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The literature on the peer-to-peer hospitality market largely assumes that Airbnb hosts are loyal to the platform. How-
ever, similar to hoteliers, Airbnb hosts have access to various platforms to diversify their distribution channels. In cases
where hosts significantly diversify their distribution channels, they should be considered rather as professional com-
petitors mimicking hoteliers. Proposing an original image-recognition approach to obtain a proxy of the number of
platforms used by Airbnb hosts, this paper assesses the probability that a home-sharer practices multichannel distribu-
tion. Drawing on a sample of more than 3900 hosts from the region of Corsica in France, we show that a multichannel
distribution strategy is commonly adopted. Furthermore, a significant fraction of small hosts uses three or more
channels.
Keywords:
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1. Introduction

Online vacation rental platforms emerged in the mid-1990s and multi-
plied throughout the 2000s. In 2008, Airbnbwas founded based on the con-
cept of a user community and grew exponentially worldwide to become the
leading player in the short-term rental market. Booking.com and Expedia
have spearheaded worldwide online travel agency development through
the buyout of smaller competing short-term rental platforms. Market con-
centration over the last 15 years has reduced the number of players, with
five global heavyweights (e.g. Airbnb, Booking.com, VRBO, TripAdvisor,
and Tujia) accounting for more than three quarters of global market reve-
nues, according to the blog Skift (Geerts, 2019). Nevertheless,many smaller
regional and local actors have resisted. Hence, hosts practising short-term
rental have various competing online platforms to use: some are global
players such as Airbnb, VRBO, and Booking.com; others are only present
in certain regional markets such as Interchalet in Europe; and, finally, na-
tional or local players operate in many markets.

In the traditional hospitality sector, as pointed out by several authors in-
terested in marketing strategies in the traditional hospitality sector
(Beritelli& Schegg, 2016; Stangl, Inversini,& Schegg, 2016), multichannel
distribution is a widespread strategy. Hotels simultaneously use several dis-
tribution channels, physical or virtual, to increase their visibility and im-
prove their competitiveness. Some sellers (hosts) on home-sharing
platforms are likely to mimic such behaviour to enhance their perfor-
mances. Notably, factual evidence of the widespread use of multiple com-
peting platforms by rental owners or managers is, in part, directly
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observable. In the market for services to owners and managers, a multitude
of products and auxiliary services exist to facilitate the distribution of list-
ings on multiple competing platforms. For example, the professional blog
Padlifter lists approximately 50 applications that allow multichannel man-
agement (Padlifter, 2021). These tools offer solutions to the pitfalls that the
host experiences when renting an asset onmultiple platforms. Most of these
applications provide a channel manager to organise ‘multiple channels in
one place’. This feature allows users to synchronise calendar availability,
reservations, photos, and information, not only with major distribution
sites such as Airbnb, Booking.com, and VRBO but also on regional or
local platforms.

The use of multichannel marketing in the short-term rental sector could
affect various issues addressed by the research. The multichannel strategy
can be a differentiation tool in markets in which there is significant compe-
tition between hosts. This strategy could also improve the knowledge of
hosts’ behaviours, particularly regarding their loyalty to the platforms
they use, and their know-how, experience, and level of professionalism. De-
spite the practical relevance of this issue, academic research on Airbnb has
never attempted to quantify the simultaneous use of platforms by hosts.
Furthermore, several authors (Ke, 2017; Krause & Aschwanden, 2020; Li,
Moreno,& Zhang, 2016) have demonstrated that the home-sharing market
comprises non-professional players and professional players. Because the
objective of these types of hosts differs, their online distribution strategy
is likely to vary considerably. In summary, this paper addresses two related
questions. Is the use of several online platforms, namely, distribution chan-
nels, frequent behaviour for hosts in the online short-term rental market?
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Do strategies and intensity of use vary according to their level of
professionalism?

This paper aims to assess the probability of a host practising multichan-
nel distribution.We exploit a sample of 3916 Airbnb hosts operating in Cor-
sica. We posit that Corsica is an appropriate case study because, for
example, in 2014, several rental platforms and many local players (i.e.
travel agencies, real estate agencies) operated themarket, and some remain
present today. Back then, the leading operator in Corsicawas VRBO; Airbnb
marketed 2000 listings of the 26,594 known listings at the time. In 2017,
for entire homes only, Airbnb marketed 9734 listings. The same year,
36% of Airbnb hosts also used VRBO. This historical perspective could sup-
port the idea that VRBOhosts took advantage of the emergence of Airbnb to
increase their audience without leaving their original platform. To assess
the extent of multichannel practice, we use an original image-recognition
approach to obtain a proxy of the number of distribution channels used
by Airbnb hosts. The use of image recognition raises a number of method-
ological issues related to the data collection process and potential omitted
variables bias. An adequatemethodological design is tailored by combining
inflated-zero models and a two-stage residual inclusion method to manage
data collection issues and potential endogeneity, respectively.

We show that the probability for a host to use Airbnb and at least one
additional online distribution channel is above 51%. Moreover, we show
that the number of competing platforms used depends on the level of pro-
fessionalism of the hosts and that multichannel marketing is a strategy
adopted by a significant proportion of hosts marketing one or two proper-
ties. Drawing on a sample of more than 3900 hosts from the region of Cor-
sica in France, we estimate appropriate count models and derive the
probability for the types of hosts to use a multichannel approach and, in
this manner, mimic hospitality firms. We also establish that hosts with
many properties for rent are the most likely to use many distribution
channels.

The next section reviews the literature on multichannel distribution in
hospitality and discusses whether hosts are hospitality professionals.
Sections 3 and 4 detail the data and econometric strategy. Section 5 pre-
sents our results, and Section 6 discusses our findings, draws conclusions,
and raises questions for future research.

2. Literature review

The first section reviews the academic literature on the Airbnb hosts’
motivations and their level of professionalism. The second section presents
the studies and findings on the use of a multichannel strategy in the tradi-
tional hospitality sector.

2.1. Hosts’ Motivation and Professionalism

Hosts’motivations are often related to both the financial and the social
benefits of the experience (Ikkala & Lampinen, 2015). Financial consider-
ations remain the main motivation for homeowners renting their homes
on a platform (Karlsson & Dolnicar, 2016; Visser, Erasmus, & Miller,
2017). However, financial motivations can differ. Motivations may be an
income supplement for coping with a particular situation or a regular in-
come to support a loan or rent payment (Lampinen & Cheshire, 2016).
For example, hosts motivated by economic gain are often not on Airbnb
to make large profits but use the platform to cover their fixed costs. Others
desperately need money to pay their bills (Gibbs, Guttentag, Gretzel,
Morton, and Goodwill, 2018, Gibbs, Guttentag, Gretzel, Yao, and Morton,
2018; Karlsson & Dolnicar, 2016). Airbnb hosts have the possibility to
play on several parameters (price, obtaining the Superhost badge, use of in-
stant booking reservation mode, specific cancellation policy) to maximise
their income (Benítez-Aurioles, 2018; Gibbs, Guttentag, Gretzel, Morton,
and Goodwill, 2018, Gibbs, Guttentag, Gretzel, Yao, and Morton, 2018;
Kwok & Xie, 2019).

Adopting multichannel distribution could be an additional strategy for
hosts to maximise their profits by broadening their customer base. A legit-
imate thought would be that a multichannel strategy is a step toward
2

professional behaviour, requiring additional skills and experience. Authors’
interest in hosts’ level of professionalism has shown that similar to other
markets of the ‘sharing economy’, the supply side often comprises profes-
sional (i.e. experienced) players practising a ‘profit-oriented supply’ ap-
proach and non-professional (i.e. inexperienced) players with a more
occasional activity (Ke, 2017; Krause& Aschwanden, 2020; Li et al., 2016).

A commonly used indicator of professional behaviour on an Airbnb
market is the number of listings per host. In themajority of availablemarket
studies, a host is considered a professional when he/she has more than one
listing (CBRE, 2017; Dredge, Gyimóthy, Birkbak, Jensen, &Madsen, 2016;
Gurran & Phibbs, 2017; Li et al., 2016). Other studies apply a threshold of
two or three listings (Schneiderman, 2014). In a global Airbnb market
study, Ke (2017) shows that there is no optimal threshold that enables dif-
ferentiation between professional and non-professional hosts. He argues
that the use of a specific threshold would bias the perception of distribution
as a whole and could be misleading. Ke then studied how various measures
of interest change along with the number of listings per host. This strategy
is often used by authors working on host specifications and behaviour
(Gibbs, Guttentag, Gretzel, Morton, and Goodwill, 2018, Gibbs,
Guttentag, Gretzel, Yao, and Morton, 2018; Kwok & Xie, 2019; Li et al.,
2016; Magno, Cassia, & Ugolini, 2018; Oskam, van der Rest, & Telkamp,
2018; Wang & Nicolau, 2017).

2.2. Multichannel distribution in traditional hospitality

The tourism and hospitality sector has substantially benefited from var-
ious technological advances. The advent of the internet in the 1990s re-
sulted in an unprecedented revolution in the hospitality and tourism
industries (Law, Buhalis,& Cobanoglu, 2014). One result of this technolog-
ical disruptionwas the creation of online travel agencies, which offer travel
products such as airline tickets (e.g. Kayak, Opodo) and hotel rooms (e.g.
Booking.com, Expedia.com, Tripadvisor) from multiple suppliers directly
to consumers. The arrival of online travel agencies has further amplified
the diversification of distribution channels for professionals (Gazzoli,
Kim, & Palakurthi, 2008). The structure of the tourism industry has taken
the form of a complex global network (Kracht & Wang, 2010).

From the suppliers’ perspective, this revolution has enabled them not
only to increase their sales but also to access new marketing opportunities,
providing them with the opportunity to add value to their products. Multi-
channel distribution in the hospitality sector now includes four types of
channels simultaneously used by professionals in the sector (Stangl et al.,
2016): (i) physical means of reservation (e.g. telephone, fax, letter, and
walk-ins), (ii) real-time channels (e.g. travel platforms), (iii) electronic
channels (e.g. email, electronic forms), and (iv) online travel agencies.
Today, through their respective brands, hoteliers have, for the most part,
joined the main groups sharing the global online travel agency market
(Beritelli & Schegg, 2016). For example, according to Beritelli and Schegg
(2016), hoteliers in Switzerland, Germany, and Austria use an average of
3.6 online travel agencies in addition to physical distribution channels,
and the latter still play a predominant role in the distribution of hotel rooms.

In summary, a significant fraction of the hosts attempt to profit, andmul-
tichannel distribution is proven to be a common practice to enhance profit-
ability in the accommodation industry. Similar to hoteliers, rational Airbnb
hosts may be willing to increase the visibility of their listings to enhance
their performance. Despite their empirical relevance, some questions have
been ignored because of data unavailability. To which extent do Airbnb
hosts use alternative platforms (e.g. Booking, VRBO, TripAdvisor)? Do
hosts tend tomimic hospitalityfirms in usingmultiple distribution channels?
Furthermore, do professional hosts tend to diversify their online channels
more than non-professional hosts do? This paper proposes to fill these gaps.

3. Data

This section describes the data used in our study. We first explain how
the data on the host’s online multichannel behaviour is collected and then
describe the sample.

http://Booking.com
http://Expedia.com


Table 1
Platforms identified during the image-search process and percentage of Airbnb
hosts using each platform.

Platform name Website Hosts %

VRBO www.vbro.com 35.78%
Booking.com www.booking.com 11.31%
TripAdvisor www.tripadvisor.fr 9.55%
Cybevasion www.cybevasion.fr 9.12%
SeLoger.com vacances.seloger.com 4.26%
Expedia www.expedia.com 2.15%
Vivaweek www.vivaweek.com 2.04%
Vivastreet www.vivastreet.com 1.84%
PaP www.papvacances.fr 1.76%
Vacances-Location www.vacances-location.net 1.56%
Media Lite Group www.ihacom.co.uk 1.43%
Gites de France www.gites-de-france.com 1.20%
Mediavacances www.mediavacances.com 0.84%
Locasun Group www.locasun.co.uk 0.82%
Windu www.windu.com 0.72%
Lastminute.com www.lastminute.com 0.38%
e-domizilGmbH www.e-domizil.com 0.23%
Vacancesweb www.vacancesweb.be 0.20%
SantiExpertimmo www.santi-expertimmo.com 0.15%
TravelFactory www.locatour.com 0.15%
Roomlala en-fr.roomlala.com 0.15%
Interchalet www.interchalet.de 0.05%
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3.1. Multichannel data acquisition

We define this online multichannel practice as a host posting listings on
several online rental platforms. Because the main platforms are intermedi-
aries that prohibit a direct relationship between owner and consumer, this
study focuses only on distribution channels mediated by an online platform
and excludes other distribution channels, such as owner websites, email, or
phone.

This paper uses Airbnb data obtained from AirDNA (http://airdna.co/),
a data analytics company providing scraped data from the Airbnb website.
The dataset from AirDNA contains Airbnb listings with the location, ameni-
ties, detailed host information, and, most importantly for us, picture used
for the main property listing. Data are scraped daily. Ioannides,
Röslmaier, and van der Zee (2019) cross-reference AirDNA data for the
city of Utrecht and conclude that the listing and host data had been cor-
rectly scraped.

To identify Airbnb ads distributed on other platforms, we use image-
recognition technology.We hypothesised that themain image of the Airbnb
ad would be part of the series of photographs displayed on a competing
platform. Image recognition makes it possible to identify the same listing
on several platforms. We used Google's Search by Image tool, which analy-
ses the submitted picture and compares it with billions of other images in
Google's databases before returning matching results. Google's image data-
base is built with the help of robots that constantly crawl and index the
World Wide Web (Google, 2021). Crawling may cause a slowdown of the
exploredwebsite. Google advises large sites to implement search engine op-
timisation by helping Google crawlers to index or not index their content.
The search engine optimisation strategy implemented bywebsitemanagers
plays on the frequency of indexing and updating. The possibility that the
images of a listing marketed on a competing website are not indexed by
Google and are not identified is one of the justifications for the choice of
our econometric model discussed next.

To be sure that a host is practising multichannel marketing, we need to
be sure of simultaneous marketing. To avoid counting listings that would
have left one platform for anotherwithoutmultichannelling,we considered
that the delay between the date of the dataset (October 2017) and the exe-
cution of the image search (Jan 2018)was sufficient for the exploration and
indexing to be updated. Notably, when deleting images from a website,
updating the indexing takes several weeks to a few months and depends
on how often the Google image Googlebot explores and indexes the
websites. For the Airbnb ads, we only performed the image search on ads
created before October 2017 and still live on the date of the image search
(Jan 2018).

For each listing in our AirDNA sample, Google Cloud Vision API,
powered by Artificial Intelligence, was used to search only for identical im-
ages. This software works even if the picture is re-sized. We must specify
that only image recognition is used in our methodology; we have not intro-
duced the textual description of the listings.

The API provides a row set of URLs that are then cleaned up based
on the domain names to retain the origin of the data. The URLs not re-
lated to rental platforms are removed to keep rental platforms only. The
search engine for vacation rental websites to aggregate ads from rental
platforms such as Trivago or HomeToGo is excluded too. Finally, the
listings associated with the same hosts are aggregated. This cleaning
process provides us with the total number of platforms on which each
listing is present. In this study, the method was applied to the French is-
land of Corsica (population 320,000), located in the western Mediterra-
nean Sea, where tourism-related consumption accounts for one third of
Gross Domestic Product. The existence of a developed short-term rental
market has become an economic and political issue, as observed in
many places worldwide. Stakeholders in the traditional hospitality sector
report the fierce competition with hosts considered shadow-hospitality
providers. Back in 2015, 20 short-term rental platforms advertising
more than 25,000 listings were identified in Corsica (Marc Simeoni
Consulting, 2015) in a report commissioned by the local authority re-
sponsible for tourism.
3

As shown in Table 1, even in a small (but attractive) market, no fewer
than 22 platforms are in competition with Airbnb. Of the hosts included
in our sample, 35.78% are also present on VRBO, and two individuals
also use the German platform Interchalet.

3.2. Description of the sample

The original dataset provided by AirDNA contains outdated hosts and
listings because of the lag between the AirDNA scraping date in October
2017 and our reverse image search usingGoogle API conducted in February
2018. Furthermore, we focus on hosts renting entire homes for three rea-
sons. First, this group represents more than 80% of the total listings. Sec-
ond, we posit that hosts renting rooms are likely to substantially differ in
motivation from hosts sharing flats or homes. And last, renting a shared
or a private room in an apartment is an experience that is, by nature, differ-
ent from spending a few days in a traditional hotel (in terms of, e.g. privacy,
services, freedom of action). Our final sample is 3916 hosts in the Corsican
short-term rental market in October 2017. For each host, variables are cre-
ated, aggregating listing information. Table 2 describes these variables.
Table 3 provides a statistical description of the sample.

The variable PLATS is our explanatory variable in the following esti-
mates. PLATS is the result of the image-recognition process. This numeric
variable takes values from 0 to 5. It corresponds to the number of renting
platforms other than Airbnb on which a host is identified. For each listing
associated with a given host profile, we know the number of rental plat-
forms on which the same picture is identified. PLATS is the highest number
of platforms, Airbnb excepted, on which at least one listing associated with
the host profile has been identified. For example, if PLATS takes the value 2,
the host has at least one listing on Airbnb and two other platforms simulta-
neously. One methodological issue in our study is related to the following:
when PLATS takes the value 0, the meaning of this value is misleading. The
natural interpretation is that the host is on Airbnb only. However, the con-
struction of the variable PLATS relies on two important assumptions: the
main image used on Airbnb belongs to the set of images used by the host
to promote his/her listing on competing platforms, and the Google Vision
API results are fully reliable.

The first assumption could be false when the main image used on
Airbnb is not used elsewhere, and this decision fully depends on the host.
The second assumption could also be false if the Google crawling bots
have not indexed the images, as explained. Thus, the count variable
PLATS is not perfect. Specifically, some 0s observed in the sample occur be-
cause one (or both) of the prior assumptions are not verified. Some hosts

http://airdna.co/
http://www.vbro.com
http://Booking.com
http://Booking.com
http://www.booking.com
http://www.tripadvisor.fr
http://www.cybevasion.fr
http://SeLoger.com
http://SeLoger.com
http://vacances.seloger.com
http://www.expedia.com
http://www.vivaweek.com
http://www.vivastreet.com
http://www.papvacances.fr
http://www.vacances-location.net
http://www.ihacom.co.uk
http://www.gites-de-france.com
http://www.mediavacances.com
http://www.locasun.co.uk
http://www.windu.com
http://Lastminute.com
http://Lastminute.com
http://www.lastminute.com
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http://www.santi-expertimmo.com
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Table 2
Description of variables.

Variable name Variable description

Variables of interest
PLATS Number of alternative platforms on which a host is identified
NLISTS Total number of listings managed

Host type variable (HTj)
HT1 = 1 Host manages 1 listing [base level]
HT2 = 2 Host manages 2 listings
HT3 = 3 Host manages more than 2 listings

Cancellation policy variable (CPn)
CPFLEX = 1 Typical cancellation policy of the host is flexible
CPMODE = 2 Typical cancellation policy of the host is moderate
CPSTRICT = 3 Typical cancellation policy of the host is strict
CPSTRICT30 = 4 Typical cancellation policy of the host is strict 30
CPOCP = 5 Other cancellation policy behaviours [base level]

Property type variable (PTm)
PTAPART = 1 Host typically rents apartments
PTHOUSE = 2 Host typically rents houses
PTOPT = 3 Other rental behaviours [base level]

Control variables
SUPER (0/1) Host is labelled SUPER HOST by Airbnb
POOL (0/1) Host typically provides a pool
ROOMS Average number of bedrooms per listing on Airbnb
PRICE Average price per night in a host property

Variable for the inflate model
PHOTOS Average number of photos per listing on Airbnb

Table 3
Descriptive statistics.

Variable Mean Std. Dev. Min. Max. N

PLATS 0.813 1.005 0 5 3916
HT1 0.671 0.470 0 1 3916
HT2 0.180 0.384 0 1 3916
HT3 0.149 0.356 0 1 3916
CPFLEX 0.184 0.388 0 1 3916
CPMODE 0.086 0.280 0 1 3916
CPSTRICT 0.661 0.473 0 1 3916
CPSTRICT30 0.003 0.058 0 1 3916
CPOCP 0.065 0.247 0 1 3916
PTAPART 0.35 0.477 0 1 3916
PTHOUSE 0.32 0.467 0 1 3916
PTOPT 0.33 0.47 0 1 3916
SUPER 0.054 0.226 0 1 3916
POOL 0.259 0.438 0 1 3916
ROOMS 2.010 1.302 0 9 3916
PRICE 214.068 242.387 12 3989 3916
PHOTOS 17.195 10.325 1 128 3916

Fig. 1. Three steps of the econometric strategy.
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are always 0 because of the characteristics of the data-generation process.
In the next section, we explain how we used zero-inflated count models
to consider this technical issue.

HTj is our explanatory variable of interest and denotes the host type. It is
constructed from the variable NLISTS, indicating the total number of list-
ings managed by a given host on Airbnb. The aim of this paper is to under-
stand whether hosts are mimicking the behaviour of hospitality firms by
offering their listings on several platforms to increase their visibility. We
are attempting to verify whether the behaviour of the hosts varies accord-
ing to their type. We define the variableHTj as a qualitative variable taking
three possible values. HTj is equal to 1 if the host manages one listing only
on Airbnb; it takes the value 2 if the host manages two listings; it takes the
value 3 if the hostmanagesmore than two listings. Although imperfect, this
classification seems natural and is common in the literature. Hosts with one
listing on Airbnb are very small players. Hosts with two listings are mid-size
players. Hosts managing three or more listings are big players.

We could have estimated a model including the HTj. variable only.
However, to control for some specific characteristics of the host, we in-
cluded additional controls not central to the analysis. For example, the var-
iable POOL is a dummy variable used to consider a host’s propensity to rent
4

‘luxury’ properties. The variable SUPER is a dummy variable, taking the
value 1 if the host is recognised as a ‘Superhost’ according to Airbnb stan-
dards. PRICE and ROOMS are respectively the mean number of bedrooms
and listed price for one night over all the listings associated with the host.
Additional controls help us account for some observed host characteristics
(typical cancellation policy,CPn, or typical property type,CPn). A behaviour
is said to be typical when the host adopts this behaviour or provides this
amenity for more than 50% of the managed listings; the underlying idea
is that some hosts tend to develop behavioural patterns.

PHOTOS is the average number of photos associated with a listing
posted by a host. Although this variable is not used as a control in the
main model, it helps us overcome the inflated-zero issue discussed in the
section presenting the econometric strategy.

4. Econometric strategy

Weuse econometric regressions tomeasure the effect of the host type on
the probability of diversifying the portfolio of distribution channels. The
image-recognition process provides information on the number of plat-
forms used by each host. As presented in step 1 of our method (see
Fig. 1), we use count data models. Our explanatory variable (PLAT) is a
count variable and even if it is common, using a traditional Ordinary
Least Squares approach is not appropriate in this case (Cameron and
Trivedi, 2013). Notably, we must manage some methodological issues.
We explain how we follow a three-step procedure to select our final speci-
fication; we consider both specific constraints raised by the use of image
recognition and in managing the issue of endogeneity bias.

1. Step 1: Choice of the Baseline Model Specification
We answer the question of whether hosts are mimicking hospitality

firms by estimating the probability that a host i using Airbnb is also present
on ki alternative rental platforms (PLATS), given its type (HTj) and a set of
controls X. Controls include CPn, PTm, SUPER, POOL, ROOMS, and PRICE.
This amounts to estimating a count data model.

The first step was choosing the correct specification between a tradi-
tional Poisson regression model and a negative binomial regression model
(Cameron & Trivedi, 2013). The Negative Binomial model generalises the
Poisson model in the sense that it relaxes the assumption that variance
equals mean, allowing for overdispersion in the data. Using the NBREG
command in STATA 15 software, we estimated the negative binomial
model presented below to test for the presence of overdispersion in the
data.

The negative binomial model (Eq. (1)) estimates the probability of ob-
serving the presence of a host on a number k of platforms other thanAirbnb,
conditional on the expected mean parameter λ and the overdispersion pa-
rameter θ > 0, as follows:

P PLATS ¼ kð Þ ¼ θ

θ þ λ

� �θ

� Γ θ þ kð Þ
Γ k þ 1ð ÞΓ θð Þ �

λ

θ þ λ

� �k

ð1Þ

where Γ is the gamma function defined as

Γ tð Þ ¼
Z ∞

x¼0
xt−1e−xdx for positive non−integer t

t−1ð Þ! for positive integer t

8<
:

The variance of the negative binomial model is given by v ¼ λþ λ2

θ .
In summary, in the parameterised version of the model it implements,

STATA 15 estimates a parameter α ¼ 1
θ. That is, if α = 0, there is no

overdispersion, and the appropriate model is a traditional Poisson
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Regression. Our results, detailed in Table 5 of Section 5, show that α is sta-
tistically different to 0 at the 1% level (bα ¼ 0:190, p value = 0.000). Thus,
our baseline specification is a negative binomial regression model.

2. Step 2: Zero-Inflated Models to Manage the Excess of Zeros
Step 1 of our methodology defines our reference model specification.

Nonetheless, the data-generation process raises a specific issue. If the un-
derlying assumptions regarding the use of the same picture to promote
the property on different platforms and/or the accuracy of the Google
Cloud Vision API are not fulfilled, PLATS is always 0 for this host. Thus,
two groups exist in our sample: a group A that contains hosts for whom
the assumptions are not satisfied, and a group A for hosts satisfying these
assumptions.

AsMullahy (1986) demonstrates, in that case, if the probability of being
in group A for host i is pi and is significantly different from 0, the standard
negative binomial or Poisson distributions are no longer appropriate. This
problem is known as the excess of zeros issue and is due to the following:
the data-generation process does not arise from a single distribution but
from two distinct distributions.

Fig. 2 shows that a count of 0 was associated with 49.49% of the hosts.
Thus, we had to check whether the excess of zeros was an issue in our study
and use an appropriate fix if necessary.

A common fix is to use zero-inflated count models that allowmodelling
of the excess of zeros and allow for overdispersion. For readability, we pres-
ent only the basics of themethod andwhat is required to understand the re-
sults. See Cameron and Trivedi (2013) for a complete technical
presentation.

For each observation in the sample, two possible data-generation pro-
cesses exist. ProcessA is chosenwith probability pi, and process A is chosen
with probability 1− pi. Counts ki generated from process A are always zero
(so-called degenerated 0); process A generates counts that are greater than
or equal to 0 from a negative binomial or Poisson distribution.

Process A is estimated through a logit model predicting the occurrence
of a behaviour that is not in line with our assumptions: the probability that
PLATS is always equal to 0. ProcessA is estimated using a standard negative
binomial or Poisson distribution. The expected count of PLATSi depends on
both processes and is obtained as described in Eq. (2)

E PLATSið Þ ¼ pi � 0þ 1−pið Þ � eai ð2Þ

where pi is the probability of being in group A obtained from the logit (usu-
ally called ‘inflate’) part of the model, and eai is the expected count of plat-
forms other than Airbnb and was obtained from the negative binomial or
Poisson part of the model.

The zero-inflated model estimates, from a set of independent variables
Z, demonstrate the probability that PLATS always equals 0, and this proba-
bility is then used to obtain a correct count distribution. In this paper, we
Fig. 2. Observed sample distribution.
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had to estimate the probability of always observing 0 because some hosts
do not use the same picture to advertise a listing on different platforms.
We use the variable PHOTOS as an explanatory variable because it seems
obvious that the size of the set of photos available influences the host’s
choice when posting the listing on a platform.

At this stage of themethod, wemade two decisions. First, we had to rep-
licate step 1, choosing between a zero-inflated negative binomial distribu-
tion and a zero-inflated Poisson distribution. Second, we had to decide
whether the zero-inflated model improved the negative binomial specifica-
tion used in step 1.

Once the zero-inflated negative binomial model was estimated using
the ZINB STATA command, we could observe that the estimated
overdispersion parameter was equal to 0.064 and not significantly different
from 0 at the 10% level (α=0.064, p− value=0.108). AsMullahy (1986)
emphasises, the presence of overdispersion in the data may be due to the
excess of zeros. This case was the case here, implying the choice of the
zero-inflated Poisson specification over the zero-inflated negative binomial
specification. We subsequently had to decide whether the zero-inflated
Poisson specification improved our baseline negative binomial model.

Table 4 presents the measures of fit that Long & Freeze (2014) suggest
for this type of model. They show that the zero-inflated Poisson specifica-
tion is more appropriate. Both the maximum difference and the mean dif-
ference between predicted and observed count are lower (in absolute
terms) in the zero-inflated Poisson specification. Second, this is also true
for the sum of absolute differences between predicted and actual probabil-
ities. In addition, the χ2

fit test establishes that although the negative bino-
mial predicted distribution is significantly different from the actual
distribution at the 1% level, the zero-inflated Poisson distribution does
not significantly differ from the sample distribution. Last, both the Akaike
and Bayesian information criteria are minimised by the zero-inflated
Poisson specification.

3. Step 3: The Two-Stage Residual Inclusion Method to Manage
Endogeneity

Our explanatory variable of interest is the host type. However, many
variables likely to be highly correlated to the host type cannot be observed.
For example, the host type is likely to be influenced by the host’s wealth,
level of income, age, or ownership of a second home. This implies that
our main explanatory variable is potentially correlated to the error term,
leading to biased estimates of the coefficients.

To solve this problem, we use an instrumental method called two-stage
residual inclusion proposed by Terza, Basu, and Rathouz (2008) and
praised byWooldridge (2014). Geraci, Fabbri, andMonfardini (2016) dem-
onstrate that this method is valid for count data models. In the first stage of
the method, auxiliary equations are estimated for each of the variables (or
levels of a multinomial variable) considered potentially endogenous. Pre-
dicted values are then computed for each of these variables. Residuals are
obtained as the difference between observed and predicted values for
each variable suspected of endogeneity. The originality of the method ap-
pears in the second stage. Potentially endogenous variables are conserved
Table 4
Comparison of fit between negative binomial and zero-inflated models.

Comparison of mean observed and predicted count
Negative binomial Zero-inflated poisson

Max difference −0.022 −0.017
Mean difference 0.008 0.005

Comparison of predicted and actual probabilities
Negative Binomial Zero-Inflated Poisson

Sum of absolute differences 0.048 0.028
Pearson’s χ2 14.646⁎⁎⁎ 5.665

Information criteria
Negative Binomial Zero-Inflated Poisson

Akaike Criterion 9345.071 9326.323
Bayesian Criterion 9432.871 9421.015

⁎p < 0.05, ⁎⁎p 0.01, ⁎⁎⁎p < 0.001.
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in the estimation of the equation, and residuals obtained in the first step are
simply used in the model as additional explanatory variables.

In our study, we want to check for the exogeneity of the categorical var-
iableHTj. This implied that in the first stage of the two-stage residual inclu-
sion method, we had to estimate the probability of each host being in a
given category. As an auxiliary model, we estimated a multinomial logit
in which the explanatory variables, in line with Terza et al., were both
the controls used in the main model and a set of four instruments (see Ap-
pendix A for details).

Our set of instruments included three qualitative variables (TV, DRYER,
CRIB) and a continuous variable taking only positive values (BATHS). The
first three instruments are amenities that may or may not be offered by
the host. The fourth instrument is the average number of bathrooms on
the property. Table 7 presents these variables in detail.

Because the results of the first stage estimation are not central to this
paper, they are presented in Table B of Appendix B. We wish simply to un-
derline that the model performed well according to the standard perfor-
mance of this type of model (Greene & Hensher, 2010). Both the Count
R2 and the Adjusted Count R2 are good1 (CountR2 = 0.724 and Adj. R2 =
0.160)2.

The result of this multinomial logit estimation is used to compute resid-
uals to be included in the main count model. In accordance with Geraci
et al. (2016), we computed standardised residuals. In this context, Geraci
et al. show that the power of the endogeneity test is higher when
standardised residuals are used rather than raw residuals. We define Pij, a
variable with value 1 if the host belongs to host type j and 0 otherwise, as
a binary formulation of HTj. The predicted probability for host i to be of

type j is bPij. Standardised residuals are then defined as in Eq. (3):

bsrij ¼ bP−1
2

ij 1−bPij

� �−1
2
Pij−bPij

� �
ð3Þ

The results of the second step of themethod are presented in the last col-
umn of Table 5 and are discussed in the next section. For now, we highlight
that a Wald test on the coefficients associated with the standardised resid-
uals in the main model shows that they are jointly different from 0 at the
5% level (χ2(2) = 8.24, pvalue = 0.016). The variable HTj is endogenous,
and the zero-inflated Poisson model must be augmented to include pre-
dicted standardised residuals. Otherwise, the estimated coefficients associ-
ated with HTj are biased. Reliable results are obtained only when we
consider the zero-inflated Poisson specification that includes predicted re-
siduals as additional explanatory variables.

5. Results

In this section, we first present general results related to control vari-
ables accounting for some characteristics of the hosts. Next, we focus on
the influence of host type, defined by the number of listings managed, on
multichannel behaviour.

5.1. Impact of some hosts’ characteristics

The results of the different econometric models estimated are
summarised in Table 5. Columns (1), (2), and (3) present the respective es-
timations of the negative binomial, zero-inflated Poisson and augmented
zero-inflation Poisson (second step of the two-stage residual inclusion
method) specifications. Notably, standard errors are robust for all the
models estimated in the paper to account for potential specification issues.

Notably, coefficient estimates of models (1) and (2) are similar. We take
advantage of this similarity to focus on the interpretation of the estimates of
the specifications (2) and (3). However, the similarity of some estimates
should not confuse the reader; the relevance of estimating a zero-inflated
1 CountR2 ¼ Number of correct predictions
N

2 Adj:CountR2 ¼ Number of correct predictions−N⁎
j

N−N⁎
j

where Nj
∗ is the number of observations within the

modal class
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model rather than a traditional count model is clear. We eliminate
overdispersion and improve the fit of the model (Table 4).

Some coefficients associated with the controls are of interest. The coef-
ficients associated with PTAPART and PTHOUSE are strongly significant with a
negative sign, indicating that hosts without a typical property type are,
ceteris paribus (all other things being equal), present on a higher number of
platforms. This could, to some extent, be related to individuals with various
properties for rent, such as real estate agencies.

The significant and negative coefficient associated with the particular
cancellation policy ‘moderate’, CPMODE, shows that those hosts are present
on a lower number of alternative platforms. Notably, the STRICT30 cancel-
lation policy, available by invitation fromAirbnb staff to hosts connected to
the platform by third party software, is significant inmodels (1) and (2) but
not in model (3). The correction of endogeneity dissipates the effect, sug-
gesting that some unobserved characteristics of the hosts that affect HTj
also affect CPMODE. This could be related the following: this type of cancel-
lation policy is mainly adopted by professional players because of Airbnb’s
conditions of use.

The variable POOL is positively and significantly associated with
PLATS. If we consider the coefficient of model (3), hosts who typically
offer a pool use alternative platforms 31.26%more than average. This find-
ing suggests that the presence of such a luxury amenity creates an incentive
for the host to use several channels. The variable SUPER is strongly and neg-
atively associated with the number of platforms. In model (3), we observed
that ceteris paribus (all other things being equal), Superhosts use alternative
platforms 21.34% less than average. This finding is notable because the
Superhost label acknowledges the quality of service provided by the host.
That a Superhost uses fewer channels suggests that this type of host de-
velops a different strategy to attract guests (Liang, Schuckert, Law, &
Chen, 2017).
5.2. Impact of host type on multichannel practice

Regarding the role of host type on the propensity to use different chan-
nels, the model in column (2) highlights clear, strong results. The coeffi-
cient associated with HT2 is 0.227. Thus, ceteris paribus (all other things
being equal), hosts managing two properties use alternatives to Airbnb
25.5% more than hosts managing one property do. The propensity to use
different platforms is even higher for hosts managing more than two list-
ings. With a coefficient estimate of 0.498, they use alternatives to Airbnb
1.65 timesmore than hosts managing only one listing do. Themore proper-
ties managed, the more alternative platforms used.

However, the appealing conclusion, in line with the intuition supported
by the literature, that hosts managing several listings are professionals is in-
correct. Model (3), which accounts for the endogeneity of the host type,
demonstrates that the behaviour of hosts managing two listings is no differ-
ent from the behaviour of hosts managing one listing because the coeffi-
cient estimate of -0.166 is not significantly different from 0. Furthermore,
the coefficient associated with HT3 is 0.638 in that case. These changes
are due to the significant effect of the predicted residuals on the number
of platforms.

The number of alternative platforms used by hosts managing more than
two listings is not 65% higher than the number used by type 1 hosts, as sug-
gested by the zero-inflated Poisson model, but 89.3% higher. Endogeneity
causes overestimation of the use of alternatives to Airbnb by type 2 hosts
and underestimation of the use of alternatives by type 3 hosts.

In specifications (2) and (3), the variable PHOTOS is strongly significant
and negatively associated with the probability of observing a degenerate 0.
The zero-inflated Poisson model estimates, for each host, a probability pi of
observing a degenerate 0, namely, for this host, we always observe PLATS
= 0 because the assumptions regarding the picture used to advertise the
listing are not fulfilled. The negative sign of the coefficient means that the
larger the average number of PHOTOS a host displays, the less likely a de-
generate 0 will be observed. The estimate of the average probability pi in
specification (3) is bpi ¼ 12:79% (p value = 0.000). Our working



Table 5
Results from different count model specifications.

PLATS (1) (2) (3)

Negative binomial model Zero-inflated poisson model Corrected zero-inflated poisson model

coef. p-values coef. p-values coef. p-values

Main Main

HT2 0.223*** 0.000 0.227*** 0.000 −0.166 0.356
HT3 0.527*** 0.000 0.498*** 0.000 0.638*** 0.000

PTAPART −0.161** 0.002 −0.142** 0.005 −0.136* 0.030
PTHOUSE −0.173*** 0.000 −0.172*** 0.000 −0.165** 0.004

CPFLEX −0.113 0.168 −0.071 0.375 −0.092 0.421
CPMODE −0.396*** 0.000 -0.400** 0.0030 −0.409** 0.002
CPSTRICT 0.026 0.704 0.024 0.724 −0.006 0.952
CPSTRICT30 0.485* 0.021 0.487* 0.012 0.347 0.087

SUPER −0.216* 0.028 −0.232* 0.019 −0.240* 0.016

POOL 0.294*** 0.000 0.264*** 0.000 0.272*** 0.000

ROOMS −0.012 0.542 −0.024 0.219 −0.029 0.181

PRICE 0.000 0.513 0.000 0.438 0.000 0.430bsrHT2 – – – – -0.152* 0.018bsrHT3 – – – – 0.055 0.265
CST −0.259** 0.003 −0.092 0.298 −0.017 0.922

Inflate Inflate
PHOTOS – – −0.078* 0.012 −0.084** 0.007
CONSTANT – – −0.731* 0.030 −0.688* 0.040
α 0.190*** 0.000 – – – –
Akaike 9345.071 – 9326.323 – 9323.435 –
Bayesian 9432.871 – 9421.015 – 9430.073 –
χ2 303.445*** 0.000 270.800*** 0.000 286.256*** 0.000
N 3916 – 3916 – 3916 –

*p < 0.05, **p 0.01, ***p < 0.001.
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assumptions are roughly fulfilled for 87.20% of the sample. The overall es-
timated probability of observing a 0 count is 48.75%
(bP PLATS ¼ 0ð Þ ¼ 48:75%, p value = 0.000). Hence the probability for a
given host to post listings on at least one alternative platform is 51.25%.
A majority of hosts practice multichannel distribution.

Table 6 displays the average probability computed from specification
(3), for the full sample and per host type, of using a given number of alter-
native platforms. Probabilities are obtained by using the deltamethod. This
highlights some important findings. Table 6 confirms that the behaviour of
hosts managing one listing is not significantly different from the behaviour
of those with two listings. In addition, the probability decreases dramati-
cally as the number of platforms increases. The probability of using Airbnb
only is 36%, and that of using Airbnb alongwith another platform is 30.6%.
The probability of using two alternatives is 14.1%. Hosts tend, on average,
Table 6
Estimated probabilities for the different HTj categories.

Full Sample HT1

coef. 5% robust CI coef. 5% robust CI

Airbnb only 0.360 [0.327;0.392] 0.380 [0.335;0.424]
Airbnb+1 0.306 [0.293;0.319] 0.307 [0.294;0.319]
Airbnb+2 0.141 [0.136;0.147] 0.132 [0.118;0.146]
Airbnb+3 0.048 [0.044;0.051] 0.041 [0.030;0.051]
Airbnb+4 0.013 [0.012;0.015] 0.010 [0.005;0.015]
Airbnb+5 0.003 [0.003;0.004] 0.002 [0.001;0.004]

HT2 HT3
coef. 5% robust CI coef. 5% robust CI

Airbnb only 0.430 [0.340;0.520] 0.188 [0.121;0.255]
Airbnb+1 0.297 [0.268;0.325] 0.274 [0.234;0.315]
Airbnb+2 0.109 [0.073;0.145] 0.213 [0.192;0.233]
Airbnb+3 0.029 [0.014;0.044] 0.117 [0.082;0.152]
Airbnb+4 0.006 [0.002;0.010] 0.052 [0.025;0.078]
Airbnb+5 0.001 [0.000;0.002] 0.02, 0 [0.005;0.034]
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to use a limited number of platforms. Nonetheless, the proportion of hosts
using Airbnb and at least two other platforms is far frommarginal. The cu-
mulative probability of using at least two alternatives to Airbnb is 20.53%
(p value = 0.000). A significant proportion of hosts mimic the behaviour
of hospitality firms to attract more guests.

Furthermore, the examination of probabilities conditional on the host
type in Table 6 is very informative. First, hosts managing many listings
are less likely to limit their activity to Airbnb. The probability that they op-
erate only on Airbnb is more than twice as low as that of other types of host.
Notably, the probability of operating on Airbnb and one alternative plat-
form is very similar between groups. This finding indicates that using two
platforms (Airbnb+1) is common behaviour, irrespective of host type. Con-
versely, as the number of alternatives to Airbnb increases, the gap between
type 3 hosts, on the one hand, and type 1 and 2 hosts, on the other hand,
increases. The probability of using two alternatives is already 1.6 times
higher for type 3 hosts. There is a factor of 5 between the probability of
type 3 and type 1 hosts respectively using Airbnb and four alternatives.
This factor increases to 10 for the use of five alternatives.

This finding is of particular relevance because it confirms that hosts
managing many listings are more likely to mimic hospitality professionals.
We can easily compute that the probability of a type 3 host using at least
Airbnb+2 alternatives is 40%. But this finding is not the whole story. A
total of 18.5% of type 1 hosts who are perceived as very small players be-
cause they rent only a single property are also present on at least three plat-
forms. They are mimicking the proactive behaviour of hospitality firms to
increase their visibility.
6. Discussion and conclusion

According to our review of the literature, we have presented the first
work on multichannel distribution in the short-term rental market. Using
appropriate count models, we establish that the parallel use of several
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rental platforms is very common behaviour among Airbnb hosts. Notably,
more than half of the hosts are likely to practice multichannel distribution.
Second, we show that the propensity to use different distribution channels
depends, to a significant extent, on the professionalisation level of the host.
Hosts with a larger number of properties for rent aremore inclined to diver-
sify their distribution channels. Furthermore, even if hosts with one or two
properties for rent are, on average, less likely to use several platforms, a sig-
nificant proportion of them, approximately 20%, are present on Airbnb and
at least two other platforms. Overall, the results suggest that professional
hosts mimic the behaviour of hospitality firms to enhance their economic
performance. Nonetheless, many small hosts, usually perceived as non-
professional, are, notably, willing to optimise their occupancy rate through
channel diversification. Our work facilitates research related to a new ques-
tion. We show that hosts establish a portfolio of platforms to improve the
performance and/or visibility of their listings.

These findings support important implications for stakeholders and re-
searchers. Recent articlesmanaging hosts’ attitude have emphasised the im-
portance of psychological attachment (Lee, Yang,& Koo, 2019) and trust in
the platform (Wang, Asaad,& Filieri, 2019). Our results suggest that the at-
tachment to the platform is weak for a large proportion of the host
population.

From the platforms’ point of view, it strengthens the need to develop ad-
equate strategies to retain hosts. Notably, multichannel distribution means
lower profitability for the platform, and the ability to retain hosts is a major
managerial issue for Airbnb and its competitors. For example, VRBO is
launching its ‘Fast Start Program’, designed to attract the most efficient
hosts from other platforms (VRBO, 2021).

Our contribution also highlights a challenge for policy makers. Before
the COVID-19 outbreak, regulations were implemented to limit the adverse
effect of short-term rental on local communities. We show that these regu-
lations must be designed at the host level rather than at the platform level.
That is, the problem is not to control the activity of Airbnb or Booking but to
control the activity of a given host over different platforms. For example,
the so-called ELAN law enacted in France in 2019 allows Paris to create a
registry of hosts to monitor the short-term rental market, and this practice
has been beneficial.

From the hosts’ standpoint, we provide insights into an infrequently
discussed dimension. Depending on their motivations and goals, they are
going to define different platforms portfolios. The theoretical economic lit-
erature on two-sided markets has emphasised the possibility of
multihoming on web platforms (Armstrong, 2006; Rochet & Tirole,
2003). To mitigate competition between them, hosts have an incentive to
simultaneously use several platforms.

Our work also provides useful information and tools to researchers. Ig-
noring the existence of multiplatform practice could bias the perception of
the short-term rental market and affect the reliability of some academic re-
sults. The identification of listings posted on competing platforms creates a
reliable indicator of the extent of overlapping. Hence, our method provides
an enhanced measure of the effective size of the supply side of the short-
term rental market. It will help further research to manage the aforemen-
tioned bias.

The competing platforms used by Airbnb hosts differ in nature and size.
Thus, the major global platforms (e.g. VRBO, TripAdvisor, Booking.com),
regional platforms (e.g. Media Lite Group, Locasun Group), and national
platforms (e.g. Mediavacances, Gites de France) are competing with each
8

other. The diversity of actors is consistent with the theoretical work of
Belleflamme and Peitz (2019). They show that competition between sellers
on a given platform can generate differentiation between competing plat-
forms. Differentiation allows the coexistence of both large and popular plat-
forms, in which competition is crucial, and small platforms, on which
sellers are protected from competition. This is in line with our empirical re-
sults and raises a question for further research. How will the relationships
between platforms evolve in a context in which a multichannel strategy is
a common behaviour?

Our article is the first attempt and thus has limitations. Similar to many
tourist destinations, Corsica is a sea, sun, and sand destination
characterised by a short-term rental market for second homes since the
1970s. The picture could be slightly different if urban destinations were
studied instead. Second, the listing identification is based only on reverse
image recognition. Thus, adding the geographical information and the tex-
tual information in the listings to the recognition methodology would im-
prove multiplatform identification. Finally, our study is based on data
collected before the COVID-19 outbreak; thus, predicting the evolution of
this multichannel practice in the post-pandemic tourism industry is diffi-
cult. Notably, the current evolutions seem so salient that a closemonitoring
of the multichannel strategy is necessary to enhance the understanding of
the impact of COVID-19 on the short-term rental market.

Contribution statement

1. What is the contribution to knowledge, theory, policy or practice of-
fered by the paper? We show that, whatever the number of listings man-
aged, hosts on the short-term rental market are potential competitors for
traditional hospitality. Even very small players with, only one listing, are
likely to adopt an aggressive multichannel strategy. Furthermore, we pro-
vide a valuable innovative tool to analyse a highly complex market. We
put lights on a phenomenon that is known to exist but is, to date, impossible
to measure accurately. Our reproducible methodology fills this gap and
paves the way for future research. Lastly, in a time of strong uncertainty,
our method makes it possible to monitor the evolution of hosts distribution
strategies over-time. 2. How does the paper offer a social science perspec-
tive/approach? This paper is the outcome of the cooperation of researchers
from different disciplines: an economist, two geographers and a computer
scientist. The social science perspective of the paper is clear since we com-
bine tools from computer science, economics and econometrics to assess
the multichannel distribution strategy of Airbnb hosts. The question of
the effect of Airbnb and other platforms on the tourism industry, and the
whole society, is one of the most studied recently by social scientists. We
propose a multidisciplinary approach to document a phenomenon that is
out of reach of scholars to date: the use of multiple channels by hosts. Our
work contributes in an innovativeway to the academic debate on the devel-
opment and functioning of the short-term rental that is a key topic of now-
adays ' tourism and hospitality industry.
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Appendix A. Instrumental variables

This Appendix provides descriptive statistics and a correlation matrix relative to the instruments used in step 3 of our methodology.
Table 7

Descriptive statistics for the instruments.
T

D

C

B

P
H
H
H
T
D
C

H
C
C
C
C
SU
P
R
P
P
P
T
D
C
B
C
H
C
C
C
C
SU
P
R
P
P
P
T
D
C
B

Mean
 Std. Dev.
9

Min.
 Max.
V
 Host typically provides a TV

0.888
 0.319
 0
 1
RYER
 Host typically provides a DRYER

0.174
 0.379
 0
 1
RIB
 Host typically provides a CRIB

0.137
 0.343
 0
 1
ATHS
 Average number of bathrooms for this host

1.423
 0.872
 0
 8
Table 8

Correlation matrix for the instruments.
PLATS
 HT1
 HT2
 HT3
 TV
 DRYER
 CRIB
 BATHS
LATS
 1

T1
 −0.180*
 1

T2
 0.037*
 −0.669*
 1

T3
 0.197*
 −0.598*
 −0.196*
 1

V
 0.0110
 0.120*
 −0.017
 −0.140*
 1

RYER
 −0.014
 0.126*
 -0.057*
 −0.1051*
 0.101*
 1

RIB
 0.028
 0.084*
 −0.025
 -0.0830*
 0.082*
 0.127*
 1

ATHS
 -0.012
 0.1260*
 −0.068*
 -0.0928*
 0.065*
 0.36*
 0.167*
 1
B
* p < 0.05.

Appendix B. First stage of the two-stage residuals inclusion method to handle endogeneity

This Appendix presents the results of the first stage of the method for the case in which our main explanatory variable is HTj (Table B). First, cancellation
policies have a significant impact on the probability of belonging to a given host category. This is also true for property type. Notably, POOL has no impact
on the probability of belonging to a given host group, but the impact of the average number of bedrooms is significant. Furthermore, SUPER is positively and
significantly associatedwith the probability of belonging toHT3. The probability ofmanagingmany listings is greater for superhosts. Finally, three out of our
four instruments are strongly significant.
Table 9

First-stage regression of the method: multinomial logit on HTj.
coeff.
 p-values
T2

PFLEX
 −5.578***
 0.000

PMODE
 −5.572***
 0.000

PSTRICT
 −5.334***
 0.000

PSTRICT30
 −4.485**
 0.007

PER
 0.122
 0.533
OOL
 −0.035
 0.763

OOMS
 −0.315***
 0.000

TAPART
 −1.017***
 0.000

THOUSE
 −0.889***
 0.000

RICE
 0.000
 0.370

V
 −0.305*
 0.029

RYER
 −0.327*
 0.021

RIB
 −0.122
 0.396

ATHS
 −0.065
 0.524

ST
 5.568***
 0.000

T3

PFLEX
 −6.454***
 0.000

PMODE
 −7.062***
 0.000

PSTRICT
 −5.670***
 0.000

PSTRICT30
 −2.298
 0.068

PER
 0.539*
 0.011
OOL
 −0.167
 0.235

OOMS
 −0.534***
 0.000

TAPART
 −1.850***
 0.000

THOUSE
 −1.893***
 0.000

RICE
 0.000
 0.115

V
 −0.854***
 0.000

RYER
 −0.639***
 0.001

RIB
 −0.584**
 0.002

ATHS
 −0.003
 0.980
(continued on next page)
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able 9 (continued)
C
C
A

coeff.
10
p-values
ST
 6.950***
 0.000

OUNTR2
 0.724
 –

DJ. COUNTR2
 0.160
 –

bservations
 3916
 –
O
*p<0.05, **p<0.01, ***p<0.001.

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.annale.2021.100017.
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