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ABSTRACT

The short-term rental housing options supported by the sharing economy have now been
established as disruptions in the housing and tourism sectors. With the advent and proliferation of
Airbnb rentals all over the world, questions have been raised about their impacts (Meni, 2017).
While one side discusses the democratization of tourism industry and how Airbnbs makes it easier
for tourists to travel and experience places, the other side brings forth the skirting of hotel taxes
and negative neighborhood externalities that inevitably result from these rentals. Airbnb has
attracted controversy in cities all over the world, with high-profile lawsuits centered around
criticism for evasion of taxes and for avoiding regulatory oversight that is otherwise enforced on
hotels and providers of similar services. The presented research is an attempt to gauge the impact
of Airbnb on rental affordability by using spatial econometric analyses. The study areas for the

aforementioned research is the San Francisco Metropolitan Statistical Area (SF MSA).

The hypothesis is that an increase in the Airbnb listings (i.e. the short-term housing stock)
in the study area is correlated negatively with rental affordability, causing it to decrease. Key
research questions are does Airbnb impact the rental affordability in an area? If yes, then, to what
extent? To answer these questions, both cross-sectional and longitudinal analyses are undertaken.
Aiming to contribute to the body of literature, revolving around the debate through quantitative
analyses and regulatory policy discussion, this study finds positive and statistically significant
correlation between both Airbnb variables (percent Airbnb listings as a proportion of rental
housing units and weighted Airbnb listings based on listing types) and variables representing rental

affordability like percent rent-burdened' and overburdened? households, median rents and median

! percentage households spending 30% or more of gross monthly income towards total housing costs
2 percentage households spending 50% or more of gross monthly income towards total housing costs

1



house prices). Various models were considered for both cross-sectional and longitudinal analyses
using different combinations of the aforementioned variables. The spatial econometric analysis
answers one of our key questions in the affirmative — the presence of Airbnb rentals does impact

the rental affordability in an area.

Having established a relationship, our second objective was to gauge this impact’s extent.
Simulations were run to understand the results of the spatial econometrics models to help visualize
this impact. In the case of cross sectional analysis for San Francisco MSA, these simulations
showed that for a typical census tract (one with median percentage of Airbnb listings, as a fraction
of the rental housing market) a 1% increase in Airbnb listings corresponded to a 0.06% rise in the
rent overburdened household category. Hence, in the case of a census tract with 10,000
households, a 10% increase in percent Airbnb listings will correspond to 60 more households being
added to the rent overburdened category. This effect is more pronounced for tracts with a lower
number of Airbnb listings (10" or 25" percentiles). Additionally, tracts with no or a low percentage
of Airbnb listings will have more households pushed to a rent-burdened category, with a similar

rise in Airbnb listings.

In the case of longitudinal analysis of panel data for San Francisco City for a period of four
years (2013 — 2016), the simulations show that census tracts with a smaller presence of Airbnb
listings (those below the 50th percentile) were more sensitive to an increase in Airbnb listings i.e.
they saw a higher increase in the median house price per tract as compared to census tracts in the
higher percentiles. This trend was consistent across all four years affirming the extent of the impact

of Airbnb listings on the rental affordability in an area.

il



ACKNOWLEDGEMENTS

First and foremost, I would like to express my sincere gratitude to my advisor Prof. Bumsoo
Lee for his continuous support, patience, motivation, enthusiasm, and immense knowledge. His
guidance helped me throughout the research. I could not have imagined having a better advisor

and mentor.

Besides my advisor, I would like to thank Prof. Andrew Greenlee for insightful comments
and encouragement. His positivity and patience were crucial for the success of this research. I also
want to thank the Department of Urban and Regional Planning at UIUC for all the support and

resources.

I would like to take this opportunity to express immense gratitude towards Vaibhav Karve,
for his constant support and stimulating discussions. Without his support this study would not have
attained its current form. I also want to thank my friends and classmates Gavin, Ziqi, Anusha and
Tooma for all the support. I highly appreciate their constant support all through the last one year,

even when it seemed extremely hard to continue.

Last but not the least, I would like to thank my family: my parents Anupama and Sanjay
Sharma, and my beloved brother Shekhar, without whose motivation and support, I wouldn’t have

been able to complete this research.

Sukanya Sharma
July 2018

v



For my family



TABLE OF CONTENTS

LIST OF TABLES vii
LIST OF FIGURES vii
CHAPTER 1. INTRODUCTION 1
1.1 BACKGROUND .....ciitttiuutiiteeeeeeeeeeeeeeeeeeeeeeaeeeeeessesesatateeeesssaeassreeesssasaassareesssssssrsseeeeesssnnnnnes 1
1.2 HYPOTHESIS ...eetiieee ettt ettt et e e et e e e e e eeseatareeeessaaasaaaeeeeessassnaseeseessssannsssseeeesssnnnnes 2
1.3 OBJECTIVES AND METHODOLOGY ...cceeetiiiuuiiteeeeeieeeieeeeeeeeeeeeieeeeesssssesssssesesssssssssssessssssans 2
CHAPTER 2. LITERATURE REVIEW 4
2.1 THE SHARING ECONOMY ...oootiiiiiiiiiiieee ettt eeeeeett e e e e eeeeaaeeeeesesesaaaeeeeessesennseeeesseens 4
2.2 AIRBNB DISRUPTION .....uuuuuiiiieieeiieiiieeeeeeeeeseeteeeeesssseeeasseeesssssasssseesesssssssssseeeesssssssssseessses 6
2.3 HOUSING AFFORDABILITY ...oeiieeeeeeeieeeeeeeeeeeeeeeeeeeeeeeseeesssssssssssnsnssssssssssenssssssssssssssassssssssnes 10
2.4  SPATIAL ECONOMETRICS .. .otieieeeeeeeeeeeeeeeee e e e e eeeeeeeeeeeeeeeses s ssasssesesasasesssssssssssssasasasssnnns 13
CHAPTER 3. DATA AND METHODS 15
3.1  CROSS-SECTIONAL ANALY SIS, . uuuuuuuuuuueeueeeeerreserreseeeaeeeeseeeeeeeetereeeserererererertterteteteeeeeeeeeeeeen 15
3.2 DATASET GENERATION.....uuuuuuuuuuuueeeeeeeeeeeseeesseesssesesesesesesesesesesesererereseeereeerteseteseseseseeeseeeeens 16
3.3 IMIETHODS ..ttt et et ae e e e e e e ee e e s e s esese s e s e s e e e e eeeeeeeaeeeeaeseeaeeseeeeeeeeeeeesesenenenans 21
3.4 LONGITUDINAL ANALY SIS c.uuuuuiuuuuuuuuuueeeueeeeeesesessesseesssessssessessseseseteseseseserererereteeteereeeeeeeeeens 23
3.5 DATASET GENERATION .....uuuuuuuuuuueeeeeeeeeeesreeessesessesseesesesesesesesesesesesereseseseeeseesesesesseeseeeeeeeenns 24
R I\ S & (6) 51RO PRTRTRRRTN 27
3.7 LIMITATIONS ..eeettiee ettt ettt e e e e e e e et eeeeseeseaaaaaeeeesssasnaaeeeeesssssnnasseeessssnssssaeeeessenns 28
CHAPTER 4. RESULTS 29
CHAPTER 5. DISCUSSION AND CONCLUSION 41
REFERENCES 44
APPENDIX A — ARCGIS MAP OUTPUTS 47

APPENDIX B - GRAPHS DEPICTING DISTRIBUTION OF AIRBNB LISTINGS AND
DATA REPOSITIRY 48

APPENDIX C - SIMULATION OUTPUTS 49

vi



List of Tables

TABLE 1 LEARNINGS FROM LITERATURE REVIEW OF SELECTED PAPERS AND REPORTS .................... 7
TABLE 2 BRIEF DESCRIPTION OF VARIABLES USED IN CROSS-SECTIONAL ANALYSIS.....c.ccccevvvveeenn. 19
TABLE 3 BRIEF DESCRIPTION OF VARIABLES USED IN LONGITUDINAL ANALYSIS......cccovvvieeinvreeenn. 25
TABLE 4 GLOBAL MORAN'S I TEST FOR SPATIAL AUTOCORRELATION .........ccovmviurrreeeeeeeeninrrreeeeeeens 30
TABLE 5 COEFFICIENTS AND STANDARD ERRORS FOR SPATIAL LAG MODELS .......vvvveeeeeeeenrrneennnen. 31
TABLE 6 COEFFICIENTS AND STANDARD ERRORS FOR PANEL DATA .....ccuvvviiieeeeeeeiiiireeeeeeeeeeeeveness 35
TABLE 7 COMPARISON OF REVENUE EARNED. ......cutttiiiiiiiiiiiiiereeeeeeeeiitreeeeeeeeeesnarssessesesessnsssnsseaeens 42
List of Figures
FIGURE 1 RESEARCH METHODOLOGY ....uvvvtieeieeieiiiiieeeeeeeeeiittneeeeeeeeesasrssssesseesesessssssssesssssssssessessenns 3
FIGURE 2 SHARING ECONOMY SECTORS IN THE INDUSTRY LIFE CYCLE .....cvvvvieieeiiiiiriieeeeeeeeeenvenens. 6
FIGURE 3 AFFORDABILITY TRENDS IN SAN FRANCISCO MSA FOR 2010 - 2016 .......uvvveveeeeennnnneee, 12
FIGURE 4 AIRBNB LISTINGS IN SAN FRANCISCO MSA ASOF 2017 ..ot 16
FIGURE 5 DISTRIBUTION OF AIRBNB LISTINGS IN THE STUDY AREA ....cccvvviiieeeeeeciiireeeeeeeeeeeeveeess 17
FIGURE 6 STEPS UNDERTAKEN FOR DIAGNOSTICS OF SPATIAL SPECIFICATIONS......c.c.vvvveeeeeeeennnnen. 22
FIGURE 7 PROLIFERATION OF AIRBNB LISTINGS FROM 2013 TO 2016 .....ovvvvviiiieiiiiieeeeeeeiie, 24
FIGURE 8 SIMULATIONS FOR THE CROSS-SECTIONAL ANALYSIS ...eeiieiiiiiiiiiieeeeeeeeiirreeeeeeeeeenvvneeess 33
FIGURE 9 SIMULATION OF RENT OVERBURDENED HOUSEHOLDS VS AIRBNB LISTINGS................... 36
FIGURE 10 SIMULATION OF MEDIAN RENT VS AIRBNB LISTINGS FOR 2013 - 2016 ..........cc.nn.....e.e. 38
FIGURE 11 SIMULATION OF MEDIAN HOUSE PRICE VS AIRBNB LISTINGS FOR 2013 - 2016 ............. 39

vil



CHAPTER 1. INTRODUCTION

1.1 Background

A major motivation for this research is the acute housing affordability crisis in US.
California, like many other states currently faces a housing affordability crisis, the effects of which
are particularly strong in the bay area. San Francisco city and MSA (including counties Alameda,
Contra Costa, San Francisco, Marin and San Mateo) continue to show drops in rental as well as
housing affordability levels. With the affordability situation this dire, a decrease in housing stock
poses a major threat. In the case of rental affordability, the decrease in long-term rentals can lead
to further increase in rent and consequently a decrease in rental affordability. This makes a case

for this research and is one of the main motivations for this study.

Platforms like Airbnb are redefining tourist consumption patterns in ways that can impact
housing affordability. From humble beginnings as a start-up in San Francisco in 2008, the platform
is now valued at over 31 billion dollars®, is present in 190 countries worldwide, while continuing
to operate on the principles of sharing economy, peer-to-peer markets and the ‘digital’ economy.
Airbnb and like platforms reaching such high valuations and becoming commonplace, it has

become imperative to critically gauge their impacts.

There is an emerging body of literature investigating the relationship between Airbnb and
housing related outcomes, such as average rent, tourism, rates of hotel usage, and more. These
studies vary widely in their methods and represent a new field of study within housing policy and

urban planning, some of which are discussed in the literature review of this research. The debate

3 Bensinger, Greg. Airbnb Valued at $31 Billion After New Funding Round; Home-sharing site adds $1
billion cash cushion to stave off IPO, Wall Street Journal (Online); New York, N.Y. 09 Mar 2017. Retrieved from:
https://www.wsj.com/articles/airbnb-valued-at-3 1 -billion-after-new-funding-round-1489086240
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is divisive, and analysts is divided firstly on whether Airbnb has any effect at all and secondly

whether these effects are positive or negative.

The presented research is an inquiry into the impacts of short-term rentals on the rent
affordability of the study area. Due to the largest share among its competitors and its popularity,
this study chose Airbnb as a representative platform for short-term rentals. One of the main
motivations of this research is the affordability crisis afflicting most cities in the US and
particularly San Francisco. This research finds its roots in understanding the complex dynamics of
having Airbnb like platforms in an area which is undergoing a worsening affordability crisis.
Additionally, this study aims to contribute to the discourse of one of the most pressing question —
regulating sharing economy by adding data to the debate. The following section elaborates on the

hypothesis, aims and methodology undertaken of this research.

1.2 Hypothesis

This research uses spatial econometrics techniques to examine the impact of Airbnb on the
rental affordability and long-term rental housing stock in the San Francisco MSA. It hypothesizes
is that with an increase in the Airbnb listings (i.e. short-term rental housing stock) there is a
decrease in the rental affordability in the study area. This is studied using various locational, socio-
economic and neighborhood level variables. More formally, the hypothesis states that the variables
log percent Airbnb rentals (active and all rentals) and weighted Airbnb listings are significantly
and positively correlated to rental affordability measures and rents (rent burdened, rent
overburdened and gross median rent). Key research questions are does Airbnb impact rental

affordability in an area? If yes, then to what extent?

1.3 Objectives and Methodology

The objectives of this research are as follows:



e To study the impacts of short-term rentals in the form of Airbnb listings on the rental
affordability in the San Francisco Metropolitan Statistical Area (MSA) and San Francisco City.

e To undertake a policy discussion on possible regulatory response to Airbnb and like platforms

and sharing economy in general.

Figure 1 Research methodology
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For the purposes of this research, both cross-sectional and longitudinal research was
conducted. The research methodology presented in the figure above shows the steps that were
undertaken and details of those steps. As shown in the figure, analyses were divided into two main
sections—the cross-sectional analysis and longitudinal. A detailed treatment of these analyses is

carried out in Chapters 3 and 4.



CHAPTER 2. LITERATURE REVIEW

This chapter outlines two main sections of the literature review which were undertaken
during this study. The first section is about understanding the existing body of literature on sharing
economy, the Airbnb disruption and housing affordability crisis in general. These include
perspectives from the tourism industry, housing rent, and affordability studies, impacts on
evictions etc. However, it is evident that this body of literature is still sparse and in need of more
qualitative and quantitative research, especially with respect to conclusive policy and regulatory
actions. The second part of the review focuses on methods and models examining mainly revolving
around the application of spatial autoregressive models like spatial lag models and random effects

mixed linear models for panel data etc.

2.1 The Sharing Economy
The sharing economy is an established disruption in the current housing and tourism market
dynamics. The model finds its strength in numerous merits like bottom-up, using under-utilized or
latent resources — space, in this case, based on technological platforms and fostered in peer to peer

connections.

The sharing economy finds its roots in many traditionally prevalent practices since the
dawn of the millennium. The concept of ‘car sharing’ was launched for the first time in 1948 in
Zurich and was very popular in Northern Europe in the 1980s. It was facilitated and operated by
many small and community-based not-for-profit cooperatives in that era (Shaheen et al., 1999).
With the advent of digital tech and Internet, information transmissions costs plummeted and
coordination costs for sharing activities dropped correspondingly. This triggered a boom in online
sharing activities, lifting them out of the community and into the realm of big business.

Consequently, it led to concerns about their impact in all ways including the conflictual ones. Peer-
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to-peer (P2P) sharing activities now compete with the formally organized economic transactions
and pose a challenge for existing regulatory provisions. This puts pressure on platform services
providers and policy makers to provide an appropriate response to these challenges (Martens et

all., 2016).

The ‘sharing’ platforms have entered in many major sectors of the economy such as
transportation, accommodation, retail, office space and logistics, finance and consumer credit, and
the labor market. They function on factor markets (capital, labor) and product markets (goods and
services), and therefore affect the entire economy (Codagnone, 2016). There exists a debate split
between supporters and opponents of the sharing economy model, and both groups use contrasting
rhetoric, fueled by the bans of operation imposed by judges in various cities and violent protests
of taxi drivers in response to these bans. Actual evidence, however, is very limited and
inconclusive (Martens et all., 2016). Additionally, there exists a lack of data and information
sharing like non-disclosure of metrics used by such platforms etc. Parallel to the aforementioned
debate, platforms like Uber and Airbnb are flooding the public debate with their own reports of
the positive impacts they allegedly have on cities' economies in the US and in Europe. However,
one change that can be noted is that these optimistic and utopian narratives have now started to be
substituted by accounts of legal disputes and the ‘dark side of the sharing economy’(Malhotra &

Van Alstyne, 2014).

Figure 2 shows the life cycle of various start-ups and sectors that enter the market with the
model of sharing economy and reach to the levels of decline or rebirth. While this is how the
market dynamics work, an essential element which is not reflected in the graph is the impact of
regulation on the life cycle of such platforms. The peer to peer sharing model often finds itself in

a grey area of regulation like in Airbnb's case. The difference between Airbnb and its traditional



counterparts — hotels — have been the bone of contention for many lawsuits. While hotels
are subjected to specific taxes, sanitation department checks etc, Airbnb rentals depending upon
the country and state they are in, do not necessarily have such checks on them. Hence a recurring
debate emerges is the idea of regulations which makes it imperative to ascertain its impacts both

good and bad.

Figure 2 Sharing economy sectors in the industry life cycle
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PricewaterhouseCoopers (PwC) report, (2014)

2.2 Airbnb disruption

Airbnb provides a platform through which both owners or lease-holders can rent out
anything from a spare couch to a private room or an entire apartment, with Airbnb collecting a
‘host service’ from hosts and ‘guest service’ fees from customers for each transaction. The
incentive for hosts is that they are provided with insurance from Airbnb which makes it a safe bet
for them to share their houses with strangers. Additionally, the platform uses effective branding
like ‘live like a local’ and ‘belong anywhere’ along with highly competitive and low rates as
compared to its traditional counterparts like hotels and motels. With such strategies, Airbnb has

been able to penetrate in more than 191 countries around the world and has now become an



established disruption in the tourism and housing market around the world. Evidently, Airbnb
enables some hosts to pay their house loans and earn extra income from an underutilized section
of their home. However, this is also a place for professionals listing their entire properties
(sometimes entire apartment blocks) to Airbnb. Additionally, complaints have increased regarding
the negative externalities such as noise and trash generation that Airbnb listings can produce in
neighborhoods. In a high-profile lawsuit against Airbnb in New York, the New York Attorney
General’s report was critical of the fact that six percent of hosts seemed to be “commercial users”
in that they accounted for 36% of all private short-term bookings*. In 2014, Airbnb listings in
New York state were deemed “mostly illegal” based on building and safety codes and tax
regulations violations (Streitfeld, 2014). Despite the lack of literature and comprehensive studies,
regulatory responses have been observed, such as the city of Barcelona, which has cracked down
on Airbnb with new fines and regulations (O’Sullivan, 2015). A closer look is needed to
understand the nature of such platforms to ascertain their impacts. The table presented below

summarizes the learnings from the papers reviewed for the literature study.

Table 1 Learnings from literature review of selected papers and reports

Author, Year Notes and Learnings
Stulberg (2016), e The study correlated rents in urban centers with demand for Airbnb
FiveThirtyEight listings in the US using combined revenue in dollars per
neighborhood.

¢ Concluded that Airbnb was not responsible for driving up rent but
recognized an eventual possibility. The methodology and the data
used are not publicly available, as the author used AirDNA, a paid

data service.

4 New York State Office of the Attorney General, supra note 42 at 2, 10-11.
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Table I (cont.)

Dayne Lee (2015),
Harvard Law &

Policy Review

Giovanni Quattrone

et. al. (2016)

Hooijer (2016)

Zervas et. al. (2012)

e AirDNA was utilized in this thesis also. [ used the county-level
average revenue figures that are available for free to inquire into
revenue potential of Airbnb.

e This paper utilized a series of non-regression methods to determine
correlation between rent increase and Airbnb listings in Los Angeles.

e [t employed a per-neighborhood analysis of Los Angeles housing
market and concluded that rent increase can be associated with Airbnb.

e While the analysis does not consider spatial autocorrelation, it still
serves as an important reference in research on the subject. Most
importantly, the paper provides an articulate theory on Airbnb’s role in
the housing market.

e This paper used a multivariate OLS regression to compare demand
for Airbnb to various demographic and economic indicators in
London.

¢ A key takeaway was the stark difference in the categories of Airbnb
listing per neighborhood. Highly educated and low-income areas
(university student neighborhoods) provided more sharing listings,
while suburbs tended to have more expensive commercial listings.

¢ These differences matter in analyzing potential effects on housing
markets, as any market distortion would come from the “elite class’ of
property owners but will impact the low-income markets more.

e This paper studied the correlation between tourism industry and
Airbnb’s presence, showing a negative relationship between hotel
revenue and number of Airbnb listings.

e The study controlled for population and unemployment rate.

e The author also introduced the unemployment rate as a potential
control, which significantly altered the result compared to the other
regressions that were conducted.

e This paper used spatial analysis model comparing hotels and Airbnb

listings to demographic and economic data sourced from the US



Table 1 (cont.)

Gurran et. al. (2017)

Sheppard and Udell
(2016)

Baron, Kung (2017)

Census Bureau to analyze the impact of Airbnb on hotel revenue in
Austin, Texas.

¢ The study found that hotel prices and revenues are not affected by
competition from Airbnb. Instead it listed the impact as a loss of
flexibility for the hotels to increase charges in peak season.

¢ A major takeaway was the understanding of the stale listing problem
which is why this thesis included the differentiation of active listings
and all listings.

e This paper studied the proliferation of short-term rental
accommodations in the Sydney metropolitan region, with a special
focus on implications for urban policy and planning.

e The paper concluded that Airbnb rentals can potentially generate
neighborhood impacts that require a new land use planning response,
create pressure on the permanent rental housing supply or offer
flexible income to help hosts make their own homes more affordable.

e This paper attempted to estimate the impacts that Airbnb listings have
on the value of residential properties in New York City.

e It found that an increase in Airbnb listings can be associated with an
increase in property values.

e The paper used a hedonic model to estimate that the doubling of such
listings can be associated with an increase of 6 - 11% in house prices
(ceteris paribus). It also noted that properties that Airbnb listings
experience an increase in value by 31%.

e This is a working paper that aims to assess the impact of home-
sharing on residential house prices and rents.

e The study utilized Airbnb listings dataset from the entire US and an
instrumental variables estimation strategy to conclude that a 1%
increase in Airbnb listings results in 0.018% increase in rents.

e This effect is moderated by the share of owner-occupiers, a result
consistent with absentee landlords reallocating their homes from the

long-term rental market to the short-term rental market.
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Table I (cont.)

Policy Analysis e This report was requested by the City and County of San Francisco

Report by Budget office to conduct an analysis of how short-term rentals affect the

and Legislative housing market in San Francisco.

Analyst, San e [t also provided an overview of the Planning Departments short-term

Francisco (2015) rental enforcement efforts and how they might be made more
effective.

e The report listed various statistics of the listings and mentioned at the
enforcement of regulations will be difficult due to non-reporting and
missing data about the listings.

e They suggested acquisition of data from Airbnb for improved

investigation methods.

2.3 Housing Affordability

Shelter is a basic human need and is necessary for survival. A considerable number of
people in the US suffer from lack of affordable housing and housing security. Affordability crises
plague most major US cities and the housing insecurity that comes with it can lead to several
problems like significantly poorer well-being, poor physical, restricted social networks and even
barriers to education and employment (Skobba and Goetz; Long, Rio, and Rosen). Additionally,
housing accounts for a substantial share of household budgets, beating transportation costs, food
and health care costs in most cases. In 2017 housing expenditure (mortgage payment or rent)
accounted for a total of 19.2% of total consumer expenditures and 25.8% for renters among US
households (US Bureau of Labor Statistics, Consumer Expenditure Survey 2015). The cost
increased significantly with the inclusion of utilities and taxes. Hence the situation is dire, and
while it is imperative to increase the affordable housing stock, it is equally important to ensure that
the existing housing is not pushed away from being affordable. Loss of rental housing and

decreased rental affordability is one facet of this problem. Every lost long-term rental unit (which
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could have been leased out for one year or more) can potentially exacerbate the problem especially

in a city like San Francisco where owning a house is an extremely costly affair.

Hence, while the world sees the advent of the sharing economy platforms, another reality
is that of the housing affordability crisis. Attractive cities in the United States are experiencing
housing shortages at unprecedented rates. The National Low-Income Housing Coalition (NLIHC)
uses the housing wage method to compute the housing and rental affordability of regions.
According to its recent estimates, the statewide minimum wages do not cover the housing costs of

a two-bedroom unit within all 50 states in the US.
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Figure 3 Affordability trends in San Francisco MSA for 2010 - 2016
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Unsurprisingly, California is facing acute housing affordability crisis and cities like San
Francisco frequently rank high on the most unaffordable cities lists. NLIHC states that to afford a
two-bedroom unit in San Francisco, on average, there is a requirement of 114 hours of minimum
wage work per week (Aurand, 2016). Figure 3 shows the increasing trends of median rents and
house price values in MSA (5 county region) along with percentage rent burdened households.
There are multiple, complex issues and phenomenon at play leading to such a situation. The
shortage of housing supply is just one aspect of it. Residents increasingly get outpriced out of

neighborhoods due to various public and private interventions. In the rental housing market,
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another contributor to the crisis is the loss of long-term housing stock. While the quantification of
the extent of the loss due to the short-term rentals is up for debate and a subject of research, it is
increasingly becoming clear that Airbnb-like platforms, can provide a lucrative income-generating

options to its hosts.

2.4 Spatial Econometrics

The literature research on the spatial econometrics methods was mostly around the works
of Luc Anselin and Sergio J.Ray. In the book titled “Modern Spatial Econometrics in Practice”,
the aforementioned authors provide a definitive user’s guide to the spatial regression functionality
in various software packages like GeoDa, GeoDaSpace and spreg module in PySAL library in
Python—all developed at the GeoDa Center for Geospatial Analysis and Computation. The book?
provided the techniques to test for and estimate spatial effects in linear regression models,
addressing both spatial dependence (spatial autoregressive models) as well as spatial heterogeneity
(spatial regime models). The book and recorded videos were key sources for the development of
the spatial lag model and random effects linear model used for this research. R programming
language was also used to run the selected models and to generate LaTeX outputs of the results.
The understanding of the relationship of Airbnb with housing and tourism sectors is an emerging

body of literature.

Overall, the readings not only provided similar theories of the impacts of Airbnb but also
provided results that suggested a clearer path forward — a comprehensive spatial econometric

analysis of Airbnb’s presence and the rental housing market. Crucially, even the papers that

5 Anselin Luc (2017), Spatial Data Science. Videos available at
https://www.youtube.com/channel/UCzvhOfSmJpRsFRF2Pgrv-Wg
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concentrate more on tourism and the hotel industry than residents and gentrification provide

valuable insights into the use of Airbnb data along with census data.
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CHAPTER 3. DATA AND METHODS
As mentioned in the chapter 1, this study conducts both cross-sectional and longitudinal
analysis. This chapter details out the methods used, the theory behind those methods, dataset
generation, our unit of analysis and the variables considered. It is important to note here that the
cross-sectional analysis was carried out for the San Francisco MSA (a five-county region) whereas
the longitudinal analysis was carried out for San Francisco city due to limited availability of data

on Airbnb listings.

3.1 Cross-sectional Analysis
The cross-sectional analysis was carried out to provide information on the characteristics
of and statistical relationships between selected dependent and independent variables, at a specific

moment in time — 2017 for this research.

Study Area

The chosen area for the cross-sectional study was the San Francisco-Oakland-Hayward
MSA (Metropolitan Statistical Area) which is a five-county region in California with a population
of 4,679,166 (2016 ACS estimate) and an area of 2,474 square miles (6,410 km?2). It consists of
Alameda County, Contra Costa County, San Francisco County, San Mateo County, and Marin
County. To better gauge the extent of spatial correlation and expand the analysis, the MSA area
was selected so as to not confine the analysis to San Francisco City. This five-county area includes
major urban centers as well as suburban development and few rural areas. This diversity also
helped in understanding the impact of Airbnb listings beyond just a city/urban area. Figure 4 shows

the five-county study region and Airbnb listings in it.
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Figure 4 Airbnb listings in San Francisco MSA as of 2017
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3.2 Dataset Generation
For the purposes of dataset creation, various methods were used to collect relevant data.
For the Airbnb listing data, a script® was developed in Python using selenium and PostgreSQL
packages to scrape data off of airbnb.com. The scraping was undertaken for all five counties in the
study area and listings data was extracted with their location coordinates using the bounding box
method. The scraping was undertaken in December 2017. In addition to using Airbnb listings as a
percentage of rental housing units’, a composite score index was created which incorporated the

difference of listing type. A weight of 1 was given to entire house listings, 0.5 for private rooms

6 Available at GitLab (https:/gitlab-beta.engr.illinois.edu/sukanya3/Airbnb_Spatial Econometrics) under
open license
" Rental housing data obtained from 2016 ACS estimates
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and 0.2 for shared rooms/couches etc. The distribution of percent Airbnb listing and weighted
listings indicate positively skewed distributions as shown in the figure below. Hence to account
for heteroskedasticity, all variables used in the model are natural logarithms (except the dummy

variable) were log-transformed.

Figure 5 Distribution of Airbnb listings in the study area
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Data for independent (control) variables like log percent unemployed population, log
percent foreign-born population, log percent non-white population, log rent burdened households
and log rent overburdened households was obtained from the American Community Survey, using

2016 estimates for the study area. This data was collected at the census-tract level.

Another independent variable in the dataset is log school district quality which is in the
form of a score assigned by an independent non-profit—greatschools.org. The school quality is
reflected from a score called summary rating that the website gives based on various criteria.
According to the nonprofit, the summary rating is a multi-measure school quality metric intended
to reflect a school’s characteristics and quality across multiple dimensions, ultimately representing
the school’s overall quality in preparing students for postsecondary success. It is an aggregation

of the school’s ‘sub-ratings,” which include test score, student progress, academic progress, equity,
17



college readiness, and advanced courses ratings, as well as a flag for discipline and attendance
issues®. The data for this variable was web-scraped from the greatschools.org website using a
Python script’. The centroids of the census-tracts were used as address/locations for all schools in
that census-tract. The highest school quality score was selected in case of multiple schools existing
in the same tract. There was an element of reverse geocoding the location coordinates of the census
tract centroids by using Google API to create addresses that the greatschools.org website accepts

for locating relevant schools at the high school level.

For the location variables like Log BART dist (log of Euclidian distance of BART stations
from census-tract centroid), Coastline tracts (dummy variable where 1 denotes a coastline tract)
and Log CBD dist (log of Euclidian distance between nearest central business district and centroid
of the census-tract) were computed using ArcMap in ArcGIS and its functions in ArcToolbox and

network analyst.

For gauging job accessibility, two variables from the Smart Location Database were used.
The primary variables — D5ar & D5br from the destination accessibility dataset were used because
they measure jobs or working- age population within a 45-minute commute via automobile (D5ar)
or transit (D5br). The “r” reflects the accessibility of job from residences to jobs. This data was
collected at the census-tract level for all five counties in the study area. Table 2 shows the variable

categories and description in brief.

8 Methodology used by Great Schools non-profit. Retrieved from https://www.greatschools.org/gk/ratings-
methodology/

? Inspired by the script developed and shared by Yongsung Lee, a Ph.D. candidate at School of City and
Regional Planning, Georgia Institute of Technology
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Table 2 Brief description of variables used in cross-sectional analysis (spatial lag model)

Variable Variable Description Data Source Remarks
Category Name
Independent Variables
Log of Airbnb Airbnb.com web
.S scrape & US
Log Percent listings as a
Airbnb percentage of rental Census .
. . TIGER/Line
housing units .
Files
Airbnb Log of weighted
Airbnb listings (1
Log Weighted for entire home, 0.5 Airbnb.com web
Airbnb listings for private room,  scrape
0.2 for shared
room)
Lpg Eucl‘ldean ArcMAP
distance in meter .
between census analysis &
Log BART dist . TIGER/Line
tract centroid and
shapefiles from
nearest BART
station Census Bureau
Lpg Eucl‘ldean ArcMAP
distance in meter .
Location between census analysis &
Log CBD dist . TIGER/Line
tract centroid and
shapefiles from
nearest Central Census Bureau
Business District
ArcMAP
if a census tractis  analysis &
8;’32?111 tr)acts at the coast line; TIGER/Line
Y otherwise 0 shapefiles from
Census Bureau
Log of percentage
Log unemployed people US Census
Demographic unemployment as a percentage of TIGER/Line
rate the civilian labor  Files

force
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Table 2 (cont.)

Log of percentage  US Census

Log percent population which is TIGER/Line
non-white . .

not white Files

Log of percentage

population who is

not US citizenat ~ US Census
Log percent

foreign-born

birth, includes those TIGER/Line
who become US Files
citizens through

naturalization
Log of school
Neighborhood Log school district score as Greatschool.org
Level district quality given by web scrape
greatschools.org
Log of jobs within
Log 45 mingtes agto/car Smart Location
accessibility by travel time; time-  Database, US
car decay (petwork EPA Smart
travel time) Growth Program
Job weighted
Accessibility Tobs within 45-
Log minute trangit Smart Location
accessibility by commute, distance Database, US
transit decay (walk EPA Smart
network travel Growth Program
time) weighted
Dependent Variable
Log of percentage Inversely related to
households rental affordability
Log rent spending 30% or  US Census
more of gross TIGER/Line
burdened - .
Rental monthly income Files
Affordability towards total
Measures housing costs
Log of percentage Inversely related to
Log rent households %%%g}sﬁi o rental affordability
overburdened

spending 50% or Files
more of gross
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Table 2 (cont.)

monthly income
towards total
housing costs

Log of median Inversely related to
Loe median gross rents or US Census rental affordability
ren% monthly housing ~ TIGER/Line
. cost expenses for  Files
Housing
) renters
variables
. . US Census Inversely related to
Log med.1a11 Log of “?ed‘an TIGER/Line rental affordability
house price house prices .
Files
3.3 Methods

For the purpose of this analysis, spatial econometrics was used. Spatial econometrics is a
subfield of econometrics that deals with spatial interaction (spatial autocorrelation) and spatial
structure (spatial heterogeneity) in regression models for cross-sectional and panel data (Paelinck
and Klaassen, 1979; Anselin, 1988a). It is used in theoretical models which involve interactions
between different entities and for models with data observations which are not truly independent
due to spatial auto-correlations and neighborhood effects. Figure 6 shows the step by step

diagnostic flowchart of arriving at an appropriate model for a cross-sectional analysis.

The data was tested for spatial correlation using the Moran’s I test, before proceeding with
regression analysis to understand the correlation between rental affordability and Airbnb’s
presence. As expected, the data tested positive for spatial autocorrelation. Chapter 4 contained the
details of the test for spatial autocorrelation and also contains a report for Global Moran’s I. Hence
the focus of the quantitative analysis was to undertake spatial analysis on the principles of spatial

econometrics. The spatial lag model can be written as:

y=pWy+Xf+u
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where y is an n X 1 vector of observations on the dependent variable, W is an n X n spatial
lag operator and Wy is a spatial lag term with spatial auto-regressive parameter p, X isann X k
matrix of observations on exogenous (independent) explanatory variables with k X 1 coefficient

vector [, and an n X 1 vector of errors u.

For this analysis, Maximum Likelihood (ML) approach was used in conjunction with the
aforementioned spatial lag model. ML does not allow for the presence of multiple endogenous
(dependent) variables for the model specification. For our analysis, a single independent variable

suffices. ML approach assumes homoskedasticity of the error term wu.

Figure 6 Steps undertaken for diagnostics of spatial specifications
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For easier understanding, the model can be thought of in the following way:

A shapefile is used to construct a spatial weights matrix (which assigns weights based on
k nearest neighbors for each unit of analysis i.e. census-tract). In this model k was chosen
to be 4, meaning each census-tract is assumed to be impacted by 4 nearest census-tracts
around it.

A log-likelihood variable can be defined as a function of parameter: 3, p, and ¢°, where o°
is the variance of the error distribution.

The ML estimates for these three parameters are found by equating their first derivatives
to zero and solving the resulting equations.

Finally, the maximum log-likelihood can be computed by numerically estimating the single
parameter p. These steps were carried out with the help of spdep and car packages in R.

Chapter 4 details out the results obtained from these computations.

3.4 Longitudinal Analysis

Longitudinal analysis is the study of short sets of observations obtained from multiple data

points over time, also referred to as panel data analysis. In econometrics, panel data is essentially

a multi-dimensional dataset that contains data points over time. The data contains observations of

multiple phenomena obtained over multiple time periods for the same firms or individuals or in

this case, Airbnb listings.

Study area

The study area for this analysis was the San Francisco city. This was due to data availability

constraints. While I would have preferred to use MSA as out study area, the scraping of the website

for older listings (2013 to 2015) was not possible due to lack of archived data. Hence the
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construction of panel data was not possible for the whole MSA. Instead, panel dataset is created

using the web scraped listing data for San Francisco city created by Tom Slee.

Figure 7 Proliferation of Airbnb listings from 2013 to 2016
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3.5 Dataset generation

The dataset for this analysis was generated using two main data sources and the use of

ArcMap in ArcGIS. The first data source was the census bureau and ACS estimates for a four-year

period of 2013-2016. Demographic variables namely — log percent population with bachelor’s

degree or higher, log percent unemployed population, log percent foreign-born population, log

percent non-white, log rent burdened, and log rent overburdened were collected from the 2016,

ACS 5-year estimates. In addition to these the location variables like Log BART dist (Euclidian

distance between BART stations and census-tract centroid), Coastline tracts (dummy variable
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where 1 denotes a coastline tract) and Log CBD dist (log of Euclidian distance between nearest
central business district and centroid of the census-tract) were computed using ArcMap in ArcGIS

and its functions in ArcToolbox and network analyst.

A ‘trend’ variable is also included in the model to account for year effects (also known as
“year dummies” or “dummies for each of the years in a dataset”) i.e. to capture the influence of

aggregate (time-series) trends. In our case values from 4 to 1 are given to years 2016- 2013.

For the Airbnb listings data, the dataset created by Tom Slee of Inside Airbnb and made
available at GitHub was used. This data was scraped for 2012-2016 which included the listing
locations and availability. We can safely ignore the location variables as they do not change as a
function of time and hence do not affect the fitting of the linear mixed effects model. Figure 7
shows the Airbnb listings from 2013 to 2016 used for the analysis. The table 3 gives a brief

description of the independent and dependent variables.

Table 3 Brief description of variables used in longitudinal analysis

Variable Variable Name Description Data Source Remark
Category
Independent Variables
Log Percent Log of Airbnb listings as a Airbnb.com web
. scrape & US
Airbnb all percentage of all rental Census
rentals housing units TIGER/Line Files
Airbnb
Log of Airbnb listings as a Airbnb.com web
Log Percent .
. . percentage of active or scrape & US
Airbnb Active . )
rentals occupied rental housing Census
units TIGER/Line Files
Location Log BART dist Log Euclidean distance in ArcMAP analysis

meter between census tract & TIGER/Line

25



Table 3 (cont.)

centroid and nearest BART
station

shapefiles from
Census Bureau

Log CBD dist

Log Euclidean distance in
meter between census tract
centroid and nearest
Central Business District

ArcMAP analysis
& TIGER/Line
shapefiles from
Census Bureau

Coastal tracts

if a census tract is at the

ArcMAP analysis
& TIGER/Line

(Dummy) coast line; otherwise 0 shapefiles from
Census Bureau
Log perc’ent Log of percentage US Census
bachelor’s population holding a TIGER/Line Files
degree bachelor’s degree or higher
Log of percentage
population who is not U.S.
Log percent citizen at birth, including  US Census
Demographic  foreign-born those who become U.S. TIGER/Line Files
citizens through
naturalization
Log Log of percentage US Census
unemployment unemployed peopleasa  TIGER/Line Files
rate percentage of the civilian
labor force
. Value of 4 to 1 given to
Time effects Trend years 2016 -2013 author
Dependent Variables
Log of percentage Inversely
1 0
Logra DO U s S
burdened income towards total TIGER/Line Files affordability
Rental housing costs
Affordability
Measures Log of percentage Inversely
1 0
Logren DO U s (S
overburdened . £ Y TIGER/Line Files 1
income towards total affordability

housing costs
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Table 3 (cont.)

Log of median gross rents Inversely
Log median rent or rionthly houging cost US Census related to
TIGER/Line Files rental
expenses for renters o
. affordability
Housing
variables
Inversely
Log median Log of median house US Census related to
house price prices TIGER/Line Files rental
affordability
3.6 Methods

For longitudinal analysis in this study we consider the Mixed Linear Model (sometimes
also referred to as linear mixed effects model in literature). We implement a model with random

intercepts (i.e. random coefficients) using a formula:
Yij=PFo+B1Xij + voi +ruXi;+e;

where ¥;; is the jth measured response (dependent variable) for group i, X;; is a covariate
(independent variable) for this response, B, 81 are the fixed effects parameters shared by all

groups, the ¥’s are the random effects parameters tailored to each group and ®ij are errors,

independent of everything else and identically distributed.

In our case, observations for each year constitute a group (i.e. individual being a census
tract) and hence we have 4 groups (2013, 2014, 2015 and 2016). Because of their advantages in
dealing with missing values, mixed effects models are often preferred over more traditional
approaches such as repeated measures ANOVA (analysis of variance). Panel data analysis was
undertaken using the spdep, plm and Ecdat packages in R along with some preliminary

investigations done in statsmodel package in Python.
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3.7 Limitations

The attempted inquiry made in this research has limitations. Some of them are:

Locations of listings on the Airbnb website are shifted by a certain amount to preserve privacy
of the listings and only when a booking is made is the exact address shared. Hence during web-
scraping, the locations scraped off the website do not denote precise location of listing. A
probability model can increase the accuracy to a certain extent instead of the bounding box
method used in this analysis.

Study area for longitudinal analysis is not the same as the cross sectional one due to lack of
available data.

The process of web-scraping itself was a weeklong exercise and so any changes in active
listings between the same locations within that week might not be incorporated.

Use of census-tract centroid as proxy for calculating location variables like Bart distances etc.
is a crude approximation. In addition to that the use of the Euclidian distance method for the
CBD and BART distances also runs the risk of oversimplification.

The dataset used for both cross-sectional and longitudinal analysis can include more
independent (control) variables which can make the models more robust.

The study does not exhaustively cover the possible impacts of Airbnb on the housing market.

There are multiple spillover effects of home sharing need more localized qualitative approach.

Chapter 4 details out the results obtained from these computations within the

aforementioned limitations.
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CHAPTER 4. RESULTS
This chapter presents the results of the cross-sectional and longitudinal analysis carried out
by using the models described in the last chapter. One of the first steps for both cross-sectional
and longitudinal analyses was the test for autocorrelation. Spatial autocorrelation is an integral
concept in spatial statistics as it enables the investigation for spatial interpolation. Simply put,
Spatial autocorrelation is a measure of similarity or correlation between nearby observations. To

test for spatial autocorrelation, the Moran’s I test was conducted. Moran’s I test suggests that:

- -1 1is perfect clustering of dissimilar values or perfect dispersion
- 0 1is no autocorrelation or perfect randomness and

- +1 indicates perfect clustering

Moran’s I is an inferential statistic and hence there is a need to assess whether the index
generated is significant or not. This is done with a simple hypothesis test of calculating z-score

and its associated p-value.

- The null hypothesis for the test states that data is randomly disbursed.

- The alternate hypothesis states that it is more spatially clustered.

Two possible scenarios then become that positive z-value will mean that the data is
spatially clustered whereas a negative z-value will mean that the data is clustered in a competitive
way. For example, high values are repelling high values or negative values are repelling negative
values. Table 4 shows the Global Moran’s I test report generated on the percent Airbnb listing
dataset and the results show that there is clustering, and hence spatial autocorrelation is significant
and present. Hence a simple OLS regression for the dataset will not yield credible results and there
is a need to use models that account for the spatial autocorrelation for both the cross-sectional and

longitudinal analysis.
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Table 4 Global Moran's 1 test for spatial autocorrelation

Moran's Index: 0.029840
Expected Index: -0.000095
Variance: 0.000001
z-score: 37.464236
p-value: 0.000000

Following a positive test for spatial autocorrelation, the following results were obtained
from the cross-sectional analysis. The study area is the San Francisco MSA and as mentioned
earlier and all variables are natural logarithms used to tackle the issue of heteroskedasticity. Table
4 summarizes the results from spatial lag model used in the cross-sectional analysis. The table
shows eight models which are varying combinations of independent and dependent variables. Each
model is a combination of one of the rental affordability measures as Y variable (log rent burdened,
log rent overburdened, log median rent and log house price), and two sets of X variables (with
Log percent Airbnb listings or Log composite score as one of the key variables along with all

demographic, neighborhood level and location variables).
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Table 5 Coefficients and standard errors for spatial lag models

Independent variables (X)

Dependent variable (V)

tategory Variable name Log Rent burdened Log Rent overburdened Log median rent Log median house price
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Airbnb Log percent Airbnh 0.001** 0.026*** 0.071** 0.181**
(0.013) (0.019) (0.025) (0.055)
Log Weighted Airbnb listings 0.021** 0.013*** 0.1427* (223"
(0.013) (0.019) (0.025) (0.054)
Location Log BART distance 0.020 0.016 0.051** 0.053** 0.083* 0.064* 0.288"** 152
(0.018) (0.018) (0.026) (0.026)  (0.034)  (0.033)  (0.073) (0.073)
Log CBD distance 0.015 0.040* 0.034 0.041 0.085"" 0.194"** 0.190** 0.30L
(0.020) (0.022) (0.029) (0.033)  (0.038) (0.042) (0.082) (0.093)
Coastal tracts (dummy) 0.105 0.112 0.343~* 0.348* 0.047 0.100 0.915** 1.000*
(0.101) (0.101) (0.147) (0.147)  (0.192) (0.190) (0.418) (0.418)
Demographic Log unemployment rate 0.293**~ 0.300%** 0.392*** [:303%%% (O3 —0.001***  —0.325**  —0.273*
(0.029) (0.029) (0.042) (0.043)  (0.055) (0.055) (0.120) (0.121)
Log percent non-white 0.144*** 0.146%** 0.210*** 0.210** 0.093** 0.104* 0.077 0.094*~
(0.029) (0.029) (0.042) (0.042)  (0.054)  (0.054)  (0.118) (0.118)
Log percent foreign-born 0.014*** 0.015 0.025" 0.025** 0.029** 0.030"* 0.241%* 02417
(0.011) (0.011) (0.015) (0.015)  (0.020)  (0.020)  (0.044) (0.044)
Neighborhood level Log school district quality —0.002*~ —0.004* —0.043" —0.041*  0.027 0.022*** U [ 7
(0.015) (0.015) (0.022) (0.022)  (0.029) (0.029) (0.064) (0.064)
Job accessibility Log accessibility by car 0.031 0.038* 0.007 ~0.008 0.139**~ 0.174%** 0.333** 0.371
(0.019) {0.019) (0.028) (0.028) (0.036) (0.036) (0.078) (0.080)
Log accessibility by transit 0.009** 0.010%" 0.003"* 0.003**  0.011 ~0.017*" 0.022 0.029
(0.004) (0.004) (0.006) (0.006)  (0.008)  (0.008)  (0.018) (0.018)
Constant Intercept 2,067+~ 1.833%* 1.488*** 1.548*  3.306%** 2378 5.496"* 4.475%*
(0.327) (0.344) (0.420) (0.449)  (0.624) (0.644) (1.291) (1.349)
Tests and statistics  Number of observations 975 975 975 975 975 975 975 975
Log likelihood —H98.806 —597.526 —966.312 —966.977 —1230.074 —1217.766 —1987.387 —1984.384
Rho 0.033989*** 0.035772*** 0.012907*** 0.012026* 0.16286*" 0.14753**" 0.071619*** 0.066014"*
AIC 1223.612 1221.051 1958.625 1959.954  2486.149  2461.533  4000.77 3994.767

Noles:

< 0l; o005 *p<0.01
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Following observations can be made from the results of the spatial lag model. To interpret

the models, I pay attention to Probability values (should be p < 0.1 for a significant correlation),

Coefficient values to ascertain the dependence of independent variable on Y.

Both Airbnb variables (percent and weighted listings) have positive coefficient for all eight
models. Additionally, they are all statistically significant.

Location variables, log BART dist. and log CBD dist. show a positive coefficient. This is as
expected since proximity to BART stations and downtown/central business districts is usually
accompanied by higher rents, house prices and hence more number of rent burdened and
overburdened households. The dummy location variable accounting for whether or not a
census tract is on the coast shows negative coefficients for models 1, 2, 3 and 4 as expected.
This can be attributed to the fact that housing in coastal tracts (with views) usually is premium
housing and therefore attract only higher income groups leading to lower rent burdened
households. However, models 5, 6 7 and 8 either show statistically insignificant results or
counter-intuitive signs (negative). This indicates an opportunity to use more nuanced variables
representing coastal locations in the study.

All the demographic and neighborhood level variables show significant correlation and
similarly show expected signs.

The job accessibility variables show mixed results. While most of the coefficients are
significant, it is hard to intuitively grasp the reason behind their signs without resorting to more

detailed accessibility models.

The tests and statistics give the log likelihood and Akaike Information Criteria results. Both these

statistics indicate the quality of models. A lower value of log likelihood and a larger value of AIC

indicate a better-quality model. Additionally, Rho statistic is significant for all models and
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indicates high spatial dependence within the dataset. All the models with percent Airbnb as the

independent variables show better test values than the weighted listings variables. Hence the

results from these models are further simulated below for more intuitive understanding.

Figure 8 Simulations for the cross-sectional analysis
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Since both the independent and dependent variables were log-transformed and fairly low

in magnitude, we simulate the results by plotting values estimated by the model at the Oth (min),

25th 50th (median), 75th, 90th and 100th (max) percentile of the X variable. These simulations

show that for a typical census tract (one with median percentage of Airbnb listings, as a fraction

of the rental housing market) a 1% increase in percent Airbnb listings corresponded to a 0.06%

rise in the rent overburdened household category. Hence, in the case of a census tract with 10,000

households, a 10% increase in percent Airbnb listings will correspond to 60 more households being

added to the rent overburdened category. This effect is more pronounced for tracts with a lower

number of Airbnb listings (10th or 25th percentile). This would mean that tracts with no or low

percentage Airbnb listings will see more households being pushed to a rent burdened category,

with similar rise in Airbnb listings.

33

T
100




In the case of median rents, for a typical census tract, a 1% increase in percent Airbnb
listings corresponded to a $12 hike in median gross rents. For census tracts with a lower presence

of Airbnb (25th percentile or lower), this number got as high as $100.

In addition to the cross-sectional study, a longitudinal analysis of panel data was also
conducted and the observations from the results are given below in table 5. It is important to note
here that the study area for this analysis is the San Francisco City and not the whole MSA. Hence,
the unit of analysis is a census tract and the panel data accounts for a four-year period from 2013

to 2016.

e Both Airbnb variables (percent all rentals and percent active (occupied) rental housing) have
positive coefficient for all eight models. Additionally, they are all statistically significant.

e Location variables like log BART distance and log CBD distances and the time effects variable
— ‘trend’ in some case are not significant and in others, don’t show consistent and expected
trends.

e In the case of demographic variables, percent bachelor’s degree, percent unemployed and
median household income variables show significant and expected signs. However, percent
foreign-born variable does not.

e The R? values for model 1 and 2 are higher and therefore a larger part of the variation in the Y
is explained by the independent variables (X) in these models. The adjusted R? values show

equivalent results.
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Table 6 Coefficients and standard errors _for random effects mixed linear models for panel data

Independent variables (X) Dependent variable (Y)

Category Variable name Log Rent burdened  Log Rent overburdened Log median rent Log median house price
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model &8

Airbnb Log percent Airbnb all rentals 0.196" 0.003** 0.030 0.172**
(0.014) (0.008) (0.018) (0.074)
Log percent Airbnb active rentals 0.193*** 0.001~* 0.029*~ 0.037*
(0.014) (0.008) (0.017) (0.071)
Location Log BART distance 0.188" 0187 ** 0.161%** 0.125*** 0.009" 0.008 0.294*** 0.289"**
(0.042)  (0.042)  (0.052)  (0.052) (0.028)  (0.028)  (0.097)  (0.098)
Log CBD distance 0.037 0.043 0.042 0.032 0.165* 0.166**~ —0.083 —0.084
(0.050) (0.050) (0.061) (0.061) (0.033) (0.033) (0.115) (0.113)
Coastal tracts (dummy) 0.325 0.286 0.302 0.262 ~0.028 ~0.033 1.128* 1.195%*
(0.220)  (0.220)  (0.286)  (0.286) (0.149)  (0.149)  (0512)  (0.513)
Demaographic Log percent bachelor’s degree 0.040™ 0.035™  —0.122"  0.102*" 0.431"* 0.432"" 0.462"" 0.475"**
(0.059) (0.059) (0.057) (0.057) (0.048) (0.048) (0.173) (0.174)
Log percent foreign-born —0.019 —0.015"*  0.012 0.011 0.0003 0.001"" 0.574" 0.550"**
(0.015) (0.015) (0.009) (0.009) (0.017) (0.018) (0.069) (0.070)
Log percent unemployed 0.086"~ 0.084"* 0.071%*= 0.0657" 0.0167 0.016"  —0.309™" 0.324"**
(0.037) (0.037) (0.025) (0.025) (0.034) (0.034) (0.123) (0.123)
Log median household income —0.003"*  0.0003*  —0.018"*  —0.013**  0.074"" 0.074" 0.147%" 0.1567**
(0.022) (0.022) (0.015) (0.015) (0.022) (0.022) {0.080) {0.080)
Time Trend 0.020 0.013 —0.017* —0.014* —0.030 —0.031 —0.248*** —0.138
(0.016) (0.016) (0.009) (0.009) (0.020) (0.021) (0.085) (0.086)
Constant Intercept 3457 3431 3887+ 3.837 4258 4.251 8.387"+ 8187
(0.328) (0.328) (0.350) (0.350) (0.238) (0.238) (0.842) (0.843)
Tests and statistics Number of observations T84 784 784 784 784 784 784 784
R? 0.459 0.467 0.053 0.049 0.272 0.271 0.174 0.168
Adjusted R? 0.452 0.461 0.042 0.032 0.263 0.262 0.164 0.158
F statistic T2.827°* TH261  4RIGIT R 32.056***  31.937* 18.058"** 17.371"**
Notes: *p< 0.1, *p<0.05 "p<0.01
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Figure 9 Simulation of rent overburdened households vs Airbnb Listings for 2013 - 2016
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Following observations can be made from the simulation of rent overburdened households

and percent Airbnb listings (as a fraction of active/occupied rental units).

e Since both the independent and dependent variables were log-transformed and fairly-low in
magnitude (coefficients), we simulate the results by plotting values estimated by the model at
the 10th, 25th 50th (median), 75th, 90th and 100th (max) percentile of the X variable.

e We note that for simulations for earlier years — 2013, 2014, we do not include data from
percentiles below the median. The rationale behind this is that Airbnb listings proliferated in
most census tracts after these years (refer to figure 7) and so the percentile values below median
were clustered together and close to zero Airbnb listings.

e Each simulation shows trends for Y vs log X for years 2013 to 2016.

e Figure 9, overall trend shows that an increase in Airbnb active rentals (Airbnb listings, as a
fraction of occupied/active rental housing market) corresponded to an increase in fractions of

households which were rent overburdened.
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Furthermore, census tracts with a smaller presence of Airbnb listings (those below 50th
percentile) were more sensitive to an increase in Airbnb listings i.e. they saw a higher increase
in the rent-overburdened household category as compared to census tracts in the higher
percentiles. This trend was consistent across all four years.

A note of caution — the X axis for the simulation represents values for log of the variable and
care should be taken when reading off numerical values from it.

Another way to read the simulation graph is to look at changes in rent overburdened households
for a fixed percentile mark across all four years. Doing this for all percentiles (except the
maximum), we observe no significant change in the fraction of rent overburdened households
over the years.

The maximum value (100th percentile) at first glance seems to be decreasing over the years
which is not the case as shown in figure 3. However, these observations can be interpreted as
an indication of a trend wherein over the years, the census tracts with lower rent overburdened
populations have seen a larger increase in Airbnb listings. This phenomenon results in a drop
in the Y value associated with the census tracts that have maximum percentage of listings
which is why the simulation for 2016 shows smaller values of Y as compared to the other
years. In effect, these values should not be compared across the years without also accounting

for shifting distributions of Airbnb listings.
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Figure 10 Simulation of median rent vs Airbnb Listings for 2013 - 2016
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Following observations can be made from the simulation of median rents and percent

Airbnb listings (as a fraction of all rental units).

Figure 10, overall trend shows that an increase in Airbnb all rentals (Airbnb listings, as a
fraction of all rental housing in the market) corresponded to an increase in the median rent per
census tract.

As before, for the early years (2013-14), we do not include data points for the lower medians
in the simulation in order to avoid clustering of percentiles around zero. This is a consequence
of fewer tracts having Airbnb listings during that time.

From the graph, we observe that census tracts with a smaller presence of Airbnb listings (those
below the 50th percentile) were more sensitive to an increase in Airbnb listings i.e. they saw a
higher increase in the median rent per tract as compared to census tracts in the higher

percentiles. This trend was consistent across all four years.
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e A note of caution — the X axis for the simulation represents values for log of the variable and
care should be taken when reading off numerical values from it.

e Another way to read the simulation graph is to look at changes in median rent for a fixed
percentile mark across all four years. Doing this for all percentiles, we observe overall
increases in the median rent over the years for each of the 50th (median), 75th, 90th and 100th
(maximum) percentiles.

¢ Since both the y- and x- axes plot medians of the variables, one should be extra-cautious while
interpreting these results as they are sensitive to the time-dependent probability distributions

for these variables.

Figure 11 Simulation of median house price vs Airbnb Listings for 2013 - 2016
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Following observations can be made from the simulation of median house prices and

percent Airbnb listings (as a fraction of all rental units) —
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Figure 11, the overall trend shows that an increase in Airbnb all rentals (Airbnb listings, as a
fraction of all rental housing in the market) corresponded to an increase in the median house
prices in census tracts.

As before, for the early years (2013-14), we do not include data points for the lower medians
in the simulation in order to avoid clustering of percentiles around zero. This is a consequence
of fewer tracts having Airbnb listings during that time.

From the graph, we observe that census tracts with a smaller presence of Airbnb listings (those
below the 50th percentile) were more sensitive to an increase in Airbnb listings i.e. they saw a
higher increase in the median house price per tract as compared to census tracts in the higher
percentiles. This trend was consistent across all four years.

A note of caution — the X axis for the simulation represents values for log of the variable and
care should be taken when reading off numerical values from it.

Another way to read the simulation graph is to look at changes in median house price for a
fixed percentile mark across all four years. Doing this for all percentiles, we observe a sharp
and unexpected decrease in the median house price (corresponding to these percentiles) from
2013-2015. This does not mean that house prices were decreasing in any way as the real trend
can be seen in the figure 3. These observations can be interpreted as an indication of a trend
wherein over the years, the census tracts with lower house prices have seen a larger increase
in Airbnb listings. This phenomenon results in a drop in the Y value for each of these
percentiles which is why the simulation for 2013-15 shows a decreasing trend in Y. In effect,
these values should not be compared across the years without also accounting for the time-
dependent probability distributions for these variables since both the y- and x- axes plot

percentiles of the variables.
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CHAPTER 5. DISCUSSION AND CONCLUSION

Using spatial regression analyses of cross-sectional and longitudinal data specifically
focusing on census tract level location, demographic, neighborhood level, job accessibility and the
main — Airbnb variables across the San Francisco MSA and the SF Francisco city, we aimed to
address the following: Do short-term rentals in the form of Airbnb rentals impact the rent
affordability of the study area and if so then to what extent? Overall, we find a significant
correlation between the indicators Airbnb’s presence (percent Airbnb listings as a fraction of total
rental housing available and weighted Airbnb listings) and various rental affordability measures
(rent-burdened households, rent overburdened households, median rents, and median house
prices). While the correlation does not mean causation, the relative magnitudes of coefficients can
be simulated for better understanding. The simulations from the spatial lag models (cross-sectional
study) provide useful insights about the relationship between Airbnb and rental affordability.
These also reveal that the tracts with lower percentages of Airbnb listings are more at risk of having

low rental affordability as the presence of Airbnb increases.

This research also finds its motivation in connecting its findings with the regulatory debate.
While a more comprehensive and deeper analysis is warranted for estimating a regulatory response
(if any) to the platform, it is important to ascertain its effects both positive and negative. One
critical dissection that should be acknowledged is that of the casual and commercial hosts. While
the casual hosts stay true to the spirit of home-sharing i.e. utilization of underutilized/latent
resources to support their incomes, the billion-dollar company seems to find its major revenue
source in the commercial hosts (sometimes the super hosts) who own multiple properties and have
entire house listings available throughout the year. Such hosts could have been landlords as part

of the long-term rental housing stock. In a bid to investigate the revenue potential of Airbnb hosts
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as opposed to becoming a landlord in the same area, one can compare certain numbers available.
While this analysis is not extensive, the main purpose of it is to understand how lucrative it is for
the hosts to rent with Airbnb, rather than putting their property for long-term renting. The data
shown is collected from AirDNA, (a paid service that provides Airbnb data analytics) mainly
created to assist hosts to decide on their listing prices and better understand revenue trends. This
study used the free data points that are available on the website i.e. county-wise average revenue
earned by Airbnb hosts monthly (for 2017). The vacancy rates assumed for these estimates were
not disclosed by the service. These revenue amounts can be compared with the gross median rent
in that county to understand the difference between renting for long term vs short term. Table 6
shows the difference between renting with Airbnb (short-term) and renting lease based for long-

term.

Table 7 Comparison of revenue earned as an Airbnb host to that earned as landlord.

County Avg. monthly Median Ratio Percent entire
revenue grossrent  (revenue/rent) home listings

San Francisco | $ 3,107 S 1,784 1.74 59%

Alameda | $ 2,155 $ 1,622 1.33 59%

San Mateo | S 2,375 S 2,114 1.12 42%

Marin | $ 2,298 $ 1,921 1.20 60%

Contra Costa | S 1,466 S 1,692 0.87 37%

It can be observed that except Contra Costa County, all other counties present lucrative
options for the Airbnb hosts to rent short-term instead of long-term. However, it should also be
noted that the highest earning hosts are the commercial or the super hosts who host multiple entire
home listings. Hence, an important consideration for regulating Airbnb and like platforms are
targeted policies ensuring proliferation of casual hosts who make tourism more affordable, benefit
local business and empower homeowners by providing extra income but keeping a check on the

commercial hosts who can potentially skirt hotel taxes and regulations by participating in the
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‘sharing’ economy model. This presents as an opportunity for planners to evaluate their policies
and development controls to better respond to Airbnb and the sharing economy. These can include
better zoning provisions, extensive research and analysis of neighborhoods with high Airbnb
listing concentrations, keeping an eye out for gentrification indicators and affordability concerns
etc. Incentives can be promoted for the casual hosts who in way stay true to the idea of sharing
economy. One major challenge in this process is to establish data sharing between Airbnb and
planning agencies to better gauge the impacts and extent of the model. This leaves a lot of scope
for research in terms of assessing neighborhood level impacts, negative and positive externalities
of increase in Airbnb listings in a certain area and the need and type of regulation needed to

accommodate Airbnb and sharing economy in general.
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Appendix A — ArcGIS map outputs

Location variables generated through ArcGIS analysis -

Euclidian distance of census tract centroids from BART stations
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Frequency

Appendix B - Graphs depicting distribution of Airbnb listings and data repository
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Data repository and version-controlled code

Available at - git@gitlab.engr.illinois.edu:sukanya3/Airbnb_Spatial Econometrics.git
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Appendix C — Simulation outputs of all the cross-sectional model variables

Simulation of Rent burdened vs. Percent Airbub

Simulation of Rent burdened vs. Weighted Airbnb listings
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Median house price

Median house price

Simulation of Median house price vs. Percent Airbnb
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Figures below show the simulations run with all the longitudinal model variables -

Simulation of Median house price vs. Log percent Airbnb active (2013-16)
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Median gross rent

Simulation of Rent burdened vs. Log percent Airbnb active (2013-16)

Simulation of Rent burdened vs. Log percent Airbnb all (2013-16)
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Figures below show affordability trends for each county of the San Francisco MSA —
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