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Abstract

The phenomenon of short-term house rentals has rapidly developed in recent
years. The most well-known platform offering primarily short-term rentals is
“Airbnb”. Initially, the platform allows hosts to rent out accommodations (apart-
ments, houses, or even rooms). The platform allows users to filter accommo-
dation options based on several factors, including cost per night, property cat-
egory, user feedback, and proximity. The factors influencing the demand in
terms of location and setting the spatial distribution of Airbnb properties have
been the subject of many studies. These factors include, among others, social,
economic, and demographic aspects, as well as considerations of accessibility,
the location and attractiveness of popular areas, and the characteristics of the
available accommodations. This paper provides an overview of the methods
used in previous research papers to analyze the spatial distribution of Airbnb
properties and compares the findings. By offering a structured comparison,
this article aims to provide an integrated understanding of the spatial dynam-
ics that drive Airbnb property distribution.
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1. Introduction

The rise of short-term rental platforms has redefined the way people experience
travel and accommodation. Among these platforms, Airbnb has appeared as a
global leader, bridging the gap between traditional hospitality and peer-to-peer
sharing economies. Offering diverse lodging options—from comfortable single
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rooms to luxurious villas—Airbnb caters to a broad spectrum of travellers. Its
user-friendly interface, combined with customizable search options for price, lo-
cation, and amenities, has positioned it as a dominant force in the travel industry.
However, the rapid expansion of Airbnb has also sparked significant interest in
understanding the factors that influence the spatial distribution of its properties.
These factors include socioeconomic and demographic variables, the attractive-
ness of popular areas, and even specific property characteristics. By analysing these
aspects, researchers aim to uncover the underlying dynamics shaping Airbnb’s
spatial footprint and its implications for urban development. The study of Airbnb’s
spatial distribution is crucial for several reasons. Airbnb has reshaped urban land-
scapes, influencing housing markets, gentrification, and local economies [1]. An-
alyzing its spatial footprint enables policymakers to track housing availability and
affordability, check rising rental prices, and design effective strategies to balance
the interests of local communities and tourists. Also, understanding the spatial
factors that influence Airbnb’s spread, including accessibility to public transport,
major road networks, and airports, as well as the attractiveness of areas with cul-
tural landmarks or scenic views, is crucial as it lays the groundwork for any future
studies examining the impact of other variables [2]. At the same time, Airbnb im-
pacts urban planning and governance [3]. Short-term rentals can lead to over-
tourism in specific neighbourhoods, putting pressure on local infrastructure and
affecting community life. On the other hand, they may increase economic activity,
for example by attracting travellers to less. Mapping these patterns aids in uncov-
ering challenges and thus creating sustainable urban policies. The sharing econ-
omy through the Airbnb platform, has introduced significant changes as well as
several challenges and opportunities, such as:

e Airbnb diverts revenue from traditional market sectors such as the hotel in-
dustry to individual property owners. This coupled with a lack of regulatory
frameworks, has caused some tax revenue losses for governments in the past.
On the other hand, some property owners have managed to survive the eco-
nomic crisis in Greece by earning a moderate monthly income by renting their
houses through the Airbnb platform. Since 2010 and up to 2018 about 126331
properties in total have been registered on the Airbnb platform; however, this
number has decreased significantly today because properties of lower quality
standards have difficulty finding tenants.

¢ A new form of gentrification, termed “hotelization”, has appeared especially
in tourist or central areas. This transformation, driven by Airbnb, involves
turning middle-class neighbourhoods into tourism-focused, exclusive areas.
The growth of Airbnb has caused rents to rise, as property owners choose
short-term tourist rentals over long-term tenants. This has forced lower-in-
come residents out of city centres, turning entire neighbourhoods into “hotel
zones”.

e Fourthly, the transformation of these neighbourhoods affects not just real es-

tate but also the social fabric, leading to conflicts between locals and tourists.

DOI: 10.4236/iim.2026.181001

2 Intelligent Information Management


https://doi.org/10.4236/iim.2026.181001

E. Panagopoulou et al.

The displacement of economically weaker groups has undermined original ur-
ban planning goals, disrupted daily life, and caused tensions within communi-
ties.

o Airbnb has contributed to urban renewal, with neglected or abandoned build-
ings being renovated to accommodate tourists, which improves the city’s im-
age but also leads to greater demands on infrastructure [4]. For example, many
old and vacant apartments in Athens have been renovated with the purpose of
being used for short-term renting as this is the only rental type that may re-
cover the renovation and maintenance expenses fast.

o The rapid growth of short-term rentals needs policy interventions to address
issues like noise, congestion, and safety while ensuring urban planning and
housing policies are revised for balanced and sustainable development.

By taking into account these elements, a study on Airbnb’s spatial distribution
not only highlights the transformative effects of Airbnb on cities but also under-
scores the importance of strategic planning to mitigate the challenges. The pri-
mary aim of this review is to consolidate and evaluate the methods and data used
in previous studies to analyse the spatial distribution of Airbnb properties. These
analytical approaches allow researchers to assess the impact of various spatial, so-
cial, and economic factors on Airbnb distribution. By offering a structured com-
parison of methods and findings, this article aims to provide an integrated under-
standing of the spatial dynamics driving Airbnb distribution. Ultimately, the in-
sights derived from this review aim to inform urban planning, policymaking, and
future academic research, contributing to a more balanced and sustainable ap-
proach to managing the growth of short-term rentals. To achieve this, the review
systematically compares existing studies on the spatial distribution of Airbnb, fo-
cusing on four key aspects examined in previous research:

e Study Area: Analysis of the geographic regions selected in previous studies to
show potential spatial distribution patterns of Airbnb in different urban and
tourist environments.

e Data: Comparison of the types of data used in the studies, such as Airbnb list-
ings, transportation networks, accessibility to points of interest, rental or prop-
erty prices, and other relevant variables.

¢ Methods: Evaluation of the methods applied in the studies, including spatial
analysis techniques, statistical methods, and machine learning models.

e Results: Comparison of the main findings of each study to highlight trends,
similarities, and differences in the spatial distribution of Airbnb, as well as to
show potential research gaps.

Through this comparative approach, the review aims to highlight the strengths,
limitations, and gaps of the methods used in the literature, providing a compre-
hensive overview of existing research and future directions for studying the spatial
dimension of Airbnb. As a methodological approach, this study adopts a system-
atic literature review in order to identify, compare, and critically assess the data

sources and analytical methods applied in previous research on the spatial distri-

DOI: 10.4236/iim.2026.181001

3 Intelligent Information Management


https://doi.org/10.4236/iim.2026.181001

E. Panagopoulou et al.

bution of Airbnb properties. This review is based on a systematic literature search
conducted between 2017 and 2025. Academic articles were identified using the
Scopus and Web of Science databases, complemented by targeted searches in
Google Scholar to capture recently published or in-press studies. The search strat-
egy combined keywords such as Airbnb, short-term rentals, spatial distribution,
spatial analysis, geographically weighted regression, spatial econometrics, and ur-
ban tourism. Inclusion criteria required that studies (i) explicitly analysed the spa-
tial distribution of Airbnb listings, (ii) applied quantitative spatial or econometric
methods, and (iii) focused on urban or tourist contexts. Exclusion criteria in-
cluded purely descriptive studies, non-spatial analyses, conference abstracts with-
out full papers, and studies focusing exclusively on demand-side behaviour. Fol-
lowing screening and eligibility checks, a total of seventeen peer-reviewed articles

were selected for detailed analysis.

2. Historical Development of Short-Term Rentals and
Characteristics

2.1. History of Short-Term Rentals

The history of the short-term rental market, a kind of “private rooms to let” in-
formal and untaxed or organized businesses, is a post-World War type of tourism
and low-cost accommodation closely related to vacation in the various popular
tourist destinations in Europe and globally. It worked in parallel with the formal
travel organizers’ market and hotels, guesthouses, and “bed and breakfasts” in-
dustry, mainly as a low-cost accommodation alternative for both local and inter-
national tourism for vacation purposes. Its informal operation was tolerated due
to its dual benefit. It helped local economies by increasing the income of low- and
low-middle-income residents during vacation periods, too. In the second half of
the 20th century, there was a rise of mass tourism, with more people having the
means and leisure time to travel; many individuals offered rooms in their homes
to tourists, creating a diverse range of “personalized” accommodation choices.
The current form of short-term rentals is closely linked to the globalization of
tourism, the rapid increase of tourist destinations, and the parallel evolution of
Internet services and online platforms in the 90s. It began in 1995 with the launch
of VRBO (Vacation Rentals by Owner), which operated as digital “advertise-
ments” and focused on vacation rentals in resort destinations, mainly in the U.S.
[5]. Booking.com emerged one year later, comparing hotel rates and Craigslist
began ads for long- and short-term rentals around the same time [6]. In the mid-
2000s, HomeAway appeared from the merger of five rental sites and acquired
VRBO in 2006, becoming a dominant player in marketing [7]. The autumn of
2007 marked the beginning of Airbnb, an idea born out of necessity when Brian
Chesky and Joe Gebbia sought extra income to pay their rent in San Francisco.
They purchased three inflatable mattresses and rented them out nightly, branding
their concept “Airbed and Breakfast” and creating a website to advertise. In Feb-

ruary 2008, Nathan Blecharczyk, a technical architect and Harvard graduate,

DOI: 10.4236/iim.2026.181001

4 Intelligent Information Management


https://doi.org/10.4236/iim.2026.181001

E. Panagopoulou et al.

joined Brian and Joe to set up Airbnb officially. By 2012, Airbnb’s website featured
over 100,000 properties (houses, apartments, and villas) in 192 countries. Today,
Airbnb boasts over 8 million listings worldwide. Several other platforms have con-
tributed to the evolution of the short-term rental market, including Couchsurfing
(launched in 2004)—a free online hospitality exchange network [8], Onefinestay
(founded in 2010), which focuses on luxury accommodations, and Wimdu, estab-
lished in Berlin in 2011 as an online marketplace for short-term lodging. Never-
theless, this study will concentrate on Airbnb, given its widespread popularity, rapid

expansion, and significant impact on the rental property sector.

2.2. Opportunities

Airbnb and similar short-term rental platforms have introduced many benefits to
urban environments and travelers alike. Research examining the success of Peer-
to-Peer (P2P) rental practices, where individuals rent out properties via online
platforms, indicates that this success is driven by several key factors that also in-
fluence their spatial distribution. One of the primary reasons is supplemental in-
come and asset use, as P2P rentals allow individuals to generate extra income by
monetizing underutilized housing stock, often located within residential neigh-
borhoods. Another major factor is the desire for authentic experiences, with trav-
elers increasingly seeking alternatives to standardized tourism offerings. Many
visitors prefer accommodations embedded in everyday urban environments, al-
lowing them to immerse themselves in local culture, daily life, and neighborhood
dynamics [9]. Cost-effectiveness also plays a crucial role, as short-term rentals of-
ten provide access to centrally located or well-connected areas at more affordable
prices than traditional hotels, contributing to a spatial redistribution of tourist
accommodation beyond established hotel districts. Additionally, social interac-
tion between hosts and guests reinforces the attractiveness of short-term rentals
in residential settings, supporting their expansion outside conventional tourism
zones. Another factor contributing to the success of P2P rentals is the availability
of unique and non-standardized accommodation options. Unlike conventional
hotels, which generally follow standardized designs, short-term rental platforms
offer a diverse range of lodging choices, facilitating the emergence of Airbnb list-
ings in areas that traditionally lacked formal tourist infrastructure. Collectively,
these elements explain the widespread appeal and rapid expansion of Airbnb,
while highlighting its role in reshaping the spatial structure of urban tourism and

accommodation markets.

2.3. Challenges

Despite its popularity, Airbnb has raised a series of challenges with significant
implications for urban housing markets and community dynamics. From a spatial
perspective, these challenges are closely related to the uneven geographical distri-
bution and spatial concentration of short-term rental properties [10]. Airbnb’s

challenges include issues related to rising housing costs [11] and reduced availa-
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bility of long-term rentals, particularly in central, tourist-oriented, and high-de-
mand neighborhoods, as well as neighborhood disruptions and gentrification pro-
cesses [12]. The spatial concentration of Airbnb listings in specific districts has
been associated with increased pressure on local residents, contributing to changes
in the social composition of neighbourhoods and alterations in their functional
and residential character. Historic centres and well-connected areas are especially
affected, as residential units are increasingly converted into short-term rentals,
intensifying socio-spatial inequalities. Moreover, spatial clustering of Airbnb prop-
erties can amplify localized disturbances, including noise, congestion, and changes
in everyday community life. These spatially uneven impacts have led to growing
reactions from residents in many cities, who argue that Airbnb exacerbates hous-
ing problems and undermines neighbourhood cohesion and sense of community.
As a result, many local authorities have introduced regulatory measures aimed at
controlling the spatial concentration of short-term rentals and mitigating their

effects on housing affordability and urban liveability [13].

3. International Research: State-of-the-Art

This section presents a comprehensive literature review based on the analysis of
recent academic articles that investigate the spatial distribution of Airbnb accom-
modations. Each article was examined in terms of study area, data sources, applied
methods, types of variables used, and key findings. The aim is to find patterns,
commonalities, and differences in how researchers approach the spatial analysis
of Airbnb. To enhance clarity and enable meaningful comparisons, the studies are
categorized by continent (Europe, North America, Asia). This geographical clas-
sification is considered necessary to reflect regional particularities in urban struc-
tures, housing markets, tourism patterns, and regulatory frameworks, all of which

can significantly influence both the choice of methods and the resulting outcomes.

3.1. Europe

The spatial distribution of Airbnb accommodations has been widely studied
across various European cities, revealing diverse patterns and determinants influ-
enced by socioeconomic, geographic, and tourism-related factors. A spatial anal-
ysis of Airbnb in the wider Athens region, Greece [14] conducted a spatial analysis
of Airbnb in the wider Athens region, Greece. Using data obtained from the
airdna.com and insideairbnb.com websites, as well as from the Greek Statistical
Authority (ELSTAT), they found that the maximum number of rentals was in the
center of Athens, while the highest average price per night occurred in Vouli-
agmeni. They saw a positive correlation between rents and the price per square
meter and a negative correlation between wage earners and unemployment. The
study applied both Ordinary Least Squares (OLS) and Geographically Weighted
Regression (GWR) methods; OLS was calculated in SPSS and GWR in ArcGIS.
With the number of Airbnb rentals as the dependent variable, the OLS method
produced an R? coefficient of 85.7%, while GWR yielded 93%. When considering
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the average price per night as the dependent variable, OLS had an R* of 41.7%,
and GWR improved this to 71% [14]. In Barcelona, a study examined the spatial
distribution of Airbnb accommodations, focusing on the relationship between
Airbnb rental prevalence and socioeconomic characteristics alongside tourism-
related indicators [15]. Employing a GWR model, it provided localized insights
on how socioeconomic factors influence the ratio of Airbnb accommodations to
total households per neighborhood. Independent variables included education
levels, family income, immigrant diversity, population density, the percentage of
residences below 75 sqm, and proximity to the city center and tourist points of
interest. Using R software for data analysis, geospatial processing, and mapping,
the GWR model outperformed the OLS model with an R? value of 0.84 compared
to 0.63. The OLS model revealed a significant positive correlation between the
Airbnb-to-household ratio and the presence of non-EU migrants and proximity
to tourist attractions, alongside negative correlations with family income, popula-
tion density, and distance from the city center. These findings highlight the une-
ven distribution of Airbnb accommodations closely tied to socioeconomic dispar-
ities [15]. Spatial patterns of Airbnb and hotels in Barcelona were analyzed by
comparing geolocated datasets such as Airbnb listings from Inside Airbnb, hotel
locations from the Catalonia Tourism Registry, tourist activity from Panoramio
geotagged photos, and demographic and land-use data from the municipal census
and Cadastre 2014 [16]. The GIS-based method involved data aggregation by cen-
sus tracts to create density maps and descriptive statistics. Normalization tech-
niques were used to compare hotel and Airbnb distributions. Spatial autocorrela-
tion analysis using Global Moran’s I revealed clustering patterns, with Airbnb
showing stronger clustering (0.70, p < 0.01) than hotels (0.23, p < 0.01), contra-
dicting Airbnb’s claim of dispersed distribution. Bivariate spatial autocorrelation
confirmed a strong spatial correlation between Airbnb and hotels, with Airbnb
benefiting more from proximity to tourist attractions (Airbnb-Panoramio Mo-
ran’s I: 0.18 vs. Hotels-Panoramio Moran’s I: 0.08). OLS regression showed that
Airbnb supply is positively associated with the city center, beaches, tourist
hotspots, and leisure areas, while hotels displayed more diversified location pat-
terns influenced by business districts and transport infrastructure. The study con-
cluded that Airbnb intensifies tourism-related gentrification and conflicts with
residents, leading to regulatory interventions [16]. The spatial distribution of
Airbnb rentals and hotels in London and their relationships with demographic,
socioeconomic, and environmental factors were explored using spatial economet-
ric models that account for spatial dependence [17]. The study incorporated var-
iables from eight categories—population, tourist flows, transport, employment,
environmental quality, safety, well-being, and housing—chosen based on previ-
ous literature. Using the local bivariate Moran’s I index, the spatial relationship
between Airbnb and hotels was analyzed, while spatial lag and error models in-
vestigated the influence of socioeconomic and environmental factors. Results re-

vealed a coexistence relationship between Airbnb rentals and hotels in central ar-
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eas and a substitution relationship in popular tourist areas. Accessibility was iden-
tified as a key determinant for accommodation supply, with hotels influenced
mainly by agglomeration effects, whereas Airbnb locations were shaped by envi-
ronmental factors, the presence of hotels, and rental housing availability. The
study emphasized the importance of spatial dependence in understanding accom-
modation dynamics and highlighted differing spatial drivers for Airbnb and hotels
[17]. The spatial distribution of Airbnb in Barcelona and Lisbon was examined,
analyzing penetration degree, spatial clustering using the Local Indicator of Spa-
tial Association (LISA), and the determinants of clustering [18]. Data from Inside
Airbnb (2019-2020), the 2011 Census, municipal registers (2011-2019), and
OpenStreetMap were used. Explanatory variables included distance to the city
centre, points of interest, public transport access, population density, average rent,
and cultural characteristics such as the proportion of native residents and univer-
sity education. LISA analysis revealed significant spatial clustering of Airbnb list-
ings in central neighborhoods of both cities, with Barcelona showing the highest
concentration in historic areas such as Barri Gotic and El Raval, while peripheral
neighborhoods exhibited low penetration. Moran’s I values were 0.79 for Barce-
lona and 0.55 for Lisbon. Negative binomial regression models indicated that
proximity to the city centre was negatively related to Airbnb penetration in both
cities, with a stronger effect observed in Barcelona. Points of interest had a positive
impact on Airbnb listings, while public transport access facilitated Airbnb expan-
sion in Lisbon but was not significant in Barcelona. High average rent increased
Airbnb listings in Barcelona, whereas vacant apartments played a key role in Lis-
bon. Demographic factors exhibited contrasting effects, with population density
negatively affecting Airbnb in Barcelona but positively in Lisbon. The COVID-19
pandemic resulted in a 3.7% reduction in listings in Barcelona and a 21.6% reduc-
tion in Lisbon between September 2019 and December 2020, particularly in cen-
tral neighborhoods. The pandemic also shifted listing typology towards a higher
share of entire apartments in Barcelona. The study concluded that Airbnb exacer-
bates spatial inequalities, benefiting affluent central neighborhoods while provid-
ing limited benefits to peripheral areas, thereby underscoring the need for effec-
tive regulation to promote fairer urban space distribution [18]. Airbnb listings
across Spain were analyzed, focusing on spatial variation, density, and influencing
factors [19]. The dataset of 247,456 listings (October 2018) was collected through
web scraping and classified into entire homes (81.7%), private rooms (17.7%), and
shared rooms (0.6%). The study covered 8,124 municipalities and 79 tourist areas,
using the Hoover Index and Moran’s I to measure spatial concentration and au-
tocorrelation. A Hoover Index value of 0.802 indicated a high concentration of
Airbnb listings in coastal and urban areas. Moran’s I was 0.314 (p < 0.001), con-
firming strong spatial autocorrelation. Regression analysis showed that proximity
to the coastline significantly increased Airbnb availability by 51.5%, while the
number of non-primary dwellings per square kilometer positively affected listings
(coefficient 0.133, p < 0.001). Coastal areas such as Costa del Sol and Costa Blanca
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recorded over 500 listings per 1000 hotel rooms, whereas inland cities such as Ma-
drid exhibited lower densities (323.6 listings per 1000 hotel rooms). Private rooms
were mainly concentrated in large cities, where they nearly equaled entire homes
in Barcelona and Madrid. Moran’s I values for private rooms were 0.276 in Bar-
celona, while entire homes exhibited a value of 0.327. The study concluded that
peer-to-peer platforms enhance tourism dynamics, particularly in tourist areas;
however, concentration in already developed locations may exacerbate spatial im-
balances, highlighting the need for targeted regulation [19]. Airbnb’s spatial pen-
etration was examined in seven major Spanish tourist cities—Madrid, Barcelona,
Valencia, Seville, Malaga, Palma de Mallorca, and Bilbao [20]. Using Inside
Airbnb data, the 2011 census, municipal registers, and OpenStreetMap, spatial
clustering was analyzed via LISA, while determinants of spatial spread were iden-
tified through negative binomial regression. Airbnb listings were found to cluster
in city centers and tourist areas, challenging claims that the platform benefits pe-
ripheral neighborhoods. Key determinants included proximity to tourist attrac-
tions, population density, house rent, household income, education level, and mi-
gration patterns. R* values for the LISA analysis ranged from 0.49 in Bilbao to 0.83
in Madrid, indicating strong spatial clustering. A high proportion of multi-hosts
suggested a significant degree of Airbnb commercialization. The findings high-
lighted Airbnb’s role in intensifying spatial inequalities and housing pressures,
leading to calls for regulation, rental quotas, and targeted policy interventions to
mitigate negative urban impacts [20]. Airbnb’s spatial distribution and its deter-
minants were explored in the Canary Islands, a region characterized by urban,
sun-and-beach, and nature-based tourism [21]. Using 25,987 georeferenced
Airbnb listings, 1792 hotels, and 819,039 geotagged tourist photos as a proxy for
demand, modified Pearson’s r, Global Bivariate Moran’s I, and Local Bivariate
LISA were applied to measure spatial correlation. The spatial analysis employed a
1-km grid and an eighty nearest neighbors spatial weight matrix. High spatial cor-
relation was identified, particularly in urban areas (Pearson’s r = 0.910 in Gran
Canaria and 0.809 in Tenerife). Airbnb supply was more spatially dispersed than
hotels, with peak spatial autocorrelation at 4.7 km compared to 3.7 km for hotels.
Local Bivariate LISA detected High-High clusters in coastal areas of Tenerife,
Gran Canaria, and Lanzarote, as well as in urban centers, while protected areas
exhibited limited supply. Elasticity analysis indicated that Airbnb price was the
most significant determinant (elasticity = 4.456), with tourist demand and popu-
lation size also exerting a positive influence. In sun-and-beach destinations,
Airbnb location was primarily driven by proximity to tourist resources, whereas
nature-based destinations displayed greater spatial dispersion, contributing to
spatial equity. The study concluded that Airbnb distribution varies by destination
type, with stronger competition in urban areas and greater spatial equity in na-
ture-based destinations, supporting the need for differentiated regulatory ap-
proaches [21]. Airbnb’s spatial distribution in Switzerland was examined using
data from 32,761 listings (January 2018) obtained via the Airbnb API, alongside
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official statistics from Swiss authorities on second homes, population density, ho-
tel density, employment sectors, and proximity to ski resorts [22]. Spatial cluster-
ing was confirmed by a global Moran’s I value of 0.34, revealing high-density
Airbnb clusters in Geneva, Lausanne, and other major tourist hubs. Bivariate Mo-
ran’s I analysis indicated positive spatial autocorrelation between Airbnb listings
and second homes (I = 0.26) as well as ski resorts (I = 0.24). Spatial regression
models, including the Spatial Error Model and Spatial Lag Model, demonstrated
that the prevalence of second homes significantly and positively influenced
Airbnb density (coefficients ranging from 0.17 to 0.22), together with proximity
to ski resorts and urban amenities. The study concluded that Airbnb listings fol-
low traditional second home patterns and are concentrated in both urban centers
and tourist mountain areas, with notable implications for regional tourism man-
agement and housing markets [22]. The geographical dimensions of Airbnb in
mountain areas were examined through an in-depth spatial analysis of Andorra,
a small Pyrenean country highly dependent on tourism [23]. The study focused
on the spatial distribution of Airbnb listings and their correlation with traditional
tourist accommodations and urban settlement types. The dataset was compiled
through web scraping from DataHippo and included 819 active Airbnb listings
recorded between April and September 2018. In addition, data on 325 officially
registered tourist accommodations—comprising hotels, apartments, and other
lodging types—was collected from the Tourism Department of Andorra. The
analysis employed spatial correlation techniques, including Bivariate Moran’s I
and Pearson’s R, to assess the degree of clustering between Airbnb and traditional
accommodation. Furthermore, K-means clustering analysis was used to classify
Andorran urban settlements based on the intensity of tourist accommodation
supply. The findings revealed a significant concentration of Airbnb activity in the
municipality of Canillo, with 113.3 listings per 1,000 inhabitants, strongly associ-
ated with proximity to Grandvalira, the most visited ski resort in the region. In
contrast, the capital city, Andorra la Vella, recorded only 64 listings (representing
7% of the total and just 2.9 listings per 1,000 inhabitants), indicating that Airbnb
distribution follows a profit-maximization logic rather than population density.
Both Pearson’s R (0.505, p < 0.01) and Bivariate Moran’s I (0.215, p < 0.01)
demonstrated a statistically significant positive spatial relationship between
Airbnb listings and tourist housing, suggesting overlap between Airbnb and the
official accommodation market. However, the discrepancy between the number
of Airbnb listings and officially registered tourist homes raises concerns regarding
the potential presence of unlicensed short-term rentals. The clustering analysis
identified four distinct types of urban settlements, with those closest to ski resorts
hosting the highest Airbnb densities—up to 70% of listings operated by multi-
hosts in certain areas. Overall, the study indicates that Airbnb operates primarily
as an extension of Andorra’s established tourism industry rather than as a disrup-
tive force, although regulatory challenges and the control of illegal listings remain
[23].
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The spatial dynamics of Airbnb in London were investigated by analyzing how
five categories of locational factors—accessibility and convenience, spatial com-
petition, land use, neighborhood environment, and socioeconomic attributes—
shape the static distribution, birth, and survival of listings between 2019 and 2022
[24]. Using a dataset of 85,043 Airbnb listings from Inside Airbnb, matched across
years to identify 37,160 new listings (“births”) and 34,778 continuing listings
(“survivals”), all information was aggregated to Middle-Layer Super Output Areas
(MSOAs). Additional spatial data were sourced from OpenStreetMap (points of
interest, transport infrastructure, hotels), GOV.UK (land-use ratios and house
prices), and the CaBA Data Hub (population and demographic indicators). Spatial
visualization, Local Moran’s I, and Global Moran’s I revealed strong spatial auto-
correlation and a persistent center-periphery pattern, justifying the use of Spatial
Lag Models (SLM) instead of OLS, as confirmed by LM and robust LM tests. The
models demonstrated strong explanatory power (e.g., Model 1: R* = 0.906; Adj. R?
=0.861), indicating that high housing prices, population density, a higher propor-
tion of young residents, shopping, sightseeing and catering POlIs, hotel density,
and railway and waterway accessibility significantly promoted Airbnb concentra-
tion. In contrast, road density, religious diversity, and recreational land use con-
strained spatial distribution. Listing birth processes were particularly driven by
railway and waterway accessibility and by sightseeing, shopping, and catering
POIs, whereas survival was more strongly associated with house prices, popula-
tion density, racial diversity, shopping POIs, and green land use. Ratio-based
models revealed asymmetric effects, whereby shopping POIs, residential land use,
and waterways encouraged listing births but hindered survival, while green land
use and higher house prices supported survival but discouraged new market entry.
Overall, the study demonstrates that locational factors assume shifting roles as
facilitators, constraints, or neutral elements across different stages of Airbnb de-
velopment, offering new insights into spatial heterogeneity and the ecological evo-
lution of the platform within a major global city [24].

3.2. North America

In the context of North America, several studies have explored the spatiotemporal
patterns and socioeconomic determinants of Airbnb participation, offering valu-
able insights into how short-term rentals evolve within major urban areas. An in-
depth examination of the spatiotemporal dynamics of host participation in the
shared accommodation economy in Los Angeles during the period 2015-2017 was
conducted [25]. The conceptual framework linked host behavior to demographic,
socioeconomic, occupational, and social capital characteristics, with particular em-
phasis on factors such as trust and attitudes toward green consumption. Drawing
on data from InsideAirbnb and applying GIS techniques, OLS regression, and spa-
tial autocorrelation tools including Moran’s I and LISA, the analysis covered 291
ZIP codes and 17 independent variables. The absence of a mortgage emerged as

the strongest predictor of Airbnb density, while other significant relationships in-
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cluded a negative association with median household income and youth depend-
ency ratio, and positive correlations with the male-to-female ratio and employ-
ment in the FIRE (finance, insurance, and real estate) sectors. Temporal variation
was also observed: in 2016, educational attainment was positively associated with
shared room listings, whereas in 2017 a negative relationship with Asian house-
holds was identified. Environmentally conscious motivations appeared to influ-
ence hosts offering private rooms. High Airbnb density was concentrated in eco-
nomically dynamic and tourist-intensive areas such as Downtown, Santa Monica,
and Venice. Overall, the findings underscore the non-random nature of Airbnb
participation, shaped by a complex interplay of demographic and socioeconomic
factors [25]. Building on this line of inquiry, Airbnb penetration was analyzed and
predicted across eight U.S. cities—Austin, Los Angeles, Manhattan, New Orleans,
Oakland, San Diego, San Francisco, and Seattle—[26]. Using data from Inside
Airbnb (May 2016) and the 2010 U.S. Census, OLS regression was applied to ex-
amine spatial relationships, while machine learning models—including Support
Vector Machines (SVM), Random Forest, and Logistic Regression—were employed
for predictive analysis. The results showed that distance from the city center was
negatively correlated with Airbnb presence in five cities, whereas Point-Of-Inter-
est (POI) density exhibited a positive correlation. Bus stop density was also posi-
tively associated with Airbnb presence in cities such as Austin, Oakland, and San
Francisco. Among social indicators, the Bohemian Index—defined following Rich-
ard Florida as the proportion of residents engaged in artistic, creative, or culturally
oriented occupations relative to the total population and normalized to the na-
tional average—was positively related to Airbnb density, reaching its highest value
in Manhattan (0.51). Similarly, the Talent Index—measuring educational attain-
ment as the proportion of residents holding a bachelor’s degree or higher per
thousand inhabitants, derived from U.S. Census data—showed a strong positive
association, particularly in Oakland (0.70). A higher share of young adults aged
20 - 34 was also positively correlated with Airbnb presence. Racial diversity pro-
duced mixed effects, with a negative association observed in Austin and a positive
one in New Orleans, while income diversity showed no statistically significant in-
fluence. Economic variables such as median household value were positively as-
sociated with Airbnb density in five cities, whereas median income displayed a
negative correlation in Manhattan and Oakland. Model performance yielded R?
values ranging from 0.47 in Austin to 0.75 in San Diego, with prediction accuracy
reaching 0.725. The most influential predictors were distance from the city center,
POI density, and the Bohemian and Talent indices. Overall, the findings demon-
strate that spatial and socioeconomic variables can effectively forecast Airbnb
growth, offering valuable insights for urban planning and regulatory strategies
[26]. In a more localized study, the spatial and socioeconomic drivers of Airbnb
host participation in New York City were examined using InsideAirbnb data
(2015-2017), U.S. Census data, Esri Demographics, and OpenStreetMap [27]. The
analysis, employing OLS regression, k-means clustering, and LISA, revealed a
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strong concentration of Airbnb listings in Lower Manhattan and Northern Brook-
lyn, with a sparse presence in peripheral areas. Key determinants included gender
ratio, Black population percentage, professional and technical employment, and
median household income. Notably, there was a significant inverse relationship
between income and host participation, reinforcing the notion that Airbnb func-
tions as an economic strategy for middle- and lower-income households. Regres-
sion models showed strong explanatory power (R? = 0.56 - 0.68), and spatial clus-
tering analysis confirmed that Airbnb penetration follows discernible geographic
patterns. The study’s policy implications are significant, touching on housing af-
fordability, neighborhood displacement, and the necessity for targeted regulation
to ensure a balance between economic benefits and social equity [27]. Continuing
this line of research within the North American context, the understanding of
Airbnb dynamics was further advanced through an examination of the spatiotem-
poral patterns and socioeconomic determinants of host participation in San Fran-
cisco during the period 2019-2022 [28]. Drawing on listings from InsideAirbnb,
demographic and socioeconomic data from Esri and GfK, and Point-Of-Interest
(POI) data from SafeGraph, the analysis was conducted at the census tract level.
The results revealed significant spatial clustering (Moran’s I = 0.176, p < 0.001),
with Airbnb listings concentrated in north-eastern neighborhoods near major tour-
ist attractions and hotels. OLS regression identified strong positive associations
between Airbnb density and employment in professional, scientific, and technical
services, employment in hotels and lodging, and proximity to POIs, while the pro-
portion of Asian residents was negatively associated. The model exhibited high
explanatory power (adjusted R*> = 0.596), demonstrating that occupational struc-
tures, tourism intensity, and socioeconomic inequalities play a central role in shap-
ing Airbnb participation. The study concludes that regulatory strategies must ad-
dress these spatial inequalities to ensure a balance between tourism development
and residential stability [28].

3.3. Asia

Recent studies across major Asian cities have highlighted how the spatial distri-
bution of Airbnb listings is closely tied to local urban structures, cultural assets,
and market dynamics. These findings provide critical insights for urban planners
aiming to balance tourism growth with housing affordability and neighborhood
preservation. In Seoul, the spatial characteristics and influencing factors of Airbnb
distribution were examined using geolocated data from 2016 to 2017 [29]. Apply-
ing a negative binomial regression model, the study assessed how housing char-
acteristics (e.g., housing prices, size, and type), land use, household composition,
and accessibility to urban amenities and transport infrastructure shaped Airbnb’s
spatial footprint. The findings revealed a concentration of Airbnb units near tour-
ist attractions, with gradual expansion into peripheral residential areas. Key loca-
tion factors included higher housing prices, proximity to metro stations, and ac-

cess to universities and grocery stores, while accessibility to bus stops was not sig-

DOI: 10.4236/iim.2026.181001

13 Intelligent Information Management


https://doi.org/10.4236/iim.2026.181001

E. Panagopoulou et al.

nificant. The study also accounted for spatial autocorrelation, confirming the clus-
tering tendency of Airbnb listings. Importantly, the high percentage of commer-
cial Airbnb hosts in Seoul—surpassing levels observed in comparable global cit-
ies—raised concerns about housing affordability and the availability of residential
properties. The study stressed the need for regulatory interventions to manage the
tension between Airbnb’s expansion and housing policy goals [29]. In the context
of China’s rapid urbanization, the spatial distribution of Airbnb listings in Nan-
jing from 2016 to 2019 was explored [30]. Utilizing data from AirDNA and em-
ploying Poisson Regression, Zero-Inflated Negative Binomial Regression (ZINB)
models, and Negative Binomial Regression, the analysis identified the ZINB model
as the most suitable due to the high variance of the dependent variable, which reached
35,066.28 compared to a mean value of 70.75, as well as the significant presence
of zero values in the dataset. The study area covers the central part of the city,
where most Airbnb listings are concentrated. The results showed that the main
factors affecting the spatial distribution of Airbnb listings were proximity to sub-
way access points, cultural sites, shopping complexes, and universities, which had
a negative correlation, while the presence of business apartments and bus stops
showed a positive correlation. This highlights a strong relationship between Airbnb
distribution and the urban structure of the city, with most listings concentrated in
central areas and regions with good public transport accessibility. Moreover, the
rent gap phenomenon appeared as a key factor encouraging landlords to convert
long-term rentals into short-term ones due to the significant income difference
between the two categories. The increasing presence of professional hosts further
emphasizes the growing commercialization of the Airbnb market in the city. Pro-
fessional hosts tend to prefer business apartments near shopping centers and ma-
jor scenic spots, reinforcing the clustering of listings in specific areas [30]. In Su-
zhou, a historical and culturally rich tourist city, Airbnb distribution was analyzed
using AirDNA and AMap POI data, applying the Spatial Durbin Model (SDM) to
examine influences such as tourism, commercial activity, transportation, and the
residential environment [31]. The analysis showed that Airbnb units were highly
clustered in Suzhou’s old city and near the railway station. Statistically significant
positive associations were observed for the presence of traditional folk dwellings
(1.097, p < 0.01), shopping malls (1.630, p < 0.01), tourist attractions (0.606, p <
0.01), and catering services (0.042, p < 0.01). However, public transportation ac-
cessibility (both subway and bus stations) did not significantly affect listing den-
sity. The results underscore the importance of cultural heritage in shaping Airbnb’s
spatial footprint, while also cautioning against over-commercialization and the
transformation of traditional neighborhoods. Regulatory measures were advo-
cated to protect heritage sites while accommodating the platform’s growth [31].
In Hong Kong, the influence of built environment factors on Airbnb’s spatial dis-
tribution was explored using Multiscale Geographically Weighted Regression
(MGWR) [32]. The dataset included over 11,000 listings (April 2021), land use
data, and POIs from Baidu Maps, analyzed across 154 spatial units (TPUs). The
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MGWR model (R* = 0.906, Adj. R* = 0.861) outperformed traditional models in
capturing spatial heterogeneity. Globally, Airbnb presence was positively associ-
ated with proximity to hotels (f=0.288, p < 0.01) and cultural facilities (8= 0.386,
p < 0.01), while negatively correlated with residential land (8= —0.128, p < 0.05)
and high median rents (f=—0.187, p < 0.01). Tourist attractions and open spaces
showed localized effects, increasing Airbnb’s presence in tourism zones but de-
creasing it in residential areas. In contrast to other Asian cities, accessibility to public
transport and proximity to city centers did not significantly influence Airbnb den-
sity. The study highlights the co-location of Airbnb with hotels and cultural hubs
and calls for localized regulatory policies to mitigate impacts on residential stabil-
ity [32].

By categorizing these studies based on their geographic focus, it becomes clear
that while common factors such as proximity to tourist attractions and transport
hubs influence Airbnb distribution across regions, local socio-economic and reg-
ulatory contexts also play a crucial role in shaping these patterns. Subsequently,
Table 1 presents a concise summary of the results from the previous literature

review.

Table 1. Summary table of reviewed literature.

Study Method

Dependent Variable

Independent Variables

Key Findings

[14]

[20]

OLS, GWR

GWR

Moran’s I, OLS

Spatial Econometric
Models

LISA, NBM

Hoover Index,
Moran’s I, OLS

LISA, NBM

Bivariate Moran’s I,
LISA

Moran’s I, NBM

Number of Airbnb listings,
Average price per night
The ratio of Airbnb to total
households

Airbnb density

Number of Airbnb & Hotels

Airbnb clustering

Airbnb per hotel

Airbnb density

Airbnb & Hotel Beds

Airbnb listings per

Price per sqm, salaried workers,
unemployment

Education level, income, migrants,
population density, distance from
city center

Distance from city center, tourist
attractions, and housing
characteristics

Transport, tourist flow,
population, employment

Distance to center, POIs,
transport, and rent

R? OLS: 0.86 (listings) & 0.42
(price), GWR: 0.93 & 0.71

R? GWR: 0.84, OLS: 0.63, Airbnb
concentrated in tourist areas

Airbnb is clustered in central
areas, with a high correlation with
tourist zones

Coexistence in central areas,
substitution in tourist zones

Strong Airbnb clustering in central
areas

Distance from the coastline, vacant Hoover Index: 0.802, Moran’s I:

housing units

Distance from center, GDP, public
transport access

Tourist demand, population,
distance from coast

Second homes, hotel density,

0.314, the highest concentration in
coastal cities

R? (LISA: Madrid 0.83, Barcelona
0.79, Valencia 0.70, Seville 0.79,
Malaga 0.76, Palma de Mallorca
0.51, Bilbao 0.49), Airbnb
clustering in central districts

High concentration in tourist
zones, price elasticity 4.456

Airbnb clustering in Alpine
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[24]

(32]

Bivariate Moran’s I,
Pearson’s R, K-
means

Spatial Lag Model

OLS, Moran’s I,
LISA

Moran’s I, LISA, K-
means clustering,
OLS

OLS, SVM, Random
Forest

OLS, K-means
clustering, LISA

Negative Binomial
Regression

Poisson, ZINB

Spatial Durbin
Model (SDM)

MGWR

municipality

Airbnb density

Airbnb density in 2022,
Density of new listings
2019-2022, Density of
surviving listings 2019-
2022, Birth ratio (new
listings/total listings in
2022), Survival ratio
(surviving listings/total
listings in 2022)

Airbnb density per area

Airbnb host participation
(density of listings at census
tract level)

Airbnb per Census Tract

Airbnb host participation

Airbnb concentration

Number of Airbnb listings

Airbnb density

Airbnb density

tourism employment

Proximity to ski resorts, housing
for tourist use

Accessibility, Competition, Land
Use, Neighbourhood,
Socioeconomic

Income, unemployment, and age
structure

Socioeconomic indicators
(employment in
professional/technical services,
hotel employment, proportion of
Asian residents), proximity to
POIs

Distance from center, population,
Bohemian Index

Gender ratio, racial composition,
professional & technical
employment, median household

income

Housing prices, metro stations,
and universities

Metro stations, universities, and
shopping malls

Traditional folk dwellings,
shopping malls, tourist attractions,
catering services, and public
transport accessibility

Hotels, cultural facilities,
residential land use

regions, linked to second-home
density

High Airbnb concentration in ski
resort areas, competition with
official tourist accommodations

Multi-factor effects; strong spatial
clustering

R? OLS: 0.40 - 0.42, higher density
in tourist zones

R? = 0.596, positive associations
with professional/technical and
hotel employment, proximity to
POIs, and a negative association
with Asian population

R% 0.47 - 0.75, higher presence
near POIs

R% 0.56 - 0.68, Airbnb is highly
concentrated in Lower Manhattan
& Northern Brooklyn, inverse
relationship with a median income

Concentration near tourist areas,
and high property prices linked to
more Airbnb

Airbnb grows in central areas with
good public transport

Airbnb is concentrated in Suzhou’s
old city and around the railway
station, a strong influence on
historical & commercial areas, and
transport is not a significant factor.

Airbnb co-agglomerates with
hotels and cultural hubs, not
significantly impacted by
transport.

4. Conclusions and Findings

The literature review on the spatial distribution of Airbnb accommodations has

highlighted several critical findings on the factors influencing their geographical
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dispersion. The main conclusions are summarized as follows:

¢ Entrepreneurship and economic activity: Areas with increased commercial ac-
tivity are more attractive to both visitors and property owners looking to use
short-term rental platforms. At the same time, it is worth noting that the di-
versity of land uses is a key factor in defining the city center.

o Cafes, bars, and restaurants: The presence of dining establishments, cafes, bars,
and retail stores is positively correlated with the concentration of Airbnb ac-
commodations.

e Proximity to landmarks: Most studies confirm that Airbnb accommodations
are primarily concentrated in areas often visited by tourists, such as historical
centers, archaeological sites, and cultural landmarks. In cities that attract more
tourists, proximity to points of interest is a crucial factor in figuring out the
spatial distribution of short-term rental properties.

e Transportation networks and accessibility: The presence of metro stations, bus
stops, and well-developed public transportation networks plays a significant
role in attracting investments in Airbnb properties. Studies show that areas
with easy access to public transport show a higher concentration of listings.

e Population Density and Demographic Characteristics: Airbnb listings are more
common in areas with higher education and income levels, which offer better
infrastructure and are seen as safer and more attractive. In contrast, neighbor-
hoods with high immigrant populations or greater density tend to have fewer
listings. Lower-income and high-unemployment areas show increased partic-
ipation, as residents seek extra income, while wealthier areas take part less.
Additionally, areas with more children and adolescents typically have lower
Airbnb activity.

Frequent use of specific spatial analysis methods in the investigation of Airbnb
distribution. More specifically, there is extensive application of Ordinary Least
Squares (OLS), Local Indicators of Spatial Association (LISA), and Geographically
Weighted Regression (GWR). Additionally, spatial autocorrelation indices such
as Moran’s I and Pearson’s correlation coefficient are widely used in various data
analysis software. OLS regression is commonly employed as a baseline model due
to its simplicity and interpretability; however, its global nature often limits its abil-
ity to capture spatial non-stationarity. In contrast, Geographically Weighted Re-
gression (GWR) consistently demonstrates superior explanatory power, as evi-
denced by higher R* values in empirical studies conducted in cities such as Athens,
Barcelona, and Hong Kong. By allowing model coefficients to vary spatially, GWR
reveals localized relationships between Airbnb density and explanatory variables,
including proximity to tourist attractions and socioeconomic characteristics. Fur-
thermore, spatial econometric models, such as spatial lag and spatial error models,
have been shown to further improve model performance by explicitly accounting
for spatial dependence. This is particularly evident in large metropolitan areas,
including London and Switzerland, where strong spatial autocorrelation charac-

terizes Airbnb distribution patterns. These methodological findings indicate that
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while OLS remains a useful benchmark, spatially explicit models are more appro-
priate for capturing the heterogeneous spatial dynamics of Airbnb accommoda-
tions. Despite their widespread application, traditional methods such as OLS and
GWR exhibit important limitations. OLS assumes spatial stationarity and inde-
pendence of observations—assumptions that are frequently violated in urban spa-
tial data—leading to biased or inefficient estimates. Although GWR addresses spa-
tial non-stationarity, it remains sensitive to bandwidth selection, multicollinearity
among local variables, and edge effects, which can complicate interpretation and
reproducibility. Moreover, both OLS and GWR are limited in their ability to model
complex, non-linear relationships and high-dimensional interactions among var-
iables. These methodological constraints reduce their capacity to fully capture the
evolving, multi-scalar nature of Airbnb spatial dynamics. This trend reflects the
establishment of consistent methods for studying the spatial dynamics of short-
term rentals. Additionally, in most of the reviewed studies, the results obtained
from these methods, such as R-squared values and other statistical measures, were
quite satisfactory. This confirms their suitability for analyzing the spatial distribu-
tion of Airbnb accommodations and explains their widespread use in the relevant
literature. Nevertheless, the frequent use of traditional statistical methods in the
reviewed literature may limit the ability to fully capture the complexity of spatial
patterns. These approaches, while useful, can be restrictive in certain contexts.
This highlights the need for more flexible and advanced techniques, such as those
offered by artificial intelligence, which can provide deeper and more correct in-
sights.

Despite the extensive body of literature on the spatial distribution of Airbnb
accommodations, several aspects remain underexplored, revealing key areas for
future research. Most studies focus on major urban centers, leaving the expansion
of Airbnb in suburban, rural, and island areas relatively unexplored. Additionally,
few studies have explored the effects of different regulatory frameworks on
Airbnb’s geographical distribution, despite the significant influence of legal re-
strictions on spatial patterns. Comparative research between areas with strict reg-
ulations and those with more flexible policies could offer a clearer understanding
of the role of regulations in shaping Airbnb’s distribution. As mentioned above,
researchers have traditionally relied on statistical methods such as Ordinary Least
Squares (OLS), Geographically Weighted Regression (GWR), and Moran’s I to
analyze Airbnb’s spatial distribution. While these methods have offered useful in-
sights, advancements in data science and geospatial analysis offer new opportuni-
ties for more flexible and advanced studies. Integrating Artificial Intelligence (AI)
methods and techniques is a very promising approach to discovering the complex
spatial relationships that traditional models might overlook. Notably, Al-based
approaches related to OLS and GWR can extend and enhance the capabilities of
these traditional models, allowing for more nuanced spatial analysis. Finally, the
application of Artificial Intelligence (AI) methods and techniques for regression

analysis and the adoption of more automated prediction methods could enhance
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the accuracy of spatial distribution models for Airbnb. Optimizing machine learn-
ing algorithms could improve predictive accuracy and offer more detailed insights
into the spatial patterns of Airbnb listings. This research follows this direction,
aiming to use Artificial Intelligence (AI) methods and techniques to examine the
spatial relationships that influence Airbnb’s distribution. Future studies will focus
on developing AI-driven models to analyze how factors such as proximity to land-
marks, transport networks, and economic activity shape Airbnb’s spatial patterns.
By adopting these innovative methods, this approach aims to contribute to a more
accurate and detailed understanding of Airbnb’s role in transforming urban and

tourism spaces.
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