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Abstract: The recent proliferation of private tourist accommodations on what has been known
as sharing economy has induced new models on urban tourism and on the use of traditional
housing. Urban tourism pressure has caused many transformation processes with important impacts
in neighborhoods with high tourist interest, which are shown in the evolution of certain urban
sustainability indicators, such as those proposed by the UN-Habitat Agenda for Sustainable Cities
in line with the principles of the Leipzig Charter on Sustainable European Cities. Due to the above,
the objective of this work is to analyze the spatial distribution of Airbnb accommodations, and
explore the factors associated with the situation of Airbnb rentals in relation to the indicators of urban
sustainability of neighborhoods and variables related to the gentrification processes of neighborhoods
in which there is crowding or overtourism, measured through the Global Tourist Stress Index. For
this, a first-order spatial autoregressive panel (SAR) data model with fixed effects has been specified,
the results of which provide us with information to understand how sustainability indicators in
the neighborhoods of the city of Madrid in the time period 2015–2018, they would explain the
location and number of Airbnb accommodations found there. Additionally, it allows us to observe
the existence of a spillover effect from the central neighborhoods, with a high per capita income, to
nearby neighborhoods with lower income due to the level of tourist crowding, which is a contribution
to the scarce existing literature.

Keywords: sharing economy; sustainability; Airbnb; spatial panel data models

JEL Classification: C21; C23; Z32

1. Introduction

The growth of large-scale tourism has led to the emergence of new forms of shared
accommodation based on the collaborative economy model. The sharing economy is mainly
accessed through online marketplaces where peer-to-peer (P2P) digital platforms offer
users the possibility of monetizing their idle resources through potential consumers online
with [1–4]. In the field of tourist accommodation, one of the most important platforms is
Airbnb. The company was launched in 2008 with the premise that both individuals and
professionals could offer accommodation through its site. The platform is present in more
than 30,000 cities and 190 countries around the world [5].

The rise of this new type of tourist accommodation has led to the need to specify
and estimate models to determine the factors that explain the location of these tourist
apartments. Thus, the main motivation that led to carrying out this research work is
the need to know the effects of the tourist apartment boom on the urban sustainability
of the neighborhoods of the large tourist cities, specifically the city of Madrid, and the
relationship that Airbnb has with the problem of gentrification in the parts of the city where
this platform has a greater presence. There are very few studies dedicated to studying
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Airbnb’s relationship with urban sustainability, and/or studying the sociodemographic
factors that determine the location of this type of accommodation.

Our study aims to add value to the subject by explaining and analyzing the evolution
of residential neighborhoods in the city of Madrid through a series of urban sustainability
indicators. To do this, and with the aim that this research can be replicated in other cities,
urban sustainability indicators are included that emerge from the UN-Habitat agenda [6]
for sustainable cities and from the Leipzig Charter [7] of sustainable European cities.

These indicators will compile the impacts that the problem of “overtourism” has
had on Madrid neighborhoods and understanding on the location and number of Airbnb
accommodations in each them. Although there are several definitions of overtourism, we
chose the definition by Milano [8] and the Collins dictionary [9] as: “the excessive growth
of visitors leading to overcrowding in areas where residents suffer the consequences
of temporary and seasonal tourism peaks, causing them permanent changes to their
lifestyles”, established.

Studying the evolution of Airbnb has a significant limitation: a lack of official data. To
date, there are no official reports on how many Airbnb rooms are on the market. The data
used in this analysis comes from the Inside Airbnb web portal for the period 2015–2018,
and creates a database with geographic information (longitude and latitude) on each
rental lodging. To this database, we added a series of sustainability indicators, built with
information from the Madrid City Council’s Data Bank (Banco de Datos del Ayuntamiento
de Madrid) and the Experimental Economic Atlas of the Spanish National Statistics Institute
(Instituto Nacional de Estadística (INE)).

Finally, to analyze the relationship between the evolution of Airbnb and the city’s
sustainability, taking into account the geo-referenced spatial location, we used a first-
order spatial autoregressive (SAR) panel data model with fixed effects, following the
methodology suggested by [10,11], which represents a further contribution to previous
literature, which has to date used only cross-sectional models.

The expected results in this research agree with [12–14], regarding the increase in
living costs and environmental degradation in neighborhoods with problems of tourist
saturation and gentrification. The residential neighborhoods of Madrid that have problems
of tourist saturation will have negative effects on the pillars of urban sustainability and
could be considered effects derived from overtourism, as indicated by various studies,
including [15–17].

This study is structured as follows. First, Section 2 presents the literature review.
It briefly describes the research on the phenomenon of Airbnb in cities, the importance
of studying Airbnb from the perspective of sustainability, and the current state of this
platform in Madrid. Section 3 describes the data used and the indicators for each pillar
that defines urban sustainable development. Section 4 defines the econometric model used,
accompanied by a brief literature review of the theoretical foundation of the spatial model.
Sections 5 and 6 discuss the final results and conclusions, respectively. Finally, Section 7
contains Appendix A and Section 8 contains the bibliography.

2. Literature Review

Airbnb is a hosting company founded in 2008 and whose success is linked to the
development of the sharing economy. However, although the company itself uses the label
of a shared economy model, the reality is that Airbnb’s significance lies in innovative rental
practices [14–16,18,19].

Airbnb proposed a business model that focuses primarily on cost savings, access to
home comforts, and more authentic experiences where tourists and hosts were connected
for the first time [20,21]. Currently the company has more than 2 million properties on
offer and a presence in more than 191 countries [20,22,23].

The boom of Airbnb and its impact on cities has raised interest in academia. The
most relevant research has focused on the transformation of market mechanisms in those
cities where Airbnb has a strong presence [24]; in house prices [12,13,25,26]; in the impact
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on the hotel industry [27–30]. In a smaller number of them, they have focused on the
impacts of Airbnb on the administration and urban planning of cities [31–33], on spatial
analysis [34–36], and on the factors that influence the distribution of Airbnb offers [37].

Airbnb introduced new tourism practices [37] that have generated new forms of
short-term private rentals aimed at a new type of tourists [38] seeking experiences and
interactions with the local population [39,40]. Additionally, Airbnb offers home-sharing
that gives residents the ability to earn money by renting underused accommodation. The
ease of offering houses and rooms through the platform explains why Airbnb rentals are
more dispersed than traditional accommodations and are expanding into neighborhoods
that traditionally do not receive tourists [20]. Zervas, Proserpio and Byers [30] point out
that the success of Airbnb is that it can expand the rental offerings wherever there are
existing buildings, because accommodation belongs to individuals, while hotels respond
to urban policies and require time and investment to expand its offering.

In this line of research, it is necessary to study the relationship between the factors
that influence the spatial distribution of Airbnb’s offer as of a vision of sustainable urban
development, overtourism, and carrying capacity of destination cities. According to the
United Nations Environment Program and the World Tourism Organization, sustainable
development represents “a process to meet the needs of the present without compromising
the ability of future generations to meet their own needs” [41]. This vision can be explained
using the three fundamental pillars of sustainability: economic, social and environmental.
Economic sustainability is linked to the efficiency of companies’ activities in the long
term; social sustainability refers to providing equal opportunities, reducing discrimination
and poverty, while environmental sustainability corresponds to an adequate management
of scarce resources and the non-contamination of the environment. Sustainable tourism
must take into account current and future economic, social and environmental impacts,
considering the needs of visitors, industry, the environment and host communities [41,42].

Sustainable tourism means maintaining a tourist destination in an optimal state,
where the benefits of the local community are sustained and the tourist experience and
the conservation of resources are satisfied [43]. However, it is important to know all the
consequences of tourism in tourist destinations, independently about Airbnb. Table 1
shows some researches that analyze the positive and negative effects of tourism.

Table 1. Effects of Tourism.

Positive Effects of Tourism Authors

Improve the local economy Liu, Sheldon and Var (1987), Gursoy and Rutherford (2004), Perdue, Long
and Allen (1990).

Improve income and local standard of living Liu and Var (1986), Milman and Pizam (1988), McCool and Martin (1994).
Boost the creation of new businesses and investment

opportunities Dyer, Gursoy, Sharma and Carter (2007), Kwan and McCartney (2005).

Enrich the fabric of the community while preserving
cultural values Andereck, Valentine, Knopt and Vogt (2005), Stronza and Gordillo (2008).

Generates more job opportunities
Crompton and Sanderson (1990), Choi and Sirakaya (2005), Diedrich and

García-Buades (2009), Haley, Snait and Miller (2005), Williams and
Lawson (2001).

Encourage recreation opportunities Gursoy and Rutherford (2004), Haley (2005).
Cultural activities Brunt and Courtney (1999)

Improve the quality of security such as police
protection Milma &Pizam (1988), Lagonigro, Martori, Apparicio (2020).

It can make the local population more environmentally
conscious Andereck (2005), Gursoy and Rutherford (2004), Huh and Vogt (2008).
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Table 1. Cont.

Negative Effects of Tourism Authors

Resident cost of living increases Liu and Var (1986), Perdue, Long and Allen (1990), Woo, Kim and Uysal
(2015), Sheng and Tsui (2009).

The price of land and housing increases Belisle and Hoy (1980), Tovar and Lockwood (2008).
Increases traffic congestion and the feeling of

overcrowding Andereck (2005), Dyer (2007), Sheng and Tsui (2009).

Increase tension and crime Andereck (2005), Balaban (2012), Sheng and Tsui (2009).
Increases psychological tensions between residents

and tourists Andereck et al. (2005)

It generates pollution, garbage, and noise Dyer (2007), Balaban (2012), Ahmad, Draz, Su and Rauf (2019).
Destroy cultural and historical resources Nepa (2008), Crespi-Vallbona, M., and Mascarilla-Miró, Ó (2018).

Causes inefficiency in urban planning and disorderly
land use Gu and Wall (2007), J.Qian (2012), C.Qian(2007)

Source: self-elaboration.

The urban destinations have limited space, resources, and carrying capacity [44], and
once a certain threshold is reached, the attractiveness and comfort of the destination may
decrease for both residents and visitors [45].

The carrying capacity of the destination is the focus of sustainable development.
Resources are limited, so there will always be a maximum number of tourists that a
destination can support without causing irreversible damage to the social, economic
and environmental structure. In terms of the previous definition, the maximum number
of tourists that a city could support would be that which allows its sustainable urban
development. Camagni [46], defined the term of sustainable urban development as that
process of synergistic integration and co-evolution between the large subsystems that
make up a city (economic, social, physical and environmental), which guarantees the local
population a non-decreasing level of well-being in the long run.

Ainsley O’Reilly [47] was the first to speak of the carrying capacity of a tourist des-
tination. The word capacity in its true sense should suggest the number of tourists that
can be contained in a certain space. The World Tourism Organization [48] proposes the
following definition of carrying capacity: “The maximum number of people who can visit a
tourist destination at the same time, without causing destruction of the physical, economic,
socio-cultural environment”.

In addition to the fact that Airbnb is related to the saturation of the carrying capacity
of many cities, it has also been responsible for substantially changing the morphology of
the destinations where it is present [49]. Likewise, these types of rentals are responsible
for the overtourism of urban centers that were already very touristy [14,50,51] and the
invasion and gentrification of neighborhoods [21,52–54].

In this way, the overtourism experienced by some cities is not a cause of the sudden
increase in the number of tourists, but rather the increasing presence of these in the resi-
dential neighborhoods of the cities [55–57]. Thus, it is establishing a negative relationship
between the evolution of the resident population of the neighborhoods and the increase in
tourists and tourist accommodation [58,59].

The conversion of a dwelling from residential use to tourist use implies the idea of the
disappearance of a home, and therefore its displacement. The rapid decline in residential
flats in tourist cities such as Barcelona has had to do with the reduction in the size of homes
due to the progressive aging of the population and the residential emancipation of young
adults, who often moved to other sectors of the city, coupled with the increase in demand
for tourist flats [58].

On this way, excessive stress from tourism can affect the day-to-day community life of
city residents [33,34,60]. Furthermore, the tourism can compromise the city’s sustainability [61].

Therefore, excessive temporary accommodation saturation puts a tourism area in
a decisive, critical, and highly uncertain situation, which can even be accompanied by
symptoms of degradation/exhaustion [47]. If no action is taken, this can lead to the final
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stages of degeneration, with the consequent decline and even, if prolonged, decay of the
destination. Visitors feel that there are a lot of tourists and residents (hosts) beginning to
express their rejection of tourists (guests) (social carrying capacity). This leading us to the
concepts of “overcrowding”, “saturation” or “congestion” of a tourist destination or even
more localized place such as neighborhoods. These concepts are pejorative descriptions
that refer to the negative influence of tourism on the perceived quality of life of residents
and/or visitor experiences.

In this context, measuring the saturation of temporary accommodation in urban
tourism spaces requires the use of a set of urban density indicators, like the Global Indicator
of Tourist Stress (ISGT), defined as the total number tourist accommodation beds and hotel
accommodation offer that exists per square meter. This perspective brings the issue of
tourist density closer to that of “overtourism.” This is because tourist density is considered
the main cause of overtourism and the most relevant indicator for its measurement. The
union of touristification and overtourism leads us to the concept of tourist gentrification.
This term was coined by Kevin Fox Gotham, based on Neil Smith’s [62] gentrification term,
to “highlight the role that public policy has in promoting both gentrification and tourism
development; and the actions of large leisure companies ( . . . ) in the remodeling of [places]
into entertainment and consumption spaces.” This way, the growth of tourism transforms
residential spaces into activities and venues oriented towards consumption, causing the
expulsion of residents and increasing the value of properties [49].

Touristification is closely related to the transformations beginning in the city, derived
from gentrification [63,64].

For Freytag and Bauder [65], touristification is not a unidimensional model of cause
and effect, but is a complex and multidimensional concept that is reflected in the interaction
of heterogeneous actors and scenarios. For them, touristification must be seen on several
levels. At a first level, it is due to approach this phenomenon as a visible change in the built
environment or its functional use, for example, in the spread of localized shops or tourist
services. Secondly, touristification should be approached as an invisible, barely evident
change in the use of existing infrastructure, such as the ongoing transformation of regular
homes into Airbnb tourist apartments. Furthermore, at the third level, tourism must be
viewed from a perspective based on human agency with a focus on tourism practices
and actions.

The effects of Airbnb on the housing market and its correspondence with the gen-
trification of neighborhoods has already been extensively studied. However, few studies
focus on the sociodemographic characteristics that affect the distribution patterns of this
platform [66]. Dudas [66] conducted a socio-economic analysis of Airbnb in New York City
and found that Airbnb tended to focus on those areas of the city with a high proportion of
youth, a significant number of housing units, and a large number of interest points. The
work of Zhang and Chen [67], for example, studies the relationship between Airbnb’s sup-
ply in three North American cities and finds that there is a relationship with employment,
income level, educational level, and the youth population.

Sarkar, Koohikamali and Pick [68] studied Airbnb hosts and observed an inverse effect
between income and the number of children, but not related to education. Roelofsen [69]
explored the socio-spatial impacts of Airbnb in Sofia, Bulgaria, where short-term rentals
are concentrated in areas with high-income populations. In contrast, Quattrone [26] found
a negative influence of revenue on Airbnb’s offer in the City of London.

The appearance of Airbnb broadens the concept of tourist gentrification by incorporat-
ing a series of peculiar characteristics that were not previously present, giving rise to the
term “Airbnbficacion” [70]. These characteristics include the following:

1. The emergence of Airbnb in certain neighborhoods of tourist cities represents the
beginning of a process by which the residential rental housing market is reduced
in favor of a tourist rental housing market, with the consequent potential difficulty
of access to housing by residents who don’t get into the sales market or inherit a
home [71].
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2. The increase in the price of residential rentals and purchase-sales, caused by the prolifer-
ation of tourism rental homes, originates a process of social displacement [21,56,58,72].

3. The rise in prices and the contraction of the real estate market, although may have no
short-term effect on those tenants who have current rental contracts; in the long-term,
when contracts expire, new prices may no longer be accessible to those tenants. This
causes the expulsion of these residents from their neighborhoods.

4. The social fracture between neighbors as a consequence of the increase in income by
those who can afford to allocate their home or part of it for tourist accommodation.

5. The transformation of residential spaces into commercial and leisure areas.

Considering the above, the following hypotheses are put forward:

Hypothesis 1 (H1). There is a relationship between gentrification due to a greater saturation of
tourists and the increase in Airbnb accommodations in Madrid neighborhoods:

Hypothesis 1a (H1a). Positive relationship between the increase in the purchase price of homes
and the number of Airbnb accommodations in each neighborhood.

Hypothesis 1b (H1b). Positive relationship between the residential rental price and the number
of Airbnb accommodations in each neighborhood.

Hypothesis 1c (H1c). Positive relationship between the average household income and the number
of Airbnb accommodations in each neighborhood.

Hypothesis 1d (H1d). Positive relationship between the ISGT and the number of Airbnb accom-
modations in each neighborhood.

In addition to the problems associated with housing and gentrification, tourist cities
face additional challenges in terms of prevention and waste management due to the sea-
sonality of tourism and the waste it produces [73]. Kennedy [74] defined urban metabolism
as “the sum total of the technical and socioeconomic processes that occur in cities, re-
sulting in growth, production of energy, and elimination of waste.” An analysis of urban
metabolism involves the quantification of the inputs, outputs, and storage of energy, ma-
terials, nutrients, water, and waste of a city. In this way, it becomes a useful indicator for
the management of planning in sustainable urban development, [74]: “For cities to take
sustainability seriously, the collection of data on urban metabolism must become an activity
main. Urban metabolism can be affected by different factors, one of the most important is
the population density of cities” [75].

From the above, we can establish Hypothesis 2.

Hypothesis 2 (H2). There is a positive relationship between the deterioration of the urban
metabolism caused by the increase in tourists.

Hypothesis 2a (H2a). Positive relationship between urban waste and number of
Airbnb accommodations.

Hypothesis 2b (H2b). Positive relationship between noise and number of Airbnb accommodations.

Hypothesis 2c (H2c). Positive relationship between the ISGT index and the number of
Airbnb accommodations.

Some research, in addition to linking Airbnb with urban gentrification and urban
metabolism, has also linked it with processes of social exclusion, and with the decrease
and deterioration of the quality of life of the resident population [76–78]. In light of the
above, we propose Hypothesis 3.
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Hypothesis 3 (H3). There is a negative relationship between social and economic cohesion and the
number of Airbnb accommodations in each neighborhood.

In addition to the perceived change in the tangible characteristics of the neighborhoods,
another concern about the rapid expansion of Airbnb is regarding the safety problems that
a greater concentration of people in the places can cause. Tourism and hospitality are very
susceptible to criminal activities. Visitors who stay in rentals on this platform may be more
exposed to a greater variety of crimes because they are not in tourist places [79].

According to Xu’s research [79] in the state of Florida, he found that Airbnb is posi-
tively related to the location of apartments and criminal activity, especially against property
crimes. However, although Airbnb is related to crime, in Xu’s case study, the relationship
to the violent crime was significant but negative. In addition, the relationship between
crimes varies according to the type of accommodation (private rooms, shared rooms, and
whole houses). While private rooms and whole houses have negative correlations with
crime, shared rooms are positively related to crime. In line with that set out above, the
following hypothesis is put forward:

Hypothesis 4 (H4). There is a negative relationship between residents’ perception of the quality of
public space and the number of Airbnb accommodations in each neighborhood.

Hypothesis 4a (H4a). Negative relationship between security and the number of Airbnb accom-
modations in each neighborhood.

Airbnb tends to focus on areas with pre-established tertiary activity and, which
in turn is attractive to tourists [80]. In the case of Madrid, the neighborhood with the
highest concentration of tourist rentals coincides with strong commercial activity. The
high correlation between tertiary activity and Airbnb can change the urban structure of
neighborhoods [81]. The above allows us to formulate Hypothesis 5.

Hypothesis 5 (H5). There is a negative relationship between the urban complexity indicator and
the number of Airbnb accommodations.

Hypothesis 5a (H5a). Positive relationship between tertiary activity imbalance and Airbnb rise.

Other studies have also looked at the socio-economic and environmental dimensions
of Airbnb rentals from different perspectives and in several cities. Until now, the Geo-
graphically Weighted Regression (GWR) model has been the most popular technique for
modeling the spatial heterogeneity of different Airbnb-related factors. Xu [79] modeled the
spatial distribution of Airbnb rentals in the state of Florida and found a positive correlation
between Airbnb groupings and crime rates. Zhang [67] also used GWR and found signifi-
cant variations between Airbnb prices and the distance to the main tourist and transport
points (subway and bus stations). Xu [82] uses GWR to test Airbnb’s non-stationary spatial
distribution and its relationship with the neighborhood environment in London, and,
finally, Lagonigro [37] studied the local socio-demographic and economic factors of the city
of Barcelona associated with geographic distribution from Airbnb.

In our research, we adopted a Spatial Autoregressive Panel Data Model (SAR) as an
estimation model, we focusing on local economic, environmental, and social factors related
to the spatial distribution of Airbnb’s supply, for the time period 2015–2018 in the Madrid.
The use of spatial panel models has been used to model the existence of spatial dependence
between the dependent variable and between the independent variables in time, working
with the transversal units over time.

This methodological choice is due to the fact that the SAR model allows modeling
the spatial heterogeneity of the variables in panel data, improving the results of the GWR
model, which is a local form of linear regression that is used to model the relationships that
vary spatially in sets of cross-section data. In the literature, we can find the use of SAR for
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the estimation of hedonic prices for the flats listed on Airbnb [83] and in some other studies
besides structural variables are used environmental, social, and spatial variables of the
neighborhoods where this platform is located [84,85]. The SAR model is a representation
of a random process, where the variable of interest depends on your past observations.

In terms of our research, the variable of interest is the proportion of complete Airbnb
houses in the total supply. In each year, the number of complete houses depends on
the environmental, social, and economic conditions of the neighborhoods. However,
environmental and social conditions may not change (or do so very slowly) to dramatically
influence the increase in whole houses. Economic factors, on the other hand, can change
dramatically from year to year. We could argue that in most years (on average) the
economic conditions of the neighborhoods are optimal. However, there are years in which,
for example, the economic indicators of the neighborhoods suffer very marked ups and
downs. We say that these ups and downs are a disturbance: it moves our variable (the total
of complete houses) away from its long-term equilibrium (equilibrium in which economic
conditions are good on average). As social and environmental qualities change slowly
from year to year, the total number of houses completed in any given year will be partially
influenced by the number in the previous year. The variation in the changes in the total of
complete houses will be given by the disturbances, the economic factors.

Finally, given that spatial models allow us to infer whether economic and social
phenomena have a spillover effect, we establish Hypothesis 6.

Hypothesis 6 (H6). There is a spillover effect due to the positive relationship between touris-
tification in the neighborhood “i” and the number of Airbnb accommodations in neighboring
neighborhoods “j”.

Hypothesis 6a (H6a). Negative relationship between the resident population 0 to 15 years of age
in the neighborhood “i” and the number of Airbnb accommodations in neighborhood “j”.

Hypothesis 6b (H6b). Negative relationship between the resident population over 65 years of the
neighborhood “i” and the number of Airbnb accommodations in the bordering neighborhood “j”.

Hypothesis 6c (H6c). Positive relationship between the increase in noise and urban waste in
neighborhood “i” and the number of Airbnb accommodations in neighborhood bordering “j”.

Hypothesis 6d (H6d). Positive relationship between the increase in the ISGT index in the
neighborhood “i” and the number of Airbnb accommodations in neighborhood borderline “j”.

Given all of the above, this study seeks to analyze the evolution of Airbnb in Madrid
neighborhoods through urban sustainability indicators that reflect the effects of over-
tourism, touristification and gentrification processes.

In Appendix A, the reader can see graphically the relationship of the hypotheses
with the explanatory variables of the model and the number of Airbnb accommodations,
according to the three pillars of urban sustainability.

3. Methodology
3.1. Area Studied

Spain is the nation in which Airbnb generates the third-highest activity in the world,
behind only the United States and France. The global figure for the platform’s largest
25 markets shows that the economic footprint of this business model was over EUR
83,380 million in 2018. The US ranks first, with an expenditure of EUR 28,629 million,
followed by France with 9148 million, and Spain with 5844 million.

Madrid’s prominence led us to choose it as the city in which to analyze the impact of
Airbnb on urban sustainability. In 2018, the number of tourists Madrid received reached
10.2 million, growth that some authors classify as a “tourist bubble” [86]. This phenomenon



Sustainability 2021, 13, 3220 9 of 35

positions tourist activity as one of the main economic activities of the Spanish capital and
has consolidated Spain as the second-largest tourism power worldwide.

This large influx of visitors has a tremendous economic and social impact on the city,
generating over 25 million euros a day and over 390,000 jobs in tourism [87]. However, it
also produces great stress in the city center.

According to the population register as of 1 January 2018, Madrid had a total of
3,221,824 inhabitants, of which approximately 4% live in the Downtown district of the city.
This district could be taken as an example of the relationship between gentrification and
the increase in Airbnb tourist apartments in the city.

The Centro district is the most densely populated in the city, with 253 inhabitants
per hectare, with a strong progressive reduction in the child population. The low number
of children living in the district is due, on the one hand, to the fact that it has the lowest
birth rate in the entire city (7.32 compared to the city average of 9.00) and a negative
rate of natural growth (−0.61 versus 0.55 on average in the city). However, in the six
neighborhoods that make up the Centro district, the number of inhabitants between the
ages of 25 and 39 is one of the highest in Madrid (41,021 people), which clearly indicates
that families move to other parts of the city. The city and are replaced by young people, as
shown by the fact that the number of births is higher in the periphery than in the center
(Madrid City Council, 2019a).

On the other hand, urban transformation projects that promote the pedestrianization
of central neighborhoods have a double opposite effect. On the one hand, they represent
notable improvements in the quality of public space and sustainable mobility, but on the
other, they have generated undesirable effects, such as the expulsion and displacement of
traditional small businesses, replaced by franchises and multinationals. This urban model
inevitably consolidates processes of exclusion, gentrification, and socio-spatial segregation
that drive the loss of diversity, identity, and complexity in urban centers [55,58,59,88,89].

3.2. Data

For this study, the data obtained on Airbnb was taken mainly from the Inside Airbnb
website (http://insideairbnb.com/ (accessed on 12 March 2021)). This data contains public
information that is collected from the Airbnb website, which includes the location of all
its accommodations, as well as the availability of the homes throughout the 365 days of
the year. This data is available for over 30 cities in Europe, the United States, Canada,
and Australia. The Airbnb data collected for the city of Madrid covers the period of
2015–2018 and consists of the number of accommodation by type (complete apartments,
private rooms, shared rooms); number of beds; the geographic location according to X,
Y coordinates.

On the map (Figure 1) you can see the distribution of the platform’s accommodations
across the city, it being well known that Airbnb is concentrated in the central neighborhoods.
In Appendix A, the reader can find information for each of the neighborhoods. For the set
of data used to measure sustainability, 13 urban sustainability indicators were used, which
are key to the definition and organization of the city in an urban sustainability model [89].

The selection of these indicators are based on the principles of the Leipzig Charter [7]
and the Toledo Declaration [90], on the Indicators of the UN-Habitat Agenda [6], and the
system of indicators and conditions for large cities and medians from the Barcelona Urban
Ecology Agency [89].

http://insideairbnb.com/
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The use of indicators facilitates the understanding of the evolution of urban sys-
tems over time. The construction of these indicators was carried out with data from
128 neighborhoods, offered by the Madrid city council through its open data web portal
(www.datos.madrid.es/portal/site/egob/ (accessed on 10 March 2021)), the survey “Cal-
idad de Vida y Satisfacción con los Servicios Públicos de la Ciudad de Madrid” (https:
//cutt.ly/7jblf9b (accessed on 10 March 2021)) and its statistics portal (https://n9.cl/wtvf
(accessed on 10 March 2021)). As there is no single system of indicators that can be applied
in a generic and universal way because the indicators respond to the interpretation that is
made of the reality to be analyzed [91], we selected indicators are based on the three pillars
of sustainability (economic, environmental and social), and they allow us the measurement
of four subsystems:

• “Quality of public space” (comfort and acoustic safety): Public space is the structural
component of a more sustainable city model. It is the space for citizen coexistence and
forms one of the main axes of social life and relationships.

• “Urban complexity” (balance of tertiary activity): Urban complexity reflects the inter-
actions established in a city between economic activities, institutions, and associations.
Through urban complexity, an attempt is made to bring people closer to services and
jobs. In addition, the complexity indicators show the maturity of the urban fabric and
the wealth of economic and social capital.

• The “urban metabolism” (generation of waste) is related to the efficiency of the
management of the natural resources of the city. We propose to analyze the cycles of

www.datos.madrid.es/portal/site/egob/
https://cutt.ly/7jblf9b
https://cutt.ly/7jblf9b
https://n9.cl/wtvf
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urban metabolism beginning with the generation of waste. If the seasonal increase in
the consumption of resources and the production of waste increases to unsustainable
amounts, significant costs (economic, social, and environmental) are generated, which
put at risk the attributes of the place and the environmental quality of the destination
in general.

• “Social and economic cohesion” deals with people and social and economic relation-
ships within the urban system. The social mix of cultures, ages, and income levels has
stabilizing effects on the urban structure, since it presupposes a balance within the
city. Analyzing this diversity shows those who occupy the space the ways in which
they can interrelate with the components that make up the neighborhood or city.

Table 2 collects the variables used in the research grouped according to the sustain-
ability pillars, subsystems, and types of variables.

Table 2. Description of database variables.

Type of Variable Subsystem Variables Description Units Source

Dependent
variable Airbnb

The quotient of entire houses
offered via Airbnb between

the total offer of
accommodation on the

platform

% complete houses’
Airbnb Inside Airbnb

Exogenous variables (pillar of sustainability)

Social

Social and economic
cohesion Phed Proportion of population

with higher education
% Population with
higher education Madrid City Council

Social and economic
cohesion Childr Total population 0–15 years

old in the neighborhood Number of people Madrid City Council

Social and economic
cohesion Older Total population over 65 in

the neighborhood Number of people Madrid City Council

Social and economic
cohesion Employ

Total number of employed
population in the

neighborhood
Number of people Madrid City Council

Public space Safety_day
Inhabitants’ perception of

safety of neighborhood
during the day.*

Synthetic indicator
0–100.

Panel of indicators of
districts and

neighborhoods from
Madrid City Council

Environmental

Public space Noise

Disturbances from noise in
neighborhood due to

commercial establishments,
roads, etc.*

Synthetic indicator
0–100.

Open data from
Madrid City Council

Urban metabolism Waste
Daily production of solid

waste generated by residents
and tourists

Kg of waste per
person Madrid City Council

Urban complexity Eqact
Ratio of gross floor area of

tertiary activity vs. total gross
floor area.

m2 Madrid City Council

Economic

Social and economic
cohesion

Global Indicator
of Tourism Stress.

(ISGT)

The sum of hotel beds and the
sum of Airbnb beds for a

surface reference (in this case
each neighborhood)

%
Authors’ calculation,
using methodology

of Ayllon (2018)

Social and economic
cohesion Income Mean household income Euros (€) Madrid City Council

Social and economic
cohesion Rentl Long-term residential rental

price
Thousands of euros

per square meter Madrid City Council

Social and economic
cohesion Price House price Thousands of euros

per square meter Madrid City Council

* p < 0.1.
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In Table 3, the descriptive statistics of the variables to be used in the research are developed.

Table 3. Descriptive statistics of database variables.

Variable Obs Mean Std. Dev. Min Max

Airbnb 512 0.3938384 0.1926467 0 0.82756
Psup 512 458.593 594.6386 55.21949 4393.833

Childr 512 3350.895 2395.897 230 16782
Older 512 5071.381 3256.562 104 19890

Employ 512 9092.064 5436.732 408 35534
Safety_day 512 74.80004 6.523683 56.7 86.2

Noise 512 3.315671 2.088801 0.05 8.575
Waste 512 57.56897 66.97399 0.8995482 535.7117
Eqact 512 0.3499344 0.1313478 0 0.8153415

Global indicator of tourism stress (ISGT) 512 8.780596 24.65839 0 280.6396
Income 512 41338.6 16829.71 535.0852 143227.9

Price 512 2768.224 1166.77 664.9286 7931
Rentl 512 12.23919 2.745184 7.617647 20.95278

Table 3 shows us interesting results regarding the variables. In Madrid, the average
Airbnb offer of complete houses is 39%; however, there are neighborhoods in which the total
offer of accommodation on this platform reaches almost 83%. Taking into account that in
2018 the total Airbnb offer reached a total of 18,267 listings, these figures mentioned above
may represent a significant decrease in the stock of long-term housing (Homeownership
and residential rental). According to the Global Indicator of Tourist Stress, we can say that
in Madrid neighborhoods, although these are not touristy, they will always have an average
of approximately 9 beds tourist accommodation places and a maximum of 280 beds tourist
available.

With reference to the variables that are mostly associated with the presence of Airbnb
in the Spanish capital, the perception of noise on average does not seem to be an important
factor, on a scale of 0 to 10, the neighbors report a perception of 3.3. However, the maximum
for this variable is 8.5, which means that neighborhoods with a higher saturation of tourist
apartments are affected by this tourism externality. Safety, which is a key issue in places
with overtourism, for the particular case of Madrid, the perception is quite good, with
an average of 56.7 and with a maximum of 86.2, on a scale from 0 to 100. The variables
described above enable us to analyze the evolution of Airbnb in Madrid neighborhoods,
specifically on the pillars of urban sustainability from the 2030 agenda.

4. Specification of the Econometric Model

Although the literature on spatial econometrics is divided on how to tackle and choose
the best spatial model, this study uses the method proposed by [10,11] to analyze the impact
of the spatial distribution of Airbnb on sustainability indicators in Madrid.

The simplest model for analyzing a panel of data is to estimate a regression by
Ordinary Least Squares. This model does not include either the spatial or the temporal
dimensions of the data and assumes that the constant in the model is the same for all
cross-sectional and time units. The linear model without spatial effects can be expressed as:

Y = ιNα + Xβ + ε (1)

where

Y is a vector of dimension NT × 1 that corresponds to the observations of the dependent
variable for each cross-section or spatial units i, where i = 1,2 . . . N, and time dimension t,
where t = 1, 2, . . . T,
X is the matrix that contains the k exogenous explanatory variables for each cross-section i
in the time dimension t.
β is the K-dimensional vector of associated coefficients β,
α is the intercept of the equation,
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ε is a vector of error terms independently and identically distributed over dimension NTx1,
which includes the unobservable heterogeneity produced by variables that change both
across the cross-sections or spatial units and over time.

Two models exist to estimate the individual nature of each spatial and/or time unit:
the fixed effects model and the random effects model. The fixed effects model estimates
that the effect has a fixed value for each cross-sectional and/or time unit—that is, that
differences among cross-sectional and/or time units are constant.

Yt = ιNαt + Xtβ + µt + ϑt + εt (2)

where:

ιNα is the intercept of the equation represented by α and ιN, which is the unit vector of
dimension N.
µt is the spatial effect that includes the unobservable heterogeneity produced by variables
that change across each cross-section or spatial units i, but remain constant over time. It is
a vector of dimension N × 1.
ϑt is the time effect that includes the unobservable heterogeneity produced by variables
that change over time but remain constant across each cross-section or spatial units i. It is a
vector of dimension T.
εt is a vector of independently and identically distributed error terms of dimension NTx1,
which includes the unobservable heterogeneity produced by variables that change both
across the cross-sections or spatial units and over time.

For the case of our investigation, Equation (2) in its vector form and with the variables
of our investigation is the following:

Airbnbit = ιNαt +β1Safetydayit
+ β2phedit + β3logchildrit + β4olderit

+β5lemployit + β6Noiseit + β7Log_wasteit + β8Eqactit
+β9ISGTit + β10log_incomeit + β11drentlit + β12pricelagit
+µt + ϑt + εt

(3)

where:

• Airbnbit = percentage of complete homes offered on Airbnb among the total number
of accommodations on the platform in the neighborhood “i” in the period “t”.

• Safetydayit
= collects the responses of the residents of the neighborhood “i” in the time

period “t” to the question “Could you tell me how safe you feel during the day in the
neighborhood or area where you live?” from the annual survey “Quality of Life and
Satisfaction with the Public Services of the City of Madrid”, which scores from 1–4,
1 being: not at all safe, 2: Not very safe, 3: Quite a bit, 4: Very. This variable has been
transformed into a direct synthetic index from 0 to 100 since 4 is better than 1.

• phedit = Percentage of population with higher education among the total population
in the neighborhood “i” in the time period “t”.

• logchildrit = natural logarithm of the population aged 0 to 15 in the neighborhood “i”
in the time period “t”.

• olderit = population over 65 years of age in the neighborhood “i” in period “t”
• lemployit = natural logarithm of the employed population of the neighborhood “i” in

period “t”.
• Noiseit = collects the responses of the residents of the neighborhood “i” in the time

period “t” to the question: “Noise nuisance (premises, public roads . . . )”, from the
survey “Quality of Life and Satisfaction with Public Services of the City of Madrid”,
which scores from 0 to 10, where 0: little noisy and 10: very noisy. This variable has
been transformed into an inverse synthetic indicator from 0 to 100, so that in this way
the indicator closer to 100 is a better indicator.

• Log_wasteit = natural logarithm of the proportion of daily solid waste production (in
kg per individual) of inhabitants and tourists of the neighborhood “i” in period “t”.
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• Eqactit = proportion of the constructed area for tertiary activities among the total
constructed area of the neighborhood “i” in period “t”.

• ISGTit = Global Index of Tourist Saturation of neighborhood i in the time period “t”.
• log _incomeit = natural logarithm of the average household income expressed in euros

in the neighborhood “i” in the time period “t”.
• drentlit = variation of the rental price in the neighborhood “i” in time period t and t-1

and 1.
• pricelagit = Price of the purchase and sale of houses in year t-1 of the neighborhood “i”.

The random effects model, in contrast, considers the effect as a random variable with
an average and a non-zero variance; that is, it views differences among cross-sectional
and/or time units as random [92].

Yt = iNαt + Xtβ +∅+ εt (4)

where:

∅ is the random independently and identically distributed spatial effect with average
0 and variance σ2 6= 0; ref. [11] advises using a fixed effects model from the beginning
instead of a random effects model, because databases of spatial models tend to work with
space-time data of adjacent spatial units located in uninterrupted study areas.

The Lagrange Multiplier (LM) test enables us to determine whether is it significant to
include in the panel data model the spatial lag of spatial dependence on the dependent
variable or on the error term. To do so, the test studies the interrelation of the spatial effects
on the cross-sectional data and is based on the values of the log-likelihood function of
different models. The null hypothesis states that the dependent variable or the error term
are not spatially self-correlated and should be rejected with a significance level of 5% or 1%,
implying inclusion of the lagged or spatial dependence term on the dependent variable or
the error. This test was proposed by [93,94].

Once the model is determined to have substantive spatial dependence (on the depen-
dent variable) or residual dependence (on the regression error term), one must select the
best spatial model. Following the strategy described in [11,95], the best strategy is to begin
with the Spatial Durbin Model (SDM) as a general specification (General Nesting Spatial
Model), expressed as follows:

Yt = ρWyt + iNαt + Xtβ + WXtθ+ εt (5)

εt = λWεt + ut (6)

where:

y is a vector of dimension NT × 1 that corresponds to the observations of the dependent
variable for each neighborhood i and year t.
W (normalized row) is a matrix of spatial weightings or neighborhoods of dimension
N × N, whose interaction (i,j)-th element has some finite and positive value if neighbor-
hoods i and j interact, and zero if not.
ρ is the spatial autoregressive parameter associated with the dependent variable, which
represents the intensity of spatial self-correlation.
Wy captures the presence of the secondary effects.
X is a matrix of dimension NT × k of observations of explanatory variables, where k is
the number of exogenous variables.
β is a vector of unknown parameters associated with independent variables of dimension
k × 1.
θ is a vector of dimension k × 1 of spatial parameters associated with independent
variables (WXit).
u is the spatial fixed effect that includes the unobservable heterogeneity produced by
variables that change across neighborhoods but remain constant over time. It is a vector of
dimension N × 1.
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λ is the Wut spatial coefficient.
ε is a vector of independently and identically distributed error terms of dimension NT × 1,
which includes the unobservable heterogeneity produced by variables that change both
across neighborhoods and over time.

For this study, we considered a row-standardized matrix of four nearest neighbors.
This decision follows the traditional way of using the geographical criterion in the first law
of geography: “Everything is related to everything else, but near things are more related
than distant things” [96]. With this criterion, we use the information from the centroids
and continue to choose the nearest neighbor to the centroid until we obtain the number of
4 neighbors. Based on this reasoning, all regions will have the same number of neighbors,
thus avoiding the problem of isolated units or units with a very large number of neighbors.
Once we have defined the criterion of neighborhood, the set of neighbors is represented by
the distance among spatial units.

Starting from the expression in Equation (4), the panel data SDM [11] with which we
work is expressed as follows, taking the value λ = 0:

Yt = ρWyt + iNαt + βXt + WXtθ+ ut (7)

After estimating the SDM, we must test whether the SDM can be simplified to a spatial
lag model H0 : ρ = 0, or a spatial error model H0 : ρ + θβ = 0 [11,97]. Both tests follow a
Chi-square distribution with K degrees of freedom.

Correct interpretation of space-time models with spatial dependence on the depen-
dent variable or on the explanatory variables should not be understood as simple partial
derivatives. These models can generate a spillover process [11,98]. The total spillover
indicates changes in one dependent variable in a specific spatial unit that directly affect
the dependent variable of that spatial unit but will also indirectly affect these neighbors’
neighbors, causing a feedback effect. Spillover is thus represented as the sum of the direct
and indirect effects [99]. Table 4 shows the direct and indirect effects for the different spatial
panel models.

Table 4. Direct and indirect effects for different spatial panel models.

Model Direct Effect Indirect Effect

Basic β 0
SEM β 0

SAR
Diagonal element

(Iit − ρW)−1 × (βIit)

Elements outside the diagonal
(Iit − ρW)−1 × (βIit)

SDM
Diagonal element

(Iit − ρW)−1 × (βIit + θkW)

Elements outside the diagonal
(Iit − ρW)−1 × (βIit + θkW)

Source: Elhorst [11].

For all models, the W matrix is decomposed as follows:

(Iit − θW)−1 = Iit + θW + θ2W2 + θ3W3 . . . (8)

where Iit is the identity matrix of dimension NT × 1, and W is the spatial weights matrix.
When W is raised to the power of 1, it represents the first-order neighbors. The matrix
with superscript 2 indicates the second-order neighbors, that is, neighbors of the first-
order neighbors, and so on [95]. Equation (8) represents the effects that occur through the
neighboring units and return to the original spatial unit.

5. Results

Table 5, in the second column, summarizes the results (equation 1) of the pooled or
basic model estimated without spatial effects to examine the evolution of Airbnb rentals as
the dependent variable and of the tests to determine which model is better: the spatial lag
model or the spatial error model. According to [11], classic LM tests should be used, both
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for the hypothesis on the spatially lagged dependent variable and for the hypothesis on the
spatially self-correlated error term. The tests should be rejected at 5% and 1% significance,
independently of whether they include fixed effects for space and/or time.

Table 5. Results of evolution of Airbnb on urban sustainability indicators.

Variables Basic SDM with Fixed
Spatial Effects

SDM with Fixed
Temporal Effects

SDM with Fixed
Spatial and

Temporal Effects

SAR with Fixed
Temporal Effects

SEM with Fixed
Temporal Effects

SARAR with
Fixed Temporal

Effects

Safety_day 0.004 *** −0.0007 −0.0033 −0.0007 0.0027 ** 0.0015 −0.0037 *

hed 0 0.00003 *** 0.00002 2.40 × 10−5 ** 0 0 0

logchildr −0.171 *** 0.0822 *** −0.09999 0.0898 * −0.1355 *** −0.1125 *** −0.1115 ***

older −0.167 × 10−5

*** 2.08 × 10−5 −0.00002 *** 2.32 × 10−5 * 1.61 × 10−4 *** −1.37 × 10−5 *** −1.49 × 10−6 ***

lemploy 0.265 *** 0.0133 0.18024 *** 0.0106 0.2009 *** 0.2387 *** 0.1693 ***

Noise 0.015 *** 0.001255 0.00743 ** 1.25 × 10−3 0.008 * 0.0076 * 0.0023

Log_waste 0.031 *** 0.0497 * 0.02803 *** 0.037 0.0308 *** 0.0302 *** 0.0305 ***

Eqact 0.244 *** −0.0528 * 0.20446 *** −0.0557 ** 0.2209 *** 0.1921 *** 0.1973 ***

ISGT 0.001 −0.0006 −0.00009 * −0.0006 0.0002 0 −0.0003

log_income 0.084 *** 0.0087 0.02143 −0.0006 0.0553 *** 0.0492 *** 0.0211

drentl 0.046 *** 0.0016 0.0370 * 0.0127 0.0403 *** 0.0248 ** 0.0367 **

pricelag 0.03 *** 0.011 * 0.01711 −0.0008 * 0.024 *** 0.0214 ** 0.0162

ρ −0.0234 *** 0.14736 *** −0.05109 *** 0.2908 *** 0.4797 *** 0.1205 ***

λ −0.3559 ***

σ2 0.0025 *** 0.015053 *** 0.002417 *** 0.0161 *** 0.0145 *** 0.01475 ***

Observations 512 512 512 512 512 512 512

R-squared 0.5121

Spatial error

Moran’s I 3.975 ***

Lagrange
multiplier 13.993 ***

Robust Lagrange
multiplier 9.84 ***

Spatial lag:

Lagrange
multiplier 46.344 ***

Robust Lagrange
multiplier 42.19 ***

Log-Lik 811.8526 346.2054 815.7226 324.432 332.0476 351.8226

Rw 0.1612 0.0102 0.1399 0.007 0.0114 0.0109

Rb 0.174 0.665 0.224 0.6296 0.6356 0.67

R 0.0145 0.5833 0.0191 0.5397 0.5527 0.5837

Hausman χ2 83.32 64.13 87.62 44.24 67.78

Hausman p-value 0 0 0 0 0

*** p < 0.01, ** p < 0.05, * p < 0.1.

Similarly, when robust tests are used, the hypotheses that do not have a spatially
self-correlated error term must be rejected at 5% and 1% significance. As can be seen in
Table 4, the LM and robust LM tests are rejected at this significance level and suggest that
the model has both residual and substantive spatial dependence.

Based on these results, we will next estimate our equation according to the specifica-
tions of a Durbin model, as [95] propose, with spatial and temporal fixed effects, as [11]
recommends. Elhorst’s [11] recommendation is supported by evidence from the last two
lines of Table 4, where all specifications of static random effects are strongly rejected by the
Hausman test, indicating that we should work with a fixed effects model.

Table 5 on the sixth to eighth columns shows strong spatial interactions of the effects
of Airbnb on sustainability indicators in the city of Madrid. The spatially lagged coefficient
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of the dependent variable (ρ) is highly significant. For the impact of Airbnb, the large
differences between R2

w and R2
b confirm the importance of the fixed effects associated

with variables that are not included in the analysis and that cannot be identified in this
specification. A R2 of at least 0.58 shows, however, that the models can represent a large
proportion of the temporal variance of Airbnb’s impact on the city of Madrid.

The results on Table 6 strengthen the recommendations by [11,95] to begin with an
SDM model as general specification.

Table 6. Test for model selection.

Test χ2 p-Value AIC

H0 : ρ = 0 48.24 0
H0 : ρ + θβ = 0 48.20 0

SARAR −634.0951
Durbin −651.6453

The coefficients of the explanatory variables in the non-spatial model are significantly
different from zero and have the expected signs. In the SAR version of the model (see
Table 4) the results in the coefficients indicate that there is a partial improvement in the
quality of public space in those neighborhoods with a higher concentration of tourists, as
the indicator of perception of safety is positive and significant (coefficient 0.0027), rejected
Hypothesis H4a. The previous results are reinforced with Figure 2, which shows that the
districts of Madrid with a trend of increasing security perception during the day (years
2015–2018) are the districts with the highest presence of Airbnb accommodations.
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Figure 2. Perception of safety during the day in districts of Madrid with the highest presence of
Airbnb accommodations. (Synthetic indicator 0–100).

However, the noise indicator (coefficient 0.008), is positive and significant, which
indicates a decrease in acoustic comfort. This fact represents a loss in the environmental
sustainability of the neighborhoods where there is a greater presence of tourists and that
corresponds to a greater number of Airbnb accommodations, H2b. Figures 3 and 4 show the
evolution of residents’ perception of noise in these neighborhoods. The neighborhood of
Embajadores, in the city center district, has experienced the greatest increase in perception
of noise, due in large measure to the neighborhood’s considerable increase in tourism
rental apartments during the research period. In neighborhoods of the Chamberí district,
the increase in perception of noise is generalized in all neighborhoods, as in the city
center. Chamberí also has two conditions that make environmental impact negative
and higher: it has a high rate of Airbnb lodgings, and it is a district that neighbors city
center neighborhoods.
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Urban complexity in our model is represented by the indicator of balance of commer-
cial activity (coefficient 0.2209). Which, being positive and significant, represents a deterio-
ration due to the dominance of tertiary activities (hotels, restaurants, leisure and shopping
centers) versus the activities of the residential population, fulfilling Hypothesis H5a.

The urban metabolism of the neighborhoods with the highest tourist saturation will be
reduced because the waste generation indicator (coefficient 0.308) is positive and significant
as Airbnb accommodations increase according to Hypothesis H2a.

Regarding social and economic issues, the model shows that the neighborhoods in
which the aging population increases (coefficient 1.61 × 10−4) (Hypothesis H1e), with
a loss of population under 15 years old, (coefficient −0.1355) (Hypothesis H1f) has a
significant and positive increase in income per capita (coefficient 0.0553) (Hypothesis H1c).
The interpretation of these three variables together shows the existence of a gentrification
process as there is an increase in Airbnb accommodations.

Tourist saturation measured through the Global Index of Tourism Pressure (ISGT)
(coefficient 0.002) is positive but not significant. This result leads us to reject the H1d
hypothesis. However, this statement cannot be “accepted” in a blunt way; in Figure 5,
there is clearly a positive relationship between neighborhoods with a saturation index
above the average and the neighborhoods with a greater number of accommodations.
The fact that the model accepts the null hypothesis that H0 : β9 = 0, from the test the
individual significance is due to the existence of multicollinearity between the independent
variables. One of the consequences of a model having multicollinearity, the correlation
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between the independent variables, is that one or more coefficients are not statistically
significant [100]. This is due to the fact that the model presents variances and covariances
of the B estimators larger than normal, so the confidence intervals are much wider and
favors an easier acceptance of the “null hypothesis 0” (H0 : βi = 0). Despite this, the model
estimators will continue to be Efficient, Unbiased, and Optimal.
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Regarding the variables of rent price and purchase-sale price with significant coeffi-
cients of 0.0403 and 0.024, Hypotheses H1a y H1b, respectively, they show that as these
prices increase, Airbnb apartments also increase. This finding is confirmed by the rate of
income growth of residents in these neighborhoods, which is positive, as shown by evi-
dence in Horn and Merante, [13] the case of Boston. Airbnb supporters argue that sharing
one’s house allows residents to obtain additional income, enabling some people to continue
living in housing markets that appreciate rapidly and to defray other costs of living [13].
These results are also reinforced by Figure 6, where we observe that neighborhoods with
the highest rent per square meter are those with the highest density of Airbnb rentals
(see Figure 1). Furthermore, Figures 7 and 8 show that the price of housing has increased
in neighborhoods in the city center and Chamberí districts-neighborhoods with a high
presence of Airbnb.
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Theoretical models generally consider the presence of spatial spillover effects that
decrease as the distance between spatial units increases. Empirically, spatial panel models
have become a popular tool to measure such effects [10].

Elhorst [11] argues, however, that confirming the presence of spatial spillover effects
requires determining and comparing the direct and indirect effects generated in spatial
models. The direct effects represent the impact on the dependent variable (Airbnb) caused
by change in an explanatory variable in a particular location (neighborhood i). On the
other hand, the indirect effects can have two meanings, as [101] indicate: 1) the effects of
changes in an explanatory variable (neighborhood i) on the dependent variable in other
locations (Airbnb in neighborhood j), or 2) the effects of changes in an explanatory variable
(neighborhood j) on the dependent variable in location i (Airbnb in neighborhood i).

If a spatial spillover effect of the impact of Airbnb on the city’s sustainability exists, it
will be seen in the fact that certain effects exist in the neighborhood j (which is adjacent to
neighborhood i) due to the stress of tourist apartments and their influence on sustainability
of neighborhood i. These effects are reported in Table 7. For [11], the difference between the
direct effects of the explanatory variables and their coefficients of estimation is explained
by feedback effects from the impacts that pass through their neighbors and return to them.

Table 7 shows that these additional results are consistent in all of the spatial specifica-
tions, as the controls are significant and take the expected sign.

We find interesting results when analyzing the direct and indirect effects of the variables:

• The increased perception of safety in the neighborhood “i” is influenced by the increase
in the number of Airbnb apartments in the same neighborhood (0.0028) and in the
contiguous neighborhood “j” (0.011).

• Given that there is a negative relationship, the decrease in the younger population
in the neighborhood “i” increases the total number of Airbnb accommodations in
the neighborhood “i” (−0.1355) and in neighboring neighborhood “j” (−0.0509),
Hypothesis H6a.

• We observe a negative relationship between the elderly population and the number
of Airbnb accommodations in neighborhood I and neighborhood j, which leads us to
accept Hypothesis H6b.

• The increase in noise and waste production indicators in the neighborhood “i” causes
an increase in the number of accommodations in neighborhood “j”. This means
that tourists look for quieter and cleaner adjacent neighborhoods j in which to stay
(0.0121) and (0.0031) when a certain level of noise and waste was reached in “i”,
Hypothesis H6c.

• The increase in housing prices in the neighborhood “i” (rent and sale) not only moti-
vates the increase in the supply of complete houses in the neighborhood itself (0.0419,
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0.024) but also influences neighboring neighborhoods “j” (0.0156, 0.0091) that also
have an increase in tourist apartments.

• The increase in families with higher average incomes in the neighborhood “i” will
influence the number of Airbnb accommodations to increase in the same neighborhood
(0.057), however this increase in prices of real state, causes Airbnb’s offer will it to also
increase in neighboring neighborhoods “j” (0.0215).

Table 7. Direct and indirect effects based on estimated coefficients for spatial models reported in
Table 3.

SAR SDM SAC

Direct effects

Safety_day 0.0028 ** −0.0035 * 0.0016
phed 3.13 × 10−6 1.15 × 10−5 5.06 × 10−6

logchildr −0.1355 *** −0.1142 *** −0.1178 ***
older −1.63 × 10−5 *** 1.45 × 10−5 *** −1.46 × 10−5 ***

lemploy 0.2277 *** 0.1905 *** 0.1996 ***
Noise 0.0082 ** 0.0032 0.0082 *

Log_waste 0.0318 *** 0.0313 *** 0.0328 ***
Eqact 0.2255 *** 0.2002 *** 0.2056 ***
ISGT 0.0002 0.0004 −3.42 × 10−6

log_income 0.0574 *** 0.0262 0.0535 ***
drentl 0.0419 *** 0.0364 * 0.0273 **

pricelag 0.024 ** 0.0166 0.0225 **

Indirect effects

Safety_day 0.0011 ** 0.0048 * 0.0013
phed 1.27 × 10−6 1.44 × 10−5 4.26 × 10−6

logchildr −0.0509 *** −0.2162 *** −0.0932 ***
older −6.15 × 10−6 *** 5.29 × 10−6 *** −1.15 × 10−5 ***

lemploy 0.0857 *** 0.1876 *** 0.1578 ***
Noise 0.0031 * 0.0344 *** 0.0065 *

Log_waste 0.0121 *** 0.018 0.0263 ***
Eqact 0.0848 *** 0.1268 0.1621 ***
ISGT 0.0001 −0.0004 −1.31 × 10−5

log_income 0.0215 *** 0.1281 *** 0.0422 ***
drentl 0.0156 *** −0.025 0.0212 ***

pricelag 0.0091 ** 0.0256 0.0178 **

Total effects

Safety_day 0.0039 ** 0.0013 0.0029
phed 4.40 × 10−6 −2.85 × 10−6 9.31 × 10−6

logchildr −0.1864 *** −0.3304 *** −0.211 ***
older −2.25 × 10−5 *** −9.25 × 10−6 −2.61 × 10−5 ***

lemploy 0.3134 *** 0.3781 *** 0.3574 ***
Noise 0.0113 * 0.0376 *** 0.0147 *

Log_waste 0.0439 *** 0.0492 *** 0.0591 ***
Eqact 0.3103 *** 0.327 *** 0.3677 ***
ISGT 0.0002 −0.0008 −1.65 × 10−5

log_income 0.0789 *** 0.1542 *** 0.0957 ***
drentl 0.0575 *** 0.0114 0.0484 **

pricelag 0.033 ** 0.0422 * 0.0403 **
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Based on all of the foregoing, we can conclude that spillover effects from the increase in
Airbnb exist in the residential neighborhoods of Madrid due to a set of socioeconomic and
environmental variables present in the three pillars of sustainable development. Specifically,
we demonstrate the presence of global effects and local spatial effects. An increase in Airbnb
in adjacent neighborhoods has individual effects on the sustainability of the neighborhood
itself, while the same effects are found in the surrounding neighborhoods, although with
less impact.

6. Conclusions and Discussions

The growth in tourism over recent decades has been accompanied by the concen-
tration of tourism flow towards specific areas, causing overcrowding and problems with
carrying capacity and environmental sustainability of main tourism cities in the world. This
phenomenon has been identified as “overtourism”. Overtourism in turn has contributed to
what is known as touristification, which is the term that refers to the impact that tourist
overcrowding has on the commercial and social fabric of certain neighborhoods in the
world’s major tourism cities. These impacts can be identified through the footprint left by
tourists on a series of urban sustainability indicators whose evolution will show the trans-
formations suffered by the neighborhoods of tourism cities that suffer from overtourism.
However, the impacts of overtourism are increasingly visible in popular areas of cities,
which means that even in areas with limited or barely existing tourist activities, residents
even can perceive overtourism [102].

In this study, we have tried to explain how all these phenomena determine the
location and number of tourist accommodations offered on the Airbnb platform through
the footprint left by tourists on the urban sustainability indicators of the neighborhoods of
the city of Madrid. To do this, a spatial panel model type SAR was built.

The model allows us to explain the evolution, in terms of number, of Airbnb ac-
commodations in different neighborhoods through a proxy variable of the concept of
“overtourism”, such as the Global Indicator of Tourism Stress; as well as a series of urban
sustainability indicators that reflect the impacts of touristification and the processes of
tourism gentrification that local residents endure. This methodology is the best, because
only this type of econometric modeling allows us to work on temporal, cross-section and
spatial effects at the same time.

Our results show that the demand for tourism housing in certain neighborhoods
increases the price of real estate, due to the fact that they support greater tourist sat-
uration and this coincides with a greater number of Airbnb accommodations in those
neighborhoods. This fact is a direct consequence of what is known as Airbnbfication, and
supports studies by Le Gallo [12], Quattrone [26], and Guttentag [20]. Other consequences
of “overtourism” are the indirect repercussions on the sustainability of neighborhoods.
One of them is the reduction in the supply of housing for the local population due to
the increase in unregulated tourism housing, which has direct implications on the social
and economic structure of these neighborhoods, showing that in those neighborhoods
where the indicators corresponding to social and economic cohesion worsen, there are
a greater number of Airbnb accommodations. These results agree with the definition of
Smith [62] and Gothan [103] regarding the concept of gentrification, this conclusion allows
us to accept global Hypotheses 1 and 3.

Although the perception of safety in neighborhoods is positive and good in the sense
that this indicator improves, in line with the work carried out by Pizam [104] and Lagoni-
gro [37], the noise annoyances and garbage production in neighborhoods because of the
greater presence of people are increased, according to the investigations of Dyer [105], Bal-
aban [106], Ahmad [107], which prevents us from fully accepting the global Hypothesis 2.

It has also been found that the neighborhoods where there is a greater number of
Airbnb accommodation and greater tourist saturation are more vulnerable in economic,
social and environmental aspects, as it happens in mature tourism destinations. This agrees
with the study by Almeida [108] and allows us to accept global Hypotheses 1 to 5. At
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last, this research tests Hypothesis 6 regarding the existence of spillover effects in the
distribution of Airbnb accommodations. In neighborhoods that reach a certain level of
tourist saturation, tourists decide to opt for accommodation in neighboring neighborhoods.
This is a new contribution to the existing literature that found a positive relationship
between per capita income levels and Airbnb accommodations such as the works of Jiao
and Bai [109], Quattrone [19], and Wegman and Jiao [32].

These results demonstrate how the relationship between gentrification and airbnbfica-
tion (Hypothesis 1) work together, complementing each other, promoting the transforma-
tion of certain neighborhoods where the tourism industry finds benefits, as suggested by
the rapid increase in vacation rentals [5,65].

Although our conclusions point to a clear negative relationship between the increase in
the number of Airnbnb accommodations and the Urban Sustainability of the neighborhoods
that support it, their maximum load capacity has not yet been reached, measured by the
ISGT variable. For this reason, and given that the increase in the number of tourists cannot
be stopped, those responsible for managing tourism in Madrid should focus on dispersing
the concentration of accommodation in the most saturated neighborhoods towards adjacent
neighborhoods (spillover effect observed in the research) and in turn try to regulate the
growth of entire properties that are dedicated to short-term rental, thus improving the
overall sustainability of the city.

Finally, the study opens a new debate on the measures to be taken to improve the
sustainability of the city and opens a new way of understanding gentrification processes
due to an increase in visitors through urban sustainability indicators. This represents a
new contribution to the academic literature on the specific topic of Airbnb, Airbnbfication
and sustainability that is very recent and quite limited.

Limitations

It is very important to keep the limitations of this document in mind. First of all,
sustainability is a difficult concept to quantify and interpret, which often depends on the
objectives to be achieved. Second, the lack of statistical information at the neighborhood
level has not allowed us to study other indicators of urban sustainability that better show
the processes of tourism and overtourism. Third, it is possible that there is a causal relation-
ship (to be resolved) between tourist saturation and the number of Airbnb accommodations,
which causes certain inefficiencies in the estimated parameters that accompany the ex-
planatory variables of the model. Given the above, this research topic deserves a broader
exploration to determine the exact effects of this phenomenon on urban sustainability.
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Table A1. Composition of the neighborhoods of the districts of the city of Madrid in 2018.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha)

Location Administrative Wards

1 Centro 522.82 132,352 253.15; 833.58
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Table A1. Cont.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha)

Location Administrative Wards

5 Chamartín 917.55 144,894 157.91; 211.04
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Table A1. Cont.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha)

Location Administrative Wards

9 Moncloa-
Aravaca

4,653.11 117,835 25.32; 31.07
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Table A1. Cont.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha)

Location Administrative Wards

13 Puente de
Vallecas

1,496.86 230,488 153.98; 155.43
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Table A2. Cont.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha)

Location Administrative Wards

17 Villaverde 2,018.76 145,523 72.09; 74.30
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Table A2. Cont.

District Number Name District Area hab/ha Population 2018 Population Density and Density of Population
Plus Tourists (hab/ha and hab+Tourists/ha) Location Administrative Wards

21 Barajas 4,192.28 47,836 11.41; 25.24
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