 2014; Egan and Nield,

2000). However, Airbnb locations are more dispersed and geographically uneven

with a concentration in certain residential areas (Coles et al., 2017). Understanding

the potential accessibility for Airbnb is useful in predicting the future of Airbnb

locations and to further investigate the impact of Airbnb on those neighbourhoods.

Model specification

As we have noted, in this chapter we construct two gravity models utilising the singly

(destination) constrained and doubly constrained model. However, the uniqueness of

our analysis is the fact that we do not have a flow of data describing the observed

flow of tourists from Airbnb locations. Instead, we are estimating this possible flow

by using a proxy - such as accessibility where areas that yield high accessibility

score are assumed to also create higher tourist flow.

The singly constrained model describes the accessibility of Airbnb based on the

ease of reaching touristic destinations with the shortest travel time. Based on the

first model, we can assess the optimum Airbnb locations based on the constructed

accessibility index based on the model. The doubly constrained model further

advances the simulation by adding constraints on the origins and allows us to derive

synthetic Airbnb rents prices based on the historical Airbnb prices and available
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supply while also considering optimum locations. We argue that areas with the

highest accessibility score and rents also provide the highest probability of becoming

saturated with Airbnb in the future. This section describes the model specification

in terms of influencing variables that will be taken into account when building our

spatial interaction model. In the gravity model, the main elements that need to be

taken into account are the attractiveness function f(D j) and the cost function f(ci j) as

well as the data for model calibration.

6.2.1 Travel time as the cost function

One of the most important components in spatial interaction is the concept of inverse-

distance relations widely known as distance decay, where the degree of spatial

interaction is inversely related to distance or cost of travel. Mobility or travel flow

usually declines with distance. Our cost function is expressed as e−β ti j , which is

a travel time deterrence function. The greater the β , the less number of trips are

made to destinations, and the greater the ti j, the more time is spent travelling. This

is because tourists are less likely to make trips to tourist attractions if they have to

travel for a long period of time. This is a consequence of them experiencing greater

cost.

The travel time is obtained using Open Trip Planner (OTP), open-source software

for multi-modal route planning using a combination of the Open Street Map network

and public transit schedules in the General Transit Feed Specification (GTFS) format.

GTFS data refer to the standardised format used by public transit agencies that

makes it possible to use the data for multi-modal application development. They

are typically fixed-route transit services data and being shared publicly for various

purposes including but not limited to trip planning, ridesharing, mobile application,

data visualisation, planning analysis, as well as real-time transit information (Antrim

et al., 2013).

The process of generating travel time data follows the process in Figure 6.1. We use



148 Chapter 6 – Predicting Airbnb’s optimum locations and potential rents

Figure 6.1: Open trip planner user interface.

both rail and bus datasets as public transport choice of modes. The rail data is ob-

tained from ATOC (Association of Train Operating Companies) GB Rail containing

23 operators of British railways companies. The travel line (bus and tube) is obtained

from Transport for London. Obtaining this data is done through a collaboration

with Richard Milton, Senior Research Fellow in the Centre for Advanced Spatial

Analysis, who structured the data into the GTFS format.

We then calculate the centroids of the 4835 LSOAs in London as our origin points

and the 88 tourist destinations (as shown in Figure 6.2) as our destination points.

OTP uses Contraction Hierarchies and the A* heuristic algorithm (derived from

Dijkstra’s algorithm) to find the optimal path and provide travel times between two

geographical points based on the user’s desired criteria (Hillsman et al., 2011). A

python script is used to access the routes in the local server. This approach is faster

(for example compared with obtaining travel time data using Google Maps API)

as we upload all the data and the travel network into our local computer instead of

making requests through the Internet. By using the OTP system, we were able to

scale our travel time data collection from three months (if using Google Maps API,

due to restrictions on the daily request) to only 7 days using the Open Trip Planner.

We computed the travel time data for three different days, mixing weekends and

weekdays. The travel time data are generated according to travel on Saturday, 7th

of May 2016; Friday, 20th of May 2016 and Sunday, 5th of June 2016. We then



6.2 – Forecasting possible future locations of Airbnb 149

chose the shortest time to eliminate the possibility of longer travel times due to

disruptions or planned engineering work. We also incorporate walking times, transit

times (time spent waiting in between modes) and boarding times (number of transfers

between transit modes) to increase the accuracy of our travel time data. Thus, the

time calculated is time spent for the whole journey from an origin to a destination.

The result is around four hundred and fifty thousand travel time records which are

the data for our Oi to D j. We were able to compute 81% of the system’s overall

travel time to be incorporated in our model. We assume that the rest, 19% of the

trips take too long, and are therefore set as a maximum travel time instead of being

deleted from our dataset.

The second data set for our model is the number of visits to tourist attractions in

London where urban tourism is often used to boost the image of the city (Law et al.,

1993). Attractions within the city are available in central areas and can drive the

regional and local economies (Judd and Fainstein, 1999; Ashworth and Page, 2011;

Papadimitriou et al., 2015). Figure 6.2 is the distribution of the number of visits

to the 88 most popular tourist attractions in London compiled by Visit Britain in

2015. These are from the self-reported survey, thus not all the tourist attractions are

included in the data set, although the majority appear to be.

6.2.2 The pull factor: The distribution of tourist attractions

Figure 6.2 visualises the distribution of the main tourist attractions in London and

each node is given a graduated symbol according to the number of visits to the

attraction. The inset on the left-hand side shows central London where many tourist

attractions are concentrated. According to Figure 6.2 the highest annual visits are

to the British Museum with more than 6 million annual visits, followed by the Tate

Modern with more than 4 million annual visits and then the Victoria and Albert

Museum with more than 3 million annual visits respectively. Some attractions are

located in the north and south areas of London outside the central areas, although

these receive less annual visits.
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Figure 6.2: Number of visits to tourists attractions.

6.3 Potential accessibility measures of Airbnb in London

The spatial interaction between places increases with improved accessibility to

destinations, stressing the importance of accessibility as a key concept within spatial

interaction models (Condeço-Melhorado et al., 2014). Bhat et al. (2000) emphasised

accessibility as the ease of pursuing any kind of activities in any given location

using a desired mode of travel. This type of accessibility concept uses the location

perspective, in terms of how land use and transport influence access to destinations

using several combinations of transport modes (Geurs and Van Wee, 2004), where

locations are then assessed based on the number of activities that can be reached and

weighted using travel time to destinations (Bertolini et al., 2005). Based on these

previous studies, we construct our accessibility measure using the gravity-spatial

interaction model. The model consists of three important components: the origins

(locations of Airbnb rentals aggregated into LSOA level), destinations (the points of

interest) and the cost of travelling from origins to destinations given by the spatial
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separation. Underlying our spatial interaction model is the premise that Airbnb

will locate in places with high accessibility to touristic attractions (considering the

number of visits), and those locations relate to well-sought after neighbourhoods, as

indicated by the rental prices.

6.3.1 Constructing an accessibility index using the singly (destination)

constrained gravity-spatial interaction model

We wish to obtain the probability for an Airbnb to locate at a specific LSOA according

to whether it has close proximity to tourist attractions. Thus, in our model, the

origins are LSOA centroids (4835 data points) and the destinations are the tourist

attractions (88 data points). These attraction points are given weight according to

their attractiveness, based on the number of their annual visits according to the data

from Visit Britain 2015 (refer back to Figure 6.2). The spatial separation is measured

using travel time between origins and destinations and computed using Open Trip

Planner (OTP) as previously mentioned. An accessibility index is constructed and

the highest accessibility score is given to the areas that are more likely to have denser

Airbnb supply due to the minimum cost (less travel time) and the possibility of

visiting more tourist destinations. Thus, this accessibility index can be used as a

proxy for possible locations of Airbnb.

Our model is based on a study by Geurs and Van Wee (2004) who suggest that

the calculation of potential accessibility measure (Ai), given in Equation 6.6 that

estimates the accessibility of opportunities D j in zone j to all other zones (n) is

dependent on the travel time ti j between i and j. A more distant opportunity (higher

travel cost) diminishes the influence of the accessibility and β is the cost sensitivity

parameter. α is an attraction parameter that measures how influential each attraction

is in the model. The measure is denoted in Equation 6.6 as follows:

Ai =
n

∑
j=1

(D j)
αe−β ti j (6.6)
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To derive the most accurate values for α and β , we adjust the parameters using

non-linear calibration as our data is inherently non-linear involving summations of

the model’s parameters. The parameters are obtained using trial and error. This

approach is common when the data set is not normally distributed or follows certain

well known distribution (such as the Poisson) distributions. The parameters were

tested using 25 combinations, where each parameter is assigned 5 possible values.

Each of the possible combinations was computed and the accessibility score for each

model was calculated.

Previous studies commonly found α and β range from 0 to 2 when deriving the best

parameter estimates in spatial interaction model (Hyman and Wilson, 1969) such as

in the study by Birkin and Heppenstall (2011). Here, we use a set of α with a range

from 0 to 1 and β with a range from 0 to 2. The optimum combination of α and β is

calculated based on the goodness of fit when compared to Airbnb listing counts as

indicated by the correlation coefficient between the two values. For each London

LSOA, we calculate the accessibility index using the possible combination of α and

β as shown in Table 6.1.

Alpha\Beta 2 1.5 1 0.5 0.25
1 0.6640501 0.6494739 0.6104743 0.4822049 0.3589539
0.75 0.6416517 0.6549284 0.6127804 0.4641253 0.4340954
0.5 0.6563269 0.6337673 0.6293639 0.5393521 0.4075126
0.25 0.6497005 0.6664904 0.6239806 0.5280034 0.4786065
0.1 0.617228 0.6817957 0.6900335 0.584844 0.4391465

Table 6.1: The correlation coefficient between accessibility score and Airbnb listings ac-
cording to different set of α and β list.

Based on the twenty-five combinations of α and β , the highest correlation of the

model’s accessibility index (based on the gravity model) and actual Airbnb data is

0.69 for α = 0.1 and β = 1. To better visualise the values of our possible parameter

estimates, Figure 6.3 shows the correlation surface between each model’s result and

the Airbnb supply (2019). The blue colour shows the lowest correlation while the

yellow shades show the highest correlation. The peak is indicated as yellow surface

for α = 0.1 and β = 1.
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Figure 6.3: The surface plot showing correlation coefficient based on the different com-
binations of α and β . The highest correlation is 0.69 with α = 0.1 and β =
1

The accessibility index is standardised using the proportion of the means so that

the index is comparable using Equation 6.7 as we care more about the shape of the

distribution rather than the values.

Standardised_Accessibility = Accessibility_Index∗ ( Mean_Airbnb
Mean_Accessibility_Index

) (6.7)

The accessibility index computed using the optimum α and β based on Equation 6.6

is visualised in Figure 6.4a. Meanwhile, the Airbnb distribution in 2019 is shown

as Figure 6.4b. In Figure 6.4a the darker colours represents the higher accessibility

indexes. These are generally located at central LSOAs where tourist attractions are

concentrated. Most of these main attractions are located along the river, thus there is

a consistency in terms of the accessibility index following the river path. Figure 6.4b

shows the distribution of Airbnb in 2019, and although it looks quite similar to the

previous map of the accessibility index, we can see more variation in values. The

darker colours indicate higher Airbnb supply, and we can see some random peaks

in locations away from the central areas especially in areas such as Hackney and
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Newham.

(a) Standardised accessibility index based on gravity model).

(b) The spatial distribution of Airbnb in 2019.

Figure 6.4: Comparison between potential accessibility using a gravity-spatial interaction
model and the observed distribution of Airbnb supply in 2019 (bottom).

We look at the goodness of fit of our model by measuring the R2 between the

model and the observed Airbnb supply. Table 6.2 shows the summary of the linear

regression to determine the goodness of fit of our accessibility index in association



6.3 – Potential accessibility measures of Airbnb in London 155

with the actual Airbnb data. The result shows that the index is indeed a relatively

good representation of the Airbnb spatial distribution. The adjusted R2 is 0.48 where

the model captures around 48% of the observed variance. This model explains almost

half of the variations of the system, which is a relatively good fit.

Residuals
Min 1Q Median 3Q Max

-36.880 -4.420 0.293 2.154 201.111
Coefficients

Estimate Std. Error t value Pr(>|t|)
(Intercept) -0.72744 0.24612 -2.956 0.00314 **
Accessibility Index 1.28692 0.01945 66.155 < 2e-16 ***
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 12.51 on 4815 degrees of freedom
Multiple R-squared: 0.4761, Adjusted R-squared: 0.476
F-statistic: 4376 on 1 and 4815 DF, p-value: < 2.2e-16

Table 6.2: Regression result between the accessibility index and Airbnb count.

Figure 6.5: Standardised residuals between the accessibility index (standardised to have the
same mean) with Airbnb count 2019.

To further validate our model, we examine the residuals of our accessibility index.

Figure 6.5 visualises the standardised residuals in each London LSOA comparing

our estimated accessibility index and the Airbnb count. From Figure 6.5 we can

see that the model generally under-represents the supply in central London areas
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and in Hackney, and over-represents it in many peripheral areas. Nonetheless, the

distributions are not that dissimilar. However, our accessibility index seems to have

a large error in capturing some areas with the highest amount of Airbnb supply,

for example in some parts of the City of London, Tower Hamlets and Hackney.

These are the areas where travel time might not be the shortest to the main tourist

destinations, but they are a hot spot for Airbnb supply.

We realise that our accessibility index does not consider an important variable: rent.

We have discovered from previous chapters that rents might be a contributing factor

that could constrain the probability of Airbnb locating in certain areas. Based on this

reasoning, as well as to capture more variance of the phenomena, we build a second

model and introduce more constraints in the gravity-spatial interaction model.

6.3.2 The doubly constrained gravity-spatial interaction model

We construct the second model by introducing constraints on the origins utilising a

doubly constrained gravity model. This model is formulated based on the premise

that rent is a contributing factor in determining Airbnb location. We use the same

data set from the previous model: the number of visits to tourist attractions and travel

time to those destinations. The origin constraints are then calculated based on the

price per-bedroom from the Airbnb data as an estimated Airbnb rent. This method is

among the first that considers estimated rents derived from doubly constrained spatial

interaction to explain the phenomena happening in the complex urban system.1

Morphet (2013) argues that there is a relationship between von Thünen rent and the

standard entropy maximising spatial interaction model. Therefore, it is possible to

position rent within the transportation model. The underlying assumption within the

von Thünen model is that in a monocentric city with a single market, the rent is a

1The doubly constrained model construction is a collaborative work with Robin Morphet, Honorary
Professor at The Bartlett Centre for Advanced Spatial Analysis. He has developed the method of
incorporating the von Thünen rent and associate it with the entropy maximising doubly constrained
gravity model which is implemented in the R programming language. I provided the dataset, ran the
model based on his R code and carried out the analysis based on the model results.
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Figure 6.6: The von Thünen model: Changing from distance to generalised cost.

function of transport cost to the centre (Von Thunen, 1826). Figure 6.6 shows the

von Thünen model where rents is plotted against distance from a single location ’0’.

Thus if we have ’0-d’ as distance, the value of rent would be ’0-b’ and we can define

trip cost by calculating the tangent at ’d’, given ’a-b’. If we replace distance with

generalised cost and force linear relationship to the von Thünen bid rent curve, then

as shown in Equation 6.8:

rent + trip.cost = constant (6.8)

and this is because the intercept is always the same and by considering the horizontal

axis we can see that intercept equals that on the vertical so we may write Equation

6.9:

rent + trip.cost = maximum.trip.cost (6.9)
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By applying the Legendre transform - a standard mathematical procedure that is

used to convert a function of given set of variables to another function of a conjugate

set of variables (Zia et al., 2009) - the von Thünen construction can be identified

as the origin and destination rents per trip. This is achievable by integrating the

non-deterministic form (incorporating many destinations instead of single destination

d) of the von Thünen model in the doubly constrained model.

Deriving from maximum entropy model by Wilson (1971), Morphet (2013) starts by

constructing the Lagrangian L to maximise entropy given the known constraints in

Equation 6.10 as follow:

L =−
n

∑
i=1

n

∑
j=1

Pi jlnPi j−
n

∑
i=1

λi

n

∑
j=1

Pi j−Oi−
n

∑
j=1

λ j

n

∑
i=1

Pi j−D j−β

n

∑
i=1

n

∑
j=1

Pi jci j−U−λΘ

n

∑
i=1

n

∑
j=1

Pi j−1

(6.10)

where L is the Lagrangian, Oi are the origins in zone i = 1,...,n, D j are the destina-

tions in zone j = 1,...,n and U is the transport cost. λi, λ j and λΘ are the Lagrangian

multipliers, Pi j is the probability of trips and ci j is the cost of trips. We can then start

to differentiate L with respect to Pi j, thus giving the value of Pi j for the entropy

maximising doubly constrained model for origin zones i = 1,...,n to destination zones

j = 1,...,n in Equation 6.11 below:

Pi j = e−λie−λ j e−βci j e−λΘ (6.11)

We can sum both sides of the equation by recognising that λΘ is constant and calling

this Z corresponding to the partition function as shown in Equation 6.12. This has

a role as a normalising constant by encoding how the probabilities are partitioned

among different costs. Such concept is derived from physics which is equivalent to

mean trip cost.

Z = ∑
i

e−βCi j (6.12)

Thus in Equation 6.13 Pi j becomes:
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Pi j =
e−βci j−λi−λ j

Z
(6.13)

This allows the von Thünen Model to be incorporated into the doubly constrained

model, showing how transport-induced rents can be positioned in the trip distribution

model. Morphet (2013) suggests the integration of the von Thünen model to explain

the position of rents in the transportation model using the maximum entropy derived

trip distribution. The idea is to incorporate the unconstrained assumption of the

von Thünen model (which suggests that there are no constraints on origins and

destinations) and the central argument is that the rents should affect the observed

distribution of trips and modelling of various journey purposes (Morphet, 2013). So

adapting Equation 6.13 to a single destination j following the von Thünen model,

we obtain Equation 6.14:

Pi j =
e−λie−βci j

Z
(6.14)

Considering the variable Y(X) and forming its partial differential ∂Y
∂X , the Legendre

Transform is given by 6.15:

Ψ(Y ) =−∂Y
∂X

X +Y (6.15)

We can identify that pik = pi and taking the logarithmic form we get Equation 6.16:

lnZpi =−λi−βcik (6.16)

Thus, differentiating the generalised cost to get the Legendre transform (Morphet,

2013), we get 6.17:

Ψ(cik) =
λi

β
+ cik (6.17)
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where rent is defined as Equation 6.18.

Rent =
λi

β
(6.18)

This helps us identify the relationship between the balancing factors in the doubly

constrained gravity-spatial interaction model and the rents.

6.3.2.1 Constructing the doubly constrained gravity-spatial interaction

model

We follow the concept above and describe Airbnb as a function of both trip and rent

costs. We start with our cost data (the matrix containing travel time to main tourists

attractions in London) which is a non-proportional matrix from 4835 origins (based

on the centroid of each LSOA) to 88 touristic destinations. We work on probabilities

rather than trips as probabilities are regarded as measures (Morphet, 2013). Equation

6.19 are the origins normalised into probabilities pi while 6.20 are the destinations

normalised into probabilities p j.

Pi =
Number_o f _AirbnbBedrooms

∑Number_o f _Airbnb_Bedrooms
(6.19)

Pj =
Number_o f _Destinations

∑Number_o f _Destinations
(6.20)

The sum of the trip data from each origin needs to equate to the pi while the sum of

the trip data from each destination needs to equate to the p j. To balance these sums

we use Furness iteration. The sequential procedure in transport modelling consists

of four steps: trip generation, trip distribution, modal split and traffic assignment.

The second step, trip distribution, generate the trip matrix Ti j as a function of activity

and network attributes (McNally, 2000). The Furness iteration or also known as

a bi-proportional method which is a balancing technique that transforms the base
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year’s trip (ti j∗) matrix into predicted trips (ti j) through converging and minimising

the information accuracy between the ti j∗ and ti j (Furness, 1965; Bacharach, 1970).

LSOA11CD Barnet Museum British Library British Museum
E01000001 3325 1247 1208 = pi

E01000002 3371 1460 1857
E01000003 3239 1217 1377
E01000005 3293 1349 1720
E01000006 6000 4625 4077

= p j

Table 6.3: The sample O-D matrix from origins (LSOA) to tourist destinations. The summa-
tion of each row needs to equate to Pi while the summation of each column needs
to equate to Pj using the Furness iteration for generating the global balancing
factor.

The Furness distribution model generates a new matrix from generated trip distribu-

tion data (i.e. model’s base year) and iterates the data until its row and column totals

match. The Furness iteration method posits some weaknesses including zero values

which will always result in zeros, even though in reality, they do not necessarily mean

zero trips. To overcome this challenge, we exclude zero values in our model but later

use the interpolation method on the result as a proxy for missing values. Based on

400 iterations, we generate unique balancing factors for origins and destinations.

In calibrating the model, we need to find the value of β by running the model with

different varying values of possible β and obtain the value in which the observed

value has the closest relationship to the estimated one. The Furness iteration allows

us to obtain the balancing factor for both origins (e−λi) and the balancing factor of

the destinations (e−λ j) in relation to the Equation 6.13 that represents the estimated

rents. This is calibrated against the observed trip as follow:

Observed_Rents =
∑Airbnb_Beds∗Price

∑Trips
(6.21)

To find the best value of β we use the J-divergence. The J-divergence measures the

divergence between two probability distributions. In our model, we want the beta

distribution as close as possible to the observed beta where pi is estimated rents
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stems from the balancing factor and qi is the observed rent represented in Equation

6.21. This can be calculated based on the Equation 6.22 below:

J = ∑
i
(pi−qi)(log

pi

qi
) (6.22)

Figure 6.7 plots the possible values of the beta parameter against J values. The beta

values that have the lowest J have the best fit for the model and for our model the

beta with the best fit is β = 0.008.

Figure 6.7: J divergence for different values of beta

Based on the model calibration we can derive a series of possible betas that represent

the estimated rents of Airbnb in London. Figure 6.8 shows the estimated rent

distribution of Airbnb. Using the doubly constrained model, instead of just pointing

out where the prime locations of Airbnb are, we are also able to derive the potential

Airbnb rents in those areas. This could be used to estimate the potential rent of Airbnb

based on the level of attractiveness (shorter time to reach touristic destinations) as

well as the value of surrounding Airbnbs. We notice there are some missing values

in the results due to the limitation of Furness iteration mentioned above; thus, the

next step is to create the spatial interpolation of the estimated rents to create a more

detailed set of model outputs.
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Figure 6.8: The doubly constrained model result.

We have obtained the estimated Airbnb rent values for most LSOAs in London,

and thus the next step is to predict the missing values. In determining this, we

are implementing a spatial interpolation method to complete our knowledge of the

missing Airbnb rents. Inverse Distance Weighting (IDW) is a deterministic method

for spatial interpolation using the assumption that unknown values of a sample can

be calculated using the weighted average values of the known values, based on the

concept of distance weighting (Shepard, 1968; Lu and Wong, 2008). Greater distance

means less weight, referring to less influence on the predicted values because the

weights are assigned according to distance. Figure 6.9 shows the interpolation result

using 700m square grids resulting in approximately 8000 data points based on their

latitude and longitude locations. The choice of grid spatial parameter is based on a

consideration to double the number of data points from the initial 4835 centroids in

an attempt to improve accuracy.

Previous subsection 5.4 discussed in detail the Zoopla data in terms of its data

structure, trends, and overall variations. From the Zoopla property website, we
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(a) Interpolation result for gravity model based rents.

(b) Interpolation result for observed rents based on Zoopla data.

Figure 6.9: The interpolation of the gravity model result (top) and rents based on Zoopla
data (bottom) using Inverse Distance Weighting method.

obtain longitudinal rental data from 2010 to 2017 from around 1.1 million datasets

collected every time a property is listed to rent in London. This data is used as

our observed rents data, as a representation of the actual rental environment in

London. To compare the results of our model and the observed rents from Zoopla,

the interpolation method is implemented for both datasets. Figure 6.9a shows the

interpolation result from our model while Figure 6.9b shows the interpolation result

for our Zoopla rental data. Each dot represents an interpolated value in a unique
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geographical location. As we set the value within the same ranges, from zero to six

hundred, we can see that the rental prices from the model result show higher overall

values, with a larger portion of light blue dots in higher rental values in Figure 6.9a

when compared to Zoopla rental data where the high values are more concentrated

(in Figure 6.9b). Overall, we can conclude that introducing origin constraints allows

our model to capture and give richer predictions.

6.3.2.2 Model validation

It is essential that our model provides a good representation of the system. To

measure the performance, we validate the model result using Zoopla rent data as a

comparison with the real system, which is the preferred way to validate a model. The

Zoopla rental data is a set of new data that the model has not seen before as the rents

in our model are derived using Airbnb rents. The goodness of fit of the model can

be obtained by examining if the model is a reasonable measure of the actual rental

system, where the model could satisfy enough of the analysis’s objectives. Fitting our

model to the observed data using linear regression is a common method to validate

a quantitative model. We present the summary statistic of the conducted linear

regression between our estimated and observed rents in Table 6.4. The summary

shows that both the intercept and the estimated rents are statistically significant. The

adjusted R2 shows that our model is a good representation of the structure of the

rental prices in London where the model can explain up to 64% of the observed

rental variance.

6.4 Model interpretation

We have constructed two different models based on the gravity-spatial interaction

model to account for Airbnb’s optimum locations based on the ease of travel to

various main tourist attractions in London. The first model is based on a singly

(destination) constrained gravity model, resulting in an accessibility index, as an
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Residuals
Min 1Q Median 3Q Max

-138.283 -7.287 -0.047 5.790 296.767
Coefficients

Estimate Std. Error t value Pr(>|t|)
(Intercept) 76.6307 0.8332 91.97 <2e-16 ***
Estimated rents (gravity) 0.1403 0.0012 120.53 <2e-16 ***
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 16.09 on 8073 degrees of freedom
Multiple R-squared: 0.6428, Adjusted R-squared: 0.6428
F-statistic: 1.453e+04 on 1 and 8073 DF, p-value: <2e-16

Table 6.4: The regression results between observed (based on Zoopla) and estimated rents
(based on the gravity model).

index assigned to measure the probability of an LSOA to be an Airbnb location. The

highest index is given to the potential optimum location of Airbnb, where tourist can

easily travel between origins and destinations with the shortest travel time. However,

upon testing the goodness of fit, this model can explain only 50% of the variance,

which is not a poor fit, but there is possibility for improvement.

Upon examining the model’s accessibility index by checking the spatial distribution

of the residuals, we see many areas that are heavily populated by Airbnb based on

our observed Airbnb data are given a low index, thus significantly under-estimating

the real data. This flaw is due to the model only incorporating two variables: tourist

destinations and the cost function by assuming there is diminishing value when a

location is within a long reach of the tourist destination. Thus, the model depends

heavily on what we define as tourist destinations. As we only include the main

attractions, it is reasonable that the first model contains a flaw in terms of predicting

the optimum locations of Airbnb, due to our ignorance of other variables. We have

overlooked an important element that might influence Airbnb locations: rents

We extend the approach in the first model and construct our second model by in-

troducing other constraints on our origins based on the total expenditure of Airbnb

based on the historical data through multiplying the total Airbnb supply (number

of bedrooms) with the Airbnb price-per-bedroom per-day as a proxy for rent. By

accounting for Airbnb rental data, instead of just getting the Airbnb optimum loca-
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tions, we could also derive the potential rental value for each unit area. We expect

the rental distribution to have a similar pattern with the actual housing rental price

distribution in London, as the Airbnb price generally should be an inflated price of

housing rental value.

Figure 6.10: 2D and 3D visualisation of percent rent changes in London

We have discussed the phenomena of continuously increasing rental price value in

London in Chapter 5. Figure 6.10 shows the visualisation of the percent rent changes

in London LSOAs from 2010 to 2017. It is an East-West section-view based on the

surface of the difference between rental prices in London LSOA in 2017 and 2010.

The colour represents the percentage changes according to its intensity from yellow

(low changes) to red (high percentage rental price changes). Please note that the

rental price changes are not accounting for any inflation factors. We can observe

sharp spikes appearing around East and Central London with some variations in

West London. The rental value is high in central London as London is relatively

monocentric, where the employment centre, retail and many urban activities are
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located in the centre. West London, is historically planned as a residential area

and has developed into a historical and upscale neighbourhood such as those in

Westminster, Kensington and Chelsea, continuing South West to the Richmond

area. Meanwhile, many areas in East London are currently developing many new

residential developments (refer back to Figure 5.1 in Chapter 5).

The next step of the analysis is to examine how the rental distribution generated

from Airbnb rental data based on the gravity model differs from the observed rental

price data based on the Zoopla property website. Figure 6.11 shows the difference

between the rental price per-week based on the Zoopla data in comparison with the

estimated rental price per-week based on the doubly constrained gravity model in

the 8000 neighbourhood units (based on the interpolation result). The estimated rent

prices are scaled to overcome the problem of over-estimation using Equation 6.23 as

follow:

Estimated_Rents = Predicted_Rents∗ (Mean_Observed_Rents
Mean_Predicted_Rents

) (6.23)

Figure 6.11: The difference between observed rent (based on Zoopla) and the predicted rent
(per-week).

Figure 6.12 shows the distribution of the estimated rental price differences (∆Rents)
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Figure 6.12: The difference in rental prices between the estimated Airbnb rents from the
gravity model and the observed rental prices based on Zoopla data. Each point
represents a price estimate.

in London where the colour blue indicates a positive difference between predicted

and observed rents. We can start to capture areas such as Hackney, Tower Hamlets,

Islington, Hammersmith and Fulham, etc. where Airbnb seems to provide higher

returns compared to renting to permanent residences. The under-representation with

negative values is indicated with the colour red, which is scattered around non-central

areas of London.

The difference in rents, shown as ∆Rents shows that the gap can reach up to 136

per-week difference in some areas in London if a property is being let as an Airbnb

instead of being let to permanent residents. This aligns with the argument by

Wachsmuth and Weisler (2018) emphasising that Airbnb allows a short term rental

gap. It is considered as short-term because unlike the central argument proposed by
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Clark (1995) that there is long life-cycle explaining the property rent gap, Airbnb has

made it possible to capitalise the gap without major investment or redevelopment,

only by the simple step of removing the existing tenant. Clark (1995) drew this

conclusion by estimating the rental loss due to Airbnb as proxies for rent gaps using

three years of Airbnb activities data in New York City. The rent gap can be measured

by computing the difference between the capitalised ground rent (actual economic

return from the land) and potential ground rent (optimal economic return that could

be earned) (Smith, 1987; Lees et al., 2013).

6.5 Discussion

In this chapter, we have conducted a gravity-spatial interaction model to analyse a

unique data set without any flow or movements embedded in the data. Considering

this limitation, we have approached our case study from a novel perspective of

positioning rents as a proxy for flow within the doubly constrained gravity model.

This method enhances our predictions, compared to the singly constrained model,

where the model results suffer in terms of representing the Airbnb locations. The

initial model fails to capture the concentrations of Airbnb supply in niche areas

such as in Hackney and Tower Hamlets where travel time to tourist destinations are

not the shortest, but the area itself attracts tourists based on other elements (such

as lower rental prices but there is close proximity to the city centre). The doubly

constrained model is able to capture more variance in terms of forecasting the future

Airbnb locations. Additionally, using this method and incorporating rent, we can

start deriving the estimated rental values of Airbnb in each London LSOA. The

implication is that we are able to show the rental prices of areas that are most likely

to be populated with Airbnb because it provides higher return values if converted to

holiday rentals.



7
Conclusions

“At least 40% of all businesses will

die in the next 10 years. . . if they

don’t figure out how to change their

entire company to accommodate new

technologies"

John Chambers | Executive

Chairman, Cisco System in BOX

Interview, 2015)
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This chapter concludes the thesis by providing a general overview, where the research

questions and objectives are revisited. Also, important findings from each chapter

are summarised and discussed further. Limitations are presented to inform ways

to improve the arguments of the thesis and further work is proposed to expand the

analysis beyond what is presented here. To close, important general conclusions are

presented.

7.1 General overview

This thesis has aimed to answer the general research question "how can we meas-

ure the possible impacts stemming from the wide adoption of Airbnb as a form

of digital platform economy?". Through a theoretical argument and a series of

spatial analyses, answers to the research questions are analysed from several crit-

ical perspectives. As various kinds of platforms have re-organised the traditional

labour system and as a lower barrier for entry has opened up all kinds of digital

platform-based employment, workers have become essentially casual workers in-

stead of being employed by the platform. As also demonstrated by this thesis, the

platform economy is a multifaceted framework related to a myriad of activities.

As the proportion of the population that is involved in the platform economy is

continuously increasing, framing our understanding about the platform economy is

essential - especially considering that until now, there is no single understanding

of how to respond to the rise of platform-based businesses. Many speculate about

the unforeseen repercussions and this thesis contributes to providing a scholarly

argumentation of these implications as they are taking place.

As this study focuses on Airbnb as a case study, a large proportion of the analysis

and discussion is very specific to the implications of Airbnb within the urban system.

Airbnb as a digital platform has grown rapidly all over the world. We have found that

strong links between Airbnb and urban tourism exist, while in central areas, hotels

location can be a positive attraction for Airbnb where spatial distribution overlaps
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exist (although this is very place-specific). The density of the food environment is

also a contributing element when determining Airbnb locations where the Airbnb

density tends to be higher in areas where food and beverage establishments are

present. In terms of access to public transport, in residential areas, good access

to transport links can be a positive feature for Airbnb density, although this is not

always the case in more diverse commercial areas where rental price is extremely

expensive.

Many cities are experiencing regulatory battles in response to rapid growth and

adaptation. As shown in this thesis, many cities that are experiencing limited housing

supply such as New York, Paris and Berlin have implemented regulations to protect

permanent residents from the possible implications of permanent housing conversion

to holiday rentals. However, London has a more relaxed regulation, and although

the city provides an annual cap of 90 days for holiday rentals, the enforcement is far

from being implemented. Thus, Airbnb supply in London is currently the highest

globally, although London is consistently battling the problem of a major housing

crisis and housing affordability.

The central argument in this thesis is how Airbnb might impact the city system.

When examining the relationship between the housing system in terms of dwelling

typology, tenure and the structure of rental price, Airbnb density is prominent in areas

with a high concentration of flats and privately rented properties in London. As 55%

of Airbnb listings in London fall into the entire property class, it makes sense that

flats are a more desired building type, as they are generally more space-efficient than

a whole house property. The finding that Airbnb tends to locate in areas with a high

proportion of private rentals is somewhat concerning, considering that in London,

the number of residents who rely on private rentals is continuously increasing; the

proportion of private renters keeps on growing rapidly, from 27% in 2016 with the

number predicted to be 40% in 2030 (Trust for London, 2017; Future of London,

2018). If Airbnb detracts from rental housing in the permanent housing market,

and the supply for rental properties is decreasing, there is the danger of substantial
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displacement of housing due to holiday rentals. The problem of the housing crisis

and affordability is thus worsened.

We also analyse the possible misuse of Airbnb by identifying entire property listings

that are available for more than 180 days per year (assuming 50% occupancy rate)

and where hosts have multiple listings. When examined at the local LSOA level,

the proportion of Airbnb misuse is quite high, up to 7% in areas especially in and

surrounding the City of London. This is a clear indicator of homes that might be

converted to holiday rentals. When examined using global regression with the change

in the rental price, Airbnb misuse is an indicator of rental price changes, where a

unit increase in density is associated with 0.61% unit increase in the rental price.

Although it is important to note that we can not infer causality, and only describe the

association between the presence of Airbnb misuse and rental price increase.

Through our predictive analytic using the gravity-spatial interaction model, we derive

the optimum locations of Airbnb based on the number of main tourist attractions

that could be reached within the shortest travel time. An extension to the model,

allows us to further examine the potential rents based on the doubly constrained

spatial interaction model. These potential rents align nicely with the distribution of

rental prices in London based on the Zoopla property data. This finding allows us to

examine the gap between the observed rental price in London as if these properties

are being rented as Airbnb. The highest premium can be obtained in the desired

areas where prices are already high.

Our findings have demonstrated that Airbnb as a form of the digital platform has been

associated and has possibly impacted on various locations defining urban structure.

We have examined how these associations are present especially in terms of urban

tourism elements and housing, as the components that have close connections with

the spatial distribution of Airbnb listings, specifically in London. In residential

locations with a high saturation of touristic elements, the proportion of property

misuse tends to be higher. This is associated with an increase in the rental price.

Based on our predictive analysis, it could widen the rental gap between converting to
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Airbnb rentals and renting for permanent residents where it is more desirable to rent

a property as a holiday rental. This is due to the higher possible revenue, especially

in desirable and prime residential areas where prices are already very high. Doing so

could distort and complicate the housing problem in London, especially in the long

run.

Considering our findings, cities should proactively respond to the rapid growth

of Airbnb specifically, and digital platforms generally rather than using a reactive

approach where innovations can be supported but the negative repercussion cannot

easily be mitigated.

7.2 Limitations

Many scholarly studies are abstract social discourse, and the real challenge is to

connect concepts, analysis and models to the "on-ground" reality. Most of the

analysis presented here is within the general theme of the geographical distribution

of Airbnb. But we do not understand completely what happens at the ground level. A

paper by Ferreri and Sanyal (2018) describes how a team of officers in Westminster

borough has done a door-to-door inspection to detect illegal holiday rental so that

they might enforce the 90-day rule. Our study has not been able to combine this type

of perspective with our data analysis being connected to this data to ground truth the

reality. This is beyond the scope of our study but it could be formulated as a future

research agenda.

The study uses the Airbnb data set in the form of snapshots according to the time

of data collection. Although several snapshots are available within a different time

frame, the use of longitudinal data will result in a better understanding of Airbnb

growth, the turnover, and overall development of the Airbnb platform. However,

the challenge of obtaining such data has hindered many scholars in pursuing a

more accurate analytical study of Airbnb. Despite this challenge, publicly available

datasets such as those from Inside Airbnb have contributed largely to many advances
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in Airbnb studies, especially those that involve the geographic locations of Airbnb

listings, including the work we have done in this thesis.

7.3 Further works

The extent to which topics in this thesis can be expanded is very broad. The thesis

touches upon three important aspects: the descriptive exploration of the underlying

mechanisms driving the platform economy especially in terms of labour, the possible

impact that digital platforms have on cities especially through analysis, and the

use as well as the development of related spatial analysis methods to derive useful

information for such a fast-growing phenomenon. Within the study of the platform

economy itself, the concept comprises many different types of platforms in various

aspects including transport, hospitality, services, markets, etc. So further work

recognising these layers of activities utilising digital platforms must be steered

towards understanding more about this topic.

In this thesis, we have discussed briefly the relationship between the rapid adaptation

of the online platform economy to the labour and employment system. As it is

outside the scope of our study to conduct further detailed analysis, further work

should consider exploring this topic especially in terms of the equality aspect of

the platform economy in terms of their employment structures. Many other aspects

related to labour also comprise an important topic that should receive a further

examination.

Another particularly attractive angle would be to move the shift in research focus from

the Global North to the Global South. The platform economy is a huge sector in the

Global South. However, this perspective is still largely understudied. Expanding the

scholarly analysis on the theme of the digital platform to include comparative analysis

between the Global North and the Global South would yield many new insights

in capturing the similarities and differences between the underlying mechanisms

surrounding the discourse. There might lead to stark distinctions surrounding the
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legal aspects, trusts, and regulations - and these aspects could add to the robustness

of future analysis.

For the Airbnb case study, the analysis might be extended in terms of Airbnb’s

presence and the effect on spatial inequality. This could be done by analysing whether

or not direct displacement occurs - although this information might be challenging to

obtain. This would capture the socio-economic implications of Airbnb, whether or

not the saturation of Airbnb exacerbates displacement and gentrification. It would be

hard to analyse if the relationship is causal, but even determining if they are drivers

of gentrification and displacement should be next in the research agenda. Moreover,

more predictive analytics of Airbnb would be beneficial as well. Within a very short

period of time, a large number of studies related to Airbnb have been published, but

most focus on understanding how Airbnb operates (such as its competitiveness to

hotels (Zervas et al., 2016; Guttentag and Smith, 2017; Xie and Kwok, 2017)), how

Airbnb is affected by regulation (Ferreri and Sanyal, 2018; Gurran, 2018), and the

form of its spatial distributions (Gutiérrez et al., 2017; Visser et al., 2017; Quattrone

et al., 2018). However, the predictive analytics of Airbnb remain rather limited.

7.4 Concluding remarks

There is an interesting statement from an article from the MIT Citylab by Alastair

Boone. He said, "Using Airbnb to help pay your bills in a space-strapped city is

a bit like using an air conditioner to combat global warming." (Boone, 2018). It

might help individuals, but ultimately, it exacerbates the overall problems faced by

the system. When an individual is gaining a benefit, but the impact is a collective

repercussion, it is not sustainable. The true challenge is to create an environment

where innovations stemming from the digital platform could become a sustainable

part of the city’s economy that makes it socially responsible. How to obtain this

balance, this should be the main city’s goal.
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Appendix A - Zoopla data cleaning

The Data Source and License

• Zoopla Limited, © 2018

• Zoopla Limited, © 2018. Economic and Social Research Council. Zoopla

Property Data[data collection]. University of Glasgow - Urban Big Data

Centre.

Zoopla is a British property website launched in January 2008 with a search-able

property directory as their main feature. Zoopla also provides automated valuations

for property valuations estimates in the UK based on available data at postcode level.

Data Cleaning

The overall data consists of 2,587,599 "rental" and "sales" data from 2010 until 2016

in Greater London Area with spatial information at the postcode level. There are

1,389,905 listings with the "rental" category; 1,163,020 with the "sale" category

and 34,674 with an "undefined" category. The number of rental data with price

information is 1,389,594. The data cleaning process includes removing outliers

from the data set. We found that some of the "rent" data set contain "sale" data set

(after thorough sampling of some outliers). Also, some of the data are not accurate

(holiday lets, wrong bedroom numbers, and so on). Therefore, detected outliers were
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removed from the data set resulting in the total of 1,387,727 items in the cleaned

data.

We focused on rent data and the Zoopla data provide longitudinal rental price data

for dwellings in London. The data shows when the listings enter the market (first

marketed date) and exit the market (last marketed date). 1,168,438 have marketed

year information (84%) while the rest are missing. The data was extracted in 2017,

thus all data with a marketed year of 2018 have been deleted from the data set so the

cleaned data has 1,149,713 items (83%). As the last process of cleaning the data, we

also add geographical information in terms of latitude and longitude data from each

data set by cross sectioning them with the Doogal postcode data set. The result is as

follows:

Year Rent Data with
"Marketed Year"

Information

Percentage (%)

2010 124,785 11
2011 143,356 13
2012 170,712 15
2013 102,647 9
2014 147,739 13
2015 137,184 12
2016 148,897 13
2017 134,149 12
Total 1,109,469 100

Longitudinal Zoopla rent data information.

The cleaned dataset is 80% from the overall rent data available.

The next section examines the trend in rent from 2010 to 2016 with the proportion

as follows:

Here is the list of some errors in the data:

• Some sale properties are mis-labeled as rent properties
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0 Bed-
room

1 Bed-
room

2 Bed-
room

3 Bed-
room

4 Bed-
room

5++
Bedroom

1st Qu 160 202 275 312 403 550
Median 200 270 335 392 530 740
Mean 226.5 294 398.1 520.7 694.4 1181
3rd Qu 270 349 450 550 700 1154
Max 3850 8400 7800 8995 11500 14999
Number
of obser-
vations

101872 346651 484495 246156 103779 43310

Property
propor-
tion

7.68% 26.14 % 36.53 % 18.56 % 7.83 % 3.25

Zoopla rent data summary.

• Error in number of bedrooms category

• Some holiday let (especially Olympics) for data extracted in 2012

Also, we need to pair each postcode according to their LSOA location so we can

aggregate them later on. This is done by using the list of postcodes in each LSOA

from Doogal and then matching each piece of information. We also pair each LSOA

information with the latitude and longitude of their centroids so each data contains

spatial information.

Now we can move on creating the aggregated summary for rent data at the LSOA

level. Using the doBy package in R programming, the aggregation of each dataset

according LSOA information is possible. The result is the mean, max, min, median

and standard deviation for rent in each LSOA in London.
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We can see some consistent trends across each property category, with 0 bedrooms

being the most inconsistent. Central and West London has the highest property rental

price regardless of the number of bedrooms. Price seems to be lower in the East

part of London, although according to Rightmove, over the past decade the cost of

renting a two-bed home in Hackney has risen by 63% to £1,755 per month, making

it the area with the biggest increase in asking rents across Great Britain.





Appendix B - Annual survey of visits

to visitors attractions from Visit

Britain in 2015



210 Appendix

Attraction Number of visits in 2015
British Museum 6820686
Tate Modern 4712581
Victoria and Albert Museum 3888374
Alexandra Park and Palace 2800000
Tower of London 2785249
Westminster Abbey 1664850
Royal Botanic Gardens, Kew Gardens 1622821
St Paul’s Cathedral 1609325
British Library 1579570
National Maritime Museum 1358964
Tate Britain 1284519
ZSL London Zoo 1265911
Imperial War Museum London 1102655
Royal Academy of Arts 1096608
Houses of Parliament 928855
Museum of London 872978
Tower Bridge Exhibition 786603
Royal Observatory Greenwich 778865
Horniman Museum and Gardens 758868
Hampton Court Palace 598851
Churchill War Rooms 497063
Museum of Childhood at Bethnal Green 449787
Wallace Collection 440432
Kensington Palace 383286
Royal Air Force Museum London 356219
HMS Belfast 297483
Museum of London Docklands 270969
Museum of Fulham Palace 261874
Cutty Sark Clipper Ship 248043
Chelsea Football Club Stadium Tours 238260
The Courtauld Gallery 238099
London Wetland Centre 196636
Kenwood House 159556
Thames Chase Forest Centre 146521
Sir John Soane’s Museum 119000
Geffrye Museum 111235
Guildhall Museum 102053
Wimbledon Lawn Tennis Museum 91272
Spitalfields City Farm 90000
Osterley Park House (NT) 78395
Household Cavalry Museum 66855
Deen City Farm and Riding School 62000

Annual survey visits to tourist attractions.
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Attraction Number of visits in 2015
Curzon Cinema & Arts 58462
Chelsea Physic Garden 56748
Down House - Home of Charles Darwin 52029
Apsley House 50064
Wellington Arch 49307
The Charles Dickens Museum 46277
Burgh House and Hampstead Museum 45000
Old Operating Theatre, Museum and Herb Garret 43459
Go Ape! Tree Top Adventure - Trent Park 42024
RSPB Rainham Marshes Nature Reserve 39001
Museum of the Order of St John 33810
Brunel Engine House Rotherhithe 30525
Queen Elizabeth’s Hunting Lodge 29181
Sutton House (NT) 28920
Jewel Tower 27290
Museum of Brands, Packaging and Advertising 26466
Keats House 26265
Library and Museum of Freemasonary 26211
Kentish Town City Farm 25000
Saint Mildred’s Church and Church Centre 25000
Red House (The National Trust) 19769
Wesley’s Chapel, House and Museum of Methodism 15741
Handel House Museum 15632
Doctor Johnson’s House 15592
Chiswick House 11953
Royal British Legion Poppy Factory Limited 10404
St Bartholomew’s Hospital Archives and Museum 7435
Crystal Palace Museum 6994
Havering Museum 6506
Barnet Museum 6000
Crofton Roman Villa 5310
St Lawrence Jewry-Next-Guildhall 5000
Rainham Hall 4171
Crossness Engines 3500
Wimbledon Windmill Museum 3400
Twickenham Museum 3211
Kempton Great Engines Trust 2825
Marble Hill House 2433
Go Ape! Battersea Park 2162
The Wernher Collection at Ranger’s House 2158
The Cockney Museum 2000
Upminster Windmill 2000
Kempton Steam Museum 1878
Harrow School Old Speech Room Gallery 1200
Southside House 870

Annual survey visits to tourist attractions (continued).





Appendix C - Code for the doubly

constrained spatial interaction model



Gravity - Spatial Interaction Model
Robin Morphet and Zahratu Shabrina

21 June 2019

Collaboration between Robin Morphet (first half of the code) and Zahratu Shabrina (second half of the code)

This code aims to simulate flows of networks based on the assumption that flow is proportional to the
mass/size of origins and mass/size of the destinations and inversely proportional to generalised travel cost,
based on Newton’s law of gravity.

First, clear the workspace in R so the Global environment will be empty and ready.
# Removing global environment content
rm(list=ls())
getwd()

## [1] "/Users/zara/Google Drive/Spatial Interaction Data/Spatial Interaction Collaboration"
# Add the necessary library
# Uncomment if rlist is not installed yet
# install.packages("rlist")
library(rlist) # Toolbox for non-tabular data manipulation with list objects

Furness Function

The predicted trip matrix can be derived from the observed trip matrix by matching the row and column
totals match the future trip ends. This can be done using Furness distribution model. The number of trips
from one origin zone to one destination zone can be described as follows:

1. The observed matrix cells for one row are multiplied by the growth for that zone and all rows are done
in turn. The matrix so obtained will have its origin trip ends matching the predicted origin trip ends,
however the column totals will not in general match the predicted destination trip end so:

2. The matrix cells for each column are multiplied by the ratio of the predicted destination trip end to the
column total achieved in 1 above so that the resulting matrix will have its column total matching its
predicted destination trip end.

3. However, its row total will not generally match its predicted origin trip end so steps 1 and 2 are repeated
successively until the row and column total are both close to the predicted origin and destination trip
ends. The process stops when they are close enough (eg to within a few trips).

http://www.transportmodeller.com/distributionoverview.html Brian Gregor, P.E. Transportation Planning
Analysis Unit Oregon Department of Transportation Brian.J.GREGOR at odot.state.or.us https://stat.ethz.
ch/pipermail/r-help/2008-March/156432.html (link to function)

Essentially, it is the process of balancing and rebalancing arrays with new marginal totals. This method of
matrix balancing is multiplicative since the margin factors (coe�cients) are multiplied by the seed array to
yield the balanced array (Gregor, 2008).
# Program to analyse trip matrix with differing values of beta
# SeedAry is a multi-dimensional array used as the seed
# maximal iteration and closure criteria
fastFurnessWithBF <- function(Margins_, seedAry, maxiter=400, closure=0.001)



{

# Check to see if the sum of each margin is equal
MarginSums. <- unlist(lapply(Margins_, sum))
if(any(MarginSums. != MarginSums.[1])) warning("sum of each margin not equal")

# Replace margin values of zero with 0.001
Margins_ <- lapply(Margins_, function(x)
{
if(any(x == 0)) warning("zeros in marginsMtx replaced with 0.001")
x[x == 0] <- 0.001
x

})

# Check to see if number of dimensions in seed array
# equals the number of margins specified in the marginsMtx
numMargins <- length(dim(seedAry))
if(length(Margins_) != numMargins)
{
stop("number of margins in marginsMtx not equal to number of margins in seedAry")

}

# Note that the sum of seedAry must equal total no of trips
# Set initial values
resultAry <- seedAry
resultAry <- resultAry/sum(resultAry)
iter <- 0
marginChecks <- rep(1, numMargins)
margins <- seq(1, numMargins)
BFmargin <- list(rep(1,length(Margins_[1])),rep(1,length(Margins_[2])))
#dim(BFmargin)<- c(max(dim(seedAry)),numMargins)

# Iteratively proportion margins until closure or iteration criteria are met
while((any(marginChecks > closure)) & (iter < maxiter))
{
for(margin in margins)
{
marginTotal <- apply(resultAry, margin, sum)
marginCoeff <- Margins_[[margin]]/marginTotal
#print(length(BFmargin[margin]))
BFmargin[[margin]] <- BFmargin[[margin]]*marginCoeff
#print(length(marginCoeff))
#flush.console()
marginCoeff[is.infinite(marginCoeff)] <- 0
resultAry <- sweep(resultAry, margin, marginCoeff, "*")
marginChecks[margin] <- sum(abs(1 - marginCoeff))

#print(marginChecks)
#print(closure)
#flush.console()
}

iter <- iter + 1
if(iter%%10==0)



{
print(iter)
flush.console()}

}

#If IPF stopped due to number of iterations then output info
if(iter == maxiter) {cat("fastfurness stopped due to number of iterations\n")}
#Return balanced array
#print(resultAry)
#flush.console()

list(resultAry,BFmargin)
}

Identifying zeros in the list of vectors and remove corresponding elements from all vectors where at least one
vector has an element of zero. Data with zeros are excluded from the analysis.
remove_zeros <- function(vecs) {
n<-length(vecs)
#print(n)
zerovec <- rep(1,length(vecs[[1]]))
#print(length(zerovec))
for( i in 1:n)
{
index <- which(vecs[[i]]>0)
#print(index)
zog <- rep(0,length(vecs[[1]]))
zog[index] <-1
zerovec <-zerovec*zog
#print(zerovec)
}
return(zerovec)

}

Data

Inserting the necessary data: 1. DE (destination data containing the number of visits to tourist attraction
based on Visit Great Britain 2015 data) 2. OR (origins data as proxied by the number of available Airbnb
bedrooms) 3. bedCost (average Airbnb per-bedroom per-day) 4. bedNumbers (total number of beds for
Airbnb) 5. LSOAs (LSOA code)
#read in airbnb data
#home <- ("F:/work/casa/zara/")
home <- ("/Users/zara/Google Drive/Spatial Interaction Data/Spatial Interaction Collaboration/Data/")

indata <- function(file){read.csv(paste(home,file,sep=""))}
#number of visits to tourist attractions
DE<-indata("base_destination_data.csv")[,2]
#number of available bedrooms
OR<-indata("sorted_base_origin_data.csv")[,3]
#average airbnb per-bedroom per-day
bedCost <- indata("sorted_base_origin_data.csv")[,4]
#total number of beds
bedNumbers <- indata("sorted_base_origin_data.csv")[,2]



#LSOA code
LSOAs<- ((indata("sorted_base_origin_data.csv"))[,1])

Identifying and removing zeros.
# Identifying zero elements for available bedrooms, average price ppb/day, and number of beds.
# Zeros are removed.
# Identify zero elements
nonZeroIdentifier <- remove_zeros(list(OR,bedCost,bedNumbers))
nonZeroIndex <- which(nonZeroIdentifier>0)
# Remove zero elements
OR <- OR[nonZeroIndex]
bedCost <-bedCost[nonZeroIndex]
bedNumbers <- bedNumbers[nonZeroIndex]
LSOAs <- LSOAs[nonZeroIndex]

Inserting cost data (OD) - the data is a matrix of possible OD from origins to destinations. The probability
distribution corresponding to observed and predicted trip frequencies are calculated.

Origins are normalised into probabilities,
Pi = Oi

N

Destinations are normalised into probabilities,

Pi = Dj

N

#insert matrix of travel time
costData <- indata("trip_cost_matrix_stripped.csv")

costData <- costData[nonZeroIndex,]
costData <- as.matrix(costData)
#convert to minutes
costData <- costData/60

#select bedrooms
#OR <- OR[,3]
#DE <- DE[,2]

#select destination numbers
#number of available bedrooms times the sum of visits divided by the sum of origins

#balance Os and Ds
OR <- OR*(sum(DE)/sum(OR))
# OR is number of bedrooms times the sum of all destinations divided by the sum of origins

#normalise to probabilities
Pi <- OR/sum(OR)
Pj <- DE/sum(DE)

Searching for the value of beta. Beta is found using iterative method by plotting the sequence of values for
possible betas.
betaList <- 0.008 #this is derived from the sequence below as the calibrated value of Beta
#betaList <-seq(0.001,0.02,0.001)
#betaList <- c(0.001,0.01,0.05,0.25,1.5)



#betaList <- 0.1
#betaList <- c(0.08,0.082,0.084,0.086,0.088,0.09,0.092,0.094,
#0.096,0.098,0.1,0.102,0.104,0.106,0.108,0.11,0.112,0.114,0.116,0.118,0.12)
#betaList <-seq(from=0.08, by=0.01,length=41)
#betaList <- 0.1
Y <- vector(mode = "logical", length = 0)
Y<- list(Y)
for (i in 1:length(betaList))
{

BETA <- betaList[i]
seedAry <- exp(-BETA*costData)
bfResult<- fastFurnessWithBF(Margins_=list(Pi,Pj),

seedAry,maxiter=3000, closure=0.01)
Y <- list.append(Y,bfResult)
#print(i)
#flush.console()

}
Y<-Y[2:length(Y)]

#sort into list of trip matrices and list of rents
pMat <- 1
rMat <- 1
pMat <- list(pMat)
rMat <- list(rMat)
for (i in seq(1,length(Y)))
{
pMat <- list.append(pMat,(Y[[i]][[1]]/sum(Y[[i]][[1]])))
rMat <- list.append(rMat,Y[[i]][[2]])

}
pMat <- pMat[2:length(pMat)]
rMat <- rMat[2:length(rMat)]
pMat <- list.flatten(pMat)
#print(str(pMat))
rMat <- list.flatten(rMat)

Expected information: a measure of the di�erence between one probability distribution and another with
some properties of the distance function.

J is the distance measure for beta distribution that is as close as possible with the observed beta. pi
is calculated rent and qi is observed rent. This matches with the Kullback-Leibler (also called relative
entropy information gain/discrimination information) - measuring the di�erence between one probability
distribution with its reference probability distribution. A Kullback-Leibler divergence of 0 indicates that the
two distributions are identical.
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ÿ

i
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)

Partition function Z has a role in normalising constant by encoding how the probabilities are partitioned



among di�erent costs based on their individual energies.

Z =
ÿ

i

e≠—Ci

#collate statistics by values of beta
# creating data frame for the result
B <-1

# calculating the number of origins (number of bedrooms)
n <- length(OR)
N <- sum(OR)

for (i in 1:length(betaList))
{
P <- pMat[[i]]

rO <- log(rMat[[(2*i)-1]])/betaList[i]
rD <- log(rMat[[2*i]])/betaList[i]

rO
rD

# Calculating the entropy (S) and entropy total (St)
S <- -sum(P*log(P))
St <- -sum((N*P)*(log(N*P)))

# Calculating expected trip cost
U<- sum(P*costData)
vari <- var(as.vector(P*costData))
C<- sum(costData)

# Calculating origin and destination rents
oRent <- -sum(rO/betaList[i])
dRent <- -sum(rD/betaList[i])

# rO adjusted to avoid negative values
oRentadj <- rO-min(rO)-(min(rO)/1000)
oRentP <- (oRentadj*OR)/sum(oRentadj*OR)
bedCostP <- (bedCost*bedNumbers)/sum(bedCost*bedNumbers)

J <- sum((bedCostP-oRentP)*log(bedCostP/oRentP))

J

#print(J)

logPij <- sum(log(P))
dim(Pi) <- c(1,length(OR))
dim(Pj) <- c(length(DE),1)
I <- sum(P*log(P/t(Pj%*%Pi)))
dim(rO)<-c(length(rO),1)
dim(rD)<-c(1,length(rD))
reprO <- rep(rO,length(rD))
dim(reprO) <-c(length(rO),length(rD))



reprD <- rep(rD,length(rO))
dim(reprD) <- c(length(rD),length(rO))
reprD <- t(reprD)
rentIJ <- sum(reprO + reprD)
#the caldarelli estimate p95 eq4.112
top <- sum(((costData*S)-(U*(1+log(P))))/(S*S))

# Calculating Harmonic and Geometric mean
Hmean <- 1/sum((P/costData))
Gmean <- exp(sum(P*log(costData)))
#top <- sum((log(P))*P*costData)
bot <- -sum(costData*P*costData)
#rentIJ <- (log(rO)/betaList[i])%*%(log(rD)/betaList[i])
expRentIJ <- sum(P*rentIJ)
est <- expRentIJ

# Calculate partition function
Z <- sum(exp((-betaList[i]*costData)-rentIJ))

#G = Gibbs free energy that corresponds to the consumer surplus
G <- -log(Z)/betaList[i]
Temp <- 1/betaList[i]
balance=(U-(T*S)+expRentIJ)/G
print(balance)

B<- c(B,betaList[i],oRent,dRent,S,St,U,vari,C,logPij,est,
Hmean,Gmean,J,bot,I,Z,G,sum(P*(rentIJ))/betaList[i],balance,Temp)

}

## [1] 0

Caldarelli Model: In complex network, the model’s preferential attachment is constant and node fitness are
sampled from some probability distribution.

Harmonic mean: to mitigate the impact of large outliers and aggravate the impact of small ones (-> (when
the average of rates is desired)

Geometric mean: to indicate central tendency of a set of numbers by using the product of their values (used
when comparing di�erent metrics by normalising the values)

GMean = exp

C
1
n

i=1ÿ

n

lnai

D

B <- B[2:length(B)]

dim(B)<- c(length(B)/length(betaList),length(betaList))
B <- t(B)
nomeni <- c("Beta","oBF","dBF","S","St","U","var","C","lnPij","est",

"Hmean","Gmean","J","bot","I","Z","G","rentIJ","balance","T")
dnomeni <- c("dBeta","doBF","ddBF","dS","dSt","dU","dvar","dC","dlnPij",

"dest","dHmean","dGmean","dJ","dbot","dI","dZ","dG","drentIJ",
"dbalance","dT")

avnomeni <- c("avBeta","avoBF","avdBF","avS","avSt","avU","avvar",
"avC","avlnPij","avest","avHmean","avGmean","avJ","avbot",
"avI","avZ","avG","avrentIJ","avbalance","avT")



Where accessibility = rent using the assumption that areas with high rents are areas with high accessibility.
B <- data.frame(B)
names(B) <- nomeni
row0 <- rep(0,dim(B)[2])
diffB <- (rbind(B,row0))-(rbind(row0,B))
diffB <- diffB[2:dim(B)[1],]
colnames(diffB) <- dnomeni
avB <- ((rbind(B,row0))+(rbind(row0,B)))*0.5
avB <- avB[2:dim(B)[1],]
colnames(avB) <- avnomeni
attach(diffB)
attach(avB)

Data visualisation of the result

# Insert necessary library
library(data.table)
library(rgdal)

## Loading required package: sp

## rgdal: version: 1.4-4, (SVN revision 833)
## Geospatial Data Abstraction Library extensions to R successfully loaded
## Loaded GDAL runtime: GDAL 2.1.3, released 2017/20/01
## Path to GDAL shared files: /Library/Frameworks/R.framework/Versions/3.6/Resources/library/rgdal/gdal
## GDAL binary built with GEOS: FALSE
## Loaded PROJ.4 runtime: Rel. 4.9.3, 15 August 2016, [PJ_VERSION: 493]
## Path to PROJ.4 shared files: /Library/Frameworks/R.framework/Versions/3.6/Resources/library/rgdal/proj
## Linking to sp version: 1.3-1
library(tidyverse)

## -- Attaching packages --------------------------------------- tidyverse 1.2.1 --

## v ggplot2 3.2.0 v purrr 0.3.2
## v tibble 2.1.3 v dplyr 0.8.1
## v tidyr 0.8.3 v stringr 1.4.0
## v readr 1.3.1 v forcats 0.4.0

## -- Conflicts ------------------------------------------ tidyverse_conflicts() --
## x dplyr::between() masks data.table::between()
## x dplyr::filter() masks stats::filter()
## x dplyr::first() masks data.table::first()
## x dplyr::lag() masks stats::lag()
## x dplyr::last() masks data.table::last()
## x purrr::transpose() masks data.table::transpose()
library(sf)

## Linking to GEOS 3.6.1, GDAL 2.1.3, PROJ 4.9.3
library(dplyr)
#install.packages("dplyr")
#install.packages("tmap")
library(tmap)



# Change the name of column
rents <- read.csv("/Users/zara/Google Drive/Spatial Interaction Data/Plot Output Zara.csv")
setnames(rents, "rO...min.rO.", "accessibility")

# Read in the LSOA map
LondonLSOA <- readOGR("/Users/zara/Google Drive/Spatial Interaction Data/LSOA/LSOA merged.shp")

## OGR data source with driver: ESRI Shapefile
## Source: "/Users/zara/Google Drive/Spatial Interaction Data/LSOA/LSOA merged.shp", layer: "LSOA merged"
## with 4835 features
## It has 17 fields
# Attaching the attribute data
LondonRents <- merge(LondonLSOA, rents, by.x = "LSOA11CD", by.y = "LSOAs")
view(LondonRents)

# Setting the map so it is interactive
tmap_mode("plot")

## tmap mode set to plotting
# Draw the map of rents based on the model, erase the border colour by applying border.col and border.alpha (0 means transparent)
Accessibility <- tm_shape(LondonRents) +
tm_polygons(col = "accessibility", title=c("Estimated rents per-day"),

palette = "PuBu", style = "jenks", border.col=NA, border.alpha = 0) +
tm_facets(sync = TRUE, ncol = 1) +
tm_layout(legend.title.size = 1, legend.text.size = 0.6,

legend.position = c("LEFT","BOTTOM"), legend.bg.color = "white",
legend.bg.alpha = 0.3) +

tm_compass(north = 0, type = "arrow", position=c("right","bottom")) +
tm_scale_bar(position=c("right","bottom"))

Accessibility

## Use "fisher" instead of "jenks" for larger data sets



0 5 10 15 20 km

NEstimated rents per−day
0.0 to 126.4
126.4 to 257.2
257.2 to 372.7
372.7 to 486.6
486.6 to 730.8
Missing The output

from the model is missing some values due to zero input being excluded. So, to complete the data, we need
to data smoothing process to complete the result.

Data Smoothing

Surface interpolation for predicting missing data using Akima. The result is then used as input in plot3D for
plotting multidimensional data.
# Implementing surface interpolation, setup the necessary library and data
library(ggplot2)
#install.packages("gstat")
library(gstat)

## Registered S3 method overwritten by �xts�:
## method from
## as.zoo.xts zoo
#install.packages("sp")
library(sp)
#install.packages("maptools")
library(maptools)

## Checking rgeos availability: TRUE
# Inserting LSOA centroid coordinate for X and Y
coordinate <- read.csv("/Users/zara/Google Drive/Spatial Interaction Data/LSOA/LSOA Coordinates London.csv")
zoopla <- read.csv("/Users/zara/Google Drive/Spatial Interaction Data/Spatial Interaction Collaboration/Data/Zoopla/Zoopla Price Per Bedroom Per Week 2010 - 2017.csv")



# Merge with the model result
rents$X <- coordinate$POINT_X[match(rents$LSOAs, coordinate$LSOA11CD)]
rents$Y <- coordinate$POINT_Y[match(rents$LSOAs, coordinate$LSOA11CD)]

zoopla$X <- coordinate$POINT_X[match(zoopla$LSOA11CD, coordinate$LSOA11CD)]
zoopla$Y <- coordinate$POINT_Y[match(zoopla$LSOA11CD, coordinate$LSOA11CD)]

output <- merge(coordinate, rents, by.x="LSOA11CD", by.y="LSOAs")

Akima - gridded bivariate interpolation for irregular data
# https://www.rdocumentation.org/packages/akima/versions/0.6-2/topics/interpp
#install.packages("rgl", dependencies=TRUE)
#install.packages("akima")
library(rgl)
library(akima)
rgl.spheres(rents$X,rents$accessibility,rents$Y,0.5,color="red")
rgl.bbox()

# Dataset for interpolation
seq_x <- seq(min(rents$X), max(rents$X), length = 500)
seq_y <- seq(min(rents$Y), max(rents$Y), length = 500)

data.pred <- dplyr::full_join(data.frame(x = seq_x, by = 1),
data.frame(y = seq_y, by = 1)) %>%

dplyr::select(-by)

## Joining, by = "by"
# # bivariate linear interpolation
# # interp:

# bivariate linear interpolation
# interp:
akima.li <- interp(rents$X, rents$Y, rents$accessibility,

xo=seq_x,
yo=seq_y,
linear = TRUE, extrap=FALSE,
duplicate = "error", dupfun = NULL)

#with(rents, text(x, y, formatC(z,dig=2), adj = -0.1))
li.zmin <- min(akima.li$z,na.rm=TRUE)
li.zmax <- max(akima.li$z,na.rm=TRUE)
breaks <- pretty(c(li.zmin,li.zmax),10)
colors <- heat.colors(length(breaks)-1)
with(akima.li, image (x,y,z, breaks=breaks, col=colors))
#with(akima.li,contour(x,y,z, levels=breaks, add=TRUE))
points (rents, pch = 3)
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# Bicubic Spline Interpolation
# Dataset for interpolation
seq_x2 <- seq(min(rents$X), max(rents$X), length = 500)
seq_y2 <- seq(min(rents$Y), max(rents$Y), length = 500)

data.pred <- dplyr::full_join(data.frame(x = seq_x, by = 1),
data.frame(y = seq_y, by = 1)) %>%

dplyr::select(-by)

## Joining, by = "by"
# # bivariate linear interpolation
# # interp:

# bivariate linear interpolation
# interp:
akima.li2 <- interp(rents$X, rents$Y, rents$accessibility,

xo=seq_x,
yo=seq_y,
linear = FALSE, extrap=FALSE,
duplicate = "error", dupfun = NULL)

#with(rents, text(x, y, formatC(z,dig=2), adj = -0.1))
li.zmin2 <- min(akima.li2$z,na.rm=TRUE)
li.zmax2 <- max(akima.li2$z,na.rm=TRUE)
breaks <- pretty(c(li.zmin2,li.zmax2),10)
colors <- heat.colors(length(breaks)-1)
with(akima.li2, image (x,y,z, breaks=breaks, col=colors))
#with(akima.li,contour(x,y,z, levels=breaks, add=TRUE))
points (rents, pch = 3)
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Inverse Distance Weighting for Gravity Model
# Spatial inverse distance interpolation
library(sp)
library(gstat)
library(ggplot2)
library(maptools)
# Transform data as spatial objects
rents.sp <- rents
coordinates(rents) = ~X+Y
plot(rents)

zoopla.sp <- zoopla
coordinates(zoopla) = ~X+Y
plot(zoopla)



x.range <- as.integer(c(497509.5,563596.8))
y.range <- as.integer(c(148358.5,207326.7))

## now expand your range to a grid with spacing that you�d like to use in your interpolation
#here we will use 500m grid cells:
grd <- expand.grid(x=seq(from=x.range[1], to=x.range[2], by=700),

y=seq(from=y.range[1], to=y.range[2], by=700))

## convert grid to SpatialPixel class
coordinates(grd) <- ~ x+y
gridded(grd) <- TRUE

idw<-idw(formula=accessibility ~ 1, locations=rents, newdata=grd)

## [inverse distance weighted interpolation]
idw2<- idw(formula=Avg_PPB2017 ~ 1, locations=zoopla, newdata=grd)

## [inverse distance weighted interpolation]
idw.output=as.data.frame(idw)
idw2.output=as.data.frame(idw2)
names(idw.output)[1:3]<-c("long","lat","predicted.rents.gravity")
names(idw2.output)[1:3]<-c("long","lat","predicted.rents.zoopla")

LSOAline <- fortify(LondonLSOA, region="LSOA11CD")

plot<-ggplot(data=idw.output,aes(x=long,y=lat))#start with the base-plot
plot
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# now add all of the data together
#plot+layer2

#+layer1+coord_equal()

plot<-ggplot(data=idw.output,aes(x=long,y=lat))#start with the base-plot

#plot

#layer1<-c(geom_tile(data=idw2.output,
# aes(fill=predicted.rents.zoopla)))
#then create a tile layer and fill with predicted values

layer2<-c(geom_path(data=LSOAline,aes(long, lat, group=group),colour = "grey40",
size=0.1))#then create an outline layer

gg <- plot + layer2+ geom_point(data=idw.output, aes(x=long, y=lat, color=predicted.rents.gravity), shape=15, size=5, alpha=0.5)
gg <- gg + scale_color_viridis(na.value="#FFFFFF00")
gg
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Compared with the Zoopla rent data. For each year, we have information of how many points represents the
Zoopla data, the average bedroom in the area, and the price per bedroom.
Zoopla_Airbnb <- read.csv("/Users/zara/Google Drive/Spatial Interaction Data/Spatial Interaction Collaboration/interpolation result combined-norm.csv")
reg <- lm(Zoopla_Airbnb$obs.rents.per.week ~ Zoopla_Airbnb$pred.rents.per.week)
summary(reg)

##
## Call:
## lm(formula = Zoopla_Airbnb$obs.rents.per.week ~ Zoopla_Airbnb$pred.rents.per.week)
##
## Residuals:
## Min 1Q Median 3Q Max
## -138.283 -7.287 -0.047 5.790 296.767
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 76.630738 0.833241 91.97 <2e-16
## Zoopla_Airbnb$pred.rents.per.week 0.140350 0.001164 120.53 <2e-16
##
## (Intercept) ***
## Zoopla_Airbnb$pred.rents.per.week ***
## ---
## Signif. codes: 0 �***� 0.001 �**� 0.01 �*� 0.05 �.� 0.1 � � 1
##
## Residual standard error: 16.09 on 8073 degrees of freedom
## Multiple R-squared: 0.6428, Adjusted R-squared: 0.6428
## F-statistic: 1.453e+04 on 1 and 8073 DF, p-value: < 2.2e-16
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