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Abstract

Meta-search platforms (MSPs) help consumers to compare product prices between

different sales platforms. MSPs are often integrated with one of the sales platforms,

which can give rise to self-preferencing. A case in point is the online hotel booking

industry, where the major online travel agencies (OTAs) are integrated with MSPs.

Studying web-scraped data from the MSP Kayak, we find indications that for a given

hotel, the offers of affiliated OTAs (like Booking.com) are more visible than those of

other OTAs with the same price. Moreover, hotels appear to be less prominent in

Kayak’s search results when the rival OTA Expedia has the lowest price.
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1 Introduction

Online platforms are an essential part of e-commerce. Their emergence has promised sub-

stantial advantages for consumers, especially in terms of transparency on offers and prices,

low search and distribution costs, and better matches between supply and demand. Nowa-

days, platforms use complex algorithms for presenting product information to consumers.

The way they function is often opaque and the transparency of ranking criteria the subject

of intense policy debates.

We contribute by studying the link between the meta-search results of hotel offers and

vertical integration. Online hotel booking is particularly interesting as it mixes complex

ranking algorithms of online travel agencies (OTAs) and meta-search platforms (MSPs) to-

gether with market concentration and vertical integration; Booking Holding and Expedia

Group have both popular OTA websites (such as Booking.com and Expedia) as well as

MSPs (Kayak and Trivago).

The relationship between hotels and OTAs has come under scrutiny with the different

national policies in Europe regarding the price parity clauses (PPCs)1 and academic research,

which we discuss below. Much less visible in the debate is another important link in the chain

of this industry: meta-search platforms, such as Kayak, gather a large part of the offers from

different hotel booking websites and thus enable a price comparison both across hotels and

across sales channels for a given hotel.

Against the expectation that a key promise of price comparison websites is to show

consumers the best offers on the market, Booking Holding’s acquisition of the meta-search

platform Kayak in 2013 raised neutrality concerns about the ranking algorithm of sales

channels and products on Kayak. Some observers argued that Kayak may have the incentive

to promote Booking Holding OTAs rather than the cheapest ones. Instead, the CEO of

Booking Holding claimed: “We won’t bias Kayak search results.”2 Moreover, in January

2020, the Australian Competition and Consumer Commission concluded that the meta-search

platform Trivago had misled consumers by indicating that its website helped them to identify

the cheapest rates available for a given hotel while its ranking algorithm gave preponderant

weight to the cost per click paid by the sales channel.3

We study how vertical integration between OTAs and MSPs may affect the ranking

1 See, for instance, the report on the “Monitoring exercise carried out in the online hotel booking sector

by EU competition authorities in 2016.”
2 See the report on the statement.
3 See the press release by the ACCC.
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algorithm by MSPs of hotels and sales channels. For this, we use data collected between

October 2014 until September 2017 from the meta-search platform Kayak for hotels in Paris.

The data comprises information from about 1,800 Parisian hotels on room availability and

prices on up to 22 different sales channels and different time horizons adding up to 17 million

observations. We distinguish the horizontal ranking of sales channels for a given hotel and

the vertical ranking of hotels for given reservation and arrival dates (see Figure 1).

Figure 1: Kayak rankings

The horizontal ranking refers to the positioning of offers from different channels for a

given hotel. Our analyses of the horizontal ranking at Kayak indicate that OTAs of Booking

Holding are more often position leaders (i.e., highlighted sales channels on hotel offers) than

price leaders (i.e., among the cheapest sales channels). Using linear regressions with fixed

effects on the hotel- and request-level and accounting for prices and popularity measures,

we additionally show that OTAs of the Booking Holding have a higher probability than any

other OTA to be among the visible providers and to be the highlighted sales channel.

The vertical ranking refers to the positioning of hotels in the search results. We study the

hypothesis whether hotels which have higher prices on the Booking Holding channels than

on other sales channels are more likely to be ranked worse in the Kayak search results. Our

results indicate that hotels are ranked worse in the Kayak search results when the Expedia

Group is the cheapest sales channel.
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We contrast this latter finding using data from an MSP that is not integrated with an

OTA – Google Hotels. We show that Google Hotels does not assign a worse ranking position

to hotels which are cheaper on OTAs of the Expedia Group. Furthermore, we provide various

robustness checks using the Kayak data. First, we distinguish sales channels within groups

and show that the two major OTAs Booking.com and Expedia drive the main results. Second,

we use changes in the regulation of PPCs to estimate its potential impact on the Kayak

ranking algorithm. Furthermore, we distinguish hotels affiliated to chains from independent

ones and show that, for the horizontal ranking, the direct channel of independent hotels is put

more prominent compared to Booking Holding, while for the vertical ranking independent

hotels present on Kayak with a direct channel are favored as well.

The rest of the paper is structured as follows: Section 2 covers the related literature and

Section 3 provides background information on hotel meta-search platforms. In Section 4,

the empirical strategy is developed and Section 5 introduces the data, descriptive statistics,

and preliminary evidence. Section 6 is devoted to the econometric results and Section 7

complements these with robustness checks. Section 8 provides a conclusion.

2 Related Literature

One relevant strand of theoretical literature studies the decisions of intermediaries to bias

product presentations by making certain products more prominent than others (Raskovich

2007, Inderst & Ottaviani 2012, Hagiu & Jullien 2011, 2014, De Corniere & Taylor 2014,

De Cornière & Taylor 2019, Hunold & Muthers 2017, Shen & Wright 2019). Hagiu & Jul-

lien (2011, 2014) specifically analyze biases in the rankings of search engines. In a setting

where customers have heterogeneous search costs and the platform has a per-click payment

scheme, Hagiu & Jullien (2011) predict distortions in the ranking in the sense that the less

suitable product is displayed first to generate additional revenue from the product providers.

De Corniere & Taylor (2014) show that integrated search engines distort search results, but

the overall welfare effect is unclear. For instance, the integrated search engine can have

a strong incentive to generate demand. Similarly, De Cornière & Taylor (2019) study bi-

ased recommendations of intermediaries and show that if the payoff functions of sellers and

consumers are conflicting, bias can harm consumers. Hagiu et al. (2020) analyze an inter-

mediary’s dual role of being both a reseller and marketplace. They contrast a ban of this

practice to other policies, which restrict the imitation of products by third parties or steering

towards the intermediary’s product. Using the example of a streaming platform, Bourreau

& Gaudin (2018) and Drugov & Jeon (2019) study incentives to bias recommendations to
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consumers towards vertically integrated content.

Related empirical literature highlights the importance of rankings of intermediaries in

the context of online hotel booking. Chen & Yao (2016), De los Santos & Koulayev (2017),

Koulayev (2014), Ghose et al. (2012, 2014) study how rankings affect consumer choices and

provide estimates of the US-dollar equivalent of a change in a hotel offer’s indirect utility

for a consumer resulting from a one-position increase in a hotel’s ranking (position effect).

Ursu (2018) exploits a random variation in the ranking of hotels at the OTA Expedia and

finds lower, yet still significant, position effects. She finds that consumers click more often on

an offer that is ranked better to obtain detailed information on it. However, conditional on

seeing the detailed information, the ranking position does not influence the booking behavior

of consumers.

Our work is also related to the recent theoretical literature on the competitive effects

of price parity clauses of intermediaries, such as OTAs (Edelman & Wright 2015, Boik &

Corts 2016, Johnson 2017, Wang & Wright 2020, Johansen & Vergé 2017, Ronayne et al.

2018, Wals & Schinkel 2018, Mantovani et al. 2018, Hunold et al. 2020). Hunold et al. (2020)

demonstrate that OTAs may condition the rankings of hotels in their search results on prices

these hotels set elsewhere and by this achieve the same effects as a price parity clause. Their

empirical evidence is consistent with OTAs conditioning their rankings on prices on other

channels.

This paper relates more broadly to, for example, Zhang et al. (Forthcoming), who show

that a recommender system that maximizes firm’s profits lowers consumer surplus and welfare

using a large-scale field experiment in video-on-demand. More generally, our work also con-

tributes to empirical studies on algorithmic bias. For example, Lambrecht & Tucker (2019)

run career ads on Facebook intended to be gender neutral, which are, however, delivered to

men more often. They provide suggestive evidence that women are more expensive to show

ads to and the algorithm thus optimizing costs.

3 Industry Background

Online hotel booking and meta-search. Hotels can be booked through numerous dis-

tribution channels, both offline and online. In the last decade, the latter distinctively gained

in popularity (Cazaubiel et al. 2020). Most website-based hotel bookings take place on OTAs

according to the the European hotel association HOTREC.4 OTAs pool offers of different

4 See the European Hotel Distribution Study 2018.
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hotels and display them through a ranking in response to a user’s search request, typically

composed of the destination, period, and amount of people travelling. Similar to OTAs, hotel

MSPs gather offers of different hotels. In addition, various online sales channels are displayed

for each hotel, which usually comprise several OTAs and the hotel’s own direct channel (see

Figure 2). Thus, they provide a comparison service on a more aggregate (meta-)level without

actually selling hotel rooms or posting prices themselves (Hunold et al. 2018).

CPC: Cost per click

Figure 2: Money flows in the vertical hotel industry

Revenue generation in meta-search. Revenues of hotel MSPs are generated by sending

referrals to (actual) sales channels and advertising placements on the website.5 The revenues

are realized either once a user clicks on a referral and an advertisement or upon completion

of the travel. Advertisers, be it OTAs or hotels, typically make bids for these placements

(see Figure 2 in green). These bids can be made dependent on various characteristics, such

as the user’s location, device, and dates.6 According to the sector inquiry (SI) of the German

competition authority (Bundeskartellamt) on comparison websites, the 14 surveyed hotel

meta-searchers report that the vast majority of their revenue comes from OTAs and the most

5 See for Kayak, as an example, the annual report of the Booking Holdings.
6 This bidding overview for Hotel ads on Google provides more information and we expect other hotel

meta-search websites to work similarly.
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frequent remuneration modes are cost per order and cost per click (CPC), the latter being

the most important ranging from a fraction of a cent to several euros per click.7 However,

industry reports suggest a recent trend of OTAs pulling back from MSPs, while hotels turn

to them.8

Hotel meta-search players and sizes. Almost every hotel meta-search visit by a user

leads to a redirect to a sales channel.9 Thus, a presumably large share of bookings originates

at hotel meta-search websites, resulting in revenues for hotel meta-searchers of roughly 200

million euros in Germany compared to more than 800 million euros for OTAs (in 2017).

This importance of hotel meta-search websites is also demonstrated in 316 million visits from

November 2016 to October 2017 compared to 1.2 billion for OTAs in Germany. This resonates

well with global website rankings, where multiple hotel meta-search websites are among the

Top 50 in the travel category and are shown to be important referrers of the major online

travel agents.10 Hotel meta-search is considerably concentrated with a few large players.

For Germany, in terms of visits and revenues, Trivago has a share of more than 50 percent,

followed by Google, TripAdvisor, and Kayak.11

Display of offers on meta-search platforms. MSPs typically use two rankings to or-

ganize their websites. First, regarding the vertical ranking, hotel offers appear in a certain

order from top to bottom of the website (as do OTAs). Second, different from OTAs, MSPs

display different sales channels for each hotel. We refer to the order of them as horizontal

ranking. For Kayak (and similarly others), this horizontal ranking can be further divided

into a prominent sales channel, three further visible offers, as well as the remaining offers

that are somewhat hidden and denoted by ”x more sites” (see Figure 1).

According to the Bundeskartellamt’s SI, Kayak states that it ranks hotels worse if their

average earning potential is low. The SI also reveals that meta-search websites make the

horizontal ranking of sales channels for one hotel dependent on bids, especially when prices

of the respective hotel are the same. Furthermore, the cheapest sales channel is not necessarily

shown most prominently, but rather the expected revenue is accounted for.12 In contrast,

the Kayak website states that it voluntarily ”highlight[s] one main provider based on criteria

7 See Bundeskartellamt’s sector inquiry.
8 See an article on skift.com.
9 This fact and the following numbers are taken from Bundeskartellamt’s sector inquiry.
10 See the Alexa website ranking.
11 See Bundeskartellamt’s sector inquiry.
12 See p. 94 in Bundeskartellamt’s sector inquiry.
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such as customer popularity or ratings”.

The hotel meta-searchers in the inquiry further claim that in only 80 percent of the

cases one of the cheapest sales channels is the most prominent. This has implications as a

significant share of users is reportedly clicking on the prominent spot even though cheaper

options exist (thereby steering customers).

As a result, there may be tension between a revenue-focused and customer-oriented pre-

sentation of hotel and sales channels prices. In this respect, it should be noted that following

the Kayak takeover, the CEO of the parent company of Booking.com argued that Kayak

”will not bias” search results.13

Regarding the display of offers, Trivago has been found breaching the Australian Con-

sumer Law for misleading customers, as rankings were made dependent on the highest cost

per click fees paid and did not present the cheapest rates for consumers prominently.14

More broadly, our research complements past and ongoing cases about self-preferencing (e.g.,

Google Shopping, Amazon Buy Box).

Vertical integration of online hotel booking and meta-search. The leading OTAs

Booking.com and Expedia each acquired a major hotel meta-search platform (Kayak and

Trivago, respectively). Both acquisitions took place in 2013 with values of 1.8 billion and

632 million US dollars. They led to a vertical integration of OTAs and MSPs (see Figure

2 in blue for the Booking Holding case) in addition to an already present interdependence

among OTAs due to other (horizontal) acquisitions by the two major OTAs (also described

in Section 5.2).15

The Bundeskartellamt’s SI expresses concerns regarding vertical integration of OTAs and

MSPs as this could result in self-preferencing on the hotel meta-search website with respect

to its own OTAs and thereby steer users.16 However, the German competition authority

concludes that the survey among OTAs and MSPs did not reveal any indications for this

bias.17

In our empirical analysis, we will investigate possible self-preferencing in the (actual)

search results of the MSP Kayak.

13 See the report on the statement.
14 See the press release by the ACCC.
15 See the press releases by Booking.com and Expedia.
16 See p. 38 in Bundeskartellamt’s sector inquiry.
17 See p. 50 in Bundeskartellamt’s sector inquiry.
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4 Empirical strategy

4.1 Hypotheses and model

Booking Holding’s MSP Kayak derives direct revenues from two main sources: advertising

and referrals (see Section 3). Revenues from referrals are collected by a CPC scheme in which

hotels pay anytime a consumer clicks on offers by the sales channels in the search results. In

addition, the Booking Holding derives revenues whenever a hotel is booked over its OTAs,

such as Booking.com. We are interested in whether Kayak takes this benefit which arises at

the vertically integrated OTAs into account when it presents offers through its search results.

Our empirical approach is two-fold. First, we investigate how Kayak decides for each

hotel offer which sales channels to make prominent (horizontal ranking). Second, we inves-

tigate whether Kayak takes the pricing and other factors related to the sales channels into

account when deciding about which hotels to list first (vertical ranking). Let us describe

both approaches in more detail.

Horizontal ranking. The sales channels visible at Kayak differ between hotels. From the

perspective of a typical consumer, the price and the sales channels’ popularity (and quality)

should be the main determinants for this ranking. However, it is known that providers can

also become more prominent if they pay more for the clicks they get (see Section 3). We are

interested in testing the following hypothesis.

Hypothesis 1. On Kayak, other things equal, the sales channels affiliated to the Booking

Holding have a higher probability to be visible and are more likely to be a position leader.

For this purpose, we estimate the following linear probability model for an offer of sales

channel s in hotel h for a request r:

Yhrs = Xhrsβ + αh + γr + εhrs. (1)

Yhrs is an indicator variable that takes on the value one if the sales channel s for hotel h in

request r is a position leader and zero otherwise; Xhrs are explanatory variables, αh denotes

the hotel fixed effect and γr the request fixed effect. Xhrs includes the log-price of the sales

channel, the number of price leader(s) for the offer, the group affiliation of the sales channel,

as well as sales channel and hotel popularity that varies across time. The hotel fixed effects

take time-invariant hotel characteristics into account, such as the number of stars, amenities,

chain affiliation, or location. The group affiliation of the sales channel takes the Booking
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Holding as the reference category. Therefore, if hypothesis 1 is satisfied, we should observe a

negative and significant coefficient associated to other groups, suggesting that sales channels

not affiliated to the Booking Holding have a lower probability to be prominent.

Vertical ranking. For a given search request, Kayak provides a list of the available hotel

offers. From the perspective of pure consumer surplus maximization, we would expect that

the rank of a hotel in that list should be better if the hotel’s gross match value for the average

consumer is higher. This value should increase in the number of stars, the user rating, free

breakfast, and so on. Given the gross value, the sales channels’ prices should negatively affect

the ranking as, other things equal, a higher price should mean a lower net match value for

the average consumer.

If Kayak is maximizing its short-term revenues from cost per click fees, it should incor-

porate the likelihood of a click (which might depend negatively on prices and positively on

quality) as well as the cost per click fees.

We want to test the following hypothesis.

Hypothesis 2. Other things equal, hotels which have higher prices on sales channels of

the Booking Holding than on other sales channels are more likely to be ranked worse in the

Kayak search results.

We proceed similar to Hunold et al. (2020) and estimate the following linear model for a

hotel h in a request r:

Rhr = Zhrκ+ αh + γr + εhr (2)

Rhr is the ranking position of a hotel h in the Kayak search results. Zhr includes the minimum

log-prices of the sales channels available for this hotel, the group affiliation of the price

leader, as well as the average total popularity available for this hotel and hotel popularity

that both vary across time. Compared to the horizontal ranking, we additionally control

for sales channel availability for the hotel including group availability dummies and the

number of sales channels. Hotel (αh) and requests (γr) fixed effects are the same as in the

horizontal ranking analysis. The group affiliation takes the form of several dummies, one for

each group, taking the value one if the group is one of the price leaders. Therefore, under

hypothesis 2, we should observe a positive and significant coefficient associated to the dummy

variable of the Expedia Group and/or other OTAs. This would suggest that if a group other

than the Booking Holding is among the price leaders, then the hotel is ranked worse in the

Kayak search results. Equation 2 implicitly assumes that the hotel ranking depends on price
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leadership irrespective of which channels are visible. However, one may argue that competing

price leaders threaten the OTAs of the Booking Holding only if they appear visible on the

offers, as consumers generally do not click on the sub-menu to see the remaining offers.

4.2 Identification

Unobserved demand shocks. A concern could be that a demand shock may impact both

the price of sales channels and their ranking on the MSP. For instance, an increase in demand

could lead to a stock out of cheaper hotels, such that only hotels with a higher price remain

in the list of search results and subsequently get a better ranking. We deal with this concern

by adding request fixed effects γr which capture the effects linked to the combination of the

booking and arrival date (and by this also the booking horizon).

Unobserved heterogeneity in hotel popularity. If the MSP expects higher revenues

from a hotel, it has an incentive to rank the hotel better – other things equal. A high

commission income can be either due to a higher CPC paid by the hotel (see later) or a higher

likelihood of a hotel being clicked (measured by the click-through-rate, CTR). For instance,

if hotels with a lower CTR typically have lower prices on other sales channels affiliated with

the MSP, we could get a spurious negative correlation between a good ranking position and

the price markup relative to other channels. We deal with this unobserved heterogeneity

across hotels by removing time-constant unobserved heterogeneity between hotels through

the inclusion of hotel fixed effects. Current deviations in hotel popularity are captured by

controlling for short-term consumer ratings from TripAdvisor for this hotel.

Unobserved heterogeneity in sales channel popularity. Similar to the argument of

unobserved hotel popularity, the MSP should take into account that consumers not only

value a low price, but might also have a preference for specific sales channels. The popularity

of sales channels could follow seasonal patterns or unobserved trends initiated by marketing

activities of the channels. If sales channels affiliated with the MSP are increasingly popular

and their popularity is then associated with higher prices, a good ranking position of the

MSP could then be spuriously correlated with the common ownership of the sales channels.

To mitigate this concern, we use data about the current relative search volume of each sales

channel on Google in France as a measure for the different popularity and associated CTR.

Unobserved channel and hotel-specific CPC. In its decision about the horizontal and

vertical ranking, the MSP also takes CPC payments by the sales channels into account. These
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might vary between hotels as well as across time and might affect both the pricing across

channels and the ranking position of the hotel at the meta-search website. In particular, as

a higher CPC implies a higher distribution cost for the hotel when selling through the direct

channel, the hotel might also increase the direct channel price. Better visibility of the direct

channel would then be driven by the higher CPC and bias our ”direct channel” coefficient

upwards in equation 1. Similarly, it could be that OTAs negotiate different CPCs for specific

types of hotels. To deal with this potential problem, our approach is two-fold.

First, we conduct a comparable analysis using data for the same city and observation

period of another MSP which is Google Hotels. This platform is at the time of our study

a pure MSP allowing comparison of prices, and not integrated with an OTA. At the same

time, Google Hotels is likely to be affected by similar heterogeneity in promotional behavior

of hotels over time as Kayak. If we only find that offers of the Booking Holding are given

more prominence on Kayak but not on Google Hotels, this is consistent with our hypothesis

of joint profit maximization in the Booking Holding.

Second, we apply various complementary analyses using the Kayak data. We control for

changes in the price of the hotel as they should account for changes in the distribution costs

possibly reflected by changes in the CPC. Furthermore, we assume that CPCs for independent

hotels, at least, are relatively constant over time at Kayak, as independent hotels have to

make use of an intermediary to list their rooms on the MSP. As the CPC conditions for

chain hotels could be more flexible, we run the analyses separately for independent and chain

hotels in subsection 7.4. This also provides insight into potential different CPCs paid by

OTAs depending on the hotel type.

5 Data

In this section, we present the data set and its main characteristics along with a classification

of sales channels and a conceptualization for the display of prices and offers.

5.1 Data collection

For our analysis we rely mainly on data on hotel and channel rankings on Kayak, and

prices that hotels post on different channels. As control variables, we need data on the

characteristics of hotels and channels, that can explain their attractiveness for consumers as

well as data on their determinants of the profitability of an hotel offer for Kayak.

The data was collected as in Larrieu (2019) from October 2014 until September 2017 on
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Kayak.com for 863 hotels in Paris between April 10, 2014 to July 1, 2017. 18 In particular,

2,375 search requests were made for 410 distinct reservation dates for one night for two

people with different time horizons (mainly 4, 14, 30 and 180 days before arrival).19 We then

amended the data set by two additional sources. First, we collected TripAdvisor information

on hotels’ characteristics and reviews over time. Second, we retrieved time series data from

Google Trends for our observation period to approximate the sales channel popularity (see

Appendix A for a description of how this data was collected).

5.2 Descriptive statistics

In the following, we describe the hotels in the dataset as well as characteristics of the dataset

used for the analyses.

Table 1: Hotel characteristics

Variable # Obs. Min p50 Mean Max SD

Stars 1,784 0 3 3.2 5 0.9

Chain 1,784 0 0 0.3 1 -

# Rooms 1,784 1 45 76 1,093 98

# Reviews 1,716 1 142 173 4,659 225

Score over 5 1,716 2.6 4.3 4.3 4.7 0.2

Hotels in the data set. Our data set contains 1,784 distinct hotels which are in the

greater Paris area. In Table 1 we provide some average characteristics. Hotels in our data

set have on average 76 rooms and 3 stars. Overall, 30% of the hotels are affiliated to a chain,

the most prominent ones being Ibis Hotels, Best Western, and Mercure (Appendix B - Table

14). As revealed in Table 15 (Appendix B), hotels from one to three stars have on average

62 rooms, while four- and five-star hotels have on average 104 rooms.20 For the time-varying

18 Search results were collected every day from 6am to 8am using a web scraping program from a Windows

desktop. IP addresses were randomized in each iteration using a list of French IPs located in the region

of Paris. For each iteration, the cache of our browser was cleared from all cookies and historical searches

to appear as a new user without any personalization that may affect the Kayak ranking algorithm.
19 The data set is not balanced since not all existing reservation dates were queried with all possible time

horizons. However, 80% of reservation dates were queried with at least five distinct time horizons. Other

time horizons were collected in order to account for intertemporal price discrimination following revenue

management and are kept in the analysis.
20 This is consistent with the INSEE French statistics on the hotel industry, see INSEE website.
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hotel characteristics, we report the mean of the number of reviews and the average consumer

rating on TripAdvisor at the moment of the reservation as a measure for hotel popularity. At

the reservation date, hotels in our data set received, on average, 173 reviews with an average

rating of 4.3 of 5 stars.

Ranked hotel and channel offers. In total, our data set contains more than 17 million

observations. The average price for one night is 183 e21 and negatively correlated with the

time horizon.22 For each request, we observe between 27 and more than 1,222 hotels with an

average of 933 hotels, which are linked to between 1 and 22 different online sales channels.

On average, for each hotel, 10 sales channels display an offer, while there are over 828 distinct

providers.

Figure 3: Booking Holding and Expedia Group

Sales channels in the data set and ownership. We observe 828 different sales chan-

nels. We distinguish between hotels direct channels, and online travel agencies. For the

OTAs, most are linked to two different groups (see Figure 3). The Expedia Group owns

different OTAs (Expedia.com, Classic Vacations, Hotels.com, Hotwire.com, Venere.com, and

21 We observe in the dataset some extreme prices of up to 965,832e. To remove outliers, we restrict to

prices lower than 10,000e which is large enough for the price of an hotel room for one night in Paris

even in a Palace category (and thus drop 28 observations).
22 The average price is strictly decreasing as the arrival date approaches, from 189e at 6 months before

the arrival to 182e, 180e and 178e respectively for one month, 14, and 4 days before the arrival date.
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Egencia), is affiliated to some travel companies (voyage-sncf.com, Abritel HomeAway, Orbitz

(including ebookers, HotelClub and CheapTickets), and Travelocity), and has Liberty Media

as its parent company, which is the main shareholder of TripAdvisor. On the other hand,

Booking Holdings Inc. owns and operates several travel meta-search platforms, OTAs and

other travel websites, including Booking.com, Priceline.com, Agoda.com, Kayak.com, Cheap-

flights, Rentalcars.com, Momondo, and OpenTable. The remaining sales channels are either

competing OTAs such as HRS.com and smaller ones (Presitiga, Melia, Hotelopia.com., Ho-

telsClick, Amoma.com (bankrupt since 2019), Weekendesk, Lastminute group etc.) or linked

to French national companies in the travel sector (Tablet as part of the Michelin guide, Splen-

dia owned by the online platform Voyage-Privé.com). In addition, there is a large national

player, AccorHotels.com, hosting the majority of the big brands (Ibis, Mercure, Novotel,

etc.) in France. It offers hotels to appear on its own platform in exchange for a commis-

sion. Therefore, AccorHotels.com has a strategy of both offering its own brand hotels but

also independent ones on its platform. We do not consider some particular offers (8%) for

which Kayak is mentioned as a sales channel because we do not observe the identity of the

sales channel really mediating the transaction. We finally classify sales channels depending

on their group affiliation (Booking Holding and Expedia Group) distinguishing independent

sales channels between online travel agencies (Other OTAs than groups) and the hotel direct

website (Table 2).

5.3 Descriptive evidence

In this subsection, we focus on the horizontal ranking of sales channels, defining the price and

position leaders in order to compare their respective occurrence by group and sales channels.

Before this, we describe the concentration of offers on sales channels.

Concentration of offers on sales channels. The market is concentrated around seven

large OTAs covering 60% of the offers, while 800 small sales channels only account for 5%

of price offers. The large providers are well-known OTAs such as Booking.com, Expedia,

Hotels.com together with national players (voyages-sncf) and smaller platforms in the travel

market (Agoda, Venere). The sales channels attributed to the 3% are mainly composed of

hotel websites, which are generally unique by hotel.

Behind the apparent diversity of sales channels in the market, the two big groups account

for 60% of price offers referenced by Kayak. Other OTAs play a non-negligible role since

they account for 29% of the offers translating overall to the same weight as Booking Holding

alone. We also note that the direct channel of the hotel is rarely available.
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Table 2: Sales channels’ availability and classification

Group # obs % in obs Sales channel # obs % in obs

Booking Holding 4,804,339 28%

Booking.com 1,899,278 40%

Agoda.com 1,487,904 31%

Others 1,417,157 29%

Expedia Group 6,747,875 40%

Hotels.com 1,713,173 25%

Expedia.fr 1,397,825 21%

Venere.com 1,315,041 19%

Voyages-sncf.com 995,594 15%

Ebookers.com 708,853 11%

Others 617,389 9%

Other OTAs 4,856,541 29%

Amoma.com 737,503 15%

Hotelopia.com 691,228 14%

Logitravel.fr 561,550 12%

HotelTravel.com 479,809 10%

Rumbo.fr 448,225 9%

Hrs.com 316,822 7%

Others 1,621,404 33%

Direct channel (e.g. hotel website) 593,419 3% . . .

Total 17,002,174 100%

Position leader. For each request, Kayak as a meta-search website lists all available offers

of sales channels and displays the associated price. For a given hotel, these offers are then

displayed on the Kayak website by a horizontal ranking. One sales channel is highlighted

and three others are visible but less prominent. Remaining sales channels are hidden in a

sub-menu on which consumers have to click if they want to see additional offers (see Figure

4 in yellow). We define the highlighted sales channel as the position leader. It is also called

the sales channel in the buy box, especially in the retail industry.

This horizontal ranking is the result of an Kayak internal algorithm. In particular, the

highlighted sales channel is not necessarily the one offering the cheapest price to book the

room.

5.3.1 Price leader(s)

For a given hotel, we define the price leader(s) as the sales channel(s) offering the lowest price

(see Figure 4 in green). In 62% of the hotel offers, the price leader is unique, meaning that

it has a strictly lower price than others. In the remaining cases (38%) several sales channels

(up to 15) offer the same cheapest price. Different price leaders can be affiliated to the same

group. At this level, there is a unique group price leader in 72% of the cases (Table 3).

Even if the hotel’s direct website is not often among the sales channels, it is actually one

of the cheapest providers in 53% of cases, which is much more than the main online travel

agencies Booking.com (37%) and Hotels.com (37%). This remains also at the group-level
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Figure 4: Horizontal ranking and visibility

Table 3: Number of price leader(s) at the sales channel and group levels

# Sales channel(s) Freq. Percent

1 1,303,460 62%

2 166,252 8%

3 182,218 9%

≥ 4 441,475 21%

Total 2,093,405 100%

# Group(s) Freq. Percent

1 1,505,549 72%

2 403,855 19%

3 151,146 7%

4 32,855 2%

Total 2,093,405 100%

(Table 4) and the number of price leaders plays an important role for the probability to be

the cheapest sales channel. Restricting to cases in which there is a unique sales channel price

leader, the direct website of hotels is most often (54%) the cheapest channel compared to

any other OTA. In comparison, when there are two sales channels being price leaders, the

Booking Holding has a much higher probability (44%) to be among them compared to other

groups.

Starting from these observations on prices, as Kayak is a price comparison website search-

ing for the best deal, we expect price leading sales channels to be more visible than others

when there are several and to be the prominent sales channel in case of a unique price

leadership. In order to investigate this, we compare the price leader occurrences previously

computed to the probability to be among the visible sales channels or the position leader.
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Table 4: Price leadership given availability by number of price leader(s)

# Sales channel(s) price leader(s) All 1 2 3 ≥ 4

Direct website 53% 54% 18% 38% 68%

Booking Holding 37% 10% 44% 61% 87%

Expedia Group 32% 7% 13% 67% 89%

Other OTAs 23% 14% 16% 18% 26%

5.3.2 Price vs Position leader

In comparison to the price leader, there is always a unique position leader. As it is the

case for the price level, the position leadership only makes sense when controlling for the

availability of the sales channel. Overall, in 96% of the hotel offers the position leader is one

of the price leaders and this proportion increases with the number of price leaders. When the

position leader is not the unique price leader, it is in favor of one of the two biggest groups

in 81% of cases, with the Booking Holding comprising 43%. We additionally show (in Table

5) that the OTAs of the Booking Holding are more often (12%) the position leader than the

price leader – the difference being six times greater for the Booking Holding compared to

the Expedia Group. In contrast, compared to the Booking Holding, the direct website of the

hotel appears less often in the first position whereas it is five times more often cheaper.

Table 5: Price vs Position leadership given availability

Group Position leader Unique Price leader Difference

Booking Holding 22% 10% 12%

Expedia Group 9% 7% 2%

Other OTAs 11% 14% -3%

Direct website 38% 54% -16%

As the entire group does not necessarily reflect the case of each single provider, in Ap-

pendix C - Table 16, we compare the share of price and position leaders at the sales channel-

level. Results are amplified with Booking.com being five times more the position leader

than the price leader. For other OTAs, results are less conclusive. Hotels.com and Expe-

dia.fr are more often the position leader than the price leader, but still to a lesser degree than

Booking.com while other OTAs are always less often the position leader than the price leader.

Overall, this suggests that the two biggest players are generally more often the position

leaders than the price leaders, which is especially the case for Booking.com, Expedia.fr, and

Hotels.com. There may be two explanations for such exposure. First, the Kayak website
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states that it voluntarily ”highlight[s] one main provider based on criteria such as customer

popularity or ratings”. Thus, an explanation of the discrepancy could be that these particular

platforms are quite popular in France. As Kayak values the popularity in the horizontal

ranking algorithm, it makes them visible more often compared to a ranking based on the

cheapest price. Table 13 in Appendix A shows that Booking.com and Expedia.fr are indeed

relatively more popular than others. However, this does not hold for Hotels.com. A second

explanation is that sales channels (OTAs as well as hotels) may pay more to be put more

prominent.

6 Estimation results

6.1 Horizontal ranking

In Table 6, we report the estimation results for the model described in equation 1. The

dependent variable in columns (1) to (3) is the probability to be visible (among the four first

sales channels), whereas in columns (4) to (6) it is the probability of being a position leader

(i.e., to be in the buy box ). In each case, we compare three models, sequentially adding

popularity measures for hotels and channels.

As expected, a higher price reduces the probability for a sales channel to be visible on

the hotel offer. Given a hotel, a sales channel has a higher probability to be visible if it offers

the cheapest price together with other sales channels (multiple price leaders) and this effect

is twice as large if the sales channel is the only one to offer the cheapest price. A key variable

of interest, the group affiliation, takes Booking Holding as a reference category. When the

sales channel belongs to any other OTA than one related to the Booking Holding, it has a

lower probability to be visible. This negative effect is of the same magnitude when the sales

channel is an independent OTA or one belonging to the Expedia Group. The effect is not

significant if the sales channel is a hotel’s direct website. Other things equal, OTAs that do

not belong to Kayak’s related companies, have a lower probability to be visible on the hotel

offers on Kayak.

Results on visibility and position leadership are very similar. Interestingly, the price

coefficient is ten times smaller when the position leadership is a dependent variable, while

the coefficient associated to the unique price leadership is more important. This suggests

that the price level influences the visibility of sales channels. However, in order to be the first

ranked sales channel, it matters to be the cheapest one. Looking at the group coefficients,

the results show that, other things equal, OTAs other than ones from the Booking Holding
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Table 6: Visibility and Position Leadership at the group-level

Linear Probability Model

Visible (# ≤ 4) Position Leader (# = 1)

(1) (2) (3) (4) (5) (6)

ln(price) -0.183∗∗∗ -0.185∗∗∗ -0.185∗∗∗ -0.021∗∗∗ -0.021∗∗∗ -0.021∗∗∗

(-29.32) (-29.03) (-29.01) (-12.96) (-12.86) (-12.45)

Price leadership

(ref: Not price leader)

Among price leaders 0.234∗∗∗ 0.234∗∗∗ 0.234∗∗∗ 0.203∗∗∗ 0.202∗∗∗ 0.201∗∗∗

(67.14) (66.81) (66.72) (90.50) (90.13) (89.61)

Unique price leader 0.475∗∗∗ 0.474∗∗∗ 0.475∗∗∗ 0.749∗∗∗ 0.750∗∗∗ 0.752∗∗∗

(69.73) (69.49) (69.31) (137.15) (136.43) (135.94)

Group

(ref: Booking Holding)

Expedia Group -0.111∗∗∗ -0.112∗∗∗ -0.106∗∗∗ -0.106∗∗∗ -0.105∗∗∗ -0.071∗∗∗

(-22.09) (-22.04) (-19.80) (-27.87) (-27.36) (-23.63)

Direct website -0.011 -0.010 -0.002 -0.007 -0.007 0.037∗∗∗

(-1.37) (-1.28) (-0.28) (-1.32) (-1.21) (7.07)

Other OTAs -0.096∗∗∗ -0.096∗∗∗ -0.087∗∗∗ -0.069∗∗∗ -0.068∗∗∗ -0.024∗∗∗

(-15.94) (-15.72) (-13.53) (-23.68) (-23.27) (-10.32)

Constant 1.370∗∗∗ 1.336∗∗∗ 1.326∗∗∗ 0.179∗∗∗ 0.203∗∗∗ 0.152∗∗∗

(44.90) (28.37) (28.14) (21.32) (9.06) (6.78)

Request FE yes yes yes yes yes yes

Hotel FE yes yes yes yes yes yes

Hotel Popularity no yes yes no yes yes

Channel Popularity no no yes no no yes

N 15,585,011 15,089,104 15,089,104 15,585,011 15,089,104 15,089,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

have a lower probability to be in the buy box. We additionally show that in contrast to the

visibility results, once we control for channel and hotel popularity, the direct website is more

likely to be position leader than OTAs from Booking Holding, suggesting that Kayak may

make a distinction between the type of sales channels.

This difference of the results between other OTAs and the direct website can be explained

by a policy applied by meta-search websites in favor of direct channels. For equal prices the

priority can be given to the direct channel in order to encourage small independent hotels to

offer through Kayak directly without relying on online travel agencies. It is true that if we

restrict to cases in which the direct website is the price leader together with Expedia Group

or other OTAs (except the ones belonging to the Booking Holding), the direct channel is the

position leader in 53% of the cases compared to 32% and 13% of the cases for the Expedia

Group or other OTAs.

Finding 1 (horizontal ranking): Other things equal, sales channels belonging
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to the Expedia Group or independent OTAs have a lower probability to be visible

or the position leader than sales channels belonging to the Booking Holding.

6.2 Vertical ranking

We report estimation results in Table 7 for the model described in equation 2. The dependent

variable in columns (a) to (e) is the ranking position of a hotel in the search results. A

higher number corresponds to a worse ranking position in the Kayak search results. In

columns (a) to (c), we sequentially add control variables for popularity of hotels and channels.

Compared to the previous subsection, we additionally control for channel availability using

group availability dummies and the number of sales channels. In columns (d) and (e), we

restrict the sample to hotels having only one group being the price leader among the sales

channels or multiple ones.

Controlling for the number of sales channels, we show that the higher the amount, the

better the ranking position of the hotel. Hotels are thus ranked better if Kayak is able to

collect and provide many offers. The results also show that hotels are ranked worse for which

the direct website is available and/or the price leader, but only when there are multiple price

leaders. Accordingly, the evidence suggests that hotels are ranked worse for which the direct

website of the hotel is a credible alternative to OTAs. At the same time, hotels having Book-

ing Holding among the multiple price leaders are on average ranked better. Looking at the

other OTAs, the results suggest that hotels are ranked worse for which the Expedia Group

is a price leader, which is only present in the unique price leader specification when distin-

guishing in columns (d) and (e). The results also show that hotels seem to be ranked better

when other OTAs are available. However, as the category ”Other OTAs” is not a group by

itself but gathers many independent OTAs, this result may be driven by some specific OTAs,

where the very rare presence may coincide with a good position of the hotel.

Finding 2 (vertical ranking): Other things equal, hotels where an OTA of the

Expedia Group has the lowest price have a worse ranking position in the Kayak

search results.
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Table 7: Hotel ranking at the group-level

Ordinary Least Square

Rank in search result

# Group Price leaders(s) All Unique Multiple

(a) (b) (c) (d) (e)

min ln(price) -1.527 -3.808 -3.849 -5.686 -9.533

(-0.32) (-0.78) (-0.79) (-1.15) (-1.22)

# Sales Channels Price leader(s) 0.716 0.649 0.431 -0.190 3.216∗∗∗

(0.95) (0.85) (0.56) (-0.14) (2.80)

# Sales Channels -2.231∗∗∗ -2.400∗∗∗ -2.979∗∗∗ -2.466∗∗∗ -5.899∗∗∗

(-2.87) (-3.09) (-3.60) (-3.16) (-4.66)

Group Availability dummies

Booking Holding -2.670 -2.551 -8.428∗ -4.455 -17.196∗

(-0.70) (-0.66) (-1.92) (-1.05) (-1.83)

Expedia Group 4.297 4.212 2.207 2.412 13.369

(1.05) (1.02) (0.52) (0.60) (1.28)

Direct website 5.564 6.794 7.051 -5.572 33.596∗∗∗

(1.10) (1.33) (1.38) (-1.12) (4.11)

Other OTAs -10.297∗∗∗ -10.260∗∗∗ -9.640∗∗∗ -10.469∗∗∗ -5.030

(-3.50) (-3.44) (-3.20) (-3.23) (-1.18)

Group Price leader dummies

Booking Holding -1.559 -0.646 -0.449 (Réf.) -12.313∗∗

(-0.63) (-0.26) (-0.18) (Réf.) (-2.14)

Expedia Group 6.440∗∗ 7.299∗∗∗ 7.980∗∗∗ 7.713∗∗∗ 0.353

(2.36) (2.63) (2.88) (2.76) (0.05)

Direct website 1.212 0.803 1.180 -11.048∗∗ 30.765∗∗∗

(0.32) (0.21) (0.31) (-2.38) (4.37)

Other OTAs -1.063 -0.533 0.057 -1.779 -6.031

(-0.43) (-0.21) (0.02) (-0.63) (-1.54)

Constant 548.571∗∗∗ 582.945∗∗∗ 582.649∗∗∗ 620.427∗∗∗ 585.830∗∗∗

(21.96) (8.40) (8.41) (8.67) (6.34)

Request FE yes yes yes yes yes

Hotel FE yes yes yes yes yes

Hotel Popularity no yes yes yes yes

Channel Popularity no no yes yes yes

N 2,093,340 2,022,992 2,022,992 1,457,823 565,104

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

7 Robustness checks

7.1 Comparison with search results of an MSP without integration

In Table 7 of subsection 6.2 we showed that the position of a hotel in the vertical ranking

on Kayak appears to be worse if this hotel has low prices on an OTA of the Expedia Group,

which is the competitor of the Booking Holding. Specifically, we have seen that hotel offers

with the lowest price on one of the OTAs of the Expedia Group receive a less favorable

position in the hotel search results, even when controlling for measures of OTA popularity.
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One could be concerned that this result is driven by unobserved heterogeneity in channel

and hotel-specific cost-per-click fees. We therefore develop in this subsection a complemen-

tary robustness check in which we analyze whether we see the same pattern for a meta search

platform which is not integrated with an OTA. Due to data availability, we will focus specifi-

cally on Google Hotels for which we have also obtained data for a period of about six months.

For more details about how this data was collected and how the observation period and the

sample of available hotels differs from the data set used in the main analyses of this paper,

the reader is referred to Appendix D.

Table 8: Hotel ranking on Kayak versus Google Hotels

Rank Rank Difference

Kayak Google Kayak-Google

(1) (2) (3)

min ln(price)Kayak 5.16 -105.19∗∗∗

(0.64) (-2.89)

min ln(price)Google 322.05∗∗∗ -238.97∗∗∗

(20.07) (-6.02)

# Sales Channels Price leader(s) -0.09 -0.74 0.86

(-0.05) (-1.45) (0.45)

# Sales Channels -1.63 -1.28∗∗∗ -0.51

(-0.86) (-3.53) (-0.27)

Group Availability dummies

Booking Holding -25.81∗∗∗ -2.84 -26.60∗∗∗

(-3.72) (-0.66) (-3.46)

Expedia Group -14.27∗∗ -0.78 -16.10∗∗

(-2.36) (-0.27) (-2.51)

Direct website -0.04 0.42 -1.86

(-0.00) (0.17) (-0.17)

Other OTAs -0.85 -1.62 -0.36

(-0.17) (-1.05) (-0.07)

Price Leader dummies

Booking Holding -1.48 0.97 3.16

(-0.31) (0.66) (0.62)

Expedia Group 10.62* 1.05 13.12**

(1.87) (0.65) (2.22)

Direct website 10.69 2.57 8.26

(1.31) (0.92) (0.98)

Other OTAs 6.88 8.45*** -2.91

(1.34) (3.75) (-0.50)

Constant 563.12∗∗∗ -1216.50∗∗∗ 1924.49∗∗∗

(3.11) (-9.27) (10.66)

Request FE yes yes yes

Hotel FE yes yes yes

Hotel Popularity yes yes yes

Channel Popularity yes yes yes

N 127,964 127,964 127,964

t statistics in parentheses

* p < 0.1, ** p < 0.05, *** p < 0.01
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In Table 8, we estimate the vertical ranking of a hotel as in Column 3 of Table 7, but

with the sample being restricted to the observations we also have available for Google Hotels

(see Appendix D for a comparison of samples). In the first column, we report the regres-

sion results for the hotel rank on Kayak. One can see that restricting the sample does not

change the result qualitatively as compared to the full sample (see also Appendix D for a

full discussion). Specifically, we see that a hotel receives on Kayak a worse position if it

offers on one of the Expedia Group OTAs the lowest price as well. In the second column,

we perform the same exercise for the ranking of hotels in search results. Conversely to the

results obtained with the Kayak search results, we do not see the pattern that hotels with

lower prices on an OTA of Expedia are ranked worse. Finally, in column 3, we explain the

difference of the ranking position that each hotel has on the two platforms. Here we see

that hotels are not ranked differently if a Booking Holding OTA is the price leader. How-

ever, the difference in the ranking for hotels with low prices at Expedia is significant and large.

Finding 3 (MSP without integration): We do not see the pattern that hotels

with lower prices on OTAs of the Expedia Group get a lower ranking when the

MSP is not integrated with OTAs.

7.2 Sales channel-level analysis

In the previous section, the analyses were made at the group-level, which could disguise

different signs for a given group. For instance, the Expedia Group contains highly popular

platforms in France such as Voyages-sncf or Expedia, but also others that are not as popular

such as Venere.com. Similarly, Booking.com and Agoda.com are not of the same importance.

Despite controlling for channel popularity, estimated effects may be different as popular plat-

forms may drive the overall effect at the group-level. For this reason, in this subsection we

look at the estimation results at the sales channel-level.

In Table 9, we give the estimation results regarding the horizontal ranking from model 1 at

the sales channel-level. The reference category for the sales channel affiliation is Booking.com.

The estimation on a more granular level provides more details on how the inner-group

effect is composed. At the sales channel-level, one can see that the effect is driven by Book-

ing.com being more visible, while Agoda.com as the other sales channel of Booking Holding

has a lower probability to be visible with a similar magnitude than other OTAs. Therefore, it

seems that Kayak puts Booking.com particularly more prominent and not necessarily other

sales channels of the group. Results on visibility and position leadership are very similar.
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Table 9: Visibility and Position Leadership at the sales channel-level

Linear Probability Model

Visible (# ≤ 4) Position Leader (# = 1)

ln(price) -0.166∗∗∗ -0.168∗∗∗ -0.168∗∗∗ -0.008∗∗∗ -0.008∗∗∗ -0.008∗∗∗

(-27.83) (-27.55) (-27.64) (-8.73) (-8.95) (-9.01)

Price leadership (ref: Not price leader)

Among price leaders 0.275∗∗∗ 0.274∗∗∗ 0.274∗∗∗ 0.217∗∗∗ 0.217∗∗∗ 0.217∗∗∗

(62.16) (61.78) (61.51) (93.93) (93.18) (93.05)

Unique price leader 0.451∗∗∗ 0.451∗∗∗ 0.445∗∗∗ 0.894∗∗∗ 0.894∗∗∗ 0.893∗∗∗

(69.42) (69.09) (67.16) (225.72) (225.43) (221.62)

Sales Channel (ref: Booking.com)

Booking Holding

{
Agoda.com -0.142∗∗∗ -0.145∗∗∗ -0.473∗∗∗ -0.142∗∗∗ -0.142∗∗∗ -0.228∗∗∗

(-25.93) (-26.42) (-25.15) (-24.96) (-24.76) (-18.28)

Expedia Group



Expedia -0.200∗∗∗ -0.202∗∗∗ -0.485∗∗∗ -0.135∗∗∗ -0.135∗∗∗ -0.209∗∗∗

(-25.63) (-25.66) (-30.18) (-22.55) (-22.28) (-18.68)

Hotels.com -0.036∗∗∗ -0.038∗∗∗ -0.363∗∗∗ -0.107∗∗∗ -0.106∗∗∗ -0.191∗∗∗

(-6.17) (-6.53) (-19.75) (-17.55) (-17.23) (-15.13)

Venere.com -0.289∗∗∗ -0.291∗∗∗ -0.617∗∗∗ -0.188∗∗∗ -0.186∗∗∗ -0.272∗∗∗

(-40.74) (-40.69) (-31.86) (-32.45) (-31.91) (-21.30)

Voyages-sncf -0.264∗∗∗ -0.265∗∗∗ -0.368∗∗∗ -0.159∗∗∗ -0.158∗∗∗ -0.185∗∗∗

(-30.39) (-30.49) (-38.81) (-28.33) (-28.02) (-28.58)

(...)

Direct -0.064∗∗∗ -0.065∗∗∗ -0.382∗∗∗ -0.111∗∗∗ -0.111∗∗∗ -0.194∗∗∗

(-7.21) (-7.17) (-19.80) (-18.97) (-18.59) (-15.64)

Other OTAs



Amoma.com -0.082∗∗∗ -0.083∗∗∗ -0.409∗∗∗ -0.123∗∗∗ -0.123∗∗∗ -0.209∗∗∗

(-9.19) (-9.15) (-20.15) (-24.59) (-24.34) (-16.81)

Hotelopia.com -0.262∗∗∗ -0.264∗∗∗ -0.591∗∗∗ -0.135∗∗∗ -0.135∗∗∗ -0.221∗∗∗

(-33.47) (-33.69) (-30.87) (-27.40) (-27.23) (-17.72)

Logitravel.fr -0.045∗∗∗ -0.046∗∗∗ -0.371∗∗∗ -0.107∗∗∗ -0.107∗∗∗ -0.192∗∗∗

(-4.20) (-4.24) (-17.39) (-21.85) (-21.49) (-15.77)

(...)

Constant 1.344∗∗∗ 1.284∗∗∗ 1.617∗∗∗ 0.169∗∗∗ 0.146∗∗∗ 0.233∗∗∗

(45.89) (26.67) (32.91) (29.32) (11.46) (13.58)

Request FE yes yes yes yes yes yes

Hotel FE yes yes yes yes yes yes

Hotel Popularity no yes yes no yes yes

Channel Popularity no no yes no no yes

N 15,585,011 15,089,104 15,089,104 15,585,011 15,089,104 15,089,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Finding 4 (horizontal ranking): Other things equal, Booking.com has a higher

probability than any other sales channel to be visible or the position leader.

For the vertical ranking of hotels (Appendix E - Table 19), the analysis at the sales

channel-level suggests that results obtained in the group analysis are particularly driven

by some sales channels. First, the Expedia group effect stems from the OTAs Expedia
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and Venere.com. Second, the results reveal that the effect on the hotel ranking when in-

dependent OTAs are available is mainly driven by some particular platforms, for instance,

Hotelopia.com. However, this is not a general result for all independent OTAs. In addition,

the more detailed analysis suggests that hotels are ranked better if Voyages-sncf – one of the

most popular OTAs in France – is among the available sales channels, irrespective of its price

leadership. This suggests that Kayak takes into account the popularity of platforms.

Finding 5 (vertical ranking): Other things equal, hotels where Expedia has

the lowest price have a worse ranking position in the Kayak search results.

7.3 Different PPC regimes

For the past decade, numerous policy actions in the digital sphere have revolved around the

hotel industry. One topic of interest have been price parity clauses, which are contractual

agreements imposed by platforms to hotels to not offer lower prices on all other online channels

(wide PPC) or the direct channel (narrow PPC). Booking.com committed to converting wide

PPCs into narrow PPCs in July 2015 for European countries.23 In the particular case of

France, all types of PPCs have been banned by the Loi Macron24.

In this subsection, we investigate whether the decision of banning PPCs in France had

an impact on the effects estimated in the previous section. The theoretical literature (Boik

& Corts 2016) on the topic suggests higher commissions and final prices together with a

reduction in the price dispersion for the different sales channels when a price parity clause is

imposed. Empirically, Larrieu (2019) shows that the end of PPCs decreased average prices

about 3-4% and increased price differentiation across OTAs by 1-2%. Therefore, with the end

of the PPC, one may expect a higher price differentiation, especially with respect to channels

competing with Booking.com that are subsequently more often the price leader than before.

When PPCs were prohibited, OTAs adopted new possibilities to gain better visibility25 in

exchange for voluntary compliance to price parity. In this context, the vertical integration of

OTAs and meta-search websites can be seen as an advantage. When contractual agreements

no longer allow the platform to establish itself as the cheapest channel, the related meta-

search website may adjust its ranking algorithm in order to highlight the affiliated channels

23 See the report on the “Monitoring exercise carried out in the online hotel booking sector by EU compe-

tition authorities in 2016.”
24 Loi no 2015-990 du 6 août 2015 pour la croissance, l’activité et l’égalité des chances économiques.
25 See, for instance, program details at Booking.com.
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or hide those that would be more competitive. We thus hypothesize Kayak to exploit the

ranking more intensively without price parity, which can be either because hotels do not

comply with it or because PPCs are banned by the law.

We consider two important dates in the process of abolishing price parity clauses in

France: Booking.com committed to switching from wide to narrow price parity clauses on

the 1st of July 2015 and all price parity clauses were banned on the 6th of August 2015 by

the Loi Macron. Our period of observation ranges from the 13th of October 2014 to the 18th

of September 2017 and therefore covers three distinct periods (Table 10).

Table 10: Periods of Different PPC Regimes

Period Date PPCs # request # hotel × request

A 10-2014 to 07-2015 All allowed 1,341 1,435,099

B 07-2015 to 08-2015

{
Wide banned

178 200,005
Narrow allowed

C 08-2015 to 09-2017 All banned 762 458,301

In order to test this assumption for the horizontal ranking, we estimate equation 1 with

additional interactions between the respective periods and group affiliations. Table 11 dis-

plays the results.

Regarding the direct website, results are quite similar independent of whether we take

the visibility or the position leadership as a dependent variable. The evidence suggests that

when PPCs were allowed (Period A), the direct channel had a higher probability than OTAs

of Booking Holding to be highlighted. In contrast, when all price parity clauses were banned

(Period C), the effect is the reverse. Period B seems to be a transition period with no signifi-

cant effect on the position leadership while the direct channel already had a lower probability

to be visible, which is strengthened in Period C. Interestingly, for the Expedia Group, even

in the presence of price parity clauses, OTAs belonging to this group had a lower probability

to be highlighted. With the removal of the wide PPCs, this relationship became considerably

weaker.
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Table 11: Visibility and Position leadership with different PPC regimes

Linear Probability Model

Visible (# ≤ 4) Position Leader (# = 1)

Group

(ref: Booking Holding)

Expedia Group -0.106∗∗∗ -0.113∗∗∗ -0.071∗∗∗ -0.075∗∗∗

(-19.80) (-19.92) (-23.63) (-24.33)

Direct website -0.002 0.045∗∗∗ 0.037∗∗∗ 0.0452∗∗∗

(-0.28) (4.43) (7.07) (7.04)

Other OTAs -0.087∗∗∗ -0.065∗∗∗ -0.024∗∗∗ -0.026∗∗∗

(-13.53) (-9.67) (-10.32) (-10.76)

Period B × Group

Expedia Group 0.109∗∗∗ -0.033∗∗∗

(11.69) (-5.32)

Direct website -0.137∗∗∗ 0.002

(-8.16) (0.17)

Other OTAs 0.071∗∗∗ 0.023∗∗∗

(4.29) (3.94)

Period C × Group

Expedia Group 0.007 0.028∗∗∗

(0.42) (3.98)

Direct website -0.194∗∗∗ -0.035∗∗∗

(-11.99) (-3.07)

Other OTAs -0.184∗∗∗ 0.008

(-12.91) (1.13)

Request FE yes yes yes yes

Hotel FE yes yes yes yes

Hotel Popularity yes yes yes yes

Channel Popularity yes yes yes yes

N 15,089,104 15,089,104 15,089,104 15,089,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Finding 6 (horizontal ranking): After the removal of PPCs, other things equal,

direct websites of hotels have a lower probability of being visible or the position

leader compared to sales channels belonging to Booking Holding.

The results of a similar analysis on the vertical ranking (Appendix E - Tables 20 and

21) show that the negative effect associated to the Expedia Group being the price leader is

only present in Period A. We additionally show that in the case of multiple price leaders, the

negative effect linked to the direct website availability is only observed in Period A.

Finding 7 (vertical ranking): Other things equal, the removal of PPCs re-

duces the gap in ranking positions in the Kayak search results between hotels

for which Booking Holding is one of the cheapest sales channels and hotels for
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which Expedia Group is the unique price leader.

Having these results, it is important to keep in mind that the periods were subject to

various other events (e.g., terrorist attacks in 2015 and 2016) that could have generated

effects beyond the request fixed effects. Furthermore, after the commitments by OTAs to

European authorities to switch from wide to narrow price parity clauses, OTAs also started

to offer new types of contracts to hotels (like the Preferred Partner Program), which imply

a voluntary compliance to price parity. Therefore, even if clauses are banned by law, hotels

might have been voluntarily agreeing to price parity.

Moreover, as OTAs can pay higher CPCs depending on hotels and requests, one might

expect them to vary across time and thus be affected by price parity regulations. For instance,

the ban of PPCs may have coincided with Booking Holding (and Expedia Group) increasing

CPCs on MSPs resulting in a better horizontal (and vertical) ranking position on Kayak.

7.4 Chain affiliation

As shown in Table 1, 30% of hotels in the dataset are affiliated to chains. For meta-search

websites and OTAs, we expect the treatment to differ when hotels are affiliated to chains.

Indeed, chains may have better bargaining power and generally benefit from an increased vis-

ibility thanks to chain-level websites. For this reason, we estimate the same models including

a chain parameter and compare results.

In the case of the horizontal ranking (Table 12), the results are quite robust with the

exception of the effect related to the direct website of hotels. Interestingly, other things

equal, this channel has a lower probability to be visible than one of Booking Holdings, which

is mainly due to hotels affiliated to a chain. This is consistent with the policy applied by

meta-search websites in favor of direct channels for small independent hotels.

Finding 8 (horizontal ranking): Other things equal, the direct website of ho-

tels affiliated to a chain (resp. independent hotel) has a lower (resp. higher)

probability to be visible or the position leader than OTAs belonging to Booking

Holding.

A similar analysis is made for the vertical ranking (Appendix E - Tables 22). Overall,

when the direct channel is among the cheapest channels, independent hotels are ranked bet-

ter, while chain hotels are ranked worse. Similarly, it seems consistent with the policy applied

by meta-search websites in favor of direct channels of small independent hotels.
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Table 12: Visibility and Position Leadership by chain affiliation

Linear Probability Model

Visible (# ≤ 4) Position Leader (# = 1)

ln(price) -0.185∗∗∗ -0.020∗∗∗

(-28.87) (-12.21)

Price leadership

(ref: Not price leader)

Among price leaders 0.233∗∗∗ 0.201∗∗∗

(65.72) (89.26)

Unique price leader 0.474∗∗∗ 0.751∗∗∗

(69.39) (135.44)

Group

(ref: Booking Holding)

Expedia Group -0.091∗∗∗ -0.063∗∗∗

(-16.65) (-18.79)

Direct website 0.040∗∗∗ 0.070∗∗∗

(3.70) (9.97)

Other OTAs -0.072∗∗∗ -0.017∗∗∗

(-10.57) (-6.30)

Chain × Group

Expedia Group -0.063∗∗∗ -0.035∗∗∗

(-7.30) (-3.84)

Direct website -0.107∗∗∗ -0.077∗∗∗

(-7.10) (-6.40)

Other OTAs -0.062∗∗∗ -0.030∗∗∗

(-5.69) (-4.37)

Constant 1.324∗∗∗ 0.151∗∗∗

(28.03) (6.75)

Request FE yes yes

Hotel FE yes yes

Hotel Popularity yes yes

Channel Popularity yes yes

N 15,089,104 15,089,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Finding 9 (vertical ranking): Other things equal, hotels affiliated to a chain

(resp. independent hotels) for which the direct channel is among the cheapest

sales channels have a worse (resp. better) ranking position in the Kayak search

results.

8 Conclusion

We study the impact of the vertical integration between online travel agents (OTAs) and

meta-search platforms (MSP) on the ranking algorithm used for the positioning of hotels
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and their sales channels on the MSP. We distinguish between the horizontal ranking of sales

channels for a given hotel and the vertical ranking of hotels for a search request.

Our empirical analyses focus on the search results of the meta-search platform Kayak.

The analyses of the horizontal ranking indicate that sales channels of OTAs by Booking

Holding are more often position leaders (i.e. highlighted sales channel on hotel offers) than

price leaders (i.e. among the cheapest sales channels). Using linear hotel and request fixed

effects regressions that also account for prices and popularity measures, we additionally show

that OTAs of the Booking Holding have a higher probability than any other OTA to be

among the visible providers and to be the highlighted sales channel. For the vertical ranking,

our results suggest that hotels are ranked worse in the Kayak search results when an OTA

of the Expedia Group is the cheapest sales channel.

We provide various robustness checks. First, we contrast the order of search results on

Kayak to those of Google Hotels. For the vertical ranking, we do not observe that hotels

are ranked worse on Google Hotels when an OTA of the Expedia Group is the cheapest

sales channel. Second, we distinguish sales channels within groups and show that the two

major OTAs Booking.com and Expedia drive the main results. Third, we use changes in

the regulation of PPCs to estimate its potential impact on the Kayak ranking algorithm.

Finally, we distinguish hotels affiliated to chains from independent ones and show that for the

horizontal ranking, the direct channel of independent hotels is put more prominent compared

to Booking Holding, while for the vertical ranking independent hotels present on Kayak with

a direct website are favored too.

Overall, our results are consistent with the hypothesis that the ranking decision of an

MSP is affected by concerns beyond hotel and sales channel popularity. While this finding

is not surprising for a profit-maximizing firm, it raises the question of whether the MSP

optimizes its ranking only with respect to its own revenues (as it claims), or whether it takes

the joint revenues of the integrated firm into account.

If the cost per click revenues for all sales channels and hotels were equal and constant

across time, one could interpret our results such that – even controlling for differences in

hotel and sales channel popularity – the MSP favors its affiliated sales channels in the rank-

ing decisions. Based on this assumption, the observation that non-affiliated sales channels

are becoming less visible (and hotels with lower prices on competing sales channels) would

indicate that the MSP uses its ranking to favor its own subsidiaries.

In practice, cost per click revenues might vary substantially across channels and time.

This is also reflected in our findings that hotels which are affiliated to a chain (and therefore

less likely to pay a high CPC) are, on average, ranked differently than independent hotels.
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However, even if our results are solely driven by higher payments of the sales channels

affiliated to the MSP, one has to bear in mind that these are payments occur within an

organization under the same ownership. As integrated companies should have the means to

compensate these payments, our results could still be consistent with the MSP favoring its

own subsidiary. In addition, we do not observe these patterns in the hotel rankings of Google

Hotels, which are similarly affected by commission payments.

In addition, our empirical analysis focuses on Booking Holding’s case. A scope for im-

provement would be to enrich the analysis by studying other independent MSPs or MSP

affiliated to other groups. In particular, Expedia Group, the second biggest player in the

industry, is also vertically integrated with several OTAs (like Expedia, Hotels.com, etc.) and

the MSP Trivago. A similar analysis on this group would provide insights on whether our

results are Booking Holding-specific or more generally apply in the industry.

Our analysis cannot provide a definite conclusion on what sort of ranking of hotels and

channels is socially optimal. However, we would like to point out two risks.

First, we find that the ranking optimization of an MSP may lead to a worse positioning

of hotels with lower prices on competing sales channels, which in turn may have similar

effects as a price parity clause (see also Hunold et al. (2020) in this regard). PPCs have

been prohibited in many countries as they can lead to high commission rates and final prices.

Second, deviations from a ranking that produces the highest match values for consumers may

not only reduce consumer surplus but also allocational efficiency. However, it is unclear in

this regard whether self-preferencing achieves worse results than the ranking optimization if

the MSP and the OTA were not integrated. A separate MSP could have incentives to bias

the search result more towards less popular sales channels. On the contrary, an MSP that is

integrated with a popular OTA might improve consumers’ search quality as it internalizes the

profits of its subsidiary. Empirically distinguishing between these outcomes is unfortunately

beyond the scope of the present article and therefore left for future research.

32



References

Boik, A. & Corts, K. (2016), ‘The effects of platform most-favored-nation clauses on compe-

tition and entry’, Journal of Law and Economics 59, 105–134.

Bourreau, M. & Gaudin, G. (2018), ‘Streaming platform and strategic recommendation bias’,

CESifo Working Paper 7390 .

Cazaubiel, A., Cure, M., Johansen, B. O. & Vergé, T. (2020), ‘Substitution between on-
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Appendices

A Google Trends Data

In the Kayak data, we identify 22 OTAs. For each of them, we download the associated

relative search volume on Google (Google Trends) for the ”search term” in France per month

between 2014 and 2018.

On Google Trends, it is possible to look at searches of these keywords related to the

”search term” in general, the respective website, or any other category deemed relevant by

Google. As we do not observe the category ”website” for all online travel agents, we use the

more general query ”search term” and adapt the request when needed (for instance, ”Tablet

hotels” instead of Tablet).

Besides these 22 OTAs, we distinguish the hotel’s direct channel between large hotel

chains and websites of independent hotels. We collect data from Google Trends for the 9

biggest hotel chains and normalize to zero for websites of small independent hotel. For each

reservation date, we compute a popularity index (up to 100) by sales channel defined as

the current Google Trends value divided by the maximum Google Trends value among the

available sales channels for the request. The average popularity is higher for online travel

agents than for hotel chains (Table 13), which is mostly driven by some very popular websites

like Booking.com and voyages-sncf.fr, the French national railroad ticket booking website.

Table 13: Sales channels’ popularity index

OTAs Index

Booking.com 99

voyage-sncf.fr 75

TripAdvisor 66

Expedia.fr 15

Others ≤ 5

All 22

Hotel chain Index

Ibis 29

Novotel 16

Best Western 11

Mercure 9

Kyriad 9

Others ≤ 6

All 9
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B Hotel characteristics

Table 14: Hotel Chain Affiliation

Affiliation Freq. Percent Chain name Percent

No chain 1,206 68% - -

Chain 578 32%

Ibis 18%

Best Western 11%

Mercure 10%

Campanile 6%

Novotel 6%

Adagio 5%

Kyriad 4%

Première Classe 4%

Others 37%

Total 1,784 100% Total in chain 100%

Table 15: Average number of rooms by category of stars

Stars Freq. Percent # Rooms

Not classed 11 1% 22

1 49 3% 63

2 249 14% 62

3 876 49% 62

4 514 29% 103

5 85 5% 105

Total 1,784 100% 76
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C Provider vs Price leaders by sales channel

Table 16: Price vs Position leader by sales channel

Sales channel Position leader Unique Price leader Difference

Hotels.com 11% 1% 10%

Expedia.fr 8% 1% 7%

Venere.om 2% 1% 1%

voyages-sncf 3% 1% 3%

Ebookers.com 17% 25% -8%

HotelClub 20% 25% -5%

TripAdvisor 2% 17% -15%

CheapTickets 2% 2% 0%

Booking.com 30% 6% 24%

Agoda.com 12% 15% -3%

Amoma.com 25% 34% -9%

Hotelopia.com 2% 3% 0%

Logitravel.fr 18% 24% -6%

HotelTravel.com 9% 12% -3%

Rumbo.fr 8% 11% -3%

Hrs.com 6% 6% 0%

Direct 38% 54% -16%

D Additional analysis of Google Hotels Data

For the robustness check conducted in Subsection 7.1, we have obtained additional data from

Google Hotels. It covers a period going from 15 April 2015 to 22 September 2015 (while the

data set of Kayak goes from October 2014 to September 2017). In the following paragraphs,

we describe the preparation of this data set and how we combined it with the data from

Kayak, and discuss potential discrepancies.

Data collection The data from Google Hotels was obtained by a similar procedure as the

Kayak data in Larrieu (2019). Search results were collected every day from 6am to 8am

using a web scraping program from a Windows desktop. IP addresses were randomized in

each iteration using a list of French IPs located in the region of Paris. For each iteration,

the cache of our browser was cleared from all cookies and historical searches to appear as a

new user without any personalization that may affect the Google Hotels ranking algorithm.

This lead to 961 search results for 156 distinct reservation dates for one night for two people
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with different time horizons (mainly 4, 14, 30 and 180 days before arrival).26 In total, data

for 2,260 different hotel names was collected, which decreased to about 1,100 unique hotels

due to different naming across time.

Data merge Hotels across the two platforms Kayak and Google Hotels have been matched

by their name similarity and manually. As a result, 1,093 distinct hotels could be matched.

By this, we cover 61% of the initial sample (1,784 hotels). However, taking into account that

we only consider the period of going from 15 April 2015 to 22 September 2015, the coverage

increases. Out of the 1,215 hotels present on Kayak for the relevant observation period, we

identify 850 hotels also on Google Hotels, yielding a coverage of 69 percent. This overlap

is comparable to the overlap of about 70 percent of hotels on Booking.com and Expedia in

Europe as found in Hunold et al. (2020). The data was then further amended with data from

TripAdvisor as before.

Matched vs. non-matched hotels One might wonder whether the sub sample of hotels

for our robustness analysis differs from the overall Kayak sample used in the main body of

the paper. In the following, we provide comparison tables discussing these points. First,

we report the statistics of the whole Kayak sample (Panel A) versus the subset of hotels

present on Kayak during the observation period of our robustness check (Panel B) in Table

17. Here, we note that while the average number of stars is slightly higher in the ’shorter’

period, the hotels appear to be smaller in terms of rooms and belong less often to a chain.

Second, within the ’shorter’ time period, we can compare hotels on Kayak which we observe

on Google Hotels as well (847, Panel C) and those we do not (365+3, Panel D).27 It appears

that hotels which are present only on Kayak and not on Google Hotels have slightly less stars

(3.22 vs. 3.25), a lower number of rooms (49 vs. 62) and are less often part of a hotel chain

(21 vs. 24 percent).

These 847 distinct hotels correspond in the matched data to 300 requests, i.e. search

results of hotels on both MSPs, reflected in 262,811 hotel positions. The majority of requests

(73%) has been made for a lead time of 4, 14, 30 or 180 days. In the analyses, we will restrict

the sample to the i) hotels which are also available on Kayak, ii) the same dates, iiI) the same

booking horizon, and iv) the period when all forms of price parity clauses were still allowed,

26 As the Kayak data, the Google data set is not balanced since not all existing reservation dates were

queried with all possible time horizons.
27 Three additional hotels have been identified on both platforms, but there was overlap regarding the

dates and time horizons when the data was collected.
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Table 17: Characteristics of hotels in the Kayak data set

Variable # Obs Mean Std. Dev. Min Max

Panel A: Whole time period

Stars 1,715 3,19 0,86 0 5

# Rooms 1,715 76 97 1 1,093

Chain 1,715 33% 0,5 0 1

Panel B: Only short time period

Stars 1,215 3,24 0,83 0 5

# Rooms 1,215 58 81 1 1,025

Chain 1,215 23% 0,4 0 1

Panel C: Short time period, hotels also on Google Hotels

Stars 847 3,25 0,85 0 5

# Rooms 847 62 90 5 1,025

Chain 847 23% 0,4 0 1

Panel D: Short time period, hotels only on Kayak

Stars 368 3,21 0,79 0 5

# Rooms 368 49 52 1 464

Chain 368 21% 0,4 0 1

that is until the July 1, 2015 (see also Table 10).

Effects of data filtering Finally, we verify that we get qualitatively the same results with

the data from Kayak even when restricting the sample in the same dimensions as the Google

data set. Table 18 shows the result of the baseline model for the Kayak data until July 1,

2015, using all available hotels, travel dates and booking horizons. Subsequently, we restrict

the sample to the same observation period (column 2), the same set of hotels in both data

sets (column 3) and apply both restrictions in column (4). Finally, in column (5) we restrict

the Kayak sample further to hotel-travel date observations with the same booking horizon as

available in the Google data. One can see that even when imposing these restrictions, results

remain qualitatively the same.
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Table 18: Kayak hotel ranking - different filters

Ordinary Least Square

Rank in search results

1 2 3 4 5

Restriction -
Time Hotels Time & T., H.&

Hotels time lag

min ln(price)Kayak -4.62 -27.29∗∗∗ -3.15 -27.01∗∗∗ 5.16

(-0.78) (-3.51) (-0.44) (-2.96) (0.64)

# Sales Channels Price leader(s) 0.32 -0.44 0.76 0.20 -0.09

(0.36) (-0.34) (0.76) (0.14) (-0.05)

# Sales Channels -6.61∗∗∗ -1.84 -6.73∗∗∗ -1.89 -1.63

(-7.36) (-1.26) (-7.03) (-1.23) (-0.86)

Group Availability dummies

Booking Holding 3.17 -10.37 3.65 -10.84 -25.81∗∗∗

(0.59) (-1.55) (0.63) (-1.55) (-3.72)

Expedia Group 9.68∗∗ -8.60∗ 3.26 -14.95∗∗∗ -14.27∗∗

(2.06) (-1.85) (0.60) (-2.82) (-2.36)

Direct website 8.31 22.15∗∗∗ 10.34 20.94∗∗ -0.04

(1.33) (2.60) (1.50) (2.28) (-0.00)

Other OTAs -3.75 -4.06 -1.74 -4.00 -0.85

(-1.12) (-1.11) (-0.45) (-0.99) (-0.17)

Price Leader dummies

Booking Holding -3.43 3.29 -4.37 1.61 -1.48

(-1.15) (0.83) (-1.24) (0.35) (-0.31)

Expedia Group 7.29∗∗ 7.12∗ 8.62∗∗ 8.47∗ 10.62∗

(2.24) (1.66) (2.31) (1.72) (1.87)

Direct website 3.79 12.24 4.30 12.19 10.69

(0.89) (1.63) (0.86) (1.38) (1.31)

Other OTAs -0.03 1.50 -0.14 1.57 6.88

(-0.01) (0.36) (-0.04) (0.33) (1.34)

Constant 597.36∗∗∗ 903.91∗∗∗ 586.06∗∗∗ 621.49∗∗∗ 563.12∗∗∗

(6.10) (7.40) (4.89) (3.56) (3.11)

Request FE yes yes yes yes yes

Hotel FE yes yes yes yes yes

Hotel Popularity yes yes yes yes yes

Channel Popularity yes yes yes yes yes

N 1,386,537 494,869 992,858 354,003 127,964

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E Robustness checks for hotel ranking

Table 19: Hotel ranking at the sales channel level

Ordinary Least Square

Rank in search results

#Price leader(s) All Unique Multiple

min ln(price) -4.067 -6.019 -9.178

(-0.85) (-1.16) (-1.49)

Channel Availability dummies

Booking Holding


Booking.com -30.04∗∗∗ -19.62∗ -18.11

(-3.40) (-2.17) (-1.33)

Agoda.com 3.733 6.220 3.384

(1.17) (1.94) (0.76)

Expedia Group



Expedia 3.540 4.489 -6.720

(1.14) (1.54) (-1.22)

Hotels.com 0.581 3.839 -3.123

(0.20) (1.36) (-0.54)

Venere.com 3.518 -0.158 21.93∗∗∗

(1.17) (-0.05) (3.54)

voyages-sncf -24.44∗∗∗ -14.27∗ -21.39∗

(-3.77) (-2.18) (-2.08)

(...)

Direct 4.224 -7.186 21.26∗∗

(0.84) (-1.45) (3.20)

Other OTAs



Amoma.com -1.396 -3.037 2.418

(-0.48) (-1.00) (0.62)

Hotelopia.com 14.61∗∗∗ 14.16∗∗∗ 12.26∗∗

(5.09) (4.72) (3.08)

Logitravel.fr 3.635 1.185 8.586∗

(1.50) (0.51) (2.27)

(...)

Channel Price leader dummies

Direct 1.952 -9.420 35.93∗∗∗

(0.58) (-1.92) (6.50)

Booking Holding


Booking.com -0.322 (Ref.) -3.046

(-0.17) (Ref.) (-1.15)

Agoda.com -2.632 0.921 -7.908∗

(-1.13) (0.22) (-2.53)

Expedia Group



Expedia -0.917 26.38∗∗∗ 9.899∗

(-0.33) (3.90) (2.43)

Hotels.com 1.998 -1.794 1.070

(0.73) (-0.35) (0.26)

Venere.com 9.632∗∗ -27.68∗∗ -4.159

(3.28) (-3.01) (-0.95)

Voyages-sncf -5.084 4.277 -0.599

(-1.72) (0.54) (-0.15)

(...)

Other OTAs (...)

Constant 572.0∗∗∗ 599.4∗∗∗ 628.2∗∗∗

(8.44) (8.39) (7.50)

Request FE yes yes yes

Hotel FE yes yes yes

Hotel Popularity yes yes yes

Channel Popularity yes yes yes

N 2,022,992 1,264,515 758,405

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 20: Hotel ranking with different PPC regimes (Availability coefficients)

Ordinary Least Square

Rank in search results

# Price leader(s) All Unique Multiple

Group Availability dummies

Booking Holding -8.428∗ -1.535 -4.455 1.701 -17.20∗ -16.46

(-1.92) (-0.31) (-1.05) (0.35) (-1.83) (-1.48)

Expedia Group 2.207 3.111 2.412 4.838 13.37 -2.850

(0.52) (0.60) (0.60) (1.01) (1.28) (-0.23)

Direct website 7.051 6.595 -5.571 -6.840 33.60∗∗∗ 39.59∗∗∗

(1.38) (1.10) (-1.12) (-1.17) (4.11) (3.88)

Other OTAs -9.640∗∗∗ 0.0214 -10.47∗∗∗ 1.252 -5.031 -2.160

(-3.20) (0.01) (-3.23) (0.32) (-1.18) (-0.41)

Period B × Group Availability dummies

Booking Holding -12.49 -10.48 -38.75

(-1.40) (-1.18) (-0.91)

Expedia Group -7.891 -13.26∗ 54.83∗∗

(-1.02) (-1.77) (2.40)

Direct website -14.28 -10.99 -28.50

(-1.10) (-0.84) (-1.39)

Other OTAs -40.72∗∗∗ -39.78∗∗∗ -40.60∗∗∗

(-4.42) (-4.11) (-3.64)

Period C × Group Availability dummies

Booking Holding -16.41∗∗ -15.53∗∗ 11.30

(-2.37) (-2.23) (0.63)

Expedia Group 3.955 1.638 61.44∗∗∗

(0.61) (0.25) (3.31)

Direct website 7.540 12.94 -17.55

(0.88) (1.54) (-1.32)

Other OTAs -11.26∗ -18.12∗∗∗ 8.508

(-1.89) (-2.90) (0.98)

Request FE yes yes yes yes yes yes

Hotel FE yes yes yes yes yes yes

Hotel Popularity yes yes yes yes yes yes

Channel Popularity yes yes yes yes yes yes

N 2,022,992 2,022,992 1,457,823 1,457,823 565,104 565,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 21: Hotel ranking with different PPC regimes (Price leadership coefficients)

Ordinary Least Square

Rank in search results

# Price leader(s) All Unique Multiple

Group Price leader dummies

Booking Holding -0.449 -2.045 (Ref.) (Ref.) -12.31∗∗ -12.55∗∗

(-0.18) (-0.71) (Ref.) (Ref.) (-2.14) (-2.01)

Expedia Group 7.980∗∗∗ 10.02∗∗∗ 7.713∗∗∗ 10.61∗∗∗ 0.353 -0.383

(2.88) (3.24) (2.76) (3.19) (0.05) (-0.04)

Direct website 1.180 1.497 -11.05∗∗ -8.343 30.77∗∗∗ 22.55∗∗

(0.31) (0.34) (-2.38) (-1.57) (4.37) (2.55)

Other OTAs 0.0568 1.919 -1.779 0.917 -6.031 -1.737

(0.02) (0.68) (-0.63) (0.28) (-1.54) (-0.38)

Period B × Group Price leader dummies

Booking Holding -5.923 (Ref.) 28.94

(-1.10) (Ref.) (0.94)

Expedia Group -11.22∗∗ -2.448 0.788

(-2.24) (-0.40) (0.05)

Direct website -14.13 -0.540 -13.80

(-1.22) (-0.04) (-0.73)

Other OTAs -6.814 -3.797 11.42

(-1.00) (-0.51) (0.96)

Period C × Group Price leader dummies

Booking Holding 7.492∗ (Ref.) 4.305

(1.81) (Ref.) (0.43)

Expedia Group -3.400 -10.00 -3.211

(-0.80) (-1.63) (-0.25)

Direct website 2.035 -10.58 29.95∗∗

(0.29) (-1.11) (2.25)

Other OTAs -6.162 -7.057 -22.19∗∗∗

(-1.32) (-1.13) (-2.82)

Request FE yes yes yes yes yes yes

Hotel FE yes yes yes yes yes yes

Hotel Popularity yes yes yes yes yes yes

Channel Popularity yes yes yes yes yes yes

N 2,022,992 2,022,992 1,457,823 1,457,823 565,104 565,104

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 22: Hotel ranking by chain affiliation

Ordinary Least Square

Rank in search results

# Price leaders All Multiple Unique

min ln(price) -5.345 -11.124 -5.743

(-1.10) (-1.42) (-1.17)

# Sales Channels -3.042∗∗∗ -6.258∗∗∗ -2.472∗∗∗

(-3.71) (-5.04) (-3.17)

# Sales Channel(s) Price Leader(s) -0.036 2.372∗∗ -0.098

(-0.05) (2.07) (-0.07)

Group Availability dummies

Booking Holding -3.630 3.343 (Ref.)

(-0.76) (0.29) (Ref.)

Expedia Group 9.953∗∗ 20.782∗ 7.659∗

(2.06) (1.75) (1.70)

Direct website -22.135∗∗∗ -20.114∗∗ -21.228∗∗∗

(-3.79) (-2.10) (-3.53)

Other OTAs -13.764∗∗∗ -12.888∗∗ -11.475∗∗∗

(-3.84) (-2.49) (-3.05)

Chain × Group Availability

Booking Holding -5.690 -33.776∗ (Ref.)

(-0.80) (-1.81) (Ref.)

Expedia Group -23.519∗∗∗ -14.651 -19.650∗∗∗

(-3.48) (-0.83) (-3.41)

Direct website 60.133∗∗∗ 71.867∗∗∗ 41.004∗∗∗

(7.08) (5.31) (4.78)

Other OTAs 18.845∗∗∗ 25.779∗∗∗ 7.808

(3.12) (3.11) (1.18)

Group Price leader dummies

Booking Holding -2.867 -22.686∗∗∗ (Ref.)

(-1.07) (-3.82) (Ref.)

Expedia Group 6.634∗∗ -1.522 8.408∗∗∗

(2.34) (-0.22) (2.70)

Direct website -11.475∗∗ 4.981 -13.028∗∗

(-2.25) (0.55) (-2.19)

Other OTAs -4.888∗ -13.804∗∗∗ -2.019

(-1.82) (-3.09) (-0.63)

Chain × Group Price leader

Booking Holding 4.792 19.110∗ (Ref.)

(1.21) (1.81) (Ref.)

Expedia Group 2.104 -6.178 -3.174

(0.55) (-0.47) (-0.53)

Direct website 26.841∗∗∗ 25.295∗∗ 12.386

(4.01) (2.03) (1.35)

Other OTAs 11.316∗∗∗ 20.615∗∗∗ 2.677

(2.74) (2.71) (0.42)

Constant 587.430∗∗∗ 595.570∗∗∗ 613.674∗∗∗

(8.43) (6.42) (8.58)

Request FE yes yes yes

Hotel FE yes yes yes

Hotel Popularity yes yes yes

Channel Popularity yes yes yes

N 2,022,992 565,104 1,457,823

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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