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Abstract

In recent years, large platforms have raised concerns that they may engage in anti-competitive practices
that affect market competition. Therefore, analyzing the competition structure inside platforms is a
relevant issue that has not been treated in many empirical research. This study analyzes how a plat-
form’s owner could affect the degree of competition among members of one group in the platform
through biasing search results using rating classifications. In this paper, we perform an application
to Airbnb’s market in Barcelona given the particularity of rating is an unavailable searching filter to
guests. We found evidence that listing’s rating classification represents an important market segmenta-
tion in the Airbnb’s market in Barcelona that could imply a possible practice of biasing search results.
Moreover, we found that the intensity of competition is differentiated by the rating-related segments,

which means that this segments are concentrating competition.

Keywords: platform competition, digital market, economics of sharing.
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1 Introduction

Digitalization has encouraged platforms’ presence in diverse services such as hospitality, trans-
portation and entertainment, hence these platforms are playing a more important role in world-
wide economy. In particular, digital platforms such as Amazon. Airbnb, Facebook and Google

have increased their market share and expanded their operations.

These large platforms, in combination with their privileged ecosystem position, have raised con-
cerns that they may engage in anti-competitive practices that reduce innovation and consumer
welfare such as excessive prices, algorithmic pricing collusion and data use to establish non-price
discrimination (Parker et al.{(2020)). Consequently, many empirical research have assessed the
competition between and within platforms (see Bellelamme and Peitz (2018b)), Cennamo and

Santalo|(2009)), Jullien and Sand-Zantman)|(2021), and Kim et al.|(2017)).

Regarding Airbnb, many empirical literature have focused on its eftects on different markets
so, for instance, on hotels (Schifer and Tran| (2020)), rents (Duso et al.| (2020)) and housing
(Garcia-Lépez et al| (2020)). Nonetheless, analyze the competition structure inside platforms

is still a relevant issue that has not been treated in many empirical research.

Since platforms themselves are ecosystems of users, they can shape the competition among sell-
ers through quality. For example, platforms can choose how ratings influence the probability of
being seen by a buyer. This can generate concentration of competition among high-rated sellers.
(Charlson|(2021)). This decision is one of the drivers of platforms’ profits, since platforms will
try to encourage visibility of high-rated sellers given the higher demand faced by them (Belle-
flamme and Peitz (2018b))), but, simultaneously, the increase in competition would lower the

prices and, ultimately, platforms’ revenues.

We will address whether rating classification represents a segmentation within a platform. Airbnb
is an ideal platform to explore it, since its filters do not allow users to discriminate listing un-
der this feature and, therefore, a rating segmentation could imply a possible practice of biasing

search results.

Additionally, Airbnb is a relevan case since it is the first and largest two-sided online platform
in the short-term rental market and they could have a greater impact in the future. Moreover, its
presence in Barcelona is importang’|and it has been growing through timef}} Also, the city itselfis

relevant for tourism, since, according to the Statistical Institute of Catalonia, from 2010 to 2019,

'According to ’See Transparent’ web page, it reaches nearly s millions listings with an exclusivity ratio higher
than 50% in most of the relevant cities in the world.

*According to|Datahippo website, Airbnb accounts for the majority of short-term rentals in Barcelona with
respect with its main competitors.

3 Airbnb’s listings in the city has been growing from 2015 to 2021, with an average increasing rate of 17.6%.


https://seetransparent.com/en/airbnb-ipo/who-are-todays-airbnb-hosts-and-how-loyal-are-they/
https://datahippo.org/en/region/599230b08a46554edf884665/

the number of visitors increased in 12.2% and Barcelona was the 6th most visited destination city

in Europe and 17th worldwide in 201

We use monthly-level data of Airbnb’s listings in Barcelona to analyze how competition is shaped
by rating classification of rentals. Since we have information on location, type of listing and rat-

ing, we can allow for segmentation of the demand according with these variables.

Our main contribution is that we provide insight about competition within Airbnb’s hosts
(sellers), highlighting the importance of rating as a market segmentation within platform. We
found evidence that listing’s rating classification represents an important market segmentation
in the Airbnb’s market in Barcelona even though guests (buyers) can not filter their search re-
sults using this feature. Moreover, we found that the intensity of competition is differentiated by
the rating-related segments, in other words, the segments are able to concentrate intra-platform

competition.

The study is organized as follows. In Section |2} we describe Airbnb’s market in Barcelona.
In Section [3}, we present literature related with rating effects, intra-platform competition and
Airbnb’s empirical studies. In Section we describe the econometric models we used and the
link between those models and intra-platform competition. In Section we discuss the variables
needed for model specifications. In Section |6} we explain the results and elasticities obtained.

Finally in Section we discuss our conclusions and limitations.

2. Airbnb’s Market in Barcelona

Airbnb is the first and largest two-sided online platform in the short-term rental market world-
wide. Its business is focused in short-term rental services with some recent experience’s services.
Particularly, its revenue model consists in charging a service fee depending on total booking price
from each host and guest that use the service. Additionally, Airbnb has an algorithm focused

on search results and a pricing algorithm that recommends optimal’ prices to hosts.

Airbnb is highly demanded in Barcelona, in 2017, the city was the fourth most preferred desti-
nation in Europe for Airbnb user Additionally, Barcelona is the sixth biggest city in the world
for Airbnb’s rentalsﬁ Moreover, from the end of 2016 to the middle of 2020, it has shown an

important increase in the number of listings offered in the city (see Figureof Annex).

This supply is not proportional between listing types given majority of rentals are entire apart-

ments and private rooms, while shared and hotel rooms represent the smallest amount of list-

*According to Mastercard’s Global Destinations Cities Index
5 According to information of Statista
6According to Forbes


https://www.mastercard.com/news/media/wexffu4b/gdci-global-report-final-1.pdf
https://www.statista.com/statistics/957312/airbnb-leading-european-destinations/
https://www.forbes.com/sites/bishopjordan/2017/04/05/airbnb-paris-london-nyc-la-barcelona-rome-infographic/##5d0fac0d4127

ings in the city, this structure has been the rule, regardless of the time considered (see Figureof
Annex). Similarly, the presence of Airbnb in neighborhoods has not been homogeneous, given
that majority of listings are gathered in Eixample and Ciutat Vella, meanwhile, Nou Barris and

Sant Andreu are neighborhoods with the least amount of rentals (see Figures|of Annex).

The incremental of listings has risen concerns in the cit which has introduced regulations
that seek to limit the quantity of short-term rentals. Since 2011, Barcelona has required entire
apartments offered for short stays to have a licens in 2014, new licenses were frozen in central
Barcelonaﬂ Two years later, Airbnb was fined with 60,000 euros for advertise apartments that
did not have licens While in 2018, the city introduced a host identification system to verify
whether apartments offered online were done so legally. And, in 2020, a temporary rule to ban

listing rentals for less than 30 days was impose

3 Literature Review

In this Section, we discuss relevant literature grouped in three categories: (i) studies who explore
ratings as a tool to improve platforms’ network effects; (ii) studies who analyze intra-platform
competition, its effects on platform’s owner incentives and, ratings’ capability to aftect this type

of competition; and (iii) empirical studies who use Airbnb’s scraped data.

3.1 Platform’s network effects and ratings

In the literature, platforms are defined as services that create value from trade while coordinates
and facilitates economic or social exchange between distinct groups of consumers (Rochet and
Tirole (2003),|Evans (2003), Belleflamme and Peitz (2018a), and |Parker et al.|(2020)). Regarding
value creation and business model, we can define roughly a two-sided platform as an economic
agent that enable interactions between end-users, and try to get the two sides “on board” by
appropriately charging each side; that is, a platform courts each side while attempting to make,

or at least not lose, money overall (Rochet and Tirole|(2006)).

Network externalities (effects) arise when the utility that a user derives from consumption of
the good increases with the number of other agents consuming the good, likewise, there are
several possible sources of these externalities such as the presence of post purchase services and

developing of complementary services (Katz and Shapiro| (198s)J?} Particularly, most markets

Nieuwland and Meliki(2018), provides a relevant policy and research review related to the presence of Airbnb
in Barcelona.

8 According to Bloomberg

2 According to The Wall Street Journal

' According to The Guardian

" According to Bloomberg

" According to |Franck and Peitz|(2019) network effects can be divided in two groups: (i) direct network effects


https://www.bloomberg.com/news/articles/2021-02-05/barcelona-s-new-plan-to-regulate-vacation-rentals
https://www.wsj.com/articles/barcelona-mayor-freezes-licensing-of-new-tourist-quarters-1435851410
https://www.theguardian.com/technology/2017/jun/02/airbnb-faces-crackdown-on-illegal-apartment-rentals-in-barcelona
https://www.bloomberg.com/news/articles/2021-02-05/barcelona-s-new-plan-to-regulate-vacation-rentals

with network effects are characterized for the presence of two sides who benefit from interacting
through a common platform (Rochet and Tirole|(2003)). Also, in this markets, the benefit of

one group depends on the size of the other group that joins the platform (Armstrong (2006)).

From the above, platforms provide a number of services that generate so-called “network ef-
fects,” insofar as the attractiveness of a particular platform increases with the volume of interac-
tions that the platform manages (Belleflamme and Peitz (2018a)). This volume of interactions
will depend on the size of platform’s users and the platform’s capability to incentive its use

through commercial strategies and changes in the platform’s design.

Following this, Belleflamme and Peitz (2018a) analyze how reviews, ratings, and recommenda-
tions systems generate network effects on platforms. They argued the ratings and reviews can be
an important source of network effect since the more users that are active the better informed
other users ar Consequently, the authors establish that rating and review systems fuel self-
reinforcing mechanisms that make successful platforms even more successful since they generate

platform-specific network effects.

To sum up, the literature is certain about that the key for a successful platform is its capability to
p y p P y
generate positive network effects. Also, the literature shows that the rating and review systems

are able to increase the presence of network effects in platforms.

3.2 Intra-platform competition and ratings

Most of the relevant literature is focused on: (i) platform competition; (ii) cross group external
effects and platform’s attractiveness; and (iii) asymmetric pricing between platforms’ sides. Re-
garding platform competition, in the last 20 years, the literature is focused on analyzing how
platforms compete either within the market or for the market and the possibility that platform

competition will derive in a monopoly situation (Jullien and Sand-Zantman (2021)).

However, there are some literature that analyze the impacts of the degree of competition among
members of one group in the platform -which, for the purpose of this study, we called as ’intra-
latform competition’- on the platform outcomeg™| For instance, Belleflamme and Peitz|(2.018b

p p p

study how a change in the degree of competition among sellers may affect platform’s pricing

which occur when the utility of a user depends on the decisions of other users and all of these users belong to a
group and, they can be negative or positive; and (ii) indirect network effects which occur when the benefit of a
user depends from increased participation of other users only because of the interaction with the participation (or
usage) decisions of another group of users.

B As|Belleflamme and Peitz (2018a) said product rating systems have the potential to solve asymmetric informa-
tion problems. Therefore, the quantity and quality of reviews and ratings increases with the numbers of users in
the platform.

“Belleflamme and Peitz| (2018b) relates this type of competition with the concept of negative within-group
effects which arise when the presence of additional sellers, given a fixed number of buyers, could affect the expected
profits of the sellers established in the platform



strategy finding that the platform will maximize its profit when the total value of the transac-

tions between buyers and seller decreases with the intensity of seller competition.

Similarly, Galeotti and Moraga-Gonzilez (2009) study how difterentiated product sellers com-
pete for consumers within the platform, and how the platform’s owner should price its services
to maximize its profits (pricing strategy). Likewise, the effects of intra-platform competition
could affect user’s benefits. For instance, Bellelamme and Toulemonde|(2016) shows that sell-
ers may be better off, and buyers worse off, in markets with more sellers (higher competition);
and, also, sellers and buyers may prefer full product differentiation while platforms may prefer

no differentiation which could affect product variety strategy by the platform owner.

Nonetheless, pricing and product variety strategies are not the only available tools by platforms’
owners to respond to changes on intra-platform competition. In particular, there are non-
pricing strategies such as product visibility and quality contro that platforms’ owners can
exploit to influence the degree of intra-platform competition and, consequently, its outcomes
(Belleflamme and Peitz (2018b)).

With respect to product visibility, as we mentioned, platforms’ owners are interested in attract-
ing more users to platforms to increase network effects. Thus, they can use search engines to
guide consumers to products they like and generate more attractiveness to the platform (Belle-
flamme and Toulemonde| (2016))). Therefore, platforms” owners have the incentive to bias its
search results to obtain more profits either through generating more attractiveness or softer the

competition among sellers.

Regarding the latter, we would expect that the value of each seller will be reduced due to com-
petition which could affect the profits of the platforms’ owners (reduction of total transaction).
Therefore, platforms’ owners have the incentive to softer the competition which it is possible

through biasing search results.

In particular, biasing search results could imply that a buyer do not observe closer substitutes
sellers which would led to sellers do not face a high competition within the market. In the
literature, Chen and He| (2011) and [Eliaz and Spiegler (2011) show that search engines have an
incentive to decrease the relevance of their search results and, thus, discourages buyers from

searching extensively and softening the competition among sellers.

In this context, naturally, we wonder if platforms’ owners can bias search results using ratings.

Regarding this, |(Charlson| (2021) states that since demand is higher for high quality products,

5With respect to quality control, asBelleflamme and Peitz (2018b) states platforms may control the quality of
sellers and remove underperforming sellers from the platform. In the presence of seller competition this may come
at the cost of reducing competitive pressure.



there is an incentive to increase the probability that highly-rated sellers are observed by biasing
search results towards them. However, biasing search results in this way results in competition

being more concentrated, reducing prices.

In conclusion, the degree intra-platform competition is able to affect platforms’ profits and the
well being of platforms’ users. In that sense, platforms’ owners have the incentive to influence
intra-platform competition through price and non-price strategies and, particularly, they could
use rating to bias product visibility and softer intra-platform competition. However, this deci-

sion will depend on the characteristics of the platform as/Charlson|(2021) statesﬁ

3.3 Airbnb’s scraped data in empirical studies

Recent studies have used Airbnb’s data with an exploratory objective, for instance, Sutherland
and Kiatkawsin| (2020) use Airbnb’s reviews data from New York with a text processing tech-
nique to analyze topics of interests that drive customer experience. Also, Gyddi (2017) explore
Airbnb’s characteristics in Warsaw, finding that number of listings is higher in more attractive

parts of the city, which makes more difficult for locals to find a long-term rental in these areas.

Regarding demand analysis, the studies have focused on the elasticities of Airbnb’s short-term
rental, for example, Jiang and Yin| (2020) use this data to estimate the demand in China, while

Gunter and Onder|(2018) finds a price-inelastic demand for for Airbnb’s listings in Vienna.

Similarly, some research have relied on hedonic modelling techniques to estimate the determi-
nants of prices and revenues of Airbnb’s listings. For instance, Deboosere et al.| (2019)) account
for large neighbourhood effects on the prediction of both average price per night and revenue
generated by each listing in New York. Whereas for Spain, Lladds-Masllorens et al.|(2020) find
that prices are best explained by guests’ preference for characteristics of the rental and for the

systematic interaction of valence and volume of online reviews.

Instead, several studies have used this kind of data to explore the impacts of platforms on rental
housing. Zoul (2019)) analyzes the implications in Washington, D.C.; and the results suggest
that having Airbnb establishments in the neighborhood can significantly inflate property prices,
which inequitably affect low income home buyers, since there is a uneven penetration of the
platform on neighborhoods. In parallel,|Garcia-Lépez et al.|(2020) explore the effects of Airbnb
on housing rents finding that its activity has increased the latter. Similarly, Duso et al.| (2020)
exploit policy changes in short-term rental regulation in Berlin finding that Airbnb’s presence
increases average monthly rents by at least seven cents per square meter. In Barcelona, |Agusti

et al.[(2020)) have found that the platform has increased the rent prices, although, they do not

©Tn Subsection we explain in more detail the possible rating-based segmentation for Airbnb according to
Charlson|(2021).



obtain indication that Airbnb affects transaction prices.

Conversely, some research is centred in the effects of Airbnb on hotels, such as|Schifer and Tran
(2020)), who use data for Paris to estimate a segmented demand of Airbnb listings. They con-
clude that Airbnb increases average consumer surplus due to the increase number of choices and
lower prices, although, the platform reduces average hotel revenues. While, Zervas et al.| (2017)
analyzes the impact of Airbnb in the Texas hotel industry, showing an heterogeneous negative
effect of the platform on hotel revenues depending on hotel type, the impact is attributed to a

higher level of competition faced by hotel owners.

In contrast, Li and Srinivasan| (2019)) use Airbnb data from the United States and obtain that
Airbnb’s flexible supply helps recover the lost underlying demand due to hotel seasonal pricing
and even stimulates more demand in some cities. While, Maté-Sanchez-Val (2021) finds mixed
results for Barcelona, where, on the one hand, Airbnb plays a substitutive role for traditional
hotels, specially when the platform’s ofter is composed by private rooms and multi-listing hosts
But, on the other hand, in locations where traditional hotels do not have sufficient numbers of

rooms available to meet demand, Airbnb plays a complementary role.

In this context, our work is closer to the literature that addresses intra-platform competition.
In particular, this paper contributes to the discussion of how the intra-platform competition is
shaped due to factors that may be controlled by the platform itself, biasing seller’s probability

of being seen based on rating classification.

4 Model Specification

We assume that listings are differentiated products where prices are endogenously determined
by price-setting hosts (Berry|(1994))). This insight allows different substitution patterns across

listings which permits us to estimate demand determinants based on discrete choice models.

This kind of models consider products as a bundle of characteristics. Berry|(1994) proposed a
framework to estimate discrete choice models when there is unobserved consumer heterogene-
ity. This framework allows for estimation using traditional instrumental variables techniques

and, among others, includes the Logit and Nested logit model.

These models can be transformed into a simple linear regression of market shares on product
characteristics, by "inverting" the market share equation as proposed by Berry, (1994)). This fea-
ture makes the use of these models extended in the literature (Grigolon and Verboven|(2014)).
The assumption of the logit model relies on that consumer’s preferences are uncorrelated across
products. While the nested logit model allows preferences to be correlated across products

within the same “nest” (Grigolon and Verboven|(2014))). This, "allows for more reasonable sub-



stitution patterns as compared with the simple logit model” (Berry|(1994)).

4.1 Logit model

In this model, the main assumption relies on the independence of the ratio of probabilities
of choosing two products from other alternatives different than those two products (Irain

(2009)). This is usually called independence of irrelevant alternatives (IIA).

In this type of setting the utility of consumer ¢ for good j is given by equation where z; is a
vector of observed characteristics of product j, p; is the price, {; is an unobserved characteristic
for product j, while €;; is a consumer-specific component of utility, which provides the varia-
tion on consumer taste. This last component is unobserved and it is assumed to be identically

and independently distributed across consumers and choices.
u; =i —ap; + & + € (1)

One can denote ; = z;8 — ap; + &, where J; represents the mean utility common to all
consumers for j. In models where individual tastes across consumers and choices are i.i.d, the
elasticities are determined solely by the mean utility levels, d; (Berry (1994)). The mean utility
for the outside good is normalized to 0 (09 = 0). In our case, the outside good represents the

hotels (see explanation in subsections.1). After rearrange the market share equations (see details

in[Annex), we have the following linear equation:

S .
In (—7) =z;8 —ap; +§ (2)

S0
The market share of each product j is given by s; = ¢;/ L, which is the observed market share
Bjornerstedt and Verboven| (2016). L denotes the total potential market. Therefore, we can

rewrite equation|o]as,

L— Zi:l 4k

Likewise, the own-price elasticity of product j and the cross-price elasticity of product j with

In <L> =z,;0 —ap; +§; (3)

respect to k can be recover from this model as shown by equationand equation respectively.

_0sip;

e = 2B — _a(1—s))p, (4)
) ap] Sj JIE]
0sy pj



4.2 Nested logit model

The nested logit model is usually applied when the set of choices available for a consumer can be
divided into subsets or "nests". In these kind of models, ITA property should be satisfied within
each nest, which means that the ratio of the probabilities of choosing two products in the same
segment is independent of the attributes or existences of all other alternatives within the same
segment attributed by the "nest”, while the property does not need two hold for products in

different segments (Train|(2009)).

The nested logit model divides the products into GG + 1 exhaustive and mutually exclusive sets,
g = 0,..,G. The utility of consumer ¢ for product j that belongs in a particular group g can

be written as,

wij = ;0 —ap; + & + Gg + (1 — 0)ey;

Where ¢ "is common to all products in group g and has a distribution function that depends on
o, with0 < o < 1" (Berry|(1994)). We can rearrange terms (see details in[Annex)) and following

Berry| (1994), the solution can be written as,

In <S—]) =z;8 —ap; + aln(5j|g) +&; (6)

S0

Following|Bjornerstedt and Verboven|(2016)), equation |6|can be rewritten as,

4 A 4 A
ln<L—Z;-]:1qj>_%ﬁ ap]—'—aln(Zjeg(Jj)—'—g] (7)

Likewise, the own-price elasticity of product j and the cross-price elasticity of product j with

respect to k can be recover from this model as shown by equation[8|and equation o} respectively.

08, p; 1 o
€j =5 =« ( — TSl — Sj) p; (8)

~ Opj s l—0c 1-0
OSk p;i o
€jk = 0_pji =« (Esjg + 3j> pj (9)

4.3 Rating-based segmentation and biased search results

Charlson|(2021) provides a model where platform’s decision to bias seller’s visibility is explored.
This choice is shaped by a trade-off between more concentration of competition, which results
in lower expected prices across the network, and rents induced by the higher willingness to pay of
consumers due to the matching with high quality products. Moreover, it states that an increase
of substitutability between products as well as reduction in sensitivity to quality by consumers

would reduce the extent to which search process is biased towards highly-rated products.

10



In the host industry, such as Airbnb, consumers differentiate services due to the heterogeneity
of listing’s characteristics and, therefore, according to Charlson| (2021) it is profitable for these

business to bias users search process.

We estimated the logit model as a reference, however, our main interest relies on the estimation
of market segmentation, in particular, in rating-based market segmentation. Hence, we are fo-
cusing mainly on the results of the nested logit model, and, specifically, in the estimation of
related with rating-based nest. A large and significant rating-based nest coefficient will indicate
that listings inside each rating group will be seen as substitutes for consumers, since the deci-
sions that users face are separated by this particular "nest” (Donnelly et al|(2019)). This means
that competition will be concentrated since an existing nest will indicate a process of decision

by the consumer|Davis et al.|(2014).

Considering that rating-based filters are not available in the Airbnb search page, the results will
indicate that such nest will be given by an external factor, for instance, Airbnb. This will be
consistent with the view that some platforms, like Airbnb will bias their search results based on
rating Charlson|(2021). Therefore, we evaluate the following main hypothesis: there is degree
of substitution within segments determined by quality differences established by rating level of

Airbnb listings.

s Data and Estimation

5.1 Data treatment

We used Airbnb web-scraping data collected by /nside Airbnb, which is an independent, non-
commercial set of tools and data about Airbnb’s listings in several cities. Usually, this scraping
data is gathered in a monthly basis and it is composed by two main databases which contain
information about calendar availability and price for each listing from the scraping day until
next measure; and the characteristics of each listing. For this study, we used both databases from
listings in Barcelona scraped during November 2016 to February zoz In total, we gathered
nearly 30 millions of daily observations and we aggregated them to monthly data resulting in

970,222 observations.

Our demand and price variables have been constructed using the calendar availability database.
Particularly, we consider as demand variable, the number of booked days; however, the dataset
does not contain information whether a listing is booked or not, so we build a proxy variable

using the number of unavailable nights until next scraping date, we implicitly assume that there

7The data was retrieved on the 22 April 2021 and it has a gap between February and April 2018.

II


http://insideairbnb.com/get-the-data.html

is no difference between blocked and booked day Even though, the latter could be a strong
assumption, we reduce its effect excluding listing with zero booked days (see subsection [5.2).
Additionally, we perform an estimation with a sub-sample excluding hotel and shared rooms,
which are more likely to be blocked, and we verify the robustness of our results. Regarding the

price variable, we consider it as the average of available daily prices until next scraping date.

Likewise, control variables have been obtained using the listing characteristics database, while
the potential market size was build using the hotels’ overnight in Barcelona retrieved from the
Statistics Institute of Catalonia (see subsection [5.2)). Moreover, after excluding missing values
related with the relevant variables, we obtained 761,489 observations. In Table|2} we show the

descriptive statistics for those observations.

From the descriptive statistics, we conclude that average prices are higher for entire apartments
and hotel rooms than private and share rooms, although the result is mixed with booked days.
We identify Eixample as the most expensive neighborhood on average, while, there seems to be
no substantial difference in the average booked days across neighborhoods. On the other hand,
being super host represents a small advantage in price with respect to those hosts without this
condition, nonetheless, there is no significant difterence on booked days among them. Finally,
those who do not have reviews, charges the highest price on average compared with listings with
ratings. Whilst there seems to be a slightly increase in the booked days when rating increases,

the price seems to marginally decrease, with the exception of listings with rating higher than 97.

5.2 Estimation

The final models based on equationsandto estimate are given by:

S 4
In <8—]t> = x4 — apjr + v + timey + &y (10)
0t
S .
In (3_]t> = 23 — apje + o 1In(sjge) + 1 + timey + & (11)
0t

The main variables required to estimate demand models described in equationsand are the
following: market shares, prices and listing characteristics. To calculate the market shares we

need to define an outside good or a potential market size.

According to Berry (1994), the outside good is the one that might be purchased by consumers
instead of one of the ’inside’ goods, also, the distinction between these goods is that the price of
the outside good is not set in response to the prices of the inside goods. However, given that our

data is aggregated, the size of the outside good will be unobservable. Therefore, we must follow

B This database does not allow us to identify if a day is not available because it is booked or the host has blocked
the day for other purposes.

I2



the customary procedure of assuming a ’potential market size’ and, then, calculating the outside
good as the total size of the potential market minus the shares of the inside goods (Huang and

Rojas (2010)), and Nevo|(2000)).

As Nevo| (2000) states the potential market size is assumed according to the context. In that
sense, there are many approaches to estimate the potential market size. So, for instance, Berry
et al{(1995) and Verboven|(1996) assume the potential market size of car markets to be the total
number of households in the economy. Also, Bjornerstedt and Verboven| (2016) estimate the
potential market size of analgesics, for a constant expenditures logit model, as twice the aver-
age amount spent over the entire period; in other words, it estimates the potential market as a

proportion the analyzed market.

Additionally, since the outside option represents either an aggregate of other alternatives that are
considered as further substitutes, or non-purchasing behavior (Bonnet and Richards (2016)),
we could build a potential market using information about further substitutes. So, for example,
Bonnet and Réquillart| (2013)) estimate a potential market size using purchases of fruit juices as

the outside option in a random coefhicient logit model for a focal soft drink demand estimation.

In this study, we restrict our model to Airbnb listings’ data and build the potential market using
information about total hotels’ overnight in Barcelona city. We calculate the potential market
size as the sum of the total nights per month both for hotels and for Airbnb listings. This as-
sumption could raise some concerns as to whether it is appropriate to use the data from a ’sub-
stitute’ product to build the potential market size. Regarding this, we consider that Airbnbis a
niche product and hotels would not be a close substitute (Guttentag|(2015)), and, also, hotel’s

revenues would not be affected by Airbnb’s demand (Zervas et al.|(2017)).

Furthermore, the estimation procedure for demand models (equations|roland[ufcannot be per-
formed in presence of market shares equivalent to zero since the dependent variable is in loga-
rithm. The presence of zero demand or zero sales is a common problem in ’big data’ applications
given the more granular views of consumers, products, and markets (Gandhi et al.| (2019)). We

face this problem given the large number of listings and observations in our data.

To solve it, we follow a straightforward approach which consists in dropping all zero market
shares (nearly 10% of observations). Although, this approach could imply that observed ze-
ros are treated as true zeros, which would assume that there is no demand for these products
and, consequently, it could create a potential selection bias in demand estimations (Quan and
Williams|(2018) and|Gandhi et al.|(2019)); we consider that a potential selection bias is mitigated
in our estimation since our estimation is based on aggregated data. Thus, it is reasonable to as-
sume that a listing with zero market share during a month is inactive as it is considered in|Gunter,

and Onder| (2018); then, there is a high probability that, our observed zeros are true zeros.
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Moreover, to control for listing’s characteristics, we include the following variables: number of
bathrooms, beds, bedrooms, amenities, maximum of accommodates; and dummies on whether
the listing is instant bookable, on whether it has a license to be rented for less than 30 days, and
on whether it is an entire apartment, private, shared or hotel room. Additionally, we include
data about host characteristics such as whether the host is a super host” and whether the host’s

identity is verified.

Finally, we include time binary variables (¢ime;) to control for common time-related shocks,
and, to control for unobservable time-invariant neighborhood characteristics, such as place rep-
utation and touristic attractiveness, that can derive in constant differences in the booked days
(see figure[8|in Annex). Also, we include fixed effects by neighborhood (-, ); even though, the
inclusion of fixed effects alleviate the endogeneity problem, it does not necessarily eliminate it,

then the inclusion of instrumental variables becomes relevant.

5.3 Identification

The main identification assumption is that products’ characteristics other than price are un-
correlated with the error term, €. Nonetheless, as the usual demand specifications, logit and
nested logit models (equations[zland7) suffer from endogeneity in price and, in the nested logit
model, segment market share. The problem comes from the fact that demand shocks that enter
in €;; will affect, not only market shares; but also prices and segment market shares, resulting
in simultaneity between the variables. This problem, if it is ignored, will result in biased and

inconsistent estimators of o and o coefficients.

To address endogeneity of the relevant variables, we need to use at least one instrumental vari-
able (IV) for the logit model and at least two instrumental variables for the nested logit model.
This selected variables need to be correlated with price and in-group market share and they have
to be exogenous to the willingness to pay of guests. Considering this, we use a dummy variable
indicative whether the listing has license to be rented for less than 30 days and the usual BLP

instruments (Berry et al.| (1995)).

The rationale behind the validity of license as an instrument rests on that the price setting will
depend on costs associated with possession of a license. On the other hand, in principle, the
possession of a license should not affect the willingness to pay of guests, since it comes from the
regulatory side. Also, this variable will vary over tim with different associated costs related to

regulatory decisions.

The BLP instruments are constructed as the sum of the characteristics of other listings owned by

" According with E{ Pazs, Airbnb has been fined for hosts that break this rules, which means that there is history
of listings without license that have been rented for less than 30 days.
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the same host and the sum of characteristics of each listing’s competitor. Let H be the set of all
hosts, therefore, for a given host i, the BLP instruments can be calculated as ) kot j ke Hy, Tk and
>k ¢, Ths with xj, being the specific characteristic = of listing k. We can use these instruments
since there is variation in the quantity of listings owned by hosts across time (see figure [8]in

Annex), which guarantee the relevance of these instruments.

The logic behind the relevance and exogeneity of these instruments relies on the fact that it is
likely that characteristics of other listings (owned by the same or other hosts) shape the price
setting of each host and, at the same time these characteristics should not aftect the willingness
to pay of guests for that specific listing. These constructed variables are the standard instruments

used in logit demand applications (Gandhi and Houde|(2019)).

6 Results

We now present the results from our logit model (equation[io]) and nested logit model (equation
. Then, we complement the results by describing the estimation from an alternative version
of the nested logit which includes the interaction of the main nest considered, with in-group

market shares. Finally, we present the elasticities derived from the main specifications.

6.1 Logit Models

In Table 3} we show the results for the logit model under different specifications. Column 1
and 2 refer to the logit model excluding rating, while column 3 and 4 incorporate rating in its
continuous version as a control variable. All estimations in Table 3 are computed with fixed
effects by region and time effects, although, column 2 and 4 are computed using IV described

in section[s.3 while, column 1 and 3 are estimated without any IV.

For all specifications, most parameters have the expected sign and all of them are estimated sig-
nificantly different from zero. In all settings, the coefhicient of interest, ¢, is negative and sig-
nificant, although its magnitude is small. Including instruments increase the size of a in the

specification that excludes rating, and decrease its magnitude when controlling for it.

For the relevant estimation, in column 4, demand grows when there is an increase in the number
of bedrooms, the host is categorized as super host or has the identity verified; the same occurs
when the listing has kitchen, heating, as well as when there is an increase in the rating. The
opposite happens with hotel, private and share rooms, in comparison with entire apartments,
surprisingly, the demand tends to decrease when the number of bathrooms, beds and amenities

increase or whether the listing has air conditioner or TV.
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6.2 Nested Logit Models

Table [ff shows the results for the nested logit model under different nests. All the estimations
were computed including time effects, fixed effects by regio and using the I'Vs described in
sectionfs.3} Column 1, 2 and 3 shows the output when super host, room type and neighborhood

are used as a nest. While, column 4 describes the results when the nest is determined by rating

classificationP]

In column 1, the o has the expected sign and it is statistically significant, while o has the opposite
sign, although it is not significantly different from zero, which means that ’super host’ does
not perform well as a market segmentation, even though it is part of the filters in the Airbnb
search web site. Most of the control variables have the expected sign except for number of beds,

quantity of accommodates and whether the listing has AC or T'V.

When we include room type as a nest, 0 becomes relatively high and significant, the estimated
a, as before, is statistically different from zero and negative. With the exception of number of
bathrooms, beds, amenities and whether the listing has AC, the other control variables have the

expected sign.

The estimated o increases when we use neighborhood as a nest, which highlight the importance
of this variable for the user, it seems that listings within neighborhood are seen as close substi-
tutes. Under this specification, the o has the expected sign and it is statistically different from
zero. The majority of the control variables have the expected sign excluding the number of beds,

bedrooms, and whether the listing has T'V.

From all nests tested, rating classification is the most important, with a statically significant and
high o. This means that the listings within each rating classification are seen as close substitutes
by consumers, even though, the filter is not available in Airbnb’s search page, therefore, as dis-
cussed in section |4, this means that competition is concentrated in these segments created by

this variable.

Under this specification, a has the expected sign and; as the other specifications, is statistically
different from zero, although is small in magnitude. There is expected increase in demand when
listings have more bedrooms, amenities or allow more accommodates; while there is an expected
decreased in demand when there is an increase of number of bathrooms, beds or whether the
listing has kitchen, air conditioner or TV, these results could be due to the possibility that these

variables are capturing some other effects not included in the models.

**Except when we used neighborhood as a nest
*'Categorical representation of the rating (< 80, > 87 and < 93, > 93 and < 97 and > 97)
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Table 1: Nested Logit model

In(s3/%)
Super host Room type = Neighborhood  Rating class.
Price —o.0017""*  —0.0003"*"* —0.0005™** —o0.0001"™**
(0.0001) (0.00004) (0.0001) (0.00002)
In(sjg) —0.0140 0.5355™"* 0.8776*** 0.9766™**
(0.0173) (0.0093) (0.0338) (0.0044)
Bathrooms 0.0205""* —0.0413™** 0.0883™** —o0.0021"**
(0.0025) (0.0012) (0.0034) (0.0005)
Bedrooms 0.0460""* 0.0739™"* —0.0408"** 0.0017"**
(0.0023) (0.0012) (0.0036) (0.0005)
Beds —0.00§8™*  —0.0399™* —0.0271""* —0.0003
(0.00m) (0.0008) (0.0012) (0.0002)
Hotel room —0.1647*** - 0.1734™** 0.0107"**
(0.0117) (0.0164) (0.0026)
Private room —0.1927*** - —0.0814™** —0.0041"**
(0.00453) (0.0058) (0.0012)
Shared room —0.5477"* - —0.3148"* —0.0159***
(0.0160) (0.0144) (0.0035)
Superhost - 0.0416™** 0.0594™* —o0.0155""*
(0.0018) (0.0028) (0.0008)
Identity verified 0.0508™** 0.0270™** 0.0336™** 0.0284™**
(0.0034) (0.0013) (0.0019) (0.0005)
Instant Bookable 0.1150™** 0.0286™** 0.0663"** 0.0033™**
(0.0022) (0.0018) (0.0028) (0.0007)
Amenities 0.0003 —0.0004™** —0.0035""" 0.0008™**
(0.0003) (0.0001) (0.0001) (0.00003)
Kitchen 0.0956™"* o.an21*** 0.0381"** —0.00I12
(0.0035) (0.0020) (0.0040) (0.0009)
Heating 0.0243"* 0.0335™** 0.0300™** 0.o101"**
(0.0030) (0.0015) (0.0023) (0.0006)
AC —0.0226™"* —o0.0217""* o.1014™** —o.o31"**
(0.0028) (0.0016) (0.0053) (0.0006)
TV —o.omg™** 0.0074™** —0.0641""* —0.0024""*
(0.0027) (0.0015) (0.0029) (0.0005)
Accommodates —o0.0122*** 0.0132"** 0.0522*** 0.0030™"*
(0.0017) (0.0010) (0.0028) (0.0003)
Region fixed eftects Yes Yes No Yes
Time effects Yes Yes Yes Yes
BLP & License instruments Yes Yes Yes Yes
Observations 768,428 768,428 768,428 761,489
Adjusted R? 0.0034 0.7622 0.5122 0.9563
Standard errors in parentheses. *p<o.;; **p<o.0s; ***p<o.o1
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6.3 Evaluating differences in level of competition

As we explain above, we estimated a complementary model only for the nested logit model using
rating classification as potential market segmentation. This model consists in the inclusion of
interactions between the classifications given by rating and the in-group market shares. This
approach allows us to differentiate the intensity of competition among segments. The results
in Tableare computed using control variables, fixed and time effects, and IVs considered above

interacted with the stratification added by rating.

This output indicates that the intensity of competition increases when the listings have a rat-
ing above 87 and below 97. Although, the reverse occurs with listings without rating or when
they are rated above 97. Given these results, we infer that, even though, there is an important
segmentation in this market that makes a difference on the intensity of competition faced by

listings, this distinction does not seem to follow a defined pattern.

6.4 Elasticities

In Tablewe show the estimated own-price demand elasticities from the logit model after con-
trolling by rating and from the nested logit model using rating classification as a nest. Finally,
in Tablewe show the cross-price elasticity under the last specification. The estimation were

made using equations|4]and|[6|respectively, described in section

The elasticities computed under the logit model indicate that the demand for Airbnb listings
is highly inelastic, this regardless of the sub-sample considered. As noted by Nevo| (2000), the
problem related with almost homogeneous elasticities is that for almost all the listings the mar-

ket shares are small, therefore, the equationis nearly constant, depending only on o and price.

Whilst for both models we find an inelastic demand, the inclusion of rating classification as
a nest, not only increase (in absolute value) the elasticities in all sub-samples made, but also,
adds heterogeneity to them. This can be explained by the importance of rating classification
as market segmentation provided by the large o estimated, as well as the heterogeneity in the

in-group market shares.

On the other hand, the estimated cross-price elasticities (Table highlight the implications de-
scribed in subsection and they allow us to consider how much listings in different segments
compete with each other (Hausman et al.|(1994))). Since the estimation is larger for listings that
belong to the same segment than those who belong to different segments, the competition in-

tensity faced by those listings is different.
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7 Discussion

=1 Conclusion

In this paper, we study how different variables, and in particular, rating; shape segmentation in
the context of Airbnb’s market in Barcelona from November 2014 to February 2021. Specifi-
cally, using a nested logit model, we found an inelastic demand of Airbnb’s listings in Barcelona
in a market that is divided by rating classification. Our empirical results show the following two

points.

First, the majority of hosts face an inelastic demand. These results are consistent under the two
main models we used. From the nested logit model under rating segmentation, we found that
when there is a 10% increase in price of available nights, there is an expected decrease in booked
nights of 4.5%. These results imply that there is room to increase the price without reducing the

revenues of the hosts.

Second, even though, the rating is not available as a filter in the Airbnb web page, it creates an
important market segmentation. This means that the competition between two listings that
belong to the same segment is different from the competition faced by two listings that belongs
to different rating classifications. Moreover, we found differences in intensity of competition

faced by listings that belong to different segments.

These results are consistent, partially, with the model provided by |Charlson| (2021), since the
existence of segmentation suggest that Airbnb is performing a rating-based market division. Yet

the rating segmentation does not show a clear pattern of competition intensity in each group.

7.2 Limitations

The analysis we made faces some limitations associated to data, model specification and esti-
mation procedure. The data is restricted to Airbnb’s market in Barcelona and it is limited to
Airbnb’s scraping data solely. Likewise, we have taken some assumptions in our models and
estimation methods which could be challenged. As follows, we explain the nature of these lim-

itations and the robustness tests performed to evaluate their implications in our results.

Our results cannot be generalized since Barcelona has a large number of listings (nearly 17,000)
and it is one of the Topro most visited cities in Europe, therefore, Airbnb’s market in Barcelona
is more dynamic and competitive than others. This implies that a rating-based segmentation
may not have the same effects (or even exists) on another Airbnb’s markets. Thereby, there is

room for further research to contrast our suggested results in other cities.

The scraping data used does not include booked days as a variable. This data restriction led
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us to build a proxy with a strong assumption (all unavailable days are booked days). In this
context, as a robustness test, we perform estimations with a sub-sample excluding hotel and
shared roomg obtaining results consistent with our main outputs (see Table [10] of Annex).
Nonetheless, future research can explore our approach using booked days data available in some

alternative non-publicly sources.

With respect to discrete choice models, an important assumption is that consumers have the
entire selection set available (Bonnet and Richards (2016), Nevo|(2001)). However, this assump-
tion could be not reasonable in our study given that, we consider that nearly 17,000 listings are
available. Therefore, our results could be biased since the choice set may be heterogeneous across
consumers, and endogenously determined (Bonnet and Richards|(2016)). To address this issue,
we follow a straightforward robustness check through limiting the size of choice set. Specifi-
cally, we perform estimations limiting the number of listings available to consumers obtaining

mixed results compare to our main outputs (see Table[u]and[i2]of Annex).

Regarding to the estimation, we are aware that the potential market size (using hotel’s data) as-
sumption, could raise concerns about not including hotels as Airbnb’s subtitutes. In that sense,
we test an scenario where the outside option is not included and the model is limited to pre-
dict results about consumers who already chose a group of alternatives (Bonnet and Richards
(2016)); with this purpose, we followed the procedure mentioned in Nakanishi and Cooper
(1982)) and|Morais et al.|(2016). We consider a potential market size composed only by listing’s
booked nights in our database, then we use a log-centering transformation to calculate the rel-

evant market, obtaining results consistent with our main estimations (see Table r3/of Annex).

Likewise, we perform an alternative scenario where the potential market size depends on a pro-
portion (Nevo (2000)). We build a potential market size equivalent to three times the total

booked nights of the listings obtaining consistent results as well (see Table [14|of Annex).

Finally. there could be some concerns about the presence of zero market shares in our data
and the approach we followed given that as Quan and Williams|(2018) states this scenario could
led to create a selection bias in demand estimates. Regarding it, even thought we consider our
approach is reasonable, we hope that further research explore some alternative methods as men-

tioned by Gandbhi et al.| (2019) and Nurski and Verboven|(2016).

**We consider that in these type of listings there is a higher probability that an unavailable day is, in fact, a
blocked day instead of a booked day.
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8 Annex

Ax: Evolution of total listings

Figure 1: Total listings over time
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Figure 2: Total listings by room type over time
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Figure 3: Total listings by neighborhood over time
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A2: Methodology for logit and nested logi model
A2.x: Logit model

In the logit model €;; is modeled as an i.i.d. random variable with an extreme value distribution,

F(do,...,05) = exp(—exp(—1)) (12)

Where [ is an inclusive value defined as:
J
I=1In Z exp(dx)
k=0

The individuals choose the product out of the JJ + 1 products that maximizes utility. The prob-

ability that consumer ¢ chooses product j takes the following standard logit form (McFadden

(1977)):

exp(z;B — ap; +§;)

s; = (13)
A Zizl exp(xB — apy + &)
Notice that the probability that consumer 7 chooses the outside good is given by:
1
S0 (14)

L+ 300 exp(anf — apy + &)
Taking the logarithm of the ratio of equationsandwe can derive equation

A2.2: Nested Logit model

In the Nested Logit model, the individual-specific error follows the same distribution given by

equation although, now the inclusive value I can be written as,

G
I=In Z exp(1,)
g=1

Where I, is given by

Jg
I,=(1- ag)anemp (1 —Ja )
j=1 g

Under this specification, the probability that individual ¢ chooses product j is provided by,

exp(8,/ (1 — o))exp(l,)
cap(l,/ (1~ o,))eap(])

Sj = SjlgSg =
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And, the probability to choose the outside good is given by:

1
" eap(l)

S

Following Berry| (1994) and Bjornerstedt and Verboven| (2016) we can find equation[}
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A3: Price and booked days

Figure 4: Price by neighborhood over time
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Figure s: Price by room type over time
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Figure 6: Distribution of price by room type
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Table 2: Descriptive statistics

Price Booked days

Total listings ~ Mean s.d. Mean  sd.
All 761,489 91.16 85.64 20.39 10.82
Room type
Entire home/apt 379,389 133.21 97.16  20.45  10.25
Hotel room 6,273 139.43  107.75 16.13 10.30
Private room 369,986 48.07 37.76  20.46 11.35
Shared room 5,841 36.99  48.65 16.51 11.98
Neighborhood
Ciutat Vella 170,536 80.09 69.84 2087 10.72
Eixample 261,107 109.64 9716  20.28  10.57
Gracia 67,495 86.66 75.60  20.90  10.79
Horta-Guinard4 24,417 62.74  78.98 2056 120
Les Corts 16,456 82.62  78.06  20.23 IL30
Nou Barris 8,529 39.92 34.89 19.35 11.96
Sant Andreu 11,672 52.08 64.63 20.87  1L50
Sant Marti 82,989 90.01 96.33 19.87 I1.10
Sants-Montjuic 89,274 78.02 65.84 20.22 10.96
Sarria-Sant Gervasi 29,014 103.53 91.32 19.57 1L.13
Super host
No 640,462 90.82 85.39 20.32  10.87
Yes 121,027 92.94 86.93 20.81 10.55
Rating class.
<87 152,329 91.84 80.09 19.85 10.57
>87and <93 185,868 90.16 79.68  20.40 10.39
>93and <97 147,433 88.76 77.52 20.84 10.39
>97 140,349 90.32 93.11 2112 11.0§
No reviews 135,510 95.23 98.77  19.75 11.81
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A4: Identification

Figure 8: Changes in listings owned by hosts over time for non-single observation hosts
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As: Estimations

Table 3: Logit model

In(s;/s0)
(1) (2) (3) (4)
Price —o.o01™** —0.0016™*  —0.0010™" = —0.0002""*
(0.00002) (0.0001) (0.00002) (0.0001)
Bathrooms 0.o13™** 0.0202"** 0.0056™** —0.0100™**
(0.0019) (0.0024) (0.0021) (0.0027)
Bedrooms 0.0388™** 0.0442"** 0.0375™"* 0.0283™"*
(0.0018) (0.0020) (0.0020) (0.0022)
Beds —0.0046™*  —0.0054"""  —0.0053"* = —o0.0041"""
(0.001) (0.o0011) (0.0012) (0.0012)
Hotel room —0.1847""* —0.1710"** —0.2145™** —0.2306™**
(0.0112) (0.o114) (0.0120) (o0.o121)
Private room —0.1768"* —0.1922"** —0.1736""* —0.1463™**
(0.0030) (0.0039) (0.0033) (0.0044)
Shared room —o0.5030"** —0.5333"* —o0.5177"  —0.4666"*
(0.0116) (0.0126) (0.0130) (0.0142)
Super host 0.0880™** 0.0910™** 0.0497""* 0.0464""*
(0.0029) (0.0029) (0.0029) (0.0029)
Identity verified 0.0460"** 0.0433*** 0.0295*** 0.0334™**
(0.0021) (0.0022) (0.0022) (0.0022)
Instant bookable 0.1156™** 0.1179*** 0.0918™** 0.0884**
(0.0020) (0.0021) (0.0022) (0.0022)
Amenities —0.0009™*  —0.0008""*  —0.0023""*  —o0.0025""*
(0.0001) (0.0001) (0.0001) (0.0001)
Kitchen 0.1085™** 0.1032"** 0.1137*** 0.1179™**
(0.0034) (0.003s) (0.0035) (0.0036)
Heating 0.0206™** 0.0199™** 0.0174*"* 0.0191"**
(0.0026) (0.0026) (0.0028) (0.0028)
AC —0.0305"*  —0.0240™** —0.0315*"* —0.0398"**
(0.0026) (0.0028) (0.0027) (0.0029)
TV —o.omur*** —o.o101™* —o0.0142"** —0.0150™**
(0.0026) (0.0026) (0.0027) (0.0027)
Accommodates —0.0180™"* —o.om3™** —o.0170™"  —0.0267""*
(0.001) (0.0015) (0.0012) (0.0016)
Rating - - 0.0042™** 0.0038™**
(0.0001) (0.0001)
Time & Region fixed effects Yes Yes Yes Yes
BLP & License instruments No Yes No Yes
Observations 768,428 768,428 625,980 625,980
Adjusted R? 0.0220 0.0212 0.0205 0.0175

Standard errors in parentheses. *p<o.;; **p<o0.0s; ***p<o.o1
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Table 4: Measure of intensity of competition

In(s;/s0)
Price —0.0016™**
(0.00005)
In(s;g) 0.3220"**
(0.0138)
In(sj|4)*(Rating class.:87 > and < 93) 0.0263
(0.0205)
In(sj|4)*(Rating class.:93 > and < 97) 0.0901""*
(0.0204)
In(s;|4)*(Rating class.:97 >) —0.2649™**
(0.0179)
In(sj|4)*(Rating class.: No reviews) —0.1243"*
(0.0156)
Rating class.:87 > and < 93 0.3380™"
(0.1714)
Rating class.:93 > and < 97 0.8135™**
(0.1676)
Rating class.:97 > —2.0957"**
(0.1473)
Rating class.: No reviews —1.0824™"*
(0.1288)
Control variables Yes
Time & Region fixed effects Yes
BLP*Rating class. instruments Yes
Licence*Rating class. instrument Yes
Observations 761,489
Adjusted R? 0.6634
Standard errors in parentheses. *p<o.1; **p<o.0s; ***p<o.o1
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A6: Elasticities

Table 5: Estimated own-price elasticities

Logit Nested Logit: Rating class.

Mean sd. Min Max Mean @ sd. Min  Max
All -0.02  0.02 -0.23 -0.00 -0.45 0.42 -4.93 -0.00
Room type
Entire home/apt -0.03 0.02 -0.23 -0.00 -0.66 0.48 -4.93 -0.04
Hotel room -0.03 0.02 -0.23 -0.00 -0.69 0.53 -4.92 -0.0§
Private room -0.01 0.0 -0.23 -0.00 -0.24 0.I9 -4.93 -0.00
Shared room -0.0I 0.0 -0.I4 -0.00 -0.I8 0.24 -3.44 -0.04
Neighborhood
Ciutat Vella -0.02  0.02 -0.23 -0.00 -0.39 0.34 -4.93 -0.04
Eixample -0.03 0.02 -0.23 -0.00 -0.54 0.48 -4.93 -0.00
Gracia -0.02  0.02 -0.23 -0.00 -0.43 0.37 -4.93 -0.04
Horta-Guinard4 -0.0I 0.02 -0.23 -0.00 -0.3I 0.39 -4.93 -0.04
Les Corts -0.02 0.02 -0.23 -0.00 -0.41 038 -4.93 -0.04
Nou Barris -0.0I 0.0 -0.23 -0.00 -0.20 O.I7 -4.93 -0.04
Sant Andreu -0.0I 0.02 -0.23 -0.00 -026 032 -4.88 -0.04
Sant Marti -0.02  0.02 -0.23 -0.00 -0.44 0.47 -4.93 -0.04
Sants-Montjuic -0.02 0.0 -0.23 -0.00 -0.38  0.32 -4.93 -0.04
Sarria-Sant Gervasi  -0.02  0.02 -0.23 -0.00 -0  0.45 -4.93 -0.04
Rating class.
<87 -0.02  0.02 -0.23 -0.00 -0.45 0.39 -4.93 -0.02
>87 and <o3 -0.02 0.02 -0.23 -0.00 -0.44 0.39 -4.93 -0.04
>93and <97 -0.02 0.02 -0.23 -0.00 -0.44 0.38 -4.93 -0.04
>97 -0.02  0.02 -0.23 -0.00 -0.44 0.46 -4.93 -0.04
No reviews - - - - -0.47 0.49 -4.93 -0.00

Table 6: Nested logit model: rating class. Cross-price elasticities

Mean s.d. Min Max
Whithin same segment  1.41¢-04 1.70€e-04 4.80e-07 6.39¢-03
Different segments 1.64€-07 3.14€-07  3.54€-10  1.40€-05
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Table 7: Elasticities: Logit model

Mean sd. Min. Max.
All -0.15  0.14 -L6I -0.00
Room type
Entire home/apt -0.22 0106 -L61 -0.0I
Hotel room -0.23 0.7 -L6I  -0.02
Private room -0.08 0.06 -1.61 -0.00
Shared room -0.06 0.08 -LI3 -0.0I
Neighborhood
Ciutat Vella -013 oar  -1.61  -0.01
Eixample -018 016 -1.61 -0.00
Gracia -0.14 0.2 -L6I -0.0I
Horta-Guinard4 -0.I0 0.3 -L6I  -0.0I
Les Corts -013 0.3 -1.6I  -0.01
Nou Barris -0.06 0.06 -1.61 -0.0I
Sant Andreu -0.08 0.0 -1.60 -0.0I
Sant Marti -0.15 0.6 -L6I -0.0I
Sants-Montjuic -0.13 0Ja1  -L.6I  -0.01
Sarria-Sant Gervasi  -0.17 0.5 -1.61  -0.0I

Table 8: Elasticities nest: Room type

Mean sd. Min. Max
All -0.07 0.06 -0.73 -0.00
Room type
Entire home/apt -0.10 0.07 -0.73 -0.0I
Hotel room -0.10 0.08 -0.73 -0.0I
Private room -0.03 0.03 -0.73 -0.00
Shared room -0.03 0.04 -0.5I -0.0I
Neighborhood
Ciutat Vella -0.06 0.05 -0.73 -0.0I
Eixample -0.08 0.07 -0.73 -0.00
Gracia -0.06 0.05 -0.73 -0.0I
Horta-Guinard4 -0.0§ 0.06 -0.73 -0.0I
Les Corts -0.06 0.06 -0.73 -0.01
Nou Barris -0.03 0.03 -0.73 -0.0I
Sant Andreu -0.04 0.05 -0.72 -0.0I
Sant Marti -0.07 0.07 -0.73 -0.0I
Sants-Montjuic -0.06 0.05 -0.73 -0.0I
Sarria-Sant Gervasi  -0.08 0.07 -0.73 -0.0I
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Table 9: Elasticities nest: Neighborhood

Mean sd. Min. Max.
All -0.40 0.38 -4.41 -0.00
Room type
Entire home/apt -0.59 0.43 -4.41 -0.04
Hotel room -0.61 0.47 -4.40 -0.04
Private room -0.21  O.I7 -4.41 -0.00
Shared room -0.I7  0.22 -3.08 -0.04
Neighborhood
Ciutat Vella -0.35  0.31 -4.41 -0.04
Eixample -0.48 0.43 -4.41 -0.00
Gracia -0.38 033 -4.41 -0.04
Horta-Guinard4 -0.27 0.35 -4.41 -0.04
Les Corts -036 034 -4.41 -0.04
Nou Barris -0.18 0.5 -4.39 -0.04
Sant Andreu -0.23 0.28 -4.36 -0.04
Sant Marti -0.40 0.42 -4.41 -0.04
Sants-Montjuic -0.34 0.29 -4.41 -0.04
Sarria-Sant Gervasi  -0.46 0.40 -4.41 -0.04
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A7: Robustness tests

Table 10: Excluding potential bias (No shared rooms / No hotels)

in(s,/50)
() (2)
Price —0.0010™*  —o0.0001"""
(0.0001) (0.00002)
In(s;|4) (Rating class.) 0.9808™**
(0.0047)
Bathrooms 0.0051" —0.0021"**
(0.0030) (0.0006)
Bedrooms 0.0357"** 0.0018"™**
(0.0022) (0.0005)
Beds —0.0032""*  —0.0008"**
(0.0012) (0.0002)
Private room —o.r717"* —0.0025"
(0.00453) (0.0013)
Superhost 0.0482"** —0.0156™**
(0.0029) (0.0008)
Identity verified 0.0303*** 0.0291"**
(0.0022) (0.0005)
Instant bookable 0.0909™** 0.0027"**
(0.0022) (0.0007)
Amenities —0.0023™** 0.0009™**
(0.0001) (0.00003)
Kitchen 0.7 —0.0007
(0.0036) (0.0009)
Heating 0.0178™** 0.0105""*
(0.0028) (0.0006)
AC —0.0305™** —o0.0137"**
(0.0029) (0.0006)
TV —0.0148"*  —0.0029"**
(0.0027) (0.0006)
Accommodates —0.0189™** 0.0033™**
(0.0017) (0.0004)
Rating 0.0042™"*
(0.0001)
Time & Region fixed effects Yes Yes
BLP & License instruments Yes Yes
Observations 616,931 749,375
Adjusted R? 0.0191 0.9558

Hok ok

Standard errors in parentheses. *p<o.1; **p<o.0s; ***p<o.o1
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Table 11: Reducing sample in time (year=2019)

In(s;/s0)
(1) (2)
Price —0.0002** 0.0004™**
(0.0001) (0.00001)
In(sj|4) (Rating class.) 0.9369™**
(0.0035)
Bathrooms —0.0098™** —o0.0122"**
(0.003s) (0.0004)
Bedrooms 0.0307"** 0.0009""
(0.0030) (0.0004)
Beds —0.0109"** —0.0019"**
(0.0017) (0.0002)
Hotel room —0.3285"* —0.0309™"*
(0.0153) (0.0023)
Private room —0.1299™** 0.0146™**
(0.0057) (0.0010)
Shared room —0.7592"** —0.0081"*
(0.0202) (0.0037)
Superhost 0.0627""* —0.0080™""
(0.0041) (0.0007)
Identity verified 0.0264*** 0.0168***
(0.0034) (0.0005)
Instant bookable 0.0227%** 0.0027™"**
(0.0034) (0.0005)
Amenities —0.0009™** 0.0010™"*
(0.0002) (0.00002)
Kitchen 0.1086™** 0.0062"**
(0.0052) (0.0008)
Heating 0.0268™* 0.0068"**
(0.0043) (0.0006)
AC —0.0374™** —o.om7***
(0.0043) (0.0006)
TV 0.0102** —0.0046™"*
(0.0042) (0.0006)
Accommodates —0.0241"* —0.0053"**
(0.0022) (0.0003)
Rating 0.0035""*
(0.0002)
Time & Region fixed effects Yes Yes
BLP & License instruments Yes Yes
Observations 162,341 200,039
Adjusted R? 0.0343 0.9835

Standard errors in parentheses. *p<o.;; **p<o0.0s; ***p<o.o1



Table 12: Reducing choice sets (Only Eixample & Only entire apartments)

In(s;/s0)
(1) (2)
Price —o0.0013™** 0.0020™**
(0.0002) (0.0001)
In(sj|4) (Rating class.) 0.8697***
(0.0214)
Bathrooms 0.0566™** —0.1328™**
(0.o114) (0.0060)
Bedrooms 0.0245™** 0.0001
(0.003s) (0.0016)
Beds 0.0043"* 0.00I1
(0.0018) (0.0007)
Superhost 0.0568™** —0.0892""*
(0.0059) (0.0046)
Identity verified —o.0142"** 0.0523"**
(0.0046) (0.0022)
Instant bookable 0.0593*** 0.0039
(0.004s) (0.0026)
Amenities —0.0002 0.000I
(0.0002) (0.0001)
Kitchen 0.0560™** o.071r***
(0.0155) (0.0054)
Heating 0.0473""* 0.0297***
(0.0074) (0.0027)
AC —o.0191"* —0.0456"*
(0.0077) (0.0030)
TV —0.0281"** 0.0060
(0.0100) (0.0037)
Accommodates —0.0188™*  —0.0160™**
(0.0026) (0.0010)
Rating 0.002.4"**
(0.0003)
Region fixed effects Yes Yes
Time effects Yes Yes
BLP & License instruments Yes Yes
Observations 123,163 146,230
Adjusted R? 0.0204 0.8537
Standard errors in parentheses. *p<o.1; **p<0.0s; ***p<o.o1



Table 13: Excluding outside good (L=} ¢)

In(s;/s0)
(1) (2)
Price —0.0002"**  —o.0001""*
(0.0001) (0.00002)
In(s,|g) (Rating class.) 0.9766***
(0.0044)
Bathrooms —0.0100""*  —o0.0021""*
(0.0027) (0.0005)
Bedrooms 0.02.83"** 0.0017"**
(0.0022) (0.0005)
Beds —0.0041"** —0.0003
(0.0012) (0.0002)
Hotel room —0.2306™** 0.0107"**
(0.o121) (0.0026)
Private room —0.1463™** —0.0041"**
(0.0044) (0.0012)
Shared room —0.4666™*  —o0.0159™"*
(0.0142) (0.0035)
Superhost 0.0464""* —o0.0155""*
(0.0029) (0.0008)
Identity verified 0.0334™** 0.0284™**
(0.0022) (0.0005)
Instant bookable 0.0884*** 0.0033"**
(0.0022) (0.0007)
Amenities —0.0025™** 0.0008™**
(0.0001) (0.00003)
Kitchen 0.1179™** —0.0012
(0.0036) (0.0009)
Heating 0.0191"** o.o101"**
(0.0028) (0.0006)
AC —0.0398™** —o.0131"**
(0.0029) (0.0006)
TV —0.0150"""  —0.0024™**
(0.0027) (0.0005)
Accommodates —0.0267"** 0.0030™**
(0.0016) (0.0003)
Rating 0.0038™"*
(0.0001)
Region fixed effects Yes Yes
Time effects Yes Yes
BLP & License instruments Yes Yes
Observations 625,980 761,489
Adjusted R? 0.0175 0.9563

*okok

Standard errors in parentheses. *p<o.;; **p<o.0s; ***p<o.o1
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Tableg: L =3> ¢
In(s;/s0)
(1) (2)
Price —0.0002"**  —o.0001""*
(0.0001) (0.00002)
In(sj|4) (Rating class.) 0.9766™**
(0.0044)
Bathrooms —0.0100™** —0.0021""*
(0.0027) (0.0005)
Bedrooms 0.0283™"* 0.0017"**
(0.0022) (0.0005)
Beds —0.0041"** —0.0003
(0.0012) (0.0002)
Hotel room —0.2306™** 0.0107"**
(0.0121) (0.0026)
Private room —0.1463"* —0.0041"**
(0.0044) (0.0012)
Shared room —0.4666™*  —o0.0159™"*
(0.0142) (0.0033)
Superhost 0.0464""* —o0.0155""*
(0.0029) (0.0008)
Identity verified 0.0334™** 0.02.84™**
(0.0022) (0.0005)
Instant Bookable 0.0884*** 0.0033"**
(0.0022) (0.0007)
Amenities —0.0025™** 0.0008™**
(0.0001) (0.00003)
Kitchen 0.1179*** —0.0012
(0.0036) (0.0009)
Heating 0.0191"** o.o101"**
(0.0028) (0.0006)
AC —0.0398™** —o.o31"**
(0.0029) (0.0006)
TV —0.0150"""  —0.0024™**
(0.0027) (0.0005)
Accommodates —0.0267"** 0.0030™**
(0.0016) (0.0003)
Rating 0.0038"**
(0.0001)
Region fixed effects Yes Yes
Time effects Yes Yes
BLP & License instruments Yes Yes
Observations 625,980 761,489
Adjusted R? 0.0175 0.9563

Standard errors in parentheses. *p<o.; **p<o.0s; ***p<o.o1



References

Agusti, M., Asmundsson, M., Bischofberger, C., Llanos, P. D., Font, A., and Kazarian, L.
(2020). The impact of the sharing economy on housing rental prices: The case of airbnb

in barcelona. Final master project, Barcelona Graduate School of Economics (BGSE).

Armstrong, M. (2006). Competition in two-sided markets. The RAND Journal of Economics,
37(3):668-691.

Belleflamme, P. and Peitz, M. (2018a). Inside the engine room of digital platforms: Reviews,
ratings, and recommendations. CRC TR 224 Discussion Paper Series crctr224_2018_oo4,

University of Bonn and University of Mannheim, Germany.

Belleflamme, P. and Peitz, M. (2018b). Managing Competition on a Two-Sided Platform. Work-
ing Papers halshs-01833106, HAL.

Belleflamme, P. and Toulemonde, E. (2016). Who benefits from increased competition among

sellers on bac platforms? Research in Economics.

Berry, S., Levinsohn, J., and Pakes, A. (1995). Automobile prices in market equilibrium. Econo-

metrica, 63(4):841-890.

Berry, S. T. (1994). Estimating discrete-choice models of product differentiation. 7he RAND

Journal of Economics, 25(2):242—262.

Bjornerstedt, J. and Verboven, F. (2016). Does merger simulation work? evidence from the

swedish analgesics market. American Economic Journal: Applied Economics, 8(3):125-164.

Bonnet, C. and Richards, T. J. (2016). Models of Consumer Demand for Differentiated Prod-
ucts. TSE Working Papers 16-741, Toulouse School of Economics (TSE).

Bonnet, C. and Réquillart, V. (2013). Tax incidence with strategic firms in the soft drink market.
Journal of Public Economics, 106(C):77-88.

Cennamo, C. and Santalo, J. (2009). Intra-platform competition, exclusivity and dissimilarity

strategies in the videogame industry. SSRN Electronic Journal.

Charlson, G. (2021). Rating the Competition: Seller Ratings and Intra-Platform Competition.

Cambridge Working Papers in Economics 2106, Faculty of Economics, University of Cam-

bridge.

Chen, Y. and He, C. (201). Paid placement: Advertising and search on the internet. 7The

Economic Journal, 121(556):F309-F328.

39



Davis, J. M., Gallego, G., and Topaloglu, H. (2014). Assortment optimization under variants

of the nested logit model. Operations Research, 62(2):250-273.

Deboosere, R., Kerrigan, D. J., Wachsmuth, D., and El-Geneidy, A. (2019). Location, location
and professionalization: a multilevel hedonic analysis of Airbnb listing prices and revenue.

Regional Studies, Regional Science, 6(1):143-156.

Donnelly, R., Ruiz, F. R., Blei, D., and Athey, S. (2019). Counterfactual inference for consumer

choice across many product categories.

Duso, T., Michelsen, C., Schifer, M., and Tran, K. D. (2020). Airbnb and Rents: Evidence from
Berlin. Discussion Papers of DIW Berlin 1890, DIW Berlin, German Institute for Economic

Research.

Eliaz, K. and Spiegler, R. (2011). A simple model of search engine pricing. The Economic Journal,
121(556):F329-F339.

Evans, D. (2003). Some empirical aspects of multi-sided platform industries. Review of Network

Economics, 2(3):1-19.

Franck, J.-U. and Peitz, M. (2019). Market definition and market power in the platform econ-

omy. Online-Ressource.

Galeotti, A. and Moraga-Gonzélez, J. L. (2009). Platform intermediation in a market for dif-

ferentiated products. European Economic Review, 53(4):417—428.

Gandhi, A. and Houde, ].-F. (2019). Measuring Substitution Patterns in Differentiated-
Products Industries. NBER Working Papers 26375, National Bureau of Economic Research,

Inc.

Gandhi, A., Lu, Z., and Shi, X. (2019). Estimating demand for differentiated products with
zeroes in market share data. ERN: Estimation (1opic).

Garcia-Lépez, M., Jofre-Monseny, J., Martinez-Mazza, R., and Segti, M. (2020). Do short-
term rental platforms affect housing markets? evidence from airbnb in barcelona. Journal of

Urban Economics, 119:103278.

Gil-Molt6, M. J. and Hole, A. R. (2004). Tests for the consistency of three-level nested logit

models with utility maximization. Economics Letters, 85(1):133-137.

Grigolon, L. and Verboven, F. (2014). Nested logit or random coefhicients logit? a comparison
of alternative discrete choice models of product difterentiation. 7he Review of Economics and

Statistics, 96(5):916—93s.

40



Gunter, U. and Onder, L. (2018). Determinants of airbnb demand in vienna and their implica-

tions for the traditional accommodation industry. Tourism Economics, 24:270 — 293.

Guttentag, D. (2015). Airbnb: disruptive innovation and the rise of an informal tourism ac-

commodation sector. Current Issues in Tourism, 18(12):1192—1217.

Gyddi, K. (2017). Airbnb and the Hotel Industry in Warsaw: An Example of the Sharing Econ-

omy? Central European Economic Journal, 2(49):23—34.

Hausman, J., Leonard, G., and Zona, J. D. (1994). Competitive analysis with differenciated
products. Annales d "Economie et de Statistique, (34):159-180.

Huang, D. and Rojas, C. (2010). Eliminating the outside good bias in logit models of demand

with aggregate data. Econometrics: Data Collection Data Estimation Methodology efournal.

Jiang, H.-Y. and Yin, Q.-F. (2020). What effect the demand for homestays: evidence from airbnb
in china. Applied Economics Letters, 28:1-s.

Jullien, B. and Sand-Zantman, W. (2021). The economics of platforms: A theory guide for
competition policy. Information Economics and Policy, s4:100880. Antitrust in the Digital

Economy.

Katz, M. L. and Shapiro, C. (198s). Network externalities, competition, and compatibility. 7he

American Economic Review, 75(3):424—440.

Kim, B., Lee, ]J. and Park, H. (2017). Two-sided platform competition with multihoming

agents: An empirical study on the daily deals market. Information Economics and Policy,

41:36-53.

Li, H. and Srinivasan, K. (2019). Competitive Dynamics in the Sharing Economy: An Analysis

in the Context of Airbnb and Hotels. Marketing Science, 38(3):365-391.

Lladés-Masllorens, J., Meseguer-Artola, A., and Rodriguez-Ardura, I. (2020). Understanding
peer-to-peer, two-sided digital marketplaces: Pricing lessons from airbnb in barcelona. Sus-

tainability, 12(13).

Maté-Sinchez-Val, M. (2021). The complementary and substitutive impact of airbnb on the
bankruptcy of traditional hotels in the city of barcelona. Journal of Hospitality € Tourism
Research, 45(4):610-628.

McFadden, D. (1977). Modelling the choice of residential location. Transportation Research
Record.

41



Morais, J., Simioni, M., and Thomas-Agnan, C. (2016). A tour of regression models for ex-

plaining shares. TSE Working Papers 16-742, Toulouse School of Economics (TSE).

Nakanishi, M. and Cooper, L. G. (1982). Technical Note—Simplified Estimation Procedures
for MCI Models. Marketing Science, 1(3):314—322.

Nevo, A. (2000). A practitioner’s guide to estimating random coefficients logit models of de-

mand. Journal of Economics Management Strategy, 9:513—548.

Nevo, A. (2001). Measuring market power in the ready-to-eat cereal industry. Econometrica,

69(2):307-342.

Nieuwland, S. and Melik, R. (2018). Regulating airbnb: how cities deal with perceived negative

externalities of short-term rentals. Current Issues in Tourism, 23:1-1s.

Nurski, L. and Verboven, F. (2016). Exclusive dealing as a barrier to entry? evidence from

automobiles. The Review of Economic Studies, 83(3 (296)):1156-1188.

Parker, G., Petropoulos, G., and Alstyne, M. V. (2020). Digital platforms and antitrust. Work-
ing Papers 39891, Bruegel.

Quan, T. W. and Williams, K. R. (2018). Product variety, across-market demand heterogeneity,

and the value of online retail. The RAND Journal of Economics, 49(4):877-913.

Rochet, J.-C. and Tirole, J. (2003). Platform Competition in Two-Sided Markets. Journal of

the European Economic Association, 1(4):990-1029.

Rochet, ].-C. and Tirole, J. (2006). Two-sided markets: A progress report. The RAND Journal
of Economics, 37(3):645-667.

Schifer, M. and Tran, K. D. (2020). Airbnb, Hotels, and Localized Competition. Technical

GCOI‘t.

Sutherland, I. and Kiatkawsin, K. (2020). Determinants of Guest Experience in Airbnb: A
Topic Modeling Approach Using LDA. Sustainability, 12(8):1-16.

Train, K. E. (2009). Discrete Choice Methods with Simulation. Cambridge University Press, 2

edition.

Verboven, F. (1996). International price discrimination in the european car market. 7he RAND

Journal of Economics, 277(2):240-268.

Zervas, G., Proserpio, D., and Byers, J. W. (2017). The rise of the sharing economy: Estimating
the impact of airbnb on the hotel industry. Journal of Marketing Research, s4(s):687—70s.

42



Zou, Z. (2019). Examining the impact of short-term rentals on housing prices in washington,

dc: Implications for housing policy and equity. Housing Policy Debate, 30:269-290.

43



	Introduction
	Airbnb's Market in Barcelona
	Literature Review
	Platform's network effects and ratings
	Intra-platform competition and ratings
	Airbnb's scraped data in empirical studies

	Model Specification
	Logit model
	Nested logit model
	Rating-based segmentation and biased search results

	Data and Estimation
	Data treatment
	Estimation
	Identification

	Results
	Logit Models
	Nested Logit Models
	Evaluating differences in level of competition
	Elasticities

	Discussion
	Conclusion
	Limitations

	Annex
	 References

