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Abstract: This paper examines spatiotemporal patterns and socioeconomic influences on host partici-
pation in Airbnb’s short-term rental (STR) marketplace in San Francisco during the years 2019–2022,
a four-year period that spans the COVID-19 pandemic. This provides the motivation for the study
to examine how San Francisco’s demographic and socioeconomic fluctuations influenced Airbnb
hosts to rent their properties on the platform. To do so, Airbnb property densities, indicators of
host participation, are estimated at the census tract level and subsequently mapped in a GIS along
with points of interest (POIs) located all over the city. Mapping unveils spatiotemporal patterns
and changes in Airbnb property densities, which are also analyzed for spatial autocorrelation using
Moran’s I. Clusters and outliers of property densities are identified using K-means clustering and
geostatistical methods such as local indicators of spatial association (LISA) analysis. Locationally, San
Francisco’s Airbnb hotspots are not located in the city’s core, unlike other major Airbnb markets in
metropolitan areas. Instead, such hotspots are in the city’s northeastern neighborhoods around ethnic
enclaves, in close proximity to POIs that are frequented by visitors, and have a higher proportion of
hotel and lodging employment and lower median household income. A conceptual model posits
associations of Airbnb property densities with sixteen demographic, socioeconomic factors, indicators
of trust, social capital, and sustainability, along with proximity to points of interest. Ordinary least
squares (OLS) regressions reveal that occupation in professional, scientific, and technical services,
hotel and lodging employment, proximity to POIs, and proportion of Asian population are the
dominant factors influencing host participation in San Francisco’s shared accommodation economy.
The occupational influences are novel findings for San Francisco. These influences vary somewhat
for two main types of properties—entire home/apartment and private rooms. Implications of these
findings are discussed in relation to supply side motivations of Airbnb hosts to participate in San
Francisco’s STR marketplace.

Keywords: Airbnb; short-term rental market; GIS; spatiotemporal pattern; regression; clustering

1. Introduction

Prior to the COVID-19 pandemic, in November 2019, an estimated 72.4 million Ameri-
can internet users aged 15 and over requested services provided by other people using the
internet. This included hailing a ride using Uber or Lyft, reserving a room through Airbnb,
or requesting a home repair through Angie’s List. During the pandemic, in November 2021,
the number increased to 94 million [1]. Apart from these services, it became increasingly
commonplace during the pandemic to order online grocery and food delivery using apps
such as Instacart and DoorDash in urban, metropolitan areas of the United States. On the
demand side, use of such gig economy platforms by consumers varied by race/ethnicity,
age, educational attainment, income, and the location (urban, suburban, or rural) of those
requesting such services [2]. On the supply side, surveys conducted in the one-year period
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August 2020–2021 have shown that a third of gig economy workers reported that their fi-
nancial situation changed for the better during the pandemic, but a majority (41%) reported
that their financial situation remained the same, compared with before the pandemic [3].

In this context, our study focuses on Airbnb, a popular shared accommodation plat-
form, often used for short-term rentals. Airbnb has rapidly proliferated in many large,
urban cities worldwide that are tourist hotspots. In such cities, Airbnb has provided av-
enues to homeowners to supplement their incomes by renting their homes or rooms to
guests. In some cases, hosts are motivated by their positive attitudes towards sustainability
and their belief that sharing is better for the environment. As Airbnb hosts continue to
offer their homes to guests, neighborhoods in major cities have been transformed, often
depleting housing stock, exacerbating affordability and gentrification issues. This has
necessitated additional research on understanding the motivations of Airbnb hosts for
participating in short-term rental markets (STRs) as part of the broader research on why
individuals—both supply and demand-side actors participate in the sharing economy.
It has been argued that such motivations can be explained in terms of demographic and
socioeconomic attributes, attitudes towards trust and collaborative consumption, as well as
the educational and professional backgrounds of actors [3].

Specifically, the objective of this study is to analyze spatiotemporal patterns of host
participation in San Francisco’s STR markets, as measured by Airbnb property densities.
In doing so, this study focuses on the supply side of Airbnb in San Francisco, the platform’s
birthplace. As a locus of technology and innovation, the San Francisco Bay Area and the
city itself have been hubs of conventions, conferences, and tourism. It has been documented
that by hosting guests, many casual hosts can afford the city’s high cost of living and are
able to pay for various expenses. Yet, rents have disproportionately increased in some
of the city’s neighborhoods which have seen increasing participation in STR platforms.
In some neighborhoods, tenant evictions have caused concern if a landlord concluded that
they can earn more from short-term rentals than from a long-term tenant, thus violating
local zoning and other ordinances and negatively affecting the quality of life in residential
areas [4]. It thus becomes imperative to examine what are the factors that influence Airbnb
hosts to participate in the city’s STR markets. On a related note, due to restrictions in
human mobility due to the COVID-19 pandemic, the tourism and leisure industries have
been adversely affected. Metropolitan destinations have experienced between 7.5–12.4%
additional decreases in tourism visits compared to secondary cities and resorts [5]. Addi-
tionally, within large U.S. metro areas, household, business, and real estate demand shifted
during the pandemic from central business districts (CBDs) to lower density suburbs and
exurbs, creating a hollowing out donut effect [6]. This can potentially affect STR markets,
and it is therefore quite timely to study Airbnb’s spatiotemporal patterns for San Francisco
and motivations of its supply side participants, the hosts.

The research questions are

(1) What are the spatial patterns and variations of host participation in San Francisco’s
census tracts, as measured by Airbnb property densities during the period 2019–2022?

(2) What are the spatial clusters and outliers of Airbnb property densities in San Francisco
and what are their demographic, socioeconomic, and occupational attributes?

(3) What are the influences of demographic, socioeconomic, occupational, and social
capital factors, proximity to points of interests, and attitudes towards trust and sus-
tainability on host participation in Airbnb’s STR markets in San Francisco?

These research questions are analyzed at the census tract level for the city. This choice
is motivated by the fact that San Francisco’s neighborhoods are diverse in terms of their
race/ethnic compositions, proximity to points of interest of cultural and economic signifi-
cance, as well as their available supply of rental units. To account for this heterogeneity, we
study Airbnb property density at the census tract level. Also, by virtue of being a standard
census geography, robust demographic and socioeconomic data are available for census
tracts in the U.S.
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The remainder of this paper Is organized into sections on the literature review of
geographic analysis of STR markets and key determinants of host participation in Airbnb,
followed by the study’s conceptual model, methodology and data, findings and their
implications, culminating in conclusions and directions for future research.

2. Literature Review

Research interest in the sharing economy, its platforms and mechanisms, digital and
socioeconomic foundations has been steadily increasing among scholars in various fields.
One key strand of research focuses on motivations of supply and demand-side actors to
participate in the sharing economy and engage in collaborative consumption. Two studies [3,7]
delve into the rise of crowd-based, peer-to-peer sharing economy phenomena and platforms
and have reasoned that economic motivations, compulsions associated with living in big cities,
attitude towards sustainable consumption, and the digitization of trust are some of the key
socioeconomic factors that influence participation in the sharing economy.

Prior studies have applied theories such as self-determination theory [8], theory of rea-
soned action [9], disruptive innovation theory [10], and extended valence framework [11]
to understand why people participate in the sharing economy. These studies have often
found that participation in the sharing economy is motivated by many factors such as its
sustainability, enjoyment of the activity, and economic gains [8]. Möhlmann [12] studied
both ridesharing and STR platform consumers and found that their satisfaction and like-
lihood of using a sharing economy platform again is predominantly motivated by their
perception of self-benefit and self-interest. This utilitarian outlook shows that sharing
economy users may not necessarily have altruistic motivation. Lee et al. [11] reiterated
and expanded this finding for ridesharing by determining along with perceived benefits,
perceived risks, and trust in the platform were important determinants of users’ inten-
tion to participate in Uber’s ridesharing platform. For shared accommodation, previous
studies have found that price and location were the two primary drivers of use for Airbnb
guests [13]. Guttentag [10] found that Airbnb guests are motivated by cost savings, house-
hold amenities, and potential for a more authentic experience. On the supply side, prior
studies have shown that financial incentives, the opportunity to interact with guests from
diverse backgrounds, and the potential to acquire social capital related to global knowledge
brought by guests as well as social connections motivated Airbnb hosts to participate in
STR market platforms [14,15]. Viewed together, the main motivations for sharing economy
participation vary depending on whether the actor is a supply or demand side participant.
For shared accommodation platforms, motivations range from economic (cost savings
or supplemental income) to more altruistic (reduce waste and be more sustainable) and
communal (enjoyment by interacting with “others” and potentially increasing one own’s
social capital).

The motivation of hosts to participate in the sharing economy has been examined in a
variety of studies [16–20]. The motivating factors influencing host participation include eco-
nomic benefit [16,20]; environmental [16,17,20]; helping others [17,18], reciprocity [18] and
social good [16,19]. Two of these studies focus on accommodation sharing. Using structural
equation modeling and data from CouchSurfing, a worldwide accommodation-sharing
enterprise, a model was built that considered host’s helping attitude, degree of enterprise
centrality, shared narratives, host’s tenure, desire to make friends, and reciprocity, as well
as trust, in the intention for providers to share accommodations. The study confirmed the
most important factors to be attitude of helping others, shared narratives, seeking to make
friends and reciprocity [18]. A study of 606 Airbnb hosts found that social value orientation,
social utility, service quality, monetary reward, and privacy policy effectiveness led to
building hosts’ trust towards Airbnb, resulting in intention to continue being hosts [19].

Another key strand of research, particularly relevant to our study, is the spatial patterns
of the sharing economy. In this area, several studies have analyzed geographic distributions
of Airbnb properties in a number of major world cities such as New York City [21–23],
Los Angeles [24,25], and San Francisco [26] in the United States; Syndey, Australia [27];
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Madrid, Spain [28]; and Nanjing, China [29]. In some of these studies, the authors have
examined spatial patterns of Airbnb properties to understand the motivations of hosts or
the supply side actors. For New York city, prior studies have found that Airbnb property
densities were highest in Manhattan and northern Brooklyn over the period 2015–2017
and there were no significant longitudinal variations in property densities [23]. Studies
have also documented that in New York city, Airbnb locations are concentrated in parts
of the city that have a young population, have a significant number of housing units, and
high number of points of interest [22] and Airbnb property densities are associated with
gender ratio, black race/ethnicity, median household income, and professional, scientific,
and technical occupation, and attitudes toward sustainability [21,23]. Differences have also
been observed between short- and long-term rental locations, depending on the distances
of locations from the city center [21].

For Los Angeles, a recent study has found that Airbnb supply in Los Angeles has
statistically significant spatial autocorrelation in the period 2014 to 2019 and a clear center-
periphery pattern [25]. The high–high clusters were found to be predominant in the
city center while low–low clusters were predominant in the city periphery. In addition,
regression analysis revealed that key determinants of Airbnb supply in Los Angeles are
resident population, housing units, income, rent, points of interest, and the distance
to Hollywood, one of the city’s major entertainment hubs. For San Francisco, Airbnb
property location data were analyzed to determine that in certain locations of the city
and the Bay Area overall, reliable cancellation behavior of the host, host responsiveness,
and sufficient demand for Airbnb rentals were key factors impacting an Airbnb host
achieving superhost status in the city [26]. In Spain, spatial patterns of Airbnb supply were
analyzed to determine that that the location of Airbnb rentals is determined by the numbers
of homes and flats, including second homes and vacation homes. This was especially
significant in coastal areas that have large stocks of such homes and are popular tourism
destinations [28]. Among other interesting findings, this study also documented that there
was strong correlation between Airbnb supply and hotel accommodation supply, which
has implications for our study. Somewhat similar to these studies, a study of Airbnb supply
in Nanjing China has found that the spatial distribution of Airbnb listings is correlated with
the distribution of cultural attractions, universities, public transport accessibility, shopping
centers, and business apartments. The findings from these studies have implications for
regulating STR markets in light of concerns such as gentrification and depletion of housing
stock causing crisis such as lack of affordable housing.

In the international realm, recent research studies in Spain have advanced methodolog-
ically the field of geospatial analysis of the sharing economy, although in ways different
from the present approach [30–33]. A case study of the three cities of Madrid, Barcelona,
and Palma de Mallorca analyzed the urban transformation from properties in these cities
leading to mass tourism in the last several decades. Current spatial indicators and spatial
autocorrelation analysis indicated present and future spatial patterns of Airbnb properties
in these cities [32]. Another study examines factors related to Airbnb rentals relative to so-
cioeconomic and tourism variables [33]. The ratio of Airbnb rental properties to number of
households was influenced by income, education, and dwelling size, but the relationships
were uneven. Study results differed by part of the city, and for different scales of analysis,
ranging from census tracts to neighborhoods.

In summary, there is a noticeable growth in scholarly interest in analyzing what factors
influence individuals to participate in the sharing economy and, in the case of Airbnb,
how do such factors along with demographics and socioeconomic influences impact the
motivation of an individual to host their property on the Airbnb platform causing spatial
fluctuations in Airbnb property densities within a city. However, these issues have not yet
been addressed for San Francisco. Considering the changes in tourism mobility due to the
COVID-19 pandemic [5], it is especially opportune to study the supply side of Airbnb in
San Francisco, in terms of its spatiotemporal patterns and various influences on Airbnb
property listing densities.
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3. Conceptual Model

The conceptual model is based on the spatially aware technology utilization model
(SATUM) [34]. This model considers the spatial distribution and clustering of depen-
dent variables as well as examining the associations of dependent variables with a set of
demographic, educational, economic, ethnic/racial, social capital, attitudinal, trust, and
proximity factors. The model has been applied to studying digital access, use, and pur-
poseful use [35–39], as well as to densities of properties in the sharing economy [23,24].
The model’s unit analysis is a geographic areal unit—for example, it has been applied to
units including nations [35], states and provinces [36], U.S. counties [40], and zip codes [24].
Accordingly, the values of variables represent the mean value of the variable for the in-
dividuals residing in the unit. In addition, dependent and independent variables can be
categorized into groups, for example the group of economic variables.

The model for the present study, shown in Figure 1, consists of sixteen independent
variables, which are categorized into seven groups.ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 6 of 30 
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Figure 1. Conceptual Model of Airbnb Rentals.

The model performs an exploratory analysis of the group of four dependent variables
(one for each year 2019 through 2022) to assess how the variables are geographically
clustered, i.e., the Airbnb population characteristics within the cluster are similar.

The model proceeds to examine the association of the independent variables with the
dependent variable, Airbnb property density for each of four years and for the combined
sample of all four years. Each association is further analyzed for spatial bias, i.e., a bias that
is present when error terms are agglomerated spatially, meaning that there are significant
geographic effects not being taken into account, a situation formally referred to as spatial
auto-correction.

In summary, the conceptual model provides an understanding of the spatial arrange-
ment of Airbnb property densities and clusters, and it examines the relationships of Airbnb
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property densities to a range of variables that are induced from the literature or author
reasoning to be related to the dependent ones.

The independent variables are justified by induction from prior literature or by author
reasoning. There are relatively few prior studies that utilized the SATUM model or a similar
framework for the sharing economy, and specifically for Airbnb, so inducing from the
literature is limited. The factors are examined by categories.

3.1. Demographic Factors

Age has been included in prior studies of Airbnb densities [24]. Its proxy of young
dependency ratio, defined as population 0–19/population 20–64, was inversely significant
for nearly all Airbnb dependent variables for Los Angeles, California [24]. In a study of New
York City [23], the same proxy variables were significant for a quarter of the Airbnb factors.
The explanation was that younger communities would attract renters and that youth would
connote less neighborhood resistance. Hence, we include the young dependency ratio.

Racial and ethnicity variables were associated with Airbnb densities [24], although
the specific categories differed in strength of association. In Los Angeles, percent Black was
strongly associated and percent Asian weakly inverse in effect, a relative effect also evident
in New York City. Percent Hispanic had no effect in the two studies. In the city of San
Francisco, with a population of 873,959 in 2022, the racial/ethnic composition is 35% Asian
alone, 5% Black/African American alone, 42% White alone, and 16% Hispanic [41]. Since
the city is multi-ethnic/racial, this further justifies including the ethnic/racial variables.
For the present study, we posit that percent Black is positively related to Airbnb density,
percent Asian will be inverse, and percent Hispanic will have no effect.

3.2. Education

Education has been a strong factor in location of Airbnb properties in Barcelona, Spain,
and Lisbon, Portugal [42] and in Melbourne and Sydney in Australia [43]. In Barcelona
and Lisbon, Airbnb locations were located in areas associated with nine features, including
a large proportion of highly educated persons [42], while in Melbourne and Sydney, edu-
cation was the most important variable associated with host participation on the Airbnb
platform [43]. In Los Angeles, college education was associated with Airbnb concentrations
for two of the three years studied [24]. Hence, we include college education, as measured
by completion of bachelor’s degree, in our model.

3.3. Economic/Occupational Factors

Income. Referring again to Los Angeles and New York, income was broadly and
strongly inverse in effect. Our explanation is that a high-income neighborhood may dis-
suade renters from choosing that neighborhood, due to higher rents or fear of them, as
well as disinclination of affluent homeowners to rent. On the other hand, income was a
positive factor on Airbnb locations in Sydney and Melbourne, Australia [43]. The difference
in Sydney can be explained by the proximity of affluent residential areas closely surround-
ing its downtown and extending east to the ocean, areas which are attractive to Airbnb
properties due to multiple points of interest nearby. A similar pattern typifies Melbourne
as well. Accordingly, we include median household income, without positing directionality
of association.

Occupation. Prior studies of Airbnb properties have pointed to occupation as an
independent factor. In Los Angeles, employment in finance and real estate was a strong
correlation of Airbnb densities, and employment in manufacturing was a secondary factor.
By contrast, in New York City, professional, scientific, and technical services (PSTS) employ-
ment was the most significant correlate, while hotel/lodging employment had no effect [23].
In studies of Melbourne and Sydney, tourism (and presumably tourism employment) was
identified as a factor in the location of Airbnb properties [43]. Accordingly, for the present
model, we posit that % of employed population in PSTS relative to employed population
and % of employed population in hotel and lodging to be included in the model.
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Owner-occupied Household with Mortgage. Although rarely included in models, a
prior study of New York City [23] found that the ratio of owner-occupied households with
a mortgage to all households was inversely associated with Airbnb densities for rental
of shared rooms but not for private rooms or entire home or apartment. We reason that
having a mortgage connotes that an owner has financial stability, which in turn would
reduce the owner’s inclination to rent shared rooms and arguably private rooms. Hence,
we include the ratio of owner-occupied household with mortgage to total households in
the model as an independent variable.

Social Capital. Social capital is the implied economic advantage stemming from group
activities. The benefits come from shared information, cooperation, and reciprocity of par-
ticipating in a social network. Social capital encompasses a wide variety of specific benefits
that flow from the trust, reciprocity, information, and cooperation associated with social
networks. Möhlmann [12] has posited that the communal aspirations of the millennials
lead to social capital which in turn motivates the sharing economy. This study, following
the traditional framework of Putnam [44], proposes that social capital be represented by
participation in public activity, serving on a local committee, voting in an election, and
volunteering in a charitable organization. Although social capital was included but not sig-
nificant in model of Airbnb utilization New York City, we posit social capital (as represented
in the average of participation in public activity, servicing on a local committee, voting in
an election, and volunteering in a charitable organization) to be positively associated with
host participation in San Francisco.

Attitude toward Sustainability. Ecologically sustainable consumption is a construct
used in Self Determination Theory and posited to be essential to the intent to share [8]. In a
reverse causation, other studies [3,7] found that sharing economy applications increase
the efficiency of services and provision of goods, thereby reducing waste that can impact
the environment. In accordance these studies, we posit a host’s attitude toward greener
consumption (specifically level of agreement with the statement, “Helping to preserve
nature is important”) is positively associated with participation in Airbnb as part of the
sharing economy.

Points of Interest (POI). We argue that points of interest naturally attract the majority
of Airbnb customers, who have interests in touristic features of cities and places, regardless
of whether their visit is mostly touristic or, in many cases, as an attraction accompanying
a business visit. The importance of proximity to points of interest is reflected in a study
of Barcelona and Lisbon, for which most of the Airbnb accommodations were in or near
the central city, which have traditional high level of touristic attractions [18]. Similarly in
a study of Sydney and Melbourne, Australia [43], Airbnb properties were located in city-
center areas of high touristic visitation. Hence, we include points of interest, as measured
by POI within 20 min walk time and POI with 20 min drive time, in the model as two
posited correlates of Airbnb property density.

Trust. Trust is a multidimensional concept. In the present study, we adopt Botsman’s
trust stack (stage 3) [45], which consists of the emphasis by the host on trusting renters,
and in particular, whether or not the host required the renter’s driver’s license, Airbnb
profile, and phone verification. This approach for a trust construct is consistent with
trust in external institutions and governments [3]. We propose that the above-stated
composite index measuring emphasis on trust by the host of the renter is associated with
host participation.

4. Methodology and Data
4.1. Research Methodology

The research methodology is comprised of compiling a robust dataset of dependent
variables, which are measures of Airbnb property densities in San Francisco at the census tract
level. For this study, we compiled Airbnb property listings for three property types—entire
home/apartment, private room, and shared room, for the month of August of each year during
the period 2019–2022 for seasonal consistency. August was selected because August was the
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month with the highest average number of Airbnb properties listed in the City of San Francisco
during the period 2019–2022. This period covers the COVID-19 pandemic. Individual listing
locations were geocoded in a GIS, and then geocoded listings were compiled at the census tract
level to obtain an aggregate count of listings per census tract. Then, for each tract, aggregate
counts were divided by 2020 population, and the quotient was multiplied by 1000 to obtain a
normalized measure of listings per 1000 population. We checked for population fluctuation
given the effects of the pandemic while choosing the year 2020 population for purposes of
normalization. These normalized measures of Airbnb listings per 1000 population are used as
Airbnb property densities in the study. After normalization, we found that Airbnb property
densities were abnormally high in a handful of census tracts. Upon further examination, these
tracts were found to be sparsely populated with fewer than 500 inhabitants. In other cases,
tracts had one or two Airbnb listings. Due to such anomalies, 18 census tracts were removed
resulting in a sample size of n = 223 tracts for the study.

For each tract, we calculated Airbnb property densities for all properties and all years
aggregated, for all properties for each year 2019, 2020, 2021, and 2022, and for two dominant
property types—entire home/apartment and private rooms, for each of the four years.
The third type of listing—shared room—was ultimately not analyzed in isolation, since a
vast majority of census tracts had no private rooms listed during the study period. In total,
thirteen density measures serve as indicators of Airbnb host participation in San Francisco’s
STR market, as shown in Table 1.

Next, data were compiled for demographic and socioeconomic indicators as well as
indicators of trust, sustainability, and social capital. Data on points of interest were also
compiled and aggregated at the census tract level. These sixteen indicators serve as the
study’s independent variables. Correlation analysis was conducted pairwise, and Pearson’s
correlation coefficient was calculated to diagnose multicollinearity. No significant issues
were identified.

The independent variables were studied for correlations, and the variables included
did not show any two variables with extremely high correlation. An example of one corre-
lation finding is the relation of income with ethnic groups. The correlations of 2020 median
household income with the following ethnic/racial categories were median income with
%Asian (−0.468); with %Black/African American (−0.337), with %White (0.644), and with
%Hispanic (−0.236), all significant at the 0.001 level.

Once all data were compiled, descriptive statistics were calculated for the 13 dependent
and 16 independent variables. The 13 measures of Airbnb property densities were mapped
in a GIS to analyze geographic patterns, agglomerations, and outliers. Descriptive mapping
provides important visual cues. POI locations such as museums were overlaid on maps
of Airbnb property densities for additional geographic context about concentrations of
Airbnb properties in San Francisco relative to the city’s myriad neighborhoods. K-means
cluster analysis, an unsupervised data mining method, was next applied to determine
clusters of Airbnb in San Francisco, at the census tract level. For k-means, a value of
k = 5 was used and cluster centers were calculated. Each cluster was characterized in
terms of its demographic and socioeconomic attributes, and also in terms of indictors of
trust, sustainability, and social capital, and POI locations. Such characterization unveils
important underlying differences between the highest, moderate, and lowest clusters of
Airbnb densities. Clusters were also mapped in a GIS showing their proximity to POIs and
to provide an overall descriptive sense of agglomeration and dispersion of census tracts
belonging to the same cluster.

GIS mapping was performed using ArcGIS Pro. Statistical analysis was done with
the SPSS software (version 26), combined with the spatial statistics tools in ArcGIS Pro.
Mapping was performed by inputting the Airbnb data in Excel files and joining them
to a polygon layer for the census tracts of San Franciso city, enriched with demographic
attributes. OLS regression (stepwise) was performed in SPSS and cluster analysis used the
k-means cluster features of SPSS. Spatial autocorrelation was performed with the spatial
statistics toolbox of ArcGIS Pro.
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Table 1. Variables and Descriptive Statistics.

Descriptive Stats, Normalized Variables
(as Appropriate)

Descriptive Stats,
Non-Normalized Variables

Dependent Variable (*) Source Year of
Data Minimum Maximum Mean Std.

Dev. Minimum Maximum Mean Std.
Dev.

Airbnb Property Listings
per 1000 pop.

All accommodations,
2019–2022

In
si

de
A

ir
bn

b.
co

m

2019–2022 0.8308 483.4974 36.6863 40.2676 22.00 835.00 126.70 95.18

All accommodations, 2022 2022 0.1880 125.0724 5.9970 9.2635 2.00 222.00 30.96 25.04

All accommodations, 2021 2021 0.1452 75.8541 4.0103 5.3179 1.00 210.00 28.49 22.98

All accommodations, 2020 2020 0.1763 65.4314 4.7342 5.6105 2.00 227.00 32.41 25.22

All accommodations, 2019 2019 0.1995 66.5895 4.5977 5.0783 1.00 176.00 34.84 25.01

Entire Home/Apartment, 2022 2022 0.5196 125.0724 9.1961 10.5992 2.00 216.00 30.15 24.33

Entire Home/Apartment, 2021 2021 0.2598 39.9537 5.4621 4.6269 1.00 72.00 18.26 13.53

Entire Home/Apartment, 2020 2020 0.8598 61.3781 6.8331 5.7481 2.00 106.00 23.09 15.21

Entire Home/Apartment, 2019 2019 0.2375 30.1100 6.1960 4.7551 1.00 78.00 20.91 15.17

Private Room, 2022 2022 0.0001 86.8558 3.3072 7.1396 1.00 150.00 10.95 15.15

Private Room, 2021 2021 0.0001 75.8541 2.9470 6.0040 1.00 131.00 9.67 12.65

Private Room, 2020 2020 0.0001 65.4314 3.5133 5.4761 1.00 113.00 12.04 12.35

Private Room, 2019 2019 0.0001 66.5895 3.8026 5.4435 1.00 115.00 13.21 12.91

Independent Variables * Year of
Data Minimum Maximum Mean Std.

Dev. Minimum Maximum Mean Std.
Dev.

Demography

Young Dependency Ratio (Pop. Age
0–19/Pop. Age 20–64)

Es
ri

D
em

og
ra

ph
ic

s

2019–2022 0.0024 0.7454 0.2069 0.1084 0.00 0.00 0.00 0.00

Male Age 20+/Female Age 20+ 2019–2022 0.5715 2.5520 1.1010 0.3410 0.00 0.00 0.00 0.00

Race & Ethnicity

Black 2019–2022 0.0000 0.5908 0.0492 0.0729 0.00 2169.00 174.65 247.75

Asian 2019–2022 0.0386 0.9451 0.3287 0.1880 74.00 5005.00 1280.70 970.07

Hispanic 2019–2022 0.0000 0.5862 0.1436 0.1094 0.00 2803.00 554.23 508.63

White 2019–2022 0.0382 0.9316 0.4731 0.2040 80.00 4104.00 1698.35 843.06

Education Bachelors Degree 2019–2022 0.0608 0.5267 0.2909 0.0976 103.00 2577.00 1061.43 457.41

Occupation & Economy

Median Household Income ($) 2019–2022 18,650.00 200,001.00 123,896.93 46,704.68 n/a n/a n/a n/a

2020 Owner Occupied Households with a
Mortgage/Total Households 2019–2022 0.0000 0.6685 0.2567 0.1577 0.00 1508.00 395.69 280.08

Prof, Scientific, Technical Serv. Emp. 2019–2022 0.0000 13.8078 0.1810 1.0360 0.00 23,846.00 420.09 1925.05

Hotel/Lodging Emp. 2019–2022 0.0000 1.4878 0.0356 0.1643 0.00 3050.00 83.28 336.36

Social Capital
Average of participation in public activity,

serving on local committee, voting in
election, and volunteering for charitable org

Es
ri

/G
fK

M
R

ID
ou

bl
eB

as
e

Su
rv

ey

2019–2022 0.2045 0.7250 0.3754 0.0898 n/a n/a n/a n/a

Attitude for Greener
Consumption Helping to preserve nature very important 2019–2022 0.4123 1.2802 0.6856 0.1350 n/a n/a n/a n/a

Points of Interest
POI within 20 min Walk Time

Safegraph
2019–2022 3.000 1413.000 383.480 375.988 n/a n/a n/a n/a

POI within 20 min Drive Time 2019–2022 1774.000 4028.000 3634.220 471.884 n/a n/a n/a n/a

Trust Emphasis on Trust 2019–2022 – avg. of
Emphasis on Trust 2019–2022

In
si

de
A

ir
bn

b.
co

m

2019–2022 3.2881 7.9875 5.2784 0.6746 n/a n/a n/a n/a

* n = 223.

Based upon these visual cues, spatial autocorrelation analysis was employed, and
Moran’s I test statistic was calculated for the 13 dependent variables, as follows:

∑n
i=1 ∑n

j=1 wi,jzizj

S0 ∑n
i=1 z2

i

zi is the deviation of an attribute for feature i from its mean, wi,j is the spatial weight
between features i and j, n is the total number of features, and S0 is the sum of all spatial
weights. Moran’s I measures the extent of spatial autocorrelation of each dependent
variable. Moran’s I test is inferential; the null hypothesis is that the values of a variable
are randomly distributed spatially. The test statistic ranges in value between −1 and +1.
Moran’s I statistic value close to 0 for a dependent variable (Airbnb property density) would
indicate spatial randomness while values close to −1 and +1 indicate the presence of spatial
bias for a dependent variable that needs to be accounted for while examining associations of
independent variables with the dependent variable in question. Interpretation of Moran’s I
is performed using the p value for statistical significance (if p is not significant, the variable

InsideAirbnb.com
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is randomly distributed spatially). Further, if the Z score is positive, the values of a variable
are more geographically agglomerated (high values located near high ones and low values
near low ones). If it is negative, the spatial pattern resembles a “checkerboard” pattern, in
which high values are surrounded by low ones and vice versa.

Since Moran’s I is unable to uncover spatial heterogeneity and identify spatial clusters
and outliers, local indicators of spatial association (LISA) analysis [46] was also conducted
to determine spatial clusters and outliers of Airbnb density in the study area. Clusters
and outliers are mapped in a GIS to visualize and subsequently contextualize statistically
significant hotspots, coldspots, and outliers of Airbnb property density in San Francisco’s
census tracts.

Finally, ordinary least squares (OLS) regression analysis is conducted to examine the
associations of the sixteen independent variables with the thirteen dependent indicators of
property density. OLS regressions were conducted in two batches, first for five dependent
variables that represent densities for the combined years 2019–2022 and for each year, 2019,
2020, 2021, and 2022. The objective was to diagnose changes in OLS regression results
over time, which would indicate a shift in host motivations to participate in Airbnb STR
marketplace. The second batch of OLS models featured eight dependent variables, split
in half for entire home/apartment and private room, the two main property types, for
the aforementioned years. The variance inflation factor (VIF) was calculated for each OLS
model and a VIF cutoff of 5.0 was used as a threshold of multicollinearity. VIF values greater
than 5.0 indicate redundancy among explanatory variables. No multicollinearity problems
were detected for any of the OLS models. For each OLS model, regression residuals are
mapped in a GIS to visualize spatial patterns in terms of randomness versus agglomeration.
The extent of spatial randomness is determined by computing Moran’s I of regression
residuals. These Moran’s I values are compared with the Moran’s I values of the Airbnb
property density dependent variables to gauge if the OLS models have been able to account
for the presence of any spatial bias in the dependent variables themselves.

Finally, for each OLS model, three diagnostic measures—joint Wald, Koenker, and
Jarque–Bera were examined, for ensuring that the models satisfy OLS regression assump-
tions. The joint Wald statistic is a test of joint significance of coefficients of individual
independent variables. The Koenker (BP) test statistic is a test of variance of residuals
not being constant. When this test is statistically significant, the relationships modeled
are not consistent, either due to non-stationarity or heteroskedasticity. The Jarque–Bera
test statistic is a goodness-of-fit test, on whether the residuals have skewness and kurtosis
that correspond to a normal distribution. When this test is statistically significant, model
predictions are likely to be biased. Measures of these three test statistics are reported later
in the paper along with OLS regression results.

4.2. Data

San Francisco’s Airbnb property listings for the years 2019 to 2022 were collected
from the site www.insideairbnb.com. Insideairbnb.com has scraped and compiled Airbnb
listings data since 2014 and data from this site has been used in prior research studies [14].
A total of 28,474 listings are part of the dataset that are aggregated across 223 census
tracts of the city of San Francisco, as discussed earlier. Data for the independent variables
were compiled at the census tract level from a number of authoritative sources. Data for
demographic, economic, and occupational attributes were sourced from Esri Demographics
for the year 2020, which represents the start and rapid spread of the COVID-19 pandemic
in much of California, including the city of San Francisco. Data for indicators of social
capital and sustainability were compiled using consumer survey datasets of Esri/GfK
MRI DoubleBase Survey. Doublebase is an integration of information from four consumer
surveys, conducted annually of 20,000 U.S. adults, with focus on understanding consumer
lifestyles and preferences, including attitudes towards sustainable consumption (used
as sustainability indicator) and participation in public service (which is one part of the
social capital indicator). POI listings data were collected from SafeGraph. SafeGraph’s

www.insideairbnb.com
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POI dataset contains places where consumers spend time, money, or both. POIs include
restaurants, grocery stores, malls, parks, museums, art galleries, theaters, aquariums, and
more. Finally, the indicator for trust was compiled from attribute data corresponding to
each Airbnb listing, from InsideAirbnb.com. These attributes correspond to host profile
and identify verification provided for each listing, which indicates a host’s affinity for trust.
All variables, corresponding data sources, and descriptive statistics are in Table 1.

5. Spatial Patterns of Airbnb Properties in San Francisco

Airbnb property densities were mapped using a Geographic Information System
(GIS). GIS mapping provides visual cues about spatial patterns of property densities and
reveals the extent of host participation in San Francisco’s STR markets. The thresholds
for the categories in Figure 2, were determined by taking equal intervals of 160 for the
first four categories, which vary from 0 to 640, with the highest category being greater
than 640. For each of the years, 2019 to 2022, Airbnb property density is found to be the
highest in the northern and eastern parts of the city. These areas (dark and light blue census
tract polygons in Figure 2) comprise census tracts that are in Downtown and Tenderloin
neighborhoods north of Market Street and east of the 101 Freeway near Union Square,
which is a hotspot of hotel and lodging establishments. Moderately high concentrations of
Airbnbs (dark green) are in census tracts that are contiguous to the previous set of census
tracts (very high Airbnb densities) in the Downtown/Civic Center sub-region as well as in
the Haight Ashbury neighborhood near Golden Gate Park.
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Moderate Airbnb property densities (light green) are found in the Northeast Waterfront
Historic District that includes Sane Francisco’s popular tourist attraction Pier 39. Moderate
concentrations are also noticed in Chinatown north of Market Street, and in Mission District,
Bernal Heights, Noe Valley, south of Market Street. Parts of the Haight Ashbury neighborhood,
adjacent to Golden Gate Park are also moderate in Airbnb property density. Property densities
per capita are low (greenish off-white color in Figure 2) in the rest of the city, with densities
between 1–40 properties per 1000 population (in 2022). These spatial patterns are largely
consistent longitudinally and act as an aggregate over the 2019–2022 period.

5.1. Clusters of Property Densities

K-means clustering of Airbnb property densities yields five clusters of Airbnb property
densities that are ranked from highest to lowest cluster center values as shown in Table 2.
Clusters 1 and 2 have the highest to very nigh property densities, with 1 and 3 census tracts,
respectively, as members of these clusters. Airbnb property density is moderate in cluster 3,
with 11 clusters averaging a density of 0.100. Cluster 4 is dispersed over 65 census tracts
and has moderate-low property density, while cluster 5 has lowest property density, and
is dispersed over 143 census tracts. In other words, clusters 4 and 5 together account for
over 93% of San Francisco in which host participation in Airbnb’s STR markets is minimal.
The clusters are mapped in a GIS to reveal the extent of spatial contiguity and their locations
relative to POIs and the various important freeways and U.S. highways that crisscross San
Francisco.

Table 2. K-means Clusters of Airbnb Property Density and their Characteristics, San Francisco,
2019–2022.

Cluster 1
(Highest
Property
Density)

Cluster 2
(High)

Cluster 3
(Moderate)

Cluster 4
(Moderate-

Low)

Cluster 5
(Low-Very

Low Property
Density)

Max/Min
Ratio

Max/Min
Ratio without

Cluster 1

Number of Census Tracts 1 3 11 65 143

Average Cluster Center

Airbnb Property Density (2019–2022) 0.483 0.173 0.100 0.052 0.022 22.38 8.01

Attributes Averages of Attributes

Demography
Young Dependency Ratio (Pop. Age 0–19/Pop. Age 20–64) 0.189 0.115 0.114 0.157 0.239 2.10 2.10

Male Age 21+/Female Age 21+ 1.052 1.036 1.342 1.304 0.992 1.35 1.35

Race Ethnicity

Asian (%) 0.401 0.308 0.224 0.214 0.389 1.87 1.81

White (%) 0.407 0.473 0.619 0.584 0.412 1.52 1.50

Hispanic (%) 0.088 0.172 0.110 0.150 0.143 1.95 1.55

Black (%) 0.020 0.057 0.038 0.046 0.051 2.89 1.51

Education Bachelor’s Degree (%) 0.358 0.266 0.373 0.334 0.265 1.41 1.41

Occupation and
Economy

Median Household Income (USD) 73,650 51,080 143,611 136,568 18,500 2.81 2.81

Owner Occupied Households with a Mortgage (%) 0.065 0.017 0.159 0.224 0.285 17.10 17.10

Prof, Scientific, Technical Serv. Emp. (%) 13.808 0.068 0.163 0.154 0.101 203.63 2.40

Hotel/Lodging Emp. (%) 1.356 0.637 0.095 0.014 0.019 100.31 47.12

Social Capital
Average of participation in public activity, serving on local

committee, voting in election, and volunteering for charitable org
(%)

0.324 0.418 0.455 0.424 0.347 1.40 1.31

Attitude for
sustainability Helping to preserve nature very important (%) 0.771 0.834 0.783 0.735 0.652 1.28 1.28

Points of Interest
POI_20 min Walk 1337 1343 605 493 290 4.63 4.63

POI_20 min Drive 3874 3899 3827 3884 3499 1.11 1.11

Trust Trust 5.010 5.164 5.228 5.443 5.212 1.09 1.05

From Figure 3, it is evident that the census tracts belonging to clusters 1, 2, and 3 in
which Airbnb property density is very high to moderately high are all concentrated north
of Market Street in the northeastern periphery of the city, which is a hotspot of tourism,
cultural attractions including museums, and related diversity. The four census tracts of
clusters 1 and 2 are spatially contiguous and are located in San Francisco’s Financial District,
in close proximity to Chinatown, a noted ethnic enclave of San Francisco. Members of
cluster 3 are located both north and south of the census tracts in clusters 1 and 2, around
tourist attractions such as Pier 39, which is home to retail and dining establishments and
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offers panoramic views of the San Fransisco Bay. These tracts are located on either side
of U.S. 101 which cuts through downtown San Francisco providing a major gateway into
the city. Cluster 4 census tracts surround the census tracts of clusters 1, 2, and 3, and have
moderate-low Airbnb host participation. They are dispersed over several neighborhoods
such as Haight Ashbury and Barnal Heights in Mission District, Marina District, and Chi-
natown in the central core and northeastern periphery of the city and include commercial
and sports venues such as the Chase Center and Oracle Park, which are home of the city’s
NBA and MLB franchises. One single census tract that belongs to cluster 4 is the location of
San Francisco International airport, which is in close proximity to a number of hotels and
lodging facilities. Cluster 5 census tracts, which accounts for almost two-thirds of the study
area, are located away from downtown San Francisco and the city’s central business district
for the most part in the city’s Bayview, Sunset, Richmond, and Marina districts. These tracts
of the lowest Airbnb densities surround the central business district high Airbnb-density
tracts of clusters 1 and 2. This is not unusual in central areas of US cities (consider, for
example, that high Airbnb zip codes of mid-Manhattan and northern Brooklyn are sur-
rounded by the low and lowest high Airbnb-density zip codes [23]. Viewed as a whole, the
clusters grow outward from the city’s northeastern periphery where property densities are
highest to the city’s core and western and southern fringes where property densities are
the lowest. This is a contrast to Los Angeles, California, in which the distribution of Airbnb
supply has a center-periphery pattern [25].
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The clusters are characterized in terms of the study’s sixteen independent variables.
As shown in Table 2, the clusters are largely similar in terms of demographic attributes
including age structure, race/ethnic composition, and educational attainment. However,
four distinct contrasts emerge. The median income of clusters 1, 2, and 3 is up to three
times lower than that of clusters 4 and 5, while these two clusters have up to seventeen
times higher proportion of owner-occupied households with a mortgage. Viewed together,
these point to economic motivations of hosts, albeit in different ways. Hosts in clusters 1,
2, and 3 are likely to supplement their incomes by hosting their properties on the Airbnb
platform. On the contrary, Airbnb hosts in clusters 4 and 5 are likely to defray the costs
of their mortgages by opening their homes to guests. From an occupational standpoint,
there is a stark difference. The proportion of hotel and lodging employment is up to
47 times higher in the highest density cluster compared to the lowest density cluster, when
cluster 1′s sole tract is excluded. This indicates that properties in clusters 1, 2, and 3 are
in close proximity to hotels, which serve tourists and guests visiting some of the city’s
vacation and financial hotspots. This is further reinforced by the finding that clusters 1 and
2 have almost five times as many POIs such as museums, retail and dining establishments,
and tourist attractions such as Fisherman’s Wharf and Pier 39, within 20 min of walking
time, compared to cluster 5. These contrasts between the clusters of Airbnb supply in San
Francisco reconcile with the study’s later findings on associations between the dependent
and independent variables.

5.2. Spatial Agglomeration and Clusters and Outliers of Airbnb Properties

Spatial autocorrelation analysis is employed to measure the extent of spatial agglomera-
tion of Airbnb property densities in San Francisco’s census tracts. Moran’s I index of spatial
autocorrelation for all measures of property density dependent variables listed in Tables 3 and 4.
When all properties (entire home/apartment, private room, and shared rooms) are aggregated
across types and all four years, Airbnb property density is found to be statistically significantly
clustered at the 0.001 level with a Moran’s I value of 0.176. For the individual years 2019 to 2022,
property densities are also found to be significantly clustered at the 0.001 level, with Moran’s I
values of 0.208 (2019), 0.180 (2020), 0.193 (2021), and 0.225 (2022). For entire home/apartment,
the corresponding Moran’s I values are 0.381, 0.182, 0.278, and 0.158, for the consecutive years
2019 to 2022, all significant at the 0.001 level, while for private room, the values are 0.068, 0.070,
0.068, and 0.075, again all significant at the 0.001 level. This indicates statistically significant
spatial agglomeration for these two property types as well. Longitudinally, the extent of clus-
tering does not vary greatly over the four-year study period. The agglomeration of property
densities indicates the presence of spatial bias, which has methodological implications for OLS
regression models.

Since spatial autocorrelation analysis using Moran’s I is unable to uncover spatial
heterogeneity and identify spatial clusters as well as outliers, we used local indicators
of spatial association (LISA) analysis [46] to capture local spatial autocorrelation. LISA
analysis reveals that statistically significant hotspots of Airbnb properties are in the Finan-
cial District, north and south of Market Street, one of San Francisco’s main thoroughfares,
as shown in Figure 4. Statistically significant hotspots are also found in the Tenderloin,
Nob Hill, Chinatown, and North Beach areas in the northeastern part of the city. Another
hotspot is in the city’s core, in the northwestern corner of Mission District, and also parts of
the Western Addition and Haight-Ashbury neighborhoods. We note that the U.S. 101, a
gateway for visitors driving into San Francisco hugs many of these hotspots. Interestingly,
statistically significant low-high outliers adjoin the hotspots and are located in these very
same neighborhoods, predominantly in the northeastern periphery of the city. Coldspots
of Airbnb are dominant in the west and south of San Francisco including Richmond and
Sunset districts to the north and south of Golden Gate Park, respectively.

In summary, spatial agglomeration of Airbnb property density in San Francisco does
not have center-periphery pattern unlike Los Angeles [25]. Instead, the city’s spatial pat-
terns and agglomerations of Airbnb’s properties closely resembles Airbnb supply patterns
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in Spain, where areas attractive to tourists, with an already established tourism sector, have
higher Airbnb concentration. Like such areas of Spain, clusters of high Airbnb densities
in San Francisco have significantly high hotel and lodging employment and are in close
proximity of POIs frequented by tourists and others visiting the city [5,47].

Table 3. OLS Regression Findings, Airbnb Property Densities, 2019–2022.

Independent Variables Dependent Variables: Airbnb Property Listings Density
(Listings/1000 Pop.)

2019–2022 2019 2020 2021 2022

Demography

Young Dependency Ratio (Pop. Age
0–19/Pop. Age 20–64)

Male Age 21+/Female Age 21+

Race/Ethnicity

Asian (%) −0.288 *** −0.359 *** −0.279 *** −0.256*** −0.245 ***

White (%)

Hispanic (%)

Black (%)

Education Bachelors Degree (%)

Occupation and
Economy

Median Household Income

Owner Occupied Households with a
Mortgage/Total Households (%)

Prof, Scientific, Technical Serv. Emp. (%) 0.471 *** 0.564 *** 0.500 *** 0.466 *** 0.392 ***

Hotel/Lodging Emp. (%) 0.238 *** 0.207 ** 0.269 *** 0.332 ***

Social Capital

Average of participation in public activity,
serving on local committee, voting in

election, and volunteering for
charitable org (%)

Attitude for
sustainability

Helping to preserve nature very
important (%)

Points of Interest
POI_20 min Walk 0.177 *** 0.213 ** 0.158 *** 0.177 *** 0.174 ***

POI_20 min Drive

Trust Trust

Adjusted R2 0.596 *** 0.519 *** 0.576 *** 0.615 *** 0.593 ***

VIF 2.244 1.112 2.244 2.244 2.244

OLS Diagnostic Statistic Values

Join-Wald 128.315 *** 123.079 *** 110.048 *** 120.193 *** 102.874 ***

Koenker 143.102 *** 62.293 *** 142.631 *** 143.575 *** 148.211 ***

Jarque-Bera 2285.359 *** 210.109 *** 1723.286 *** 2717.006 *** 3964.438 ***

Spatial Autocorrelation (Moran’s I)

Dependent Variable 0.176 *** 0.208 *** 0.180 *** 0.193 *** 0.225 ***

Residual of Dependent Variable 0.033 0.078 ** 0.049 * 0.013 −0.003

* p < 0.05, ** p < 0.01, *** p < 0.001. n = 223.

Table 4. OLS Regression Findings, Airbnb Property Densities, Entire Home/Apartment and Private
Room, 2019–2022.

Dependent Variables: Airbnb Property Listings Density (Listings/1000 Pop.)

Independent Variables
2019

Entire
Home/Apt

2020
Entire

Home/Apt

2021
Entire

Home/Apt

2022
Entire

Home/Apt

2019
Private
Room

2020
Private
Room

2021
Private
Room

2022
Private
Room

Demographic

Young Dependency Ratio (Pop.
Age 0–19/Pop. Age 20–64)

Male Age 21+/Female Age 21+ 0.127 *

Race /
Ethnicity

Asian (%) −0.343 *** −0.259 *** −0.252 *** −0.250 *** −0.216 *** −0.195 ***

White (%) 0.487 *** 0.247 **

Hispanic (%) 0.177 ***

Black (%)

Education Bachelors Degree (%)
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Table 4. Cont.

Dependent Variables: Airbnb Property Listings Density (Listings/1000 Pop.)

Independent Variables
2019

Entire
Home/Apt

2020
Entire

Home/Apt

2021
Entire

Home/Apt

2022
Entire

Home/Apt

2019
Private
Room

2020
Private
Room

2021
Private
Room

2022
Private
Room

Occupation
and

Economy

Median Household Income −0.128 * −0.142 ** −0.173 ***

Owner Occupied Households
with a Mortgage/Total

Households (%)
0.187 *** 0.185 ** −0.120 **

Prof, Scientific, Technical Serv.
Emp. (%) 0.294 *** 0.589 *** 0.398 *** 0.413 *** 0.513 *** 0.451 *** 0.517 *** 0.413 ***

Hotel/Lodging Emp. (%) 0.306 *** 0.232 *** 0.317 *** 0.304 *** 0.379 ***

Social
Capital

Average of participation in
public activity, serving on local
committee, voting in election,

and volunteering for charitable
org (%)

0.156 *** 0.122 *

Attitude for
sustainability

Helping to preserve nature very
important (%)

Points of
Interest

POI_20 min Walk 0.298 *** 0.425 *** 0.181 ***

POI_20 min Drive

Trust Trust

Adjusted R2 0.491 *** 0.479 *** 0.508 *** 0.594 *** 0.513 *** 0.530 *** 0.611 *** 0.573 ***

VIF 2.383 1.152 2.894 2.244 2.076 2.076 2.076 2.075

OLS Diagnostic Statistic Values

Join-Wald 203.700 *** 117.038 *** 159.851 *** 105.373 *** 39.797 *** 38.673 *** 38.070 *** 28.982 ***

Koenker 38.549 *** 33.075 *** 56.995 *** 150.519 *** 133.903 *** 132.261 *** 149.416 *** 149.834 ***

Jarque-Bera 129.633 *** 258.848 *** 61.057 *** 3390.250
***

1749.846
***

2635.459
***

5439.661
***

7145.949
***

Spatial Autocorrelation (Moran’s I)

Dependent Variable 0.381 *** 0.182 *** 0.278 *** 0.158 *** 0.068 *** 0.070 *** 0.068 *** 0.075 ***

Residual of Dependent Variable 0.091 *** 0.090 *** 0.027 −0.001 0.044 0.031 0.013 0.038

* p < 0.05, ** p < 0.01, *** p < 0.001. n = 223.
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6. Socioeconomic Influences on Host Participation

Two sets of OLS regressions were conducted to analyze influences of sixteen inde-
pendent variables on Airbnb property densities, which are used as measures of host
participation in Airbnb’s short-term rental markets in San Francisco. In the first set of OLS
regressions, there are five dependent variables, indicating Airbnb property densities for
the years 2019–2022 combined, and for each year, 2019, 2020, 2021, and 2022. In the second
set of OLS regressions, there are eight dependent variables, four of which represent the
densities of entire home/apartments, for the years 2019, 2020, 2021, and 2022, while the
remaining four represent the densities of private rooms, for the same four years. As dis-
cussed earlier, entire home/apartment and private rooms are the two most dominant types
of properties rented by Airbnb hosts in San Francisco during the study period. The sixteen
independent variables span demographic indicators including race/ethnicity, educational
attainment, occupational and economic variables, points of interest located within 20 min
of walking time and 20 min of drive time from centroids of census tracts, and indicators of
social capital, attitude toward sustainability, and trust.

For the first set of OLS regressions, the dominant correlates of Airbnb property densi-
ties in San Francisco are per capita employment in professional, scientific, and technical
services, proportion of Asian population, points of interest located within 20 min of walk
time, followed by hotel and lodging employment per capita. As shown in Table 3, these
dominant correlates are consistent longitudinally across the study period, as well as when
property densities are estimated for all four years (2019–2022) combined. The consistency of
this quartet of correlates shows that factors influencing host participation in San Francisco’s
short-term rental markets were not unduly influenced by the COVID-19 pandemic. The ex-
planatory power of the five regression models, measured by the adjusted r-squared value,
did fluctuate, and increased from 51.9% in 2019 to 57.6% in 2020, peaking at a high of 61.5%
in 2021, before decreasing slightly to 59.3% in 2022. For the combined years (2019–2022),
the adjusted r-squared value was 59.6%. These high coefficient of determination values
shows the robustness of the study’s conceptual model. The variance inflation factor (VIF)
does not exceed a threshold of 5.0 indicating that multicollinearity is not a concern.

Among the correlates, per capita employment in PSTS and hotel and lodging, along
with POIs located within 20 min of walk time are found to be positively associated with
Airbnb property densities. However, proportion of Asian population is inversely associated
with Airbnb property densities. Those employed in PSTS provide professional, scientific,
and technical services for clients in a variety of industries and in some cases, households.
PSTS activities includes legal services, computer systems design, research and development,
management, scientific, and technical consulting services, advertising, accounting, and tax
preparation [48]. We reason that those employed in PSTS are likely to have some college
education and are likely to be more aware of home-sharing platforms and consequently their
benefits, such as the potential for supplemental income. It is also likely that those employed
in PSTS possess more advanced digital skills leveraging which they engage with home-
sharing platforms such as Airbnb, interact digitally with guests, and manage the reservation,
cancellation, pricing, payment, and myriad other aspects of participating in STR markets.
Our findings are consistent with a recent study [23] in which PSTS employed was found
to positively influence Airbnb hosts to share their properties in New York City. Finally, as
discussed in [23], on-demand companies are paving the path for white-collar workers to
participate in the gig economy leveraging their electronic skills and digital privileges.

Hotel and lodging employment per capita is also found to be positively associated with
Airbnb property density in San Francisco for all years except 2019 and as well as for the
2019–2022 period. Studies [49] have shown that market conditions that include presence of
Airbnbs may impact hotel sales and consequent strategic pricing response by hotels. For San
Francisco, which has been until recently renowned for its tourism and convention business,
the presence of many high-end as well as discount hotels is likely to incentivize workers in
hotel and lodging establishments to leverage their domain knowledge of the business and
rent their own properties on Airbnb. Oftentimes, they are keyed to seasonal fluctuations in
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demand, consequent price fluctuations, and third-party services for Airbnb hosts such as room
cleaning and key exchange services which facilitate the hosting process, which can reduce the
cost of hosting [49]. In short, employment in hotel and lodging makes it more likely that those
employed in this sector participate in STR marketplaces such as Airbnb. Overall, the positive
association of the duo of PSTS and hotel and lodging employment is a novel finding of this
study that has previously not been reported for San Francisco.

OLS regressions reveal that POIs, located within 20 min of walking time from the
centroids of census tracts, are positively associated with Airbnb property densities when
aggregated for the 4 years between 2019–2022, as well as for each individual year. Prior
studies have documented similar findings. In New York City, the Airbnb supply was found
to be concentrated in parts of the city where the number of points of interest representing
eating and drinking, retail, sports and entertainment establishments, and tourist attractions
were high. Accessibility to such POIs was found to positively influence Airbnb supply in
New York City [22]. A recent study on spatial distribution of Airbnb supply in Los Angeles
found that the number of POIs positively affects Airbnb supply in the city. Proximity to Hol-
lywood (specifically, Hollywood Walk of Fame) was also found to be important; for every
increase of distance to Hollywood by 1 km, Airbnb supply was found to decrease by 1.86
units [25]. Similar findings have also been documented for European tourism destinations
such as Spain [28] and cities such as Barcelona [47]. In San Francisco, a popular tourism and
convention destination, we reason that the proximity to POIs such as restaurants, malls,
parks, museums, art galleries, and ethnic enclaves that offer glimpses of the city’s rich
cultural diversity, increase the attractiveness of the city’s various neighborhoods to visitors,
making it more likely that renters in such neighborhoods list their properties on Airbnb.

Finally, the proportion of Asian population is consistently inversely associated with
Airbnb property density in San Francisco over the study period. The inverse association is
longitudinally consistent as well including when property densities are aggregated over the
period 2019–2022. It has been reasoned that low levels of home ownership among minority
races and ethnic groups may adversely impact participation in STR markets by such groups.
In addition, prior studies that have examined racial discrimination on STR platforms such
as Airbnb have documented that minority race/ethnic groups, particularly Asians hosts in
Oakland and Berkeley, are likely to earn significantly less income via rent than their White
counterparts for similar rental properties [50]. Another study has found that Hispanic
and Asian Airbnb hosts, on average, have almost 10% lower list price relative to their
white counterparts, in San Francisco, after controlling for neighborhood property values,
user reviews, and rental unit characteristics [51]. Researchers have explained that guests
may perceive rentals hosted by minorities to be situated in inferior locations, or that the
quality of such properties may be inferior to those hosts belonging to majority race/ethnic
groups [52]. The likelihood of lower incomes or other forms of discrimination are likely to
be deterrents for Asians to list their properties on Airbnb offering one possible explanation
for the inverse association. Finally, a recent study has argued that minority race/ethnic
groups in San Francisco are likely to price their Airbnbs lower to maintain occupancy levels,
perhaps due to an expectation of discrimination in the online marketplace [53]. We reason
that this may also dissuade Asians from participating in San Francisco’s STR marketplace
offering another possible explanation for the inverse association. While this finding for
San Francisco has not been previously documented to the best of our knowledge and is
therefore novel, it merits further research.

Two additional sets of OLS regressions (in Table 4) were conducted for the two dominant
property types—entire home/apartment and private rooms. For entire home/apartment, the
dominant correlates for Airbnb property density are employment in PSTS, and POIs that are
located within a walk time of 20 min from the centroid of census tracts in San Francisco (all
years except 2020). Both of these factors are positively associated with property densities.
Asian population is found to be inversely associated with Airbnb property densities for the
years 2020, 2021, and 2022, but not 2019. These findings are largely consistent with the prior
set of regression results (see Table 3). However, there are some notable differences. Unlike the
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previous set of regressions, hotel and lodging employment is found to be positively associated
only for one year: 2022. Also, two other independent variables—owner occupied households
with a mortgage and proportion of White population—are found to be positively associated
with Airbnb densities, for the years 2019 and 2021 only. Social capital is found to have positive
associations with Airbnb densities in 2019 and 2020, but not thereafter. The lack of association
of entire home/apartment rental density with hotel/lodging employment (with the exception
of year 2022) is because hotels are not competing directly with entire homes and apartments,
since hotels do not rent home properties and infrequently offer large apartment-like suites.
The explanatory power of the OLS models for entire home/apartment is comparable with the
prior set of regressions, with the coefficients of determination varying between 47.9 percent in
2020 to 59.4% in 2022.

For private rooms, the findings are mostly consistent with the prior set of OLS regres-
sion results for entire home/apartment in Table 4. Both occupational variables (PSTS and
hotel/lodging) are positively associated while proportion of Asian population is inversely
associated. However, there are notable differences as well. POIs within 20 min of walk time
are not found to have any association with the dependent variables, for any year, while
median household income is found to be inversely associated for all years except 2022.
Unlike entire home/apartment OLS models, there is no association with the proportion
of White population, owner occupied households with a mortgage, and social capital.
The coefficients of determination vary between 51.3 percent to 61.1 percent and are hence
comparable with both prior sets of OLS models.

In the case of entire home/apartment, the positive association of Airbnb densities
with owner occupied households with mortgage, and in the case of private room, the
negative association of Airbnb densities with median household income, both point to
economic motivations for Airbnb hosts. Hosts who are renting entire homes or apartments
are likely using the supplemental income from homesharing to defray the costs of their
mortgages. This relationship is manifest in the regressions for 2019 and 2021 only. For hosts
renting private rooms, we reason that the income from the private room is not sufficient
to defray mortgage costs, hence the absence of relationship. In a prior study of New York
City in 2015–2017, with somewhat similar design to the present one, there were no such
associations with hotel/lodging employment for any single year or the combined annual
samples [24]. In the case of private rooms, OLS findings indicate that as median household
income decreases, Airbnb densities increase in the years 2019–2021.

We reason that hosts are similarly motivated to supplement their household incomes
or cover gaps in income, particularly during the pandemic by renting private rooms.
The inverse association of median household income has been previously reported for New
York City [23] and is consistent with Möhlmann [12] and Sundararajan [3] who argued that
collaborative consumption generates cost savings for gig economy workers and provides
extrinsic motivation to share their assets.

For entire home/apartment, the finding that proportion of White population is posi-
tively associated with Airbnb densities is consistent with contemporary reports that have
documented that the sharing economy worker is overwhelmingly White. Further research
is essential to determine why the significant association with the White population is
present for the years 2019 and 2021, but not for 2020, when the COVID-19 pandemic
started in California. The positive association of social capital with densities of entire
home/apartment in 2019 and 2020 also merits further investigation.

The positive influence of social capital on entire home/apartment rentals in 2019 and
2020, but absence of association in 2021 and 2022 is explained by greater availability to
conduct social activity physically pre-pandemic, compared to barriers to social activity
during the pandemic, due to restrictions placed on communal gatherings. By contrast, for
rental densities of a private room, there is an absence of any social capital associations over
the four years, so the pandemic explanation does not hold up. This contrasting finding
merits further research.
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For walking to points of interest, there is association with entire home/apartment
rentals for years 2019, 2021, and 2022, but lack of associations, over the four years, for
private room rentals. We speculate that more renters would be present on average in entire
homes/apartments compared to single homes, so the odds of someone taking advantage
of walking to a POI is relatively greater in a home/apartment. Since unit occupancy data
were not available, future research would be needed to validate this argument.

Overall, occupational factors (PSTS and hotel lodging employment), proximity to
POIs, and minority population (proportion of Asian population), along with economic
factors that point toward supplementing income by homesharing explain the variations of
Airbnb property densities in San Francisco over the period 2019–2022. These demographic,
occupational, economic, and accessibility influences on host participation in Airbnb’s STR
markets in San Francisco are largely consistent longitudinally, but some differences are
found between entire home/apartment and private room. No association is found with
indicators of trust and sustainability, nor with age structure and educational attainment.
The implications of these findings are discussed in the next section.

OLS regression residuals were mapped (Figure 5) to examine if the models were
able to account to spatial agglomeration of Airbnb properties in San Francisco. Spatial
autocorrelation of the regression residuals was also estimated, and Moran’s I values of
residuals are given in Tables 3 and 4. For all regressions, the extent of spatial agglomeration
of the regression residuals was significantly lower than the agglomerations of the property
densities. For the OLS models for all properties combined across all four years, and for
the years 2021 and 2022 individually, the residuals are found to be randomly distributed.
Figure 5 shows the random spatial distribution of regression residuals for all properties
combined, across all years. Consequently, these models are able to account for the spatial
agglomeration of Airbnbs.
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For entire home/apartment, the residuals of the 2021 and 2022 models were found
to be randomly distributed, but some agglomeration was still present for the years 2019
and 2020, indicating that the findings of these models have be treated with some caution.
However, for private rooms, the residuals of all four OLS models are randomly distributed,
indicating the robustness of these models.

Finally, although the joint Wald Statistic is consistently significant across all models
indicating the lack of joint influences from independent variables, the significant Koenker
and Jarque–Bera statistics (reported in Tables 3 and 4) indicate that the OLS models have
substantial heteroskedasticity and that the residuals do not conform to a normal distribution.
These significant values of the Koenker and Jarque–Bera diagnostics indicate that the OLS
models have not entirely met OLS assumptions and therefore have to be treated with
some caution.

7. Implications

The findings confirm that the theoretical model does portray the spatial distribution,
clustering, and outlines of Airbnb property densities for the census tracts of the city of
San Francisco. It is evident that the Airbnb densities are highest in the tourist areas
of San Francisco or just adjacent to those areas. This conforms to the distributions for
New York City [23], Barcelona, Spain, and Lisbon, Portugal [42], and the Australian cities
of Melbourne and Sydney [43]. For Los Angeles, even though it is more spread out
horizontally and over a great land area that the aforementioned cities, it also has its
greatest concentration in downtown LA, with entertainment, fashion, arts, and ethnic
areas stretching north to Hollywood and the hills behind; it has a second smaller Airbnb
concentration in Santa Monica [24]. The two centers are unique to Los Angeles and
distinguish the major distinctive patterns of Airbnb concentrations.

Cluster analysis findings for San Franciso show that there are five distinctive clusters
of Airbnb properties, based on the full set of dependent variables. The clusters are ordered
from cluster one with highest Airbnb property density to cluster five with the lowest density.
Clusters 1 and 2 comprise four census tracts in the central financial district, with moderate
income but the highest access to points of interest within a 20 min walk and very high PSTS
population % and high hotel/lodging employment for cluster 1. By contrast, cluster 5, the
largest with 163 census tracts located mostly in the city’s south and west, has the highest
proportion of youth, moderate-high income, high PSTS %, and a very high proportion of
hotel/lodging workers, but by far the lowest points of interest within a 20 min walk. These
differentiated city clusters relative to Airbnb, further demonstrate the exploratory strength
of the model. In short, the theoretical model’s exploratory analysis is yielding not only a
thorough profile of the geospatial aspects of Airbnb properties in San Francisco, but also
allows for a structured comparison with the Airbnb spatial distributions in several cities in
the U.S. and other nations.

The theoretical model also works well overall for the confirmatory OLS regression
analysis of associated socioeconomic variables. The metrics confirming this are the high
proportions of variance explained and the consistently large reduction from the spatial
autocorrelation of the dependent variables, prior to the regression modeling, to that of the
regression residuals after modeling.

The practical implications of the findings include governmental planning, adjustments
for property hosts, and concerns about equity. In some cities, there are negative reactions to
growing Airbnb densities for reasons of displacement of housing and businesses, presence
of transitory visitors who might exhibit uncaring behavior, and loss of neighborhood
culture. This research can help planners and politicians confront these issues with greater
understanding of the geography of Airbnb properties and the spatial trending of densities.
Furthermore, knowledge of the leading socioeconomic characteristics associated with
high sharing-economy accommodation densities can be helpful in mitigating impacts.
For example, if points of interest in the census are highly associated with Airbnb densities,
then mid-range planning might strive to locate new points of interest away from current
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ones in order to potentially encourage decentralization of Airbnb high densities. If the city
government plans to modify or introduce new regulations to mitigate or eliminate high
densities of Airbnb, they can also assess positive and negative impacts of these reductions.

The powerful association in San Francisco of PSTS employment with Airbnb densities
may be explained by the increased residential mobility of tech and professional workers
during COVID, since they were untethered from being in their office or workplace every
day. We speculate that the near doubling of the regression coefficient for PSTS with Airbnb
densities from 2019 to 2020 might reflect this greater residential freedom of movement,
and coefficient remained higher than for 2019 for the three years following. PSTS’s strong
association might also reflect the higher income of PSTS workers, especially in the Bay
Area. City planners need to consider the possible displacement of PSTS workers from city
center/high tourism areas if regulations are introduced curtailing the Airbnb properties
in those areas. Since high tech is one of the economic backbones of San Franciso and the
Bay Area, planners might do anticipatory planning on where tech workers could find new
residential hot spots if displacement were to occur.

An important implication stems from the inverse relationship of Airbnb accommoda-
tion densities with low income, low education, and Asian population. For disadvantaged
people, largely of minority background, currently Airbnb offers very little, since very few
of these accommodations are present in their neighborhoods. Equity considerations ideally
would have led to expanded lower-cost Airbnb properties for these poorer areas. Even
though our study along with others show that scenario to be largely not present today for
San Francisco, government subsidies or other incentives might be introduced to encourage
a type of sharing-economy, low-cost temporary housing. It might reduce San Francisco’s
severe housing shortage for low-income people.

8. Conclusions, Limitations, and Future Research

This paper analyzes spatiotemporal patterns and socioeconomic influences on Airbnb
host participation in San Francisco’s STR markets. While there is considerable analysis of
demand side motivations of the sharing economy, corresponding work that focuses on the
supply side is considerably deficient, especially for peer-to-peer accommodation sharing.
In addition, for San Francisco, there is prior work on Airbnb pricing and related factors, but
an analysis of supply side motivation has been missing thus far. This work fills this gap.

The research questions are answered as follows:

(1) What are the spatial patterns and variations of host participation in San Francisco’s
census tracts, as measured by Airbnb property densities during the period 2019–2022?

The spatial patterns of host participation show a very high Airbnb density level in
the city center, with moderate densities extending to the southwest of the downtown into
the Mission District. Although there are low-density tracts immediately surrounding the
downtown city center, densities increase to moderate levels to the north of the downtown
approaching and including the Fisherman’s Wharf area. There are scattered tracts of
moderate Airbnb density, one just south of Golden Gate Park, and another in the Sunnyside
neighborhood of San Francisco. More subtle spatial differences are revealed by the cluster
and outlier analysis.

(2) What are the spatial clusters and outliers of Airbnb property densities in San Francisco
and what are their demographic, socioeconomic, and occupational attributes?

Spatiotemporal patterns of host participation are analyzed by estimating Airbnb
property densities in San Francisco at the census tract level over the period 2019–2022,
which includes the COVID-19 pandemic. The pandemic upended tourism economies in
many major world cities including San Francisco. We find that Airbnb hotspots in San
Francisco are persistently present in the city’s northeastern neighborhoods that are part
of ethnic enclaves and are located in close proximity to POIs such as museums. Airbnb
property densities are comparatively lower in the city core, which is a contrast to the
core-periphery pattern of Airbnbs in other cities such as Los Angeles. In San Francisco,
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the high-density areas are also marked by higher proportions of workers in the hotel and
lodging industry, who also have lower median household incomes, pointing to an economic
motivation for them to become Airbnb hosts to supplement their incomes.

(3) What are the influences of demographic, socioeconomic, occupational, and social
capital factors, proximity to points of interests, and attitudes towards trust and sus-
tainability on host participation in Airbnb’s STR markets in San Francisco?

A conceptual model of host participation in San Francisco’s STR markets posits associ-
ations of Airbnb property densities with sixteen demographic, socioeconomic variables,
indicators of trust, social capital, and sustainability, along with proximity to POIs. We find
that as an aggregate, Airbnb property densities are associated with employment in profes-
sional, scientific, technical services, and hotel and lodging employment, proximity to POIs
within 20 min of walk time from the centroids of census tracts, and proportion of Asian
population. The POI influence is not present for all years for entire homes/apartments
and is completely absent for private rooms. Instead, the proportion of owner-occupied
households with a mortgage (for entire home/apartment) and median household income
(for private room) point to economic motivation of Airbnb hosts to defray the cost of
their mortgage payments or generate supplemental income, by renting their properties on
Airbnb. These influences are longitudinally consistent over the four-year study period for
the most part, and apart from the economic motivations, do not appear to be influenced
by the adverse effects of the COVID-19 pandemics on city economies that are reliant on
tourism and convention business. These findings have implications for the expansion of
STR platforms and increased host participation in such platforms in San Francisco, espe-
cially recognizing that cities around the world are tightening regulations to mitigate risks
associated with gentrification and the depletion of housing stock exacerbating housing
affordability issues.

The study has the following limitations. Due to ecological fallacy, a pitfall of georefer-
enced data, it remains to be verified if the demographic and socioeconomic associations at
the census tract level will hold true for other census and non-census geographies such as
zip codes. It is also unclear if this study’s findings are generalizable for other major U.S.
and world cities such as New Your City, New York. Furthermore, while the regression
models in the study have reasonably high predictive power, the underlying processes and
therefore the findings may be impacted by complex and contradictory economic and social
effects, such as prolonged mandated social distancing in public places in California during
the pandemic, the exodus of technology industry workers from San Francisco due to the
pandemic, and growing homeless population and crime in San Francisco’s central city.
Additional research is recommended to account for such factors. While the study includes
four years of data on the variables, it does not model and analyze the spatial changes in
Airbnb densities comparatively over the four years, nor is a longitudinal spatial regression
change analysis performed.
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