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1 Introduction

Many digital platforms are not only matchmakers but also rule-makers. Whether it is match-
ing buyers and sellers, riders and drivers, or guests and hosts, a platform must set rules to
govern users on all sides. These rules include who can register, what information to provide,
what behavior is allowed, and how a user may be awarded, punished or even kicked out
based on their behavior on the platform. Unlike a government regulator that often acts as a
third-party arbitrator between stakeholders, a for-profit platform is directly involved in the
business: it earns commissions, fees, and other revenues from one or more sides. How to set
rules to balance different interests of users is a fundamental question facing all platforms.

The classical literature on two-sided platforms emphasizes how different sides may com-
plement each other (Rochet and Tirole 2003 and the followup studies). Take e-commerce as
an example: because each side prefers a marketplace that attracts more users on the other
side, a matchmaking platform has strong incentives to adopt rules that appeal to users on
side A, which in turn brings more users on side B. In theory, the two sides reinforce each other
through positive network effects, which could result in the overall increased desirability of
the platform and even a monopoly. To push it further, it is of concern that positive network
effects may constitute a barrier to entry for future platforms, even if they offer better services
than the incumbent platform[| Indeed, this concern has triggered antitrust investigations
and legislative efforts to regulate large platforms worldwidef] although empirical evidence
on the anti-competitive aspect of the network effects remains scarce.

In reality, different sides of a platform often have conflicting interests, implying that a
rule-making platform has to trade off positives on one side against negatives on the other,
beyond nurturing the positive spillovers between sides. For example, at the onset of the
COVID-19 pandemic, an Airbnb rule that required a full refund to all guests that had
booked before March 14, 2020 triggered class-action lawsuits on behalf of thousands of

Airbnb hosts| A reverse rule that honors all pre-pandemic refund policies may please hosts

1See, for instance, the 2019 expert report to the UK government (Furman et al. 2019), the 2019 report
to the European Commission (Crémer et al. 2019) and the 2019 Stigler report by over 30 experts (Stigler
Committee 2019).

2See, for example, a number of efforts at the European Union, including the Digi-
tal Markets Act (DMA), https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-
digital-age/digital-markets-act-ensuring-fair-and-open-digital-markets_en; the FKEuropean
Union’s Digital Services Act (DSA), https://digital-strategy.ec.europa.eu/en/policies/digital-
services-act-package; as well as a number of US Congressional and Senate bills, https://www.nytimes.
com/2022/01/20/technology/big-tech-senate-bill.html.

3Source:  https://www.cnbc.com/2020,/11/06/airbnb-hit-with-proposed-class-action-lawsuit-from-host-


https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-digital-age/digital-markets-act-ensuring-fair-and-open-digital-markets_en
https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-digital-age/digital-markets-act-ensuring-fair-and-open-digital-markets_en
https://digital-strategy.ec.europa.eu/en/policies/digital-services-act-package
https://digital-strategy.ec.europa.eu/en/policies/digital-services-act-package
https://www.nytimes.com/2022/01/20/technology/big-tech-senate-bill.html
https://www.nytimes.com/2022/01/20/technology/big-tech-senate-bill.html

but upset guests. These types of conflicts are usually more immediate than indirect network
effects and must be addressed by platform rule-making directly.

The prevalence of conflicting interests also implies that a regulatory focus on network
effects may miss an integral part of platform economics. If the biggest concern is that an
inefficient platform is too big to be competed away due to strong network effects, policy
makers should have received most complaints from nascent platforms that try to compete
with the incumbent. While such complaints do exist, many ongoing complaints come from
users on one side of an incumbent platform despite the fact that users on the other side
are highly satisfied. For example, merchants were concerned about high transaction fees
and anti-steering clauses of major credit card companies but cardholders appreciate the
convenience, cash back rewards, and full fraud protection from credit cardsf_f] some app
developers complained about the high commission fees on Apple’s i0S ecosystem while most
apps are free to download on Apple’s App Storef’| and some delivery workers reportedly
felt squeezed by platform algorithms when demand for food and shopping deliveries grew
quickly| These examples suggest that the rules set by the platforms may have been friendly
to the buyer side at the expense of the seller side. While such asymmetry is consistent
with the ”divide-and-conquer” strategy natural to platforms with positive network effects
(Caillaud and Jullien 2003), it also highlights the conflicting interests that a platform has
to address across sides. To identify whether these platform rules need further regulation,
one must understand how a platform sets rules to balance conflicting interests, above and
beyond the network effects.

Using a 2018 rule change on Airbnb, this paper highlights the role of conflicting interests
and platform competition in platform rule-making. Short-term rentals provide an excellent
setting to study this topic, not only because hosts and guests enjoy positive network effects
on the same short-term rental platform, but also because the competition between the two
largest short-term rental platforms (Airbnb and VRBO) allows us to define localized platform
competition for each listing.

More importantly, Airbnb tends to be more pro-guest than VRBO. In May 2018, Airbnb

adopted a new pro-guest rule that mandates all hosts provide a minimum level of flexibility in

missing-payments.html, accessed on May 31, 2022.

4See, for instance, https://www.justice.gov/file/485746/download for the District Court decision in
US vs. American Express, 2015.

5See, e.g., Spotify’s complaint regarding Apple’s “tax” on subscription payments, https://rb.gy/
yWYXpg:

®As reported on NPR news in 2019; see, e.g., https://rb.gy/dipgss.


 https://www.justice.gov/file/485746/download
https://rb.gy/ywyxpg
https://rb.gy/ywyxpg
https://rb.gy/dipgss

guest cancellation. In particular, all Airbnb listings are required to offer guests the option to
cancel their reservations, with a full refund, inclusive of any platform fees, within 48 hours of
their booking, provided their check-in dates are at least 14 days away (see Appendix Figure
A1 for details of the Airbnb guest cancellation policy structure post the 48-hour rule). This
guest-friendly grace period applies to all listings regardless of their hosts’ chosen cancellation
policies, and does not provide hosts with an ability to opt out. In comparison, as of yet,
VRBO does not have a similar rule. Assuming the 48-hour rule is exogenous to individual
hosts and guests, it allows us to document how individual hosts react to this pro-guest
change, while facing network effects, competition, and conflicting interests with guests.

To study the impact of the 48-hour rule, we use AirDNA-collected data on Airbnb and
VRBO listings in 10 major US cities (Atlanta, Austin, Boston, Chicago, Houston, Los An-
geles, New Orleans, New York, Seattle, and Washington DC) between January 2017 and
December 2019.

If we focus on price and quantity alone, the 48-hour rule does lead to higher prices and
higher occupancy rates for Airbnb listings on average, as compared to VRBO-only listings in
the same zipcode, suggesting that the rule boosts guest demand on Airbnb. In theory, these
results could be part of a positive-network-effects story, to the extent that the 48-hour rule
attracts more guests to Airbnb, more guests attract more hosts, more hosts attract more
guests, etc.

However, a closer look suggests that some things are at odds with such a stylized network-
effect story: for example, the effects on prices and occupancy rates are greater for Airbnb
listings with flexible or moderate cancellation policies (“loose hosts”), who already allowed
guest cancellations within 48 hours even before the 48-hour rule. If network effects are the
dominant force at play, the original demand effect should come from listings with strict guest
cancellation policies (“strict hosts”), as the 48-hour rule was most binding for them at the
time of adoption.

Further analysis suggests that part of the supply side moves away from Airbnb post the
48-hour rule. In particular, the total number of active Airbnb listings per zipcode-month
declined 2.55% after the 48-hour rule (relative to VRBO listings), and Airbnb hosts are more
likely to also advertise their listings on VRBO (“co-list” or “cross-list”) post the rule than
vice versa. Within Airbnb, the hosts that were strict and thus more directly affected by the
48-hour rule tend to lower service quality by reducing guests’ ability to book instantly (i.e., to

“Instant Book,” without first requesting host approval) and by increasing host cancellation



of guest reservations. Most of these results are stronger if an Airbnb listing faced more
competition from VRBO listings within a 0.3-mile radius before the 48-hour rule.

Altogether, these results suggest that some hosts defy the network power of Airbnb,
although the 48-hour rule makes Airbnb more attractive to guests overall. One countervailing
force is conflict of interest between users: post the 48-hour rule, strict Airbnb hosts can no
longer retain half of the reservation payment if a guest cancels within 48 hours. Not only
does this reduce the host’s expected revenue, it could also lead to greater uncertainty and
higher operation costs. These fundamental economics could explain why strict hosts tend to
lower service quality more than loose hosts in response to the 48-hour rule.

The second countervailing force is platform competition. The presence of a widely ac-
cepted competing platform may enable some hosts to divert traffic away from Airbnb through
less entry, more cross-listing, or quality downgrade on Airbnb. Consistent with that, our
back-of-the-envelope calculation finds that Airbnb enjoys higher Gross Booking Value (GBV)
from the 48-hour rule, but GBV growth is slower in the cities where Airbnb faces more VRBO
competition. This suggests that viable platform competition could limit a platform’s incen-
tives to appeal to the demand side and squeeze the supply side, should Airbnb have the
freedom to set the rule differently in different cities. Put it another way, platform competi-
tion could counter the positive network effects on a single rule-making platform and limit its
incentives of asymmetric treatment, because the side that faces a less favorable treatment
has an outside option in the competing platform.

This finding also presents a cautionary note to antitrust authorities: while promoting
market competition is a laudable goal of antitrust enforcement, more platform competition
between Airbnb and VRBO could lead to a welfare decline for guests even after Airbnb
adopts an explicit pro-guest policy. This happens because platform competition allows some
hosts to escape the economic pressure from Airbnb and lower service quality. Estimates from
a structural model of guest utility suggest that guest welfare may have declined after the
48-hour rule in five of the ten cities that have seen more fierce competition between Airbnb
and VRBO before the 48-hour rule. This intricate pattern of platform competition highlights
a potential trade-off between the classical consumer welfare standard in antitrust enforce-
ment and a more general goal of “promoting competition” in the recent policy discussion of
antitrust reform.

The remainder of the paper is organized as follows. Section 2 reviews the related lit-

erature. Section 3 provides some background on Airbnb’s cancellation policies. Section 4



provides a conceptual framework, highlighting how network effects, conflicting interests of
users and platform competition may affect user response to the 48-hour rule. Section 5 de-
scribes the dataset and provides summary statistics. Section 6 reports our empirical findings.

Section 7 discusses their implications and concludes.

2 Related Literature

Our work is closely related to the literature on two-sided platforms. Emphasizing positive
network effects between sides, the earliest strand of the literature explores a platform’s
optimal pricing strategy. Cailaud and Jullien (2003) show that a platform may follow a
“divide and conquer” strategy, subsidizing participation on one side and profiting from the
other. Further research finds that the degree of asymmetric pricing depends on how much
of a positive externality one side could generate for the other (Armstrong 2006), and to
what extent users may switch away in response to a price hike (Rochet and Tirole 2003).
According to Armstrong (2006), platform competition may result in lower prices, but when
one side single-homes and the other side multi-homes, competition can push platforms to
subsidize the side that is more likely to single-home.

Consistent with that, we observe asymmetric pricing on many multi-sided platforms,
where individual consumers receive free services (e.g., search engines, social media services,
and B2C e-commerce platforms), or even negative prices (e.g., cash-back referral websites
and credit cards). To support such prices and subsidies, platforms usually earn revenue
from the other sides (e.g., advertisers, sellers, and retail merchants). Empirically, Jin and
Rysman (2015) examine the role of platform competition in Sportscard conventions, which
were held offline and hence the degree of competition can be measured by geographic and
timing distance. They find that Sportscard conventions do change their asymmetric pricing
in response to platform competition, and the response depends on the ease of multi-homing
and the difficulty to adopt a negative price.

A growing literature recognizes asymmetric treatment in a platform’s non-pricing de-
cisions as well. For example, Hermalin (2016) shows that a firm that taxes trade on its
platform may have incentives to adopt minimum quality standards even if seller quality is
observable to buyers and the standard is costly for sellers. Empirically, Hui et al. (2018)
demonstrate the effect of eBay replacing the “Power Seller” badge with a more stringent

“eBay Top Rated Seller” badge in 2009. They show that the higher bar motivates some



sellers to incur costs for quality improvement while other sellers give up on the badge and
reduce effort. In a different setting, Jin et al. (2022) study the effect of the 2015 China
Food Safety Law on Taobao.com, where the law requires all package food sellers be licensed
by local governments. They find that the new law improved the average quality of surviv-
ing sellers, though many small or non-reputable sellers exited, and market concentration
increased. Notably, the badge upgrade on eBay constituted a platform effort to govern the
two sides, whereas China’s Food Safety Law was an external regulator trying to strike a new
balance between buyers and sellers. Our study is more similar to the former, as Airbnb has
full control over what cancellation policies to allow or disallow on its platform.

While quality standards are often touted as a way to help consumers (the actual effects
may differ)ﬂ several studies demonstrate that platforms may have incentives to tilt towards
the non-consumer side. For example, a quality certifier may offer few clues about product
quality once a seller meets a minimum quality standard (Lizzeri 1999); a platform may prefer
some noise in its user-rating system to avoid repelling too many sellers (Bouvard and Levy
2018); an online marketplace may shroud some product attributes because consumers are
unlikely to deviate when they are already deep in the search process (Hossain and Morgan
2006; Blake et al. 2021) or because too much transparency would intensify seller competi-
tion and reduce the platform’s profit from the trade (Ellison and Ellison 2009; Johnen and
Somogyi 2019). As the founders of Google wrote, “advertising funded search engines will be
inherently biased towards the advertisers and away from the news of the consumers” (Brin
and Page 2012). Consistently, theories have shown that a search engine may be incentivized
to lower the quality of its search results because that will discourage users’ (product) search
and soften seller competition (Chen and He 2011; Eliaz and Spieger 2011); and there is em-
pirical evidence that hotel booking platforms may rank a hotel’s listing in a worse position
if the same hotel is priced lower on its own website or on other booking platforms (Hunold,
Kesler, and Laitenberger 2020).

In short, many theories have explained why a platform may treat different sides asym-
metrically because of positive network effects, and some empirical studies have demonstrated
the existence of asymmetric treatment, in both pricing and non-pricing rules. However, this

does not imply that positive network effects are the only, or even the main, reason for asym-

"Quality standards can also be used to mitigate negative spillovers among sellers on a platform. For
example, Nosko and Tadelis (2015) show that buyers may draw conclusions about the quality of the platform
from single transactions, causing a reputational externality across sellers.



metric rule-making. Our work highlights conflicting interests as another important factor:
results suggest that a pro-guest rule may hurt some hosts and motivate them to lower quality,
multi-home, or even avoid the platform, all of which could counteract the positive network
effects between guests and hosts on that platform.

Our work also highlights the role of platform competition in a platform’s rule-making
incentives, especially with respect to non-price rules. Because short-term rental platforms
compete in local markets, we are able to measure platform competition continuously and
study hosts’ cross-listing behavior across platforms. In comparison, the existing studies tend
to rely on one-time change of platform competition in terms of merger or bifurcation.

Focusing on a merger between two pet-sitting platforms, Farronato, Fong, and Fradkin
(2022) find that the merger benefited users of the acquiring platform because of network
effects, but made users of the acquired platform worse off. Their results highlight the im-
portance of platform differentiation besides network effects within each platform. Chen,
Forman and Kummer (2022) study bifurcation of communities on Stack Overflow (a large
programming question and answer platform), where users can create a spin-off community
away from the home community. They find that the bifurcation decreases user contribution
in the home community but the home and spin-off communities, in total, generate more user
contribution and attract more new users than a single united community. This suggests that
factors such as congestion and differentiation may counteract positive network effects on a
single united community and limit its efficient size. Similarly, congestion and differentiation
are present in our contextﬂ but we emphasize that conflicting interest between sides of a
platform, and its interaction with platform competition, is another fundamental force driving
platform and user incentives.

Policy-wise, our work contributes to the ongoing antitrust debate about two-sided plat-
forms. In a theoretical review for competition policy, Jullien and Sand-Zantman (2021) show
that, although positive network effects may cause inefficient tipping towards the incumbent
platform, the inefficiency can be hampered by platform differentiation, multi-homing, within-
platform congestion, and platform interoperability. As detailed below, all these features exist
in our empirical setting and help explain why conflicting interests and platform competition
are important factors in Airbnb’s rule-making incentives, above and beyond positive net-

work effects between guests and hosts. Our finding also highlights the possibility that more

8The differences between loose and strict hosts can be a result of congestion and differentiation on the
same side of Airbnb, and the 48-hour rule is a form of differentiation between Airbnb and VRBO.



platform competition does not necessarily enhance consumer welfare if consumer welfare is
limited to final consumers of the focal service (guests). As detailed in Section 7, this finding
helps to inform the ongoing debate between the classical consumer welfare standard and the
general aim of promoting competition in antitrust practice.

Finally, our paper contributes to the growing literature on Airbnb. Focusing on the
competition between Airbnb and traditional hotels, Farronato and Fradkin (2022) find that
Airbnb increases the welfare of individual guests and hosts, because Airbnb hosts are re-
sponsive to market conditions, expand supply as hotels fill up, and keep hotel prices down
as a result. Zervas et al. (2016) indicate that Airbnb listings have higher average ratings
compared to the hotel industry. Lee et al. (2015) point out that host reputation, including
the number of reviews, host responsiveness, and host tenure, can impact a listing’s price
per night on Airbnb. Wang and Nicolau (2017) and Jia and Wagman (2020) confirm that
host attributes are the most important price determinants of Airbnb listings. Huang (2021)
demonstrates significant price frictions on Airbnb, and argues that sellers’ price-setting costs
and cognitive constraints are plausible drivers of these frictions. Zhang et al. (2021) find
that only 22.5% of Airbnb properties in their sample adopted an Airbnb-recommended pric-
ing algorithm, although adopters on average had a 8.6% revenue improvement and a 5.7%
downward price correction. As detailed in Section 3, this pricing algorithm was introduced
in November 2015, which is before the beginning of our sample period (2017). Our data do
not indicate which hosts adopt the pricing algorithm but most of our analyses control for
listing or host fixed effects, and therefore have accounted for the use of a pricing algorithm
if a host had adopted it before 2017 for a particular listing. To the best of our knowledge,
we are the first to study cancellation policies on short-term rental platforms and the first to

use short-term rentals to shed light on platform competition and antitrust policy.

3 Background of Airbnb Governance Framework

Sellers regularly contract with buyers for transactions that will take place at some point in the
future, including airlines, hotels, and suppliers. Sometimes, sellers fail to follow through on
contracted obligations. For example, airlines oversell seats, hotels overbook rooms, suppliers
under-deliver product units, and contractors in construction, consulting, carpentry, roof

repair, among others, may fail to complete agreed-upon projects.



A platform such as Airbnb can influence user behavior through a reputation systemﬂ, a
standardized menu of policies for user choice, and a mandate on certain practices. Since a
growing literature has examined the role of reputation on Airbnb, here our focus is on the
choices that Airbnb offers and requirements that it sets as far as host and guest cancellation.

On Airbnb, guests have to follow a listing’s cancellation policy (flexible, moderate, or
strict by Airbnb’s definition), as selected by the listing’s host, and pay the corresponding
cost stipulated by the listing’s cancellation policy should they cancel a reservation. For
example, if a listing has a strict cancellation policy, its guests would only receive 50% of the
cost of their booking when cancelling a reservation that is at least one week away from arrival,
and lose the full 100% if the cancellation is less than a week away. If a listing offers a flexible
cancellation policy, guests could get a full refund if they cancel up to 24 hours before their
trip, or up to 5 days before their trip for listings that offer a moderate cancellation policy.
Under any of the three guest-facing cancellation policies—flexible, moderate or strict—a
refund would not include the fee that guests paid to Airbnb.

Beginning on May 1, 2018, however, Airbnb started offering guests the option to cancel
their reservations for a full refund—inclusive of the Airbnb service fees—within 48 hours of
their booking, as long as their check-in dates are at least 14 days away. In Appendix Figure
A1, we show a few Airbnb-provided examples of flexible, moderate, and strict cancellation
policies after the introduction of the 48-hour rule.

We are not aware of any other major policy change on Airbnb around May 2018. Airbnb’s
commission structure (3% charged to hosts and ~12% to guests) was stable throughout our
sample period (2017-2019) until Airbnb started testing a simplified fee structure (0% on
guests and ~15% on hosts) in December 2020. Similarly, Airbnb remained a private company
until its IPO in December 2020. Airbnb rolled out an algorithmic tool for price setting in
2013. Despite its subsequent update in November 2015 (Hill 2015), according to Gibbs et
al. (2018) and Zhang et al. (2021), host adoption of algorithmic pricing has been limited.

Perhaps in part because some hosts complained about guest cancellations after the in-
troduction of the 48-hour rule, Airbnb began allowing hosts to offer a no-refund option to

guests on October 1, 2019@ This option offers a 10% discount to guests and is only avail-

9To foster trust, Airbnb’s reciprocal reputation system enables hosts and guests to blindly review each
other within 14 days after a guest’s stay. If one side does not review the other, the other’s review becomes
visible after 14 days.

10See  https://www.airbnb.com /resources/hosting-homes/a/airbnb-answers-protecting-you-from-guest-
cancellations-124, accessed on May 14, 2021.

10



able to listings with flexible or moderate cancellation policies. Unfortunately, our data does
not capture this feature and thus we do not know how many flexible or moderate listings
incorporated this option after October 2019. Since this option was only available in the last
three months of our sample period, we have rerun our analyses excluding these three months
and found that our results are robust. Since this no-refund option is in some sense a partial
dial back from the 48-hour rule, results reported in this paper (with data until December
2019) are likely more conservative than the true effects of the 48-hour rule.

On the host side, Airbnb provides an automated system review, which is added to the
other, guest-provided reviews, for listings whose hosts cancel a confirmed reservation prior
to the guest’s arrival. Since they are system generated and posted only upon a confirmed
cancellation by a host, these cancellation reviews have a pre-structured syntax, and can be
readily distinguished from other, guest-written reviewsﬂ Appendix Figure A2 provides an
example. These automated reviews may signal to travelers that there could be a higher than
usual probability that their lodging plans might fall through at some point prior to their
arrival, a costly situation especially in locales of high demand for temporary accommodations.
In addition to receiving automated cancellation reviews when cancelling guest reservations,
hosts forfeit eligibility for the “Superhost” status on Airbnb for a year, a status badge
related to metrics concerning a listing’s performance.m Hosts may also incur direct monetary
punishments from Airbnb in the form of a reduction in the amount of a future payout. Airbnb
also blocks the host-cancelled calendar days on the listing from being re-booked, so the host
cannot rent the listing out to another guest on Airbnb. However, if the listing is cross-listed

on both Airbnb and VRBO, the host can still rent it out on VRBO after cancelling the

' The automated cancellation review format is: “The host canceled this reservation X days before arrival.
This is an automated posting,” where X >1 is as stated. For same-day cancellations, guests can still post
a (non-automated) review. Prior to August 2015, the format was: “The reservation was canceled X days
before arrival. This is an automated posting.”

There are multiple benefits to looking at system-generated cancellation reviews as a measure of negative
information about sellers’ transaction reliability. First, they are credible, non-manipulable, and demonstrably
negative. Second, while prior works that study user-generated reviews tend to focus on products such as
goods, hotels or restaurants (including Mayzlin et al. 2014 and Luca and Zervas 2016), Airbnb reviews are
much more personal and rate an experience in another individual’s dwelling. As a result, reviews on Airbnb
are overwhelmingly positive (Zervas et al. 2020), which may grant further weight to the negative information
implied by automated cancellation reviews. Third, Airbnb does not show individual guest scoring of a listing
but only averages, making it less clear-cut to objectively identify negative guest reviews in a data set — a
non-issue for automated cancellation reviews.

12Hosts who meet the following criteria receive a Superhost designation: (i) Hosted at least 10 guests in
the past year; (ii) maintained a high response rate and low response time; (iii) received primarily 5-star
reviews; (iv) did not cancel guest reservations in the past year. VRBO has a similar feature called ‘Premier’
host.

11



booking on Airbnb.

Besides automated host cancellation reviews, another feature available on both Airbnb
and VRBO is instant booking. Hosts that choose this feature allow guests to book immedi-
ately without the need to send a request to the host for approval. The 48-hour grace period
of free guest cancellation could make instant booking even more convenient for guests, but
generate more revenue and operation uncertainty for hosts.

As for competition, it is difficult to define the market for short-term rentals. A guest
looking for short-term rentals may find supply in hotels, bed and breakfasts, and hostels, in
addition to private-room and shared-space listings; a host that manages a residential property
could put the property up for short-term rent, long-term rent, or other use. As a match-
maker, Airbnb brings together guests and hosts, as does VRBO, FlipKey, Booking.com, and
traditional travel agencies, among others.

In this paper, we only consider the competition between Airbnb and VRBO because
VRBO has a similar business model and is arguably the closest competitor to Airbnb in the
US. In particular, VRBO offers similar features to hosts and guests but does not generate
automated cancellation reviews for hosts who cancel a guest’s reservation, or offer a 48-hour
grace period for guests who seek a full refund after booking a reservation[”’| Moreover, as
VRBO’s original name (Vacation Rentals By Owners) implies, VRBO specializes in vacation
rentals, and thus it tends to be more present in cities that attract tourism or in the touristic

parts of a city. This generates natural variations in the extent of local competition between

VRBO and Airbnb.

4 Conceptual Framework

In this section, we present a stylized framework to highlight the interplay between positive
network effects and conflicting interests across different sides of a platform.
Consider a local short-term rental area where Airbnb matches potential guests and hosts.

Following Rochet and Tirole (2006), we assume the probability of matching a user depends

13 Airbnb’s cancellation policies on both its guest and host sides are illustrative of the observation that
peer-to-peer markets such as home sharing and ride sharing may also suffer from a reliability problem, more
so than traditional similar markets. The reliability issue can pervade both sides: on the seller side, Airbnb
hosts may cancel guests’ confirmed reservations; on the buyer side, Airbnb guests may cancel their own
reservations. More centralized traditional market operators, such as hotels and taxis, offer standardization
and consistency, which may help improve reliability and align expectations. To foster reliability in a peer-
to-peer setting, a platform can choose policies that incentivize more reliable behavior on both its seller and
buyer sides, but those policies may also have other effects.
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on the number of users on the other side, thanks to the positive network effects on Airbnb.
More specifically, if the potential mass of users is 1 on both sides, the number of users on
side j (N7) can be used as a proxy for the probability of a user on side 4 matching with any
users on side j. Conditional on a good match, we assume the benefit of trade is b* for a user
on side 4, and the price user i needs to pay to Airbnb is p’. For simplicity, we assume p’
is a membership fee that does not depend on the number of trades in which user ¢ engages
on the platform. Rochet and Tirole (2006) allow both membership fee and per-trade price
in p;, and find similar insights about network effects. We assume that each potential user
on side i chooses to use Airbnb, relative to an outside option with utility U*. We allow b’
to have a component common to all users on side 7 and a random component specific to
each individual user. The common component depends on platform rules on side i, and the
random component allows different users on side 7 to choose to use or not use the platform
even if they face the same outside option U".

Overall, the Airbnb system can be written as:

(
Guest utility: UY = b - N¥ — p¢
Number of guests: N¢ = Pr(U% > UY)

Host utility: U# =" . N — pH

| Number of hosts: N" = pr(U" > UH)

In the simplest abstract, our empirical exercise is examining how N and U change as the
48-hour rule changes the benefits of trade (b), while keeping price p and the outside option
U fixed on both sides.

Following Rochet and Tirole (2006), the demand function on side ¢ can be defined as:

N'=Pr(t'- N’ —p' > U") = D'(b", N7), ic{G, H}.
Under regular conditions, we can solve the two equations for a unique set of N:

N¢ = nH (b%,b")
N =t (p% pH)
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If the 48-hour rule only increases b while keeping b unchanged, its impact on N¢ is:

ANGC oD¢ 1
ALC if b is unchanged = G — DG oD (1)
ONH ~ 9NGC
G
b gcgéggscts magnified by
positive network
ef fects

However, if the 48-hour rule not only increases b but also decreases b at the same time
(assuming by the same magnitude), the policy’s impact on N¢ will have an extra term that

counters the initial positive effect of b%:

AN oD% 9pH 9D® 1
N b drops = ( i~ 6NH) g g )
N——" \—— — H9NH T NG
bC attracts drop of bH M
guests repels hosts magnified by

positive network
ef fects

Similarly, we can derive the relevant impacts of the 48-hour rule on N¥. If the rule

changes b“ without affecting b, its impact on N is all positive:

ANH £ b unchaneed oD%  oDH 1 ;
ape U wmehanged = Gie NG 7 obe opr (3)
~—~— —~— ONH 8NG1
bCattracts ~ Guest ~
guests  spillovers magnified by
to hosts positive network
ef fects

However, if the rule changes b while decreasing b" by the same amount, we have a new

negative term:

ANH b d —oDH oD% oDH 1 A
Ao U drops = (5 + e NG ) T ome L aor (4)
N—_—— N—— N—— N ONH 8NG/
H G Guest "
Feo homs * gucsis” spillovers  magnified by
to hosts positive network
ef fects

We can readily derive how U would change post the 48-hour rule because we have defined
Ut =b'- N7 — p' and thus: . ' '
AU oY iy AN
AV ObC AbG

This conceptual framework highlights four effects from the 48-hour rule:
The first is the rule’s direct effect on guest demand, namely % > (. This positive effect

is larger for strict hosts than for loose hosts (as of the rule adoption time), because (a) the
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rule is only binding for strict hosts, and (b) Airbnb waives the platform’s cancellation fee
for all cancellations eligible for the 48-hour rule. In particular, (b) is a common benefit that
should attract more guests to Airbnb and thus benefiting all hosts, while (a) is an extra effect
only applicable to strict hosts. This alone implies that strict hosts should enjoy a larger,
positive change from the 48-hour rule in terms of occupancy rate and revenue on Airbnb.

The second is the positive network effects between gquests and hosts, which magnifies the
direct effect on guest demand. Since the 48-hour rule boosts b¢ and keeps b unchanged
for loose hosts on Airbnb, the network effect magnifies the positive demand boost for loose
hosts (Equation 1). As a result, loose hosts should be more likely to stay on Airbnb post
the 48-hour rule (Equation 3). By the same logic, the positive network effects apply to strict
hosts as well. As mentioned above, the direct positive demand effect is greater for strict
hosts, hence that effect magnified by the network effects should be greater for strict hosts.

The third effect reflects a conflicting interest between guests and strict hosts. Because the
48-hour rule boosts b but reduces b for strict hosts, these hosts suffer an extra negative
effect on top of the rule’s positive, direct effect on guest demand. This negative effect is
magnified by the network effects as well (Equations 2 and 4). In net, strict hosts may or
may not enjoy higher revenues from Airbnb post the 48-hour rule, and may or may not stay
on Airbnb, depending on whether the negative effect of conflicting interests dominates the
rule’s positive effect on guest demand. This ambiguous prediction on strict hosts is in a
sharp contrast to the clear, positive prediction on loose hosts.

The fourth effect comes from platform competition. Though we do not model platform
competition explicitly, it can impact Equations (1) to (4) via users’ outside option (U and
U™ in two channels. First, everything else being equal, lower U’ ¢ and U as implied by
less platform competition would encourage more guests and hosts to join the focal platform.
Because we assume that guest utility U increases with N¥ and host utility U increases
with N¢, a platform facing less platform competition would enjoy stronger network effects,
which in turn strengthen the three effects of the 48-hour rule as per the above.

The second channel is through the outside option’s impact on the magnitude of the

8DC

). In theory, this impact can be

direct effect of the 48-hour rule on guest demand (
positive or negative depending on how the random component of b“ is distributed across
guests. If more VRBO competition implies a higher elasticity of guest response to the direct
benefit from the 48-hour rule (i.e. greater %:45 as UY increases), it can reinforce the rule’s

positive effect on guests and hosts. Similarly, if more VRBO competition implies a higher
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elasticity of strict hosts’ response to the rule’s direct harm on them (i.e. greater %ﬁ’—; as
U* increases), it can exacerbate the rule’s negative effect on strict hosts. Conversely, if
more VRBO competition implies smaller elasticity on either side, competition may mitigate
the rule’s effect on guests and hosts. Altogether, competition with VRBO may have an
ambiguous effect on the effectiveness of the 48-hour rule on Airbnb.

To summarize, the above framework highlights the basic intuition that a pro-guest rule
like the 48-hour rule could boost guest demand and benefit host revenue because of the
positive network effects, or hurt some hosts because it conflicts with the interests of these
hosts. It does not incorporate more details on the supply side such as how loose and strict
hosts operate on the same platform, how guests and hosts multi-home on Airbnb and VRBO,
and how hosts may change the quality of the service they provide to guests.

These supply-side features may further blur the effect of the 48-hour rule: for example,
when both loose and strict hosts compete on Airbnb in the same local area, the extra,
negative effect of the 48-hour rule on strict hosts could hamper the positive effect on guests
(through the network effects), which in turn hampers the positive effect on loose hosts.

There is also direct competition between loose and strict hosts. Some hosts own/manage
more popular properties on Airbnb, and as a result, have more room to set less guest-
friendly cancellation policies; we find that, unsurprisingly, strict hosts tend to own/manage
more popular properties on Airbnb than loose hosts. Because the 48-hour rule has a direct,
negative effect on strict hosts but strict hosts tend to have more popular properties on Airbnb
than loose hosts, the 48-hour rule will alter their product differentiation and reshape their
competition within the same platform.

In addition, as some guests and hosts change their multi-homing decision, the utility from
the outside option could change endogenously, which will trigger more changes in entry, exit
and multi-homing. We will keep the above complications in mind as we explore empirical

results on the supply side.

5 Data

We use consumer-facing information on the complete set of hosts who had advertised their
listings in the 10 US cities of Atlanta, Austin, Boston, Chicago, Houston, Los Angeles, New
Orleans, New York, Seattle, and Washington DC, on Airbnb from January 2017 to December

2019. We also obtain such information for hosts who list their properties in these 10 cities on
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VRBO during 2017-2019. The data was acquired from AirDNA, a company that specializes
in collecting Airbnb and VRBO data.

Each listing is identified by a unique identifier and comes with time-invariant character-
istics such as the host’s unique identifier, listing zipcode, approximate localeﬂ and property
type (entire home, private room, or shared space). Throughout the paper, we focus on
entire-home listings, which are both more numerouﬁ and more comparable with VRBO
because VRBO does not allow private-room or shared-space listings.

Listing information also comprises time-variant characteristics, including an average
monthly pricem the number of nights in a listing’s calendar reserved by guests in a month,
nights that had been blocked off in a month (i.e., nights that hosts chose not to offer to
guests), the number of reservations reserved by guests in a month, the listing’s number of
reviews, its average overall review rating by guests (based on a 5 star rating system with 1/4
star intervals), the listing’s guest-facing cancellation policy, its minimum nights per stay, its
maximum number of guests, a measure of the host’s experience (number of days since the
host’s first listing was created), review time gap (number of days since the latest review),
whether the listing is offered for Instant Booking (i.e., without requiring host approval), the
average response time in minutes (the time it takes the host to respond to an initial guest
inquiry), response rate to guest inquiries (percentage of inquiries to which hosts respond
within 24 hours), and whether a listing’s host is a Superhost. Other listing-month informa-
tion includes the listing’s total number of reviews and average review ratings up to the study
month.

Similar to Airbnb’s three-tier structure, VRBO defines guest cancellation policy in five
tiers: no refund, strict, firm, moderate and relaxedﬂ Throughout the paper, we treat no
refund and strict as “strict” on VRBO, comparable to Airbnb’s strict cancellation policy.
The other three — firm, moderate and relaxed — are aggregated as “loose” on VRBO,
comparable to flexible and moderate cancellation policies on Airbnb. Reclassifying VRBO’s

firm cancellation policy as “strict” generates similar results.

1To be exact, the data includes latitude and longitude positioning in a six-digit decimal format that
indicates the approximate location of a listing.

15Private room and shared space average 1,248 and 150 per month per city on Airbnb, respectively.

16 A listing’s per-night price represents the most recent rate a host set for the night up until the night was
either booked, blocked off the calendar, or remained unbooked/unblocked until it passed; these nightly prices
are then averaged over the month to give an average monthly listing price — for brevity, we henceforth refer
to these averages as the listing’s price.

17Source: https://help.vrbo.com/articles/ What-are-the-cancellation-policy-options, accessed on May 14,
2021.
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We focus on listings that are offered for rent for less than 30 days. We also exclude
observations with listing prices per night over $1000, because some hosts may set their rates
prohibitively high in lieu of blocking their calendars. In total, our sample includes 1,198,017
listing-months.

To measure the occupancy rate of a listing, we divide the number of reserved days by the
number of days available for reservations in a given month. We use two approaches for the
number of days available in a month, one being the number of calendar days, and the other
being the number of calendar days minus the number of days that had been blocked off the
calendar by the host. Results under both approaches are similar and we report the latter.

To measure competition between Airbnb and VRBO, we use geographical mapping soft-
ware to count the total number of listings on VRBO that are located in close proximity to
each Airbnb listing. We define close proximity by forming a geographic circle with a radius of
0.3 miles around each Airbnb listing based on its approximate coordinates. We then define a
competition index equal to the number of VRBO listings divided by the total number of both
Airbnb and VRBO listings. If a listing appears on both platforms, it is counted as one on
each. This calculation is repeated every month, so the competition index is listing-specific
and time-varying. In most regression analyses, we use a listing’s competition index as of
April 2018 to avoid a potential change in the competition index because of the introduction
of the 48-hour rule in May 2018. In some specifications, we split the sample by high and low
competition areas, where a listing belongs to a high competition area if the listing’s local
competition index is above the city-median as of April 2018.

Across the 10 cities in our sample, New York City is the largest home-sharing market,
with approximately 75,000 unique listing IDs. Airbnb listings in New York City and New
Orleans tend to have higher competition from VRBO listings, compared to other cities.
Zooming into the top 30 zipcodes in terms of the total number of listings, we find that areas
with a higher number of Airbnb listings also face more competition from VRBO.

The next step is computing the number of host cancellations for each Airbnb listing[™|
To do so, we use the fixed format of the automated reviews, e.g., “The host canceled this
reservation X days before arrival. This is an automated posting.” (See Appendix Figure A2
for an example.) Searching for such a format in listing reviews, we count the cumulative
number of cancellation reviews for each Airbnb listing up to each specific month.

Since VRBO targets touristic areas more than Airbnb, we use the annual Zipcode Busi-

18We do not know host cancellations for VRBO listings.
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ness Patterns from the US Census to account for time-varying tourism attributes, including
the number of hotel rooms, theme parks, national parks, restaurants, and tourism attractions
per zipcode.

Table 1 summarizes our whole sample of 1,198,017 listing-months, of which 863,380
(72.07%) are listed on Airbnb only in the study month, 203,225 (16.96%) are VRBO only,
and 131,412 (10.97%) are listed on both. Since a listing’s cross-listing status can change over
time, we label a listing ID “Airbnb first” if it first appeared on Airbnb, and “VRBO first” if
it first appeared on VRBO[®| Among all Airbnb-first listings, 11.77% have ever cross-listed
on VRBO from 2017 to 2019; among all VRBO-first listings, 36.53% of VRBO have ever
cross-listed on Airbnb. For listings that are cross-listed, we can track their total occupancy
rate and average price per night, but we do not know whether the occupancy was booked
through Airbnb or VRBO.

At the listing-month level, Table 1 presents summary statistics for Airbnb-only, VRBO-
only, and cross-listings in three separate columns. On average, VRBO-only listings have a
higher listing price P and a higher occupancy rate but a lower number of reservations per
month than Airbnb-only listings. The average price of cross-listed listings is in between,
likely because it is a mixture of Airbnb and VRBO bookings. Cross-listed listings have, on
average, a higher number of reservations per month than both VRBO-only and Airbnb-only
listings. The average occupancy rate of cross-listed listings is between that of Airbnb-only
and VRBO-only listings ]

Since host cancellation is only available on Airbnb, we can only compare it for Airbnb-
only and cross-listings. On average, cross-listed listings are more likely to have any host
cancellation, suggesting that hosts of lower quality (at least in terms of cancelling guest
reservations) may be more likely to multi-home on VRBO. Consistently, cross-listed listings
are more likely than Airbnb-only listings to adopt a strict policy in guest cancellation; VRBO-
only listings have an even higher probability of adopting strict cancellation than cross-listed
listings. However, in other measures of host quality, cross-listed listings are more likely
to have hosts with Superhost status and are more likely to allow Instant Booking than

Airbnb-only listings. The equivalents of a Superhost badge (‘Premier Host’) and Instant

90ur data on Airbnb listings can go back to May 2015, which helps to define whether the listing is Airbnb
first or VRBO first. Our VRBO data begins in 2017. We do not observe a listing in our sample that began
as cross-listed at the outset.

20These prices do not include transaction fees that guests and hosts pay Airbnb and VRBO.

21Reservations and occupancy rate are not perfectly correlated because a reservation may have a longer
or shorter occupancy.
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Booking are also available on VRBO, where VRBO-only listings are more likely to be listed
by Superhosts (Premier Hosts) and are more likely to offer Instant Booking than cross-listed
listings. Both Airbnb-only and cross-listed listings have a larger number of reviews than
VRBO-only listings, likely because Airbnb is overall a larger platform than VRBO, though
the average review rating is similar across the three types of listings.

Cross-listed listings are also more likely than Airbnb-only listings to be located in an
area with a higher VRBO competition index. This is understandable because VRBO tends
to target areas with more theme parks, national parks, restaurants, and touristic attractions
per zipcode, and these areas are attractive to cross-listed listings as well, given that touristic
areas often have seasonality. This is also reflected in the fact that both cross-listed and
VRBO-only listings are significantly larger than Airbnb-only listings in terms of the number
of bedrooms and bathrooms.

Table 2 further distinguishes listing-months by the listing’s loose and strict cancellation
policies on Airbnb and VRBO. To facilitate a comparison, the loose/strict status in the
column title is as of April 2018. To better compare the time-varying cross-listing rate between
types of listings, Table 2 presents the statistics in two column blocks, one for “Airbnb first”
and the other for “VRBO first.” By definition, if an Airbnb listing has never been listed on
VRBO, it is Airbnb-first. If a VRBO listing has never been listed on Airbnb, it is VRBO-
first. If the listing has been cross-listed, it is classified as either Airbnb-first or VRBO-first
depending on where the listing appeared first in the entire listing history we can observe.
We report two panels: one before the 48-hour rule (Jan. 2017 to Apr. 2018) and the other
after the 48-hour rule (May 2018 to Dec. 2019).

Overall, Table 2 suggests that strict listings are more popular: they tend to charge a
higher price, enjoy a higher number of reservations and a higher occupancy rate per month,
and are more likely to cross-list on the other platform. This pattern is similar across the two
platforms and continues after Airbnb adopted the 48-hour rule. From Tables 1 and 2, we
note that strict listings are of better quality than loose listings in some dimensions (property
popularity, Instant Booking, Superhost status) but lower quality in other dimensions (strin-
gency of guest cancellation policy, history of host cancellation). These multi-dimensional
differences are important for us to understand how the 48-hour rule may affect the two types
of listings differently.

A comparison before and after the 48-hour rule suggests that price, number of reser-

vations, and occupancy rate all increase over time, but the increase is most evident for
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Airbnb-first listings that offered loose cancellation as of April 2018, which is somewhat sur-
prising given that the 48-hour rule is only binding for strict listings on Airbnb. In contrast,
strict Airbnb-first listings have the highest increase in their cross-listing rate as compared to
the other three columns, and these listings display a greater increase in monthly host can-
cellation reviews than loose Airbnb-first listings. These patterns suggest that the 48-hour

rule has a different effect on strict and loose listings on Airbnb.

6 Empirical Analyses

In this section, we first document the impact of the 48-hour rule on listing-level market
outcomes (price and occupancy), and then dive into changes in host behavior, guest welfare,
and Airbnb GBV. Throughout the analysis, we allow the effects to differentiate by the degree
of localized Airbnb-VRBO competition before the 48-hour rule.

6.1 Price, Quantity, and the Role of Platform Competition

According to our conceptual framework, the 48-hour rule brings a direct positive effect on the
benefits of trade that guests may gain from Airbnb (b), but a potential negative effect on the
benefits of trade that strict hosts may gain from Airbnb (b). Both of them influence a user’s
choice of Airbnb and therefore the amount of trade occurring via Airbnb. Empirically, we
measure the amount of trade by the price and occupancy (quantity sold) of Airbnb listings.

More specifically, we use a difference-in-differences methodology (DID), which contrasts
all listings on Airbnb (including Airbnb-only and cross-listings) with VRBO-only listings,
before and after Airbnb introduced the 48-hour rule in May 2018.

Our baseline specification is:
Y;n =o; + oy + 51X¢t + 52th + ﬁlAinnbit + ﬁgAinnbit X POStt + Eity (5)

where ¢ denotes an individual listing, z denotes zipcode, t indexes month, Airbnb; is a
dummy equal to 1 if the listing is listed on Airbnb at ¢, Post; is a dummy equal to 1 if
t is on or after May 2018. Depending on the specification, the dependent variable Y}; is

the log of the average listing price over the month, or log of the monthly occupancy rateF_Z]

22Results on reservations are very similar to that of occupancy rate, so we only report the latter in the
paper.
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Year-month and listing fixed effects are denoted by «; and «;, respectively. X, is listing-level
controls, including the number of bedrooms and bathrooms, the number of minimum nights
per stay, the number of maximum guests per stay, average review rating, number of reviews,
Superhost status, instant booking status, response rate, response time, the number of months
since the host created their first listing, as well as the number of cancellation reviews of the
same listing up to period ¢t — 1. X,; denotes the zipcode’s tourism attributes, including the
number of hotel rooms, theme parks, national parks, restaurants and tourism attractions.
These variables may change over time, and therefore are not completely absorbed by listing
fixed effects. Stanford errors are clustered by zipcode.

The DID specification is built on the assumption that Airbnb listings and VRBO-only
listings follow similar pre-treatment trends before May 2018. To check this assumption,
Figure 1 plots the average price and occupancy rate per listing-month for the treated group
(Airbnb listings) and control group (VRBO-only listings), with a vertical line indicating the
month that Airbnb adopted the 48-hour rule. Figure 1 suggests parallel pre-treatment trends
between the two groups, which are confirmed in statistical tests (shown in last row of Table
3). In an unreported table, we also performed a placebo test, examining a hypothetical
treatment in the middle of the pre-treatment period. Results confirm the comparability
between treatment and control groups before the 48-hour rule.

Post the 48-hour rule, Figure 1 shows that Airbnb listings narrowed their average price
gap with VRBO-only listings, and the catch-up was more conspicuous in the later half of
the post period than in the first half. In comparison, Airbnb listings began to narrow their
occupancy gap with VRBO-only listings right after the 48-hour rule, suggesting that guest
demand may have responded immediately to the new rule while hosts may have lagged
behind in price response. This is consistent with the limited rationality that Huang (2021)
and Zhang et al. (2021) demonstrated in the pricing behavior of Airbnb hosts.

Although Airbnb listings and VRBO-only listings follow a similar pre-treatment trend,
a potential caveat of using VRBO-only as the control is that market demand may switch
between the two platforms, implying that our DID results may have double-counted the true
effect on Airbnb listings. However, from Airbnb’s perspective, the estimated effects would
all contribute to the platform’s market position vis-a-vis VRBO, no matter whether they are
driven by demand switching from VRBO or new demand for short-term rentals. Thus, our
estimates should help examine Airbnb’s rule-making incentives.

Another econometric challenge is that the dummy of whether listing 7 is listed on Airbnb
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at month t —Airbnb;—can reflect a listing’s endogenous response to the 48-hour rule. To ad-
dress this concern, we use listing ’s Airbnb listing status as of April 2018 as an instrumental
variable (IV) for Airbnb;.

Table 3 reports the OLS DID estimates in Columns (1) and (2) and the DID estimates
with IV in Columns (3) and (4). The two sets of results are similar, and both confirm the
raw data patterns in Figure 1. According to the IV results, the 48-hour rule leads to a
2.69% higher price and a 2.11% higher occupancy rate for Airbnb listings than for VRBO-
only listings. These are the average effects over the twenty months after the 48-hour rule.
To understand how fast the effects take place, Columns 5 and 6 split the post period into
halves. The IV estimates suggest that the price effect of the 48-hour rule almost doubled in
the second half relative to the first half of the post period (3.45% vs. 1.81%, both significant).
In comparison, the effect on the occupancy rate is similar across the two halves of the post
period (2.01% vs. 2.19%).

Although our DID analysis includes many time-varying listing attributes, Table 3 only
reports the coefficient of one such attribute — the number of host cancellation reviews on
Airbnb up to time t—1 3 This coefficient turns out negative and highly significant, suggesting
that Airbnb guests view host cancellation as a strong negative attribute”] This also confirms
the assumption that Airbnb automatically posts host cancellation reviews in order to provide
useful information to Airbnb guests.

As detailed in our conceptual framework, the 48-hour rule may have different effects on
Airbnb loose or strict listings because loose listings had offered free guest cancellation within
48 hours of booking even before Airbnb adopted that rule. To capture these differential
effects, Table 4 reports the DID results for the subsample of Airbnb loose listings vs. VRBO-
only loose listings (Columns 1 and 2), and Airbnb strict listings vs. VRBO-only strict listings
(Columns 3 and 4). The loose or strict status of listings are all as of April 2018, the month
before the 48-hour rule. In all columns, we use a listing’s Airbnb status as of April 2018 as
an instrument for its contemporaneous listing status.

All columns of Table 4 suggest that the positive effects of the 48-hour rule on price
and occupancy rate are significantly larger for Airbnb loose hosts than for strict hosts.

This supports two predictions in Section 4: first, the 48-hour rule increases guests’ marginal

23This variable is coded as zero for VRBO-only listings because VRBO does not offer any information on
host cancellation.

24In unreported tables, we have used historical bad weather as instruments for the cumulative count of
host cancellation reviews and found similar negative coefficients.
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benefit of trade (b) and therefore boosts guest demand for Airbnb relative to VRBO; second,
although the 48-hour rule generates a greater increase in b for strict hosts, it also creates
a conflict of interest and decreases the benefit of trade for them (b). Results suggest that
the conflict of interest between guests and strict hosts are significant but do not completely
cancel out the direct positive effect of the 48-hour rule on guest demand.

Our data tracks listings by listing ID; hence, if a listing is cross-listed on both platforms
in month ¢, we cannot tell which of its month-t bookings are from Airbnb. This implies
that the comparison of Airbnb vs. VRBO-only listings in Tables 3 and 4 may misrepresent
the true effect of the 48-hour rule because cross-listings are only partially treated by the
48-hour rule. To address this concern, Appendix Table Al restricts the sample to Airbnb-
only and VRBO-only listings, and reruns the DID analysis (with IV). The estimates are of
slightly lower magnitude than Table 3 (2.41% vs. 2.69% on price and 1.96% vs. 2.11% on
occupancy). For the subsamples of loose and strict hosts, the estimates are also smaller
but the overall patterns remain the same as in the baseline. Appendix Table A2 repeats
the DID analysis (with IV) while limiting the sample to cross-listed listings vs. VRBO-only
listings. Results are similar to our baseline, suggesting that our findings are robust although
we cannot distinguish the source of bookings for cross-listed listings.

To capture the influence of VRBO competition, Table 5 reports the DID results (with IV)
for four subsamples: Airbnb loose listings vs. VRBO loose listings in areas with above-median
competition index; Airbnb loose listings vs. VRBO loose listings in areas with below-median
competition index; Airbnb strict listings vs. VRBO strict listings in areas with above-median
competition index; and Airbnb strict listings vs. VRBO strict listings in areas with below-
median competition index. Both the strict/loose status and competition index are as of April
2018, the month right before Airbnb adopted the 48-hour rule. These results suggest that
the positive effects of the 48-hour rule on price and occupancy are greater in low competition
areas, and this pattern holds for both loose and strict listings. One interpretation is that
less VRBO competition allows Airbnb to internalize greater network effects between hosts
and guests, which reinforces the positive effect of the 48-hour rule on price and quantity.

To summarize, we find that the 48-hour rule increased price and occupancy for Airbnb
listings. However, this effect is weaker for Airbnb strict listings although those listings
face a substantive guest cancellation rule change due to the 48-hour rule, and the effect is
attenuated when Airbnb-VRBO competition is more fierce in the local area before the 48-

hour rule. These findings are consistent with the argument that the 48-hour rule generates
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conflicting interests between Airbnb guests and strict hosts, which counteracts the classical
positive network effects between guests and hosts. If this explanation is true, we should see
some Airbnb hosts react negatively to the 48-hour rule, especially those that suffer more

from the conflicting interests. The next subsection explores these supply side responses.

6.2 Supply-Side Response

A potential host that already owns or manages a property can decide whether to list the
property as a short-term rental, where to list it, what features to offer (guest cancellation
policy, instant booking, likelihood to cancel guest reservation, property amenities), what
days are available on the calendar, and what price to charge. As discussed in Section 6.1,
price and occupancy changed post the 48-hour rule, probably driven by both a change in
guest demand and host efforts to accommodate the demand in price and availability. This
subsection will explore hosts” non-price decisions.

The first panel of Figure 2 plots the number of listings on Airbnb and VRBO per zipcode-
month from 2017 to 2019. The second panel plots the number of Airbnb-first listings that
cross-list on VRBO and the number of VRBO-first listings that cross-list on Airbnb. It
appears that the gap in the number of listings on Airbnb and VRBO narrowed quickly after
the 48-hour rule, but the change in cross-listed listings is not as visible.

In the first two columns of Table 6, we assess the effect of the 48-hour rule on the number
of Airbnb listings at the zipcode-month-platform level. In particular, we use a Poisson

regression to estimate:

NumListingsy.; = o, + o + 0 X, + B Airbnby, + B Airbnby, x Post, (6)
+ [y1Airbnby, x HighComp, + voHighComp, X Post,
+ 3 Airbnby, x Post, x HighComp,]

+5kt7

where NumListingsy,; is the count of listings on platform &k from zipcode z in month t,
«, is zipcode fixed effect, a; is month fixed effect, and X,; captures time-varying tourism
attributes in the zipcode. HighComp, equals 1 if zipcode 2’s average competition index is
above the median of all zipcodes in the city as of April 2018. Without the terms in the
brackets, the key DID coefficient, By, captures the effect of the 48-hour rule on Y for Airbnb
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listings. With the terms in the brackets, the triple DID coefficient 3 captures the extra
effect of the rule on the zipcodes with above-city-median competition from VRBO.

In the first two columns of Table 6, the DID specification compares the count of Airbnb
listings per zipcode-month (including cross listings) with the count of VRBO-only listings,
while Column 1 reports the baseline results and Column 2 includes the triple interaction
with above-city-median competition (as of April 2018). The rest of Table 6 repeats the same
exercise, but Columns 3 and 4 compare the count of cross-listings (rather than all Airbnb
listings) vs. VRBO-only listings, and Columns 5 and 6 limit listing count to new listings
where a listing is labelled new to a particular platform if it first appeared on that platform
in the study month. All columns use a Poisson regression with zipcode fixed effects and
year-month fixed effects. Standard errors are clustered by zipcode.

Results indicate that, post the 48-hour rule, the number of Airbnb listings per zipcode
month declines 2.55%, but the number of cross-listed listings increase 0.42%, relative to
VRBO-only listings.ﬁ Columns 2 and 4 further indicate that the decline in the count of
Airbnb listings is not sensitive to Airbnb-VRBO competition, but the increase in the number
of cross-listed listings is greater with more platform competition (0.35% in low competition
areas vs. 1.06% in high competition areas). Columns 5 and 6 indicate that the decline in
Airbnb listings is largely driven by a decline in new listings. In particular, according to
Column 5, new listings on Airbnb declined 6.49% after the 48-hour rule as compared to
new VRBO-only listings@ And this effect is stronger in zipcodes with above-city-median
competition with VRBO before the adoption of the 48-hour rule.

To better understand how the total count of cross-listed listings is driven by an individual

listing’s multi-homing decision, we run the DID analysis at the listing-month level utilizing

25Because the estimation is done in a Poisson model, the marginal effect (in percent) of a one-unit change
in a variable is exp(coefficient)-1. Therefore, exp(—0.0258) — 1 = —0.0255, and exp(0.0042) — 1 = 0.0042.
26The marginal effect based on the Poisson coefficient is ezp(—0.0671) — 1 = —0.0649.
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Probit:

CrossList}, or Exit], = a; + 61Xt + 62X (7)
+ BrAirbnbFirst; + Po AirbnbFirst; x Post,
+ [y1AirbnbFirst; x HighComp; + v, HighComp; x Post,
+ 3 AirbnbFirst; x Post, x HighComp;]
+ Eit,
CrossListy =1 if CrossList;, > 0,

Exity =1141f Exit, > 0,

where CrossList}, is the continuous index function for the dummy CrossList;;, which is
equal to 1 if listing 7 is cross-listed on both platforms in month ¢. AirbnbFirst; is a time-
invariant dummy equal to 1 if listing i was first observed as an Airbnb listing (rather than a
VRBO listing)ﬂ We do not use the contemporaneous Airbnb listing status Airbnb;; because
it could change in response to the 48-hour rule and is therefore endogenous. The key DID
coefficient, (5, captures the effect of the 48-hour rule on the cross-listing decision of Airbnb-
first listings, as compared to VRBO-first listings. Including the terms in the brackets, the
triple DID coefficient 3 captures the extra effect of the 48-hour rule in high-competition
areas. We control for listing attributes X;; but not listing fixed effects because of the potential
incidental parameter problems in the Probit specification, but all results are robust if we use
a linear probability model with listing fixed effects.

The Probit results reported in Table 7 Columns 1 and 2 suggest that, post the 48-hour
rule, Airbnb-first listings are on average 15.77% more likely to cross-list on VRBO than
VRBO-first listings cross-list on Airbnb[®| and this effect is stronger in the zipcodes with
high competition from VRBO before the 48-hour rule. The next two columns of Table 7
extend the same Probit specification to study an individual listing’s decision to exit specific
platforms. We label listing ¢ as exiting platform & in month ¢ if this listing was inactive on
that platform for at least three months. The reported coefficients suggest that Airbnb-first
listings are on average 1.28% less likely to exit Airbnb post the 48-hour rule, as compared to

VRBO-first listings exiting VRBO, and this decline is greater in high competition zipcodes.

2TThis variable is defined using all the historical data we can observe (back to May 2015 for Airbnb listings
and January 2017 for VRBO listings).
28The Probit coefficient reported in Table 7 implies a marginal effect of 15.77%.
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Combining this with Table 6 results on the count of all, cross-listed listings and new
listings, we conclude that the relative drop in the number of Airbnb listings (as compared
to VRBO-only listings) are mostly driven by fewer entries rather than more exits after the
48-hour rule. The decline in the exit probability is also consistent with the earlier findings
that the 48-hour rule expands the demand for Airbnb services and a simultaneous increase
in both price and quantity make it more lucrative to stay. Interestingly, the same force does
not make it more lucrative to enter Airbnb as a new listing, probably because the 48-hour
rule mandates better services and thus more initial investment from the host.

A remaining question is what type of Airbnb listings tend to exit or cross-list post the
rule. To answer this question, we compare strict and loose hosts within Airbnb listings (as
of April 2018). More specifically, we run the following DID analysis using Probit conditional

on the listing-month observations on Airbnb:

CrossListOnV RBO;, or ExitAirbnb}, = oy + 61Xy + 02X (8)
+ [1Strict0418; 4+ P2 Strict0418; x Post,
+ [11Strict0418; x HighComp; + v HighComp; x Post,
+ 43 Strict0418; x Post, x HighComp;]
+ Eits
CrossListOnV RBOy = 1 if CrossListOnV RBO}, > 0,
ExitAirbnb, = 1 if ExitAirbnb;, > 0,

where Strict0418 is a dummy equal to 1 if listing ¢ adopted a strict guest cancellation policy
as of April 2018. Results presented in Column 5 of Table 7 suggest that, as compared
to loose hosts, strict hosts are more likely to cross list on VRBO post the 48-hour rule
if they face below-city-median competition from VRBO, but less likely to cross list if the
competition environment is above-city-median. This seemingly counter-intuitive result is
driven by the fact that, within Airbnb-first listings, strict hosts are more likely to locate in
high-competition areas and the probability of strict hosts cross-listing on VRBO has already
more than doubled that of loose hosts even before the 48-hour rule (Table 2). In other words,
the increased tendency to cross list on VRBO, as we have observed in Table 6 and the first
two columns of Table 7, is likely driven by strict listings in low-competition areas and loose

listings in high-competition areas.
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Turning to an individual listing’s exit decision within Airbnb, Column 6 of Table 7
suggests that strict listings (as of April 2018) are less likely to exit Airbnb post the 48-hour
rule than loose listings, especially in high-competition areas. This is intuitive because strict
listings tend to be more desired properties in high competition areas but those listings that
exit (the ‘exiters’) are usually linked to much worse properties in low competition areas
(Appendix Table A3) [

Conditional on offering a listing for short-term rent, its host can alter listing features
such as its guest cancellation policy and the ability of guests to instant book. To examine
how these features change after the 48-hour rule, we apply the following DID specification
(by Probit) to the full sample of listing-months:

ListFeature}, = a; + 01X + 02X (9)
+ BrAirbnbFirst; + Ps AirbnbFirst; x Post,
+ [y1AirbnbFirst; x HighComp; + o HighComp; X Post,
+ 3 AirbnbFirst; x Post, x HighComp;]
+ Eits

ListFeaturey =1 if ListFeature;, > 0,

which effectively puts Airbnb-first listings in the treatment group and VRBO-first listings in
the control group. As in Equation 7, we use the time-invariant variable AirbnbF'irst; instead
of the contemporaneous listing status Airbnb;; because the latter could change in response to
the 48-hour rule. Because these regressions focus on how hosts may change List Feature; in
response to the 48-hour rule, the right hand side controls on listing attributes (X;;) exclude
the three listing features that hosts can directly change (instant booking, guest cancellation
policy and host cancellation reviews) [

Column 1 of Table 8 shows that Airbnb-first listings are 5.62% less likely to adopt a

strict cancellation policy post the 48-hour rule@ This change is not as evident in the raw

29 Appendix Table A3 compares the pre-48-hour-rule statistics for listings that stay on Airbnb (stayers) and
listings that are inactive for at least 3 months on Airbnb after the 48-hour rule (exiters). It is striking that
the exiters had much fewer reservations per month than stayers (3.77 vs. 7.82), much lower price per night
(131.5 vs. 176.4), much lower occupancy rate (18.7% vs. 36.3%), a greater likelihood of any host cancellation
(12.24% vs. 4.35%), but are more likely to be a loose host in an area facing less VRBO competition.

30We also tried to use the lagged Superhost status rather than the contemporaneous status in X;; because
some host-chosen attributes may affect how platforms determine the Superhost status on a quarterly basis,
results are robust.

31The Probit coefficient reported in Table 8 Column 1 (-0.1175) implies a marginal effect of -5.62%.
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data (the first panel of Figure 3) before we control for other listing attributes and zipcode
fixed effects. Column 2 of Table 8 includes the triple interaction with the dummy of whether
the listing faces above-city-median competition. It finds that the tendency to refrain from a
strict cancellation policy is stronger in high competition areas. This makes sense because the
48-hour rule forces strict hosts to honor guest cancellations, which makes a strict cancellation
policy less valuable to hosts. The rule may have also made listings’ cancellation policies more
salient to guests, which may further highlight the potential costs guests may face under a
strict cancellation policy.

The next two columns of Table 8 examine whether a listing offers instant booking differ-
ently post the 48-hour rule. Results suggest that Airbnb-first listings are 6.17% less likely
to offer instant booking after the 48-hour rule, as compared to VRBO-first listings’ In
comparison, the difference is not as evident in the raw data (the second panel of Figure 3)
before we control for other listing attributes and zipcode fixed effects. Table 8 also suggests
that the decline in instant booking on Airbnb is mostly driven by high-competition areas.

Zooming into the sample of Airbnb listings, Columns 1 and 2 of Table 9 look at what types
of hosts are more likely to withdraw instant booking post the 48-hour rule. Unsurprisingly,
hosts that offered strict cancellation before the rule was adopted are 7.37% more likely than
loose hosts to disallow instant-booking post the rule if they operate in high competition
areas, and 4.02% more likely in low competition areas. Hosts that cross-listed on VRBO
before the rule was adopted are 9.77% more likely than Airbnb-only listings to disallow
instant booking post the rule if they operate in high competition areas, and 6.09% more
likely if they are low competition areas. These results are sensible, because the rule is most
binding on strict hosts, cross-listing gives them more room to get around the rule, and they
can be more selective without instant booking in accepting guests.

The next two columns of Table 9 study host cancellation. Recall that only Airbnb
records host cancellation through automatic listing reviews, and thus we can only compare
strict and loose hosts (as of April 2018) within Airbnb. Figure 4 plots the average number
of host cancellation reviews per listing-month for strict and loose Airbnb hosts as of April
2018. While strict hosts have always had more cancellation reviews than loose hosts, the gap
grows even larger post the 48-hour rule. Consistently, regression results in Table 9 suggest
that strict hosts are on average more likely to cancel guest reservation post the 48-hour rule

than loose hosts if they operate in an area with above-city-median competition from VRBO,

32The Probit coefficient reported in Table 8 Column 3 (-0.0977) implies a marginal effect of -6.17%.
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and the effect is stronger if these strict hosts already cross-listed on VRBO before the rule
adoption time.

Above all, supply-side evidence finds that the total number of listings per zipcode month
has dropped on Airbnb relative to VRBO post the 48-hour rule. In particular, new listings
are fewer on Airbnb after the 48-hour rule, and existing Airbnb hosts, though less likely to
exit the platform, demonstrate a tendency to deviate via cross-listing, less instant-booking
and more host-cancellation. This is despite the fact that price and occupancy per listing-
month have increased on Airbnb after the 48-hour rule. The effect is particularly strong for
strict hosts, as they are the most affected by the 48-hour rule, and for cross-listed listings,
as they can get around the 48-hour rule on VRBO. This suggests that the 48-hour rule may
have generated enough negative effects on these hosts and consequently motivated them to

defy the increased attraction of Airbnb post the 48-hour rule.

6.3 Implications for Guest Welfare

The above reduced-form results paint a mixed picture of the impact of the 48-hour rule
on guests: on the one hand, the rule mandates more flexibility in Airbnb bookings and
an average Airbnb listing is more likely to offer a flexible or moderate cancellation policy,
both of which should be beneficial to individual guests; on the other hand, some hosts react
to the rule by entering fewer listings, expanding their cross-listing on VRBO, or lowering
service quality in terms of being less likely to offer instant booking and engaging in more host
cancellations. In addition, the average listing price increases post the 48-hour rule, which
may further hurt guests. How do these mixed effects net out in terms of guest welfare?

To answer this question, we adopt a structural model to describe an individual guest’s
demand for short-term rental listings. In particular, we define the market as online short-
term entire-home rentals in each zipcode-month, where Airbnb and VRBO are assumed to
be the only two platforms that supply this market. Each guest chooses among all Airbnb
entire-home listings available in the target zipcode-month. Since we do not have data on
hotel reservations or other short-term stays (such as a friend’s or relative’s house or a bed
and breakfast), our analysis can only address guest welfare conditional on those that choose
to stay at an entire-home short-term rental on Airbnb or VRBO. Under this restriction, we
define the market size (per zipcode-month) as the total number of Airbnb and VRBO listings
times 30 days, and the outside good as the most popular VRBO-only listing in that same
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zipcode-month 7]
Following Berry(1994), we assume that each guest chooses a listing to maximize their

utility, where the utility associated with listing ¢ in zipcode z month ¢ can be written as:

Uit = EUy + € (10)
= qa; + o+ - log(Pi) + 01 - Xit + 09 - Xy
+ 71 - AirbnbOnly,, + v - AirbnbOnly,, - Post,
+ 73 - CrossListed;; + 74 - CrossListed;; - Post,

-+ €it-

Assuming €; conforms to the logistic distribution, we can express the market share of listing

i at time t as s; = %. Thus:

ln(sit) - ln(sot) = EUlt (11)

This is equivalent to regressing the difference of log market share between listing ¢ and
the outside good (In(s;) — In(se)) on listing fixed effects (a;), year-month fixed effects
(), log price, listing’s time-varying non-price attributes (X;), zipcode’s time-varying at-
tributes (X,;), the platform on which a listing is listed (the dummies of AirbnbOnly;, and
CrossListed;;, with VRBO-only as the default), and the interaction between the source of
the listing (the platform on which it is listed) and the post dummy. To the extent that the
48-hour rule increased the benefit of trade to all Airbnb guests (e.g., because Airbnb waived
cancellation fees within 48 hours of booking and guests do not need to pay as close attention
to guest cancellation policies within those 48 hours), the coefficients of these interactions (7o
and ~y,) should be positive to reflect these direct effects. As shown above in the reduced-form
regressions, the 48-hour rule has also generated changes in listing price, non-price listing at-
tributes, and the source of a listing. To account for these indirect effects, we include them
on the right-hand side as observed. Later on, to compute the total effect of the 48-hour rule
on guest utility, we will combine the reduced-form effects we have found on P and X with
the coefficients identified in the structural model to incorporate these indirect effects.

As in all discrete-choice models for individual consumers, we are concerned that log(P)

33Listings that cross-list on Airbnb and VRBO are treated as Airbnb listings, and are thus counted as
inside goods.
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might be endogenous because guests may be aware of unobserved changes in the listing
attributes (e.g., new furniture as shown in property photos) and hosts may price according
to these changes. To address the concern, we instrument for entire-home listing prices by
using the listing prices of private-room and shared-room listings in the same zipcode-month.
The underlying assumption is that entire-home and private or shared-room listings appeal
to different sets of guests, but share common cost shocks in the same zipcode-month.

As shown in the first column of Table 10, the instruments are strongly correlated with
log(P), with the first stage F-statistics equal to 29.33. Columns 2 and 3 report the OLS and
IV estimation results of Equation 11. Results suggest that guests are sensitive to the listing
price, and guests appreciate star ratings, a loose guest cancellation policy, instant booking,
and a lack of host cancellation reviews on Airbnb. Post the 48-hour rule, guests tend to
associate a positive utility change for both the listings that appear on Airbnb only and the
listings that cross-list on Airbnb and VRBO.

We compute the effect of the 48-hour rule on each listing’s utility as:

AU = Do AirbnbOnly,, + vy - CrossListediE—l—\ﬂ - Alog(P) + 61 - AX@, (12)
direct effects of indirect effects
the 48-hour rule on U of 48-hour rule
via host changes
in P and X

where Alog(P) and AX;, are the average marginal effects derived from the reduced form DID
estimates in earlier tables. The only exception is host cancellation review. Since such reviews
are only available on Airbnb, we cannot identify how the 48-hour rule changes cancellation
reviews on Airbnb relative to VRBO. Instead, we use the average before-after difference in
the raw data (of Airbnb listings) as a proxy. To aggregate the effect of AU on guest welfare,
we compute how the market share of each listing would change accordingly, and sum up the
changes in guest-maximized utility as the overall change in consumer surplus.

Table 11 reports the estimated changes in consumer surplus for the ten cities separately.
In particular, we run Equation 11 for each city, which allows city-specific tastes from guests.
Intuitively, because guests like instant booking and a loose guest cancellation policy but
dislike price and host cancellation, utility changes in these terms trade off with each other,
leading to net gains in five cities that have relatively less competition from VRBO (DC,
Boston, Chicago, and Austin, Seattle) but net loss in the other, more competitive cities

(Los Angeles, Houston, Atlanta, New York, and New Orleans). This decreasing relationship
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between the change in consumer surplus and platform competition is driven by the fact that
more Airbnb-VRBO competition motivates some Airbnb hosts to cross-list and reduce service
quality after the 48-hour rule. The first two rows of Table 11 also compute guest utility gains
from loose and strict listings on Airbnb (as of April 2018) separately. Unsurprisingly, guests
enjoy net gains from loose listings, but net losses from strict listings because hosts of strict
listings tend to engage in more negative reactions to the 48-hour rule in terms of reducing

the ability instant book and engaging in more host cancellations.

6.4 Implications for Airbnb GBV

Turning to Airbnb as a platform, its rule-making is tied to its own commercial interests,
which we approximate by gross booking value (GBV) given that Airbnb derives most of its
revenue from commission fees that are proportional to booking value. In particular, for city

¢ in month ¢, we consider:

Airbnb GBV. = NumlListings,, (13)
X AVcht (AVcht)

x AvgOccupancy,(AvgX,,),

where X stands for listing attributes and the parentheses imply that price and occupancy
depend on X. For each city, we rerun the reduced-form estimation in Sections 6.1 and 6.2
to identify the average effect of the 48-hour rule on NumListings, AvgP, Avg Occupancy,
Avg X. The only exception is host cancellation review, as such reviews are only available
on Airbnb and we cannot identify how the 48-hour rule causes a change in these reviews
on Airbnb vs. VRBO. Hence we use the average before-after differences in the raw data (of
Airbnb listings) as a proxy.

Table 12 presents the estimated changes in Airbnb GBV for each city following the 48-
hour ruleP” In contrast to the mixed effects on guest welfare change (Table 11), we find
that Airbnb GBYV increased for each of the ten cities. However, consistent with Table 11,
this gain declines with the degree of Airbnb-VRBO competition across the ten cities. This is
intuitive, as more VRBO competition allows Airbnb hosts, especially those who are directly

bound by the 48-hour rule, to escape the negative effect of the rule through reduced entry,

34More details of Table 12 are presented in Appendix Table A4.
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more cross-listing, and lower service quality, all of which would hurt Airbnb’s GBV.

Unfortunately, we do not observe the degree of guest cancellation before and after the
48 hour rule, so the above calculation of Airbnb GBV misses the changes in Airbnb service
fees related to guest cancellation. Similarly, the above calculation concerning guest welfare
misses the potential benefits that guests may enjoy from free cancellation thanks to the
48-hour rule.

Another caveat is that we cannot conduct a back-of-the-envelope calculation on host wel-
fare because we do not observe the extent of guest cancellation or a host’s cost of complying
with the 48-hour rule, cross-listing, offering loose (rather than strict) guest cancellation pol-
icy, and screening guests without instant booking. All these costs could change post the
48-hour rule, and could be sufficiently substantial to offset the average revenue increases for

an Airbnb listing.

7 Discussion and Conclusion

To summarize, this paper examines the role of Airbnb as the governor of its own ecosystem.
Using the 48-hour rule as an example, we demonstrate that this pro-guest rule led to higher
prices and occupancy for Airbnb listings, likely because the rule expanded guest demand
for Airbnb. However, on the supply side, we observe a relative decline in the number of
Airbnb listings, an increase in Airbnb-first listings being cross-listed on VRBO, and some
decline of service quality on Airbnb in terms of instant booking and host cancellations. These
negative effects are in part driven by hosts of strict listings — the type of listings that were
most affected by the 48-hour rule — escaping the 48-hour rule in areas with relatively high
competition between Airbnb and VRBO. Our back-of-the-envelope calculations suggest that
the 48-hour rule increased Airbnb’s GBV but guests do not always benefit from the rule
given the subsequent price and quality changes.

In terms of platform competition, our findings have three important implications for the
ongoing antitrust debate.

First, platform competition puts a natural constraint on platforms with positive network
effects. Much of the ongoing concerns about two-sided platforms start with positive network
effects between different sides of a platform. Policy reports such as Furman et al. (2019),
Cremer et al. (2019), and the Stigler Committee (2019) have all cited network effects as

one of the primary reasons for concerns regarding market tipping, winner-takes-all, and the
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inability for market competition to solve the problems arising from market concentration.
However, we show that Airbnb’s 48-hour rule—a pro-guest policy that in theory should
trigger a new round of positive network effects and thus attracting both guests and hosts to
expand Airbnb at the cost of VRBO—has also pushed some hosts away from Airbnb and
towards VRBO.

More interestingly, these “push away” effects are stronger in the areas with more Airbnb-
VRBO competition before the 48-hour rule, which explains why Airbnb enjoys less growth
in price, occupancy, or GBV if the local area has more platform competition. In other
words, it seems that platform differentiation, ease of multi-homing, and interoperability
between Airbnb and VRBO have helped alleviate the risk of market tipping due to positive
network effects. This is consistent with many theoretical papers reviewed by Jullien and
Sand-Zantman (2021).

Based on the differential effects of the 48-hour rule, we argue that the rule generated a
conflict of interest between guests and strict hosts on Airbnb, and such conflicting interests
are a natural economic force to limit the power and danger of positive network effects,
especially in the areas that already accommodate viable platform competition.

Second, platform competition is shaped not only by platform rule-making but also by
how different users react differently to the rule. While the 48-hour rule triggered a direct
conflict of interest between guests and strict hosts on Airbnb, it is more subtle that users
on the same side (strict hosts and loose hosts) experience different impacts from the rule
and adjust differently in response to the rule. As more Airbnb hosts cross-list on VRBO
(than vice versa), more hosts drop instant booking on Airbnb (relative to VRBO), more
strict hosts engage in host cancellation on Airbnb (relative to loose hosts), and more of these
effects occur in high competition areas, the 48-hour rule may have intensified the competition
between Airbnb and VRBO, although Airbnb adopted it for differentiation.

Third, antitrust consideration about two-sided platforms depends on what welfare stan-
dard we adopt. Our back-of-the-envelope calculations suggest that the 48-hour rule increased
Airbnb GBYV in all of the ten cities in our sample, but the increase is less in the cities with
more Airbnb-VRBO competition. At the same time, guest welfare from all listings can be net
negative, especially in cities with sufficient Airbnb-VRBO competition before the 48-hour
rule. This discrepancy highlights a sharp contrast between the classical consumer welfare
standard and a recently-touted goal of promoting market competition.

In particular, it has been argued that maximizing the welfare of final consumers might
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be too narrow a goal for antitrust. For instance, Shapiro (2021) proposes to replace the
“consumer welfare standard” with a “promoting competition standard.” Our findings suggest
that these two approaches may imply quite different trade-offs between different economic
players. If promoting competition means a greater degree of Airbnb-VRBO competition in
our context, such competition tends to hamper a platform’s incentives to adopt a pro-guest
policy such as the 48-hour rule. Even in the markets where the platform is incentivized
to adopt it, some hosts may be hurt by the rule while guests may have a net gain or a
net loss post the rule. Whether such a rule should be encouraged or discouraged under
the “promoting competition standard” may depend on exactly how one defines the welfare
objective (guest welfare only, guest and host welfare, or guest, host and platform welfare).
To push it further, our findings point to a potential trade-off between efficiency and
fairness. In the areas with high platform competition, Airbnb has less incentives to adopt
the 48-hour rule, probably because it has a lesser ability to internalize the positive network
effects between guests and hosts, and this could hurt guest welfare. Under the most strin-
gent consumer welfare standard, this could imply less efficiency. However, in the same high
competition areas, hosts find it easier to escape the 48-hour rule by cross-listing and down-
grading quality. This means that platform competition may reduce the extent of asymmetric
treatment facing hosts. If rule symmetry is correlated with fairness, platform competition
may help in fairness (for hosts) but at the cost of efficiency (for guests). How to incorporate
these intricate effects of platform competition in antitrust analysis warrants further research.
Finally, we note that our empirical setting is limited to two match-making platforms
in short-term rentals. While Airbnb and VRBO are the two best-known short-term rental
platforms in the US, they target some of the same guests as hotels, bed and breakfasts,
and other home-sharing services. They also compete for properties on the supply side with
long-term rentals and other property uses. Since our competition index is limited to Airbnb-
VRBO competition, it does not capture the market definition that antitrust agencies may
use in a similar context. Moreover, our study is specific to short-term rental services; thus,
our findings may not be readily applicable to other types of platform economies. Whether
other digital platforms involve similar intricacies regarding multi-sided balancing vis-a-vis

platform competition is certainly worthy of further study.

37



References

1]

[10]

[11]

ANDERSON, E.T., AND D.I. SIMESTER (2014): “Reviews without a purchase: Low

ratings, loyal customers, and deception,” Journal of Marketing Research, 51(3), 249—
269.

ARMSTRONG, M. (2006): “Competition in two-sided markets,” RAND Journal of Eco-
nomics, 37, 668-691.

BELLEFLAMME, P. AND M. PEITZ (2020): “The Economics of Platforms: Concepts
and Strategy,” Book Manuscript.

BrLAKE, T., S. MosHARY, K. SWEENEY, AND S. TADELIS (2021): “Price salience
and product choice,” Marketing Science, 40(4), 619-636.

BorToN, G., B. GREINER, AND A. OCKENFELS (2013): “Engineering trust: Reci-
procity in the production of reputation information,” NBER working paper #25186.

BouvarD, M. AND R. LEVY (2018): “Engineering trust: Reciprocity in the production

of reputation information,” American Economic Journal: Microeconomics, 4(4), 65-106.

BRIN, S. AND L. PAGE (2012): “The anatomy of a large-scale hypertextual web search
Engine,” Computer Networks, 56, 3825-3833.

BrowNn, J.; T. HOSSAIN AND J. MORGAN (2013): “Shrouded Attributes and Infor-
mation Suppression: Evidence from the Field,” The Quarterly Journal of Economics,
125(2), 859-876.

CAILLAUD, B. AND B. JULLIEN (2003): “Chicken and egg: Competition among inter-
mediation service providers,” RAND Journal of Economics , 34, 309-328.

CHEN, Y. AND C. HE (2011): “Paid placement: Advertising and search on the inter-
net,” Economic Journal, 121(556), 309-328.

CHEN, XIAOMENG AND CHRIS FORMAN AND MICHAEL KUMMER (2022): “Chat
More and Contribute Better: An Empirical Study of a Knowledge Sharing Community,”
Working paper.

CHEVALIER, J., AND D. MAYZLIN (2006): “The effect of word of mouth on sales:
Online book reviews,” Journal of Marketing Research, 43, 345-354.

Cox, C., S. Burcess, C. SELLITTO, AND J. BUULTJENS (2009): “The role of user-
generated content in tourists’ travel planning behavior,” Journal of Hospitality Market-
ing & Management, 8(2), 743-764.

38



[14]

[19]

[20]

[23]

CREMER, JACQUES; YVES-ALEXANDRE DE MONTJOYE AND HEIKE SCHWEITZER
(2019) “Competition policy for the digital era,” available at https://ec.europa.eu/
competition/publications/reports/kd0419345enn. pdf.

Da1, W., G.Z. JiN, J. LEE, AND M. Luca (2018): “Aggregation of consumer ratings:

an application to Yelp.com,” Quantitative Marketing and Economics, forthcoming.

DELLAROCAS, C. (2006): “Strategic manipulation of Internet opinion forums: Impli-

cations for consumers and firms,” Management Science, 52(10), 1577-1593.

DRANOVE, D. AND G. Z. JIN (2010): “Quality Disclosure and Certification: Theory
and Practice,” Journal of Economic Literature, 48(4), 936-963.

EDELMAN, B., M. Luca, AND D. SVIRSKY (2017): “Racial discrimination in the
sharing economy: Evidence from a field experiment,” American Economic Journal:
Applied Economics, 9(2), 1-22.

Eriaz, K. AND R. SPIEGLER (2011): “A simple model of search engine pricing,”
Economic Journal, 121(556), 329-339.

ELLIsON, G. AND S. F. ELLISON (2009): “Search, obfuscation, and price elasticities,”
Econometrica, 77, 427-452.

FArrONATO, C., J. FONG, AND A. FRADKIN (2022): “Dog Eat Dog: Measuring
Network Effects Using a Digital Platform Merger,” Forthcoming Management Science.

FARRONATO, C., AND A. FRADKIN (2022): “The Welfare Effects of Peer Entry: The
Case of Airbnb and the Accommodation Industry,” American Economic Review, June
2022, 112(6): 1782-1817.

FARRELL, J. AND P. KLEMPERER: “Coordination and Lockin: Competition with
Switching Costs and Network Effect,” Handbook of Industrial Organization, 3(Chap-
ter31), 1967-2072.

FRADKIN, A. (2017): “Searching, matching, and the role of digital marketplace design
in enabling trade: Evidence from Airbnb.” MIT Sloan School of Management and Airbnb

working paper.

FrRADKIN, A., E. GREwWAL, AND D. HoLTz (2018): “The determinants of online
review informativeness: Evidence from field experiments on Airbnb.” MIT Sloan School

of Management and Airbnb working paper.

39


https://ec.europa.eu/competition/publications/reports/kd0419345enn.pdf.
https://ec.europa.eu/competition/publications/reports/kd0419345enn.pdf.

[26]

[28]

[29]

[30]

[31]

[32]

33]

[34]

[35]

[36]

[37]

FURMAN, JAsON; DIANE COYLE; AMELIA FLETCHER; DEREK MCAULEY AND
PHiLIP MARSDEN (2019): “Unlocking digital competition: Report of the Digi-
tal Competition Expert Panel,” available at https://www.gov.uk/government/
publications/unlocking-digital-competition-report-of-the-digital-

competition-expert-panel.

GiBBS, CHRIS; DANIEL GUTTENTAG; ULRIKE GRETZEL; LAN YAO; AND JYM
MORTON (2018): “Use of dynamic pricing strategies by Airbnb hosts.” Interna-

tional Journal of Contemporary Hospitality Management, 30(1): 2-20, available at
https://doi.org/10.1108 /ILJCHM-09-2016-0540.

HERMALIN, B. (2016): “Platform-intermediated trade with uncertain quality,” Journal

of Institutional and Theoretical Economics, 172, 5-29.

HiL, D. (2015): “The Secret of Airbnb’s Pricing Algorithm” I[EEE Spec-
trum, available at https://spectrum.ieee.org/computing /software /the-secret-of-airbnbs-

pricing-algorithm.

Hu, N., J. ZHANG, P. PavLou (2009): “Overcoming the J-shaped distribution of
product reviews,” Communications of the ACM, 52(10), 144-147.

HuANG, YUFENG (2021): “Pricing Frictions and Platform Remedies: The Case of
Airbnb,” Working paper.

Hui, X., M. SAEEDI, G. SPAGNOLO, AND S. TADELIS (2018): “Certification, repu-

tation and entry: An empirical analysis,” Unpublished manuscript.

Hunorp, M., R. KESLER, AND U. LAITENBERGER (2020): “Rankings of online travel

agents, channel pricing, and consumer protection,” Marketing Science, 39, 92-116.

Jia, J. AND L. WAGMAN (2020): “Platforms, anonymity, and illegal Actors: Evidence
of Whac-a-Mole enforcement from Airbnb.” Journal of Law & Economics, 63(4), 729—
761 .

JIN, G.Z. AND M. RysMAN (2015): “Platform Pricing at Sportscard Conventions.”
Journal of Industrial Economics, 63(4), 704-735 .

JiN, G.Z., Z.Lu, X.Z. Zuou, AND C. L1 (2020): “The Effects of Government Licens-
ing on E-commerce: Evidence from Alibaba.” NBER working paper #2788/.

JOHNEN, J. AND R. SoMoGyYI (2019): “Deceptive products on platforms,” NET In-
stitute Working Paper.

40


https://www.gov.uk/government/publications/unlocking-digital-competition-report-of-the-digital-competition-expert-panel
https://www.gov.uk/government/publications/unlocking-digital-competition-report-of-the-digital-competition-expert-panel
https://www.gov.uk/government/publications/unlocking-digital-competition-report-of-the-digital-competition-expert-panel

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[47]

[48]

[49]

[50]

JULLIEN, B. AND W. SAND-ZANTMAN (2021): “The Economics of Platforms: A The-

ory Guide for Competition Policy,” Information FEconomics and Policy, vol. 54, no.
100880.

Leg, D., W. Hyun, J. Ryu, W.J. LEE, W. RHEE, AND B. SuH (2015): “An
analysis of social features associated with room sales of Airbnb,” In Proceedings of the

18th ACM Conference Companion on Computer Supported Cooperative Work € Social
Computing, 219-222.

LeELAND, H.E. (1979): “Quacks, Lemons, and Licensing: A Theory of Minimum Qual-
ity Standards”, Journal of Political Economy, 87(6): 1328-1346.

L1, X., AND L.M. HrTT (2008): “Self-selection and information role of online product
reviews,” Information Systems Research, 19(4), 456-474.

Lizzeri, A. (1999): “Information revelation and certification intermediaries,” RAND
Journal of Economics, 30, 214-231.

Luca, M., AND G. ZERVAS (2016): “Fake it till you make it: Reputation, competition,
and Yelp review fraud,” Management Science, 62(12), 3412-3427.

MASTEROV, D.,; U.F. MAYER, AND S. TADELIS (2015): “Canary in the e-commerce
coal mine: Detecting and predicting poor experiences using buyer-to-seller messages,” In
Proceedings of the Sizteenth ACM Conference on Economics and Computation, 81-93.

MayzLIN, D.; Y. DOVER, AND J. CHEVALIER (2014): “Promotional reviews: An

empirical investigation of online review manipulation,” American Economic Review,
104(8), 2421-2455.

Nosko, C., AND S. TADELIS (2015): “The Limits of Reputation in Platform Markets:
An Empirical Analysis and Field Experiment,” NBER Working Paper #20830, available
at https://www.nber.org/papers/w20830.

RocHET, J.-C. AND J. TIROLE (2003): “Platform competition in two-sided markets,”
Journal of the Furopean Economic Association , 1, 990-1029.

SENECAL, S., AND J. NANTEL (2004): “The influence of online product recommenda-

tions on consumers’ online choices,” Journal of Retailing, 80(8), 159-169.

SHAPIRO, C. (1986): “Investment, Moral Hazard, and Occupational Licensing”, The
Review of Economic Studies, 53(5): 843-862.

SHAPIRO, C. (2021): “Antitrust: What Went Wrong and How to Fix it”, Antitrust,
35(3), Summer 2021.

41



[51]

[52]

STIGLER COMMITTEE (2019): “Stigler Committee on Digital Platforms: the Final Re-
port”, available at https://www.chicagobooth.edu/research/stigler/news-and-

media/committee-on-digital-platforms-final-report.

WANG, D. AND J.L. NIcOLAU (2017): “Price determinants of sharing economy based
accommodation rental: A study of listings from 33 cities on Airbnb.com,” International
Journal of Hospitality Management, 62, 120-131.

Yao, X. (2020): “Platform Mergers in Search Markets: An Application to the U.S.
Used Heavy Truck Market,” Working paper.

ZERVAS, G., D. PROSERPIO, AND J. BYERS (2020): “A first look at online reputation

on Airbnb, where every stay is above average.” Marketing Letter, 32, 1-16.

ZERVAS, G., D. PROSERPIO, AND J. BYERS (2016): “The rise of the sharing economy:
Estimating the impact of Airbnb on the hotel industry,” Journal of Marketing Research,
Forthcoming.

ZHANG, K., AND M. SARVARY (2015): “Differentiation with user-generated content,”
Management Science, 61(4), 898-914.

ZHANG, S., N. MEHTA, P.V. SINGH AND K. SRINIVASAN (2022): “Frontiers: Can an
Artificial Intelligence Algorithm Mitigate Racial Economic Inequality? An Analysis in
the Context of Airbnb,” Marketing Science, September-October 2021, 40(5), 898-914.

42


https://www.chicagobooth.edu/research/stigler/news-and-media/committee-on-digital-platforms-final-report.
https://www.chicagobooth.edu/research/stigler/news-and-media/committee-on-digital-platforms-final-report.

--- AIRBNB ——VRBO

48-hour Rule

/

$190.00

$185.00

$180.00

$175.00

$170.00

$165.00

$160.00

$155.00

$150.00

$145.00

$140.00

$135.00

6L0c/LIct
61L0¢/L/L1E
610¢/1/01
610¢/1/6
6102/1/8
610¢/1/L
6102/1/9
6102/L/S
61L0¢/LIv
610¢/L/E
6lL0c/L/c
610¢/L/L
8L0¢/LIelh
8L0¢/L/L1E
81L0¢/1/01L
810¢/1/6
810¢/1/8
8L0¢/L/L
81L0¢/1/9
81L0¢/1/S
8L0¢/LIY
81L0¢/1/E
8L0¢/L/C
8L0¢/L/L
L10¢/Liel
L10¢2/L/LE
£10¢/1/01
210¢/L/6
210¢2/1/8
210¢/V/L
2102/L/9
L10¢/1/S
L102/VIv
210¢/1/€
L10¢/1/e
2102/

(a) Average Listing Price

48-hour Rule

[ 6L0z/L/21
[ 610271111
[ 610271101
[ 6102/1/6
[ 6102/1/8
[ 61L02/1/2
[ 6102/1/9
[ 6L02/L/5
[ 6L02/L1%
[ 6L02/L/E
[ 6L02/L12
[ 61L02/1/1
BN AA
[ 8L0z/L/L1
[ 8L0z/1/01
[ 8L0z/L/6
[ 81L02/1/8
[ 81L02/1/2
[ 8L0z/1/9

[ sL0z/L/S
[ sL0z/Liv
[ sL0z/L/E
[ sL0z/L/Z
[ 8L0z/L/1L
[ 10z0/z)
[ 210z01L
[ 210271101
[ 2102116
[ 21021018
[ 2102012
[ 2102/1/9
[ 2102/1/8
[ 2102w
[ 210z0E
| 110211
LLOZ/L/L

0.5

0.45

0.4

0.35

0.3

0.05

(b) Average Occupancy Rate

d Occupancy Rate on Airbnb and VRBO

ing Price an

Home List

. Entire

1

igure

F

43



=== Airbonb ——VRBO

48-hour Rule

[ 6L0Z/1/21
[ 6L0Z/L/LL
[ 6L0Z/L/01
[ 61L02/L/6
[ 6L02/1L/8
[ 6L02/L/L
[ 61L02/1/9
[ 6L02/L/S
[ 6L02/L1y
[ 6L0Z/L/E
[ 6L02/L12
[ 6L02/L/1
[ 8L0z/L/Z)
A
[ 8L0z/1/01
[ 81L02/1/6
[ 8L0z/1L/8
[ 81L02/1/2
[ 8L0z/1/9
[ 8102/L/S

P

-

[ sL0z/Liv
[ sL0z/L/e
[ sL0z/L/Z
[ 8L0z/1L/1
[ 21021121
[ 2102/L/0L
[ 2102/1/01
[ 21021116
[ 21021118
[ 21021112
[ 21021119
[ 21021118
[ 21020
[ 21021008
[ 21021012
[ 210201

35000

30000

25000

20000

15000

10000

5000

o

(a) # of Listings

— VRBO-first-cross-listing

48-hour Rule

- - = Airbnb-first-cross-listing

[ 6L0Z/1/21
[ 6L0Z/L/LL
[ 6L02/L/0L
[ 6L02/1L/6
[ 6L02/1/8
[ 6L02/L/L
[ 61L02/1/9
[ 6L02/L/S
[ 6L02/L/Y
[ 6L02/1L/E
[ 6L02/1L/Z
[ 6L02/L/1
[ 8L0z/L/Z)
[ 8L0Z/L/LL
[ 8L0z/1I01
| 8L0Z/L/6
8L02Z/L/8
[ 8L02/L/2
[ 8102/1/9
L 8102/L/S

[ sL0z/Liv
[ 8L0z/L/E
[ 8L0z/L/Z
[ 8L0Z/L/L
| 210z/b/T)
[ 210z/bLL
| 210z/4/0L
[ 21021116
[ 2102118
[ 21021412
[ 2102/4/9
LLOZ/LIS
[ 21020y
[ 2102/L/E
L1021V 2
LLOZ/LIV

6000

5000

4000

3000

2000

1000

(b) # of Cross-listings

Airbnb and VRBO

ings on

Ist

d # of Cross-I

Home Listings an

Figure 2. # of Entire

44



Strict_VRBO

- - = Strict_Airbnb

40.00%

35.00%

25.00%

20.00%

15.00%

10.00%

5.00%

0.00%

cre10¢
11610¢
0T6T0C
60610¢
806T0C
£0610¢
90610¢
S06T0C
70610¢
€06T0¢
¢06T0C
T0610¢
¢18T0¢
T1810¢
0T8T0¢C
608T0¢
808T0¢C
£08T0¢
90810¢
S08TOC
70810¢
€08T0¢
¢08T0¢
10810¢
[47A0]4
T1.10¢
0T/LT0C
60LT0¢
80410¢
£0LT0¢
90/10¢
S0.LT0C
¥0L10¢
€0LT0¢
c0L10¢
T0L10¢

(a) % of Listings with Strict Guest Cancellation Policy on Airbnb and VRBO Over Time

VRBO

=== Airbnb

48-hour Rule

65.00%

60.00%

55.00%

50.00%

45.00%

40.00%

6L0c/LICt
61L0¢/L/L1L
6102/L/01
610¢/1/6
610¢/1/8
610¢/L/L
6102/1/9
610¢/L/S
610¢/LIv
610¢/L/€
610¢/L/e
610¢/L/1
8Loc/Licth
8L0¢/L/L1L
8L0Z/L/01L
810¢/1/6
810¢/1/8
81L0¢/L/L
810¢2/1/9
810¢/L/S
8L0¢/LIv
81L0¢/L/E
8L0¢c/L/c
81L0¢/L/1L
LL0c/Licth
L10¢/L/LE
£10¢/1/01
110¢/1/6
210¢2/1/8
210¢/L/L
2102/1/9
£102/L/S
L10¢/VIv
L10¢/1/€
L10¢/Lie
L10¢/L/1L

(b) # of Listings with Instant Booking on Airbnb and VRBO Over Time

Figure 3. % of Entire Home Listings with Guest Cancellation Policy and Instant Booking

45



48-hour rule

[ 6L0z/1/21
[ 6L0Z/L/LL
[ 61L0z/LI01
[ 61L02/L/6
[ 61L02/L/8
[ 6L02/L/L
[ 61L02/L/9
[ 6L02/LIS
[ 6L02/L17
[ 6L0Z/LIE
[ 6L02/LIC
[ 6L0Z/L/L
[ 8L0z/L/ZL
[ 8L0Z/L/LL
[ 81L0z/L/01
[ 8L0z/L/6
[ 8L0z/L/8
A
[ 8L02/1L/9
[ 81L02/L/S

[ 8L0z/Liy
[ 8L0z/LiE
[ s10z/L/Z
[ 81L0z/L/1
[ 2102/L/2)
| 210z/LkL
L1L0Z/L/0}
[ 21021116
[ 21021118
[ 21021112
[ 21021119
| 2102/L/S
2102y
| L102iLrE
| L1021
LLOZ/L/

0.6

0.5

0.4

0.2

0.1

Loose host

eeecee Strict_host

Figure 4. Average # of Automated Host Cancellation Review per Entire Home Listing on Airbnb
46



"QUOIY UO Pa)SI|-SSO40 UsaQ aARY %EG 98

“erep Ino ur OgYA UO paist| 1s11 a19Mm Jey) sBunis] 8y} JO :OgHA U0 Pals!|-SS040 udag ARy 9/ TT “B¥ep N0 Ul quaJry uo paist| i1 a1am Jey sbunst| ays JO "yiuow
Apnis 8yl ur OgYA pue qually yiog uo palst|-ssoad ate Jeyl sbunst) apnjoul suwnjod omi ise| ayL “Ajaanoadsal ‘yuow Apnis ayy ut Ajuo OgYA 4o Ajuo qugdly uo
paisl] aJe 1eyl sBUIISI] 8pNJaUl SUWN|0I N0y 141} 8y "6T0Z Jaquwiadaq 01 LT0g Arenuer wouy si polsad sjdwes ‘yiuow-Huinsi| swoy a1us sl UOITRAISSJO JO JUN 810N

ZTY'TET £e'9 G2z'e0z €6, 08£'c98 81§ apo9 diz Jad suonveNIE WSLNO) JO 'ON
ZIY'TET €628 G2z'e0z G9'ee 08£'c98 A4 apo9 diz Jad sjueineIsal Jo “oN
ZTY'TIET Gy'0 G2Z'e0z 950 08£'€98 T€0 8po9 diz Jad syjted [euoneu Jo "oN
ZTIY'TET 290 G2T'e0z 110 08£'€98 850 8po9 diz Jad syjled swayp Jo 'ON
ZIY'TET L1'S¥ G2z's0z 121€2 08£'c98 GE'SST 8poo diz Jad swoou [810y JO "ON
ZIY'TET A G2z's0z 95T 08£'c98 eeT swooJyleg ‘oN
ZIY'TET 96'T G2z'e0z Z6'T 08£'c98 LET swooJpag ‘ON
ZIY'TET %0.'2G G2z's0z %E 7S 08£'c98 %2 8Y Bunjooq Juelsu|
ZIY'TET %2S'L G2z's0z %228 08£'c98 %299 uotuodoud 1s0ysadng
ZIY'TET vS'Y G2z's0z 65 08£'c98 €Sy Buies mainay
ZIV'TET ZLET G2z'e0e L0°0T 08£'€98 GhET J3QWINN M3IASY
ZIV'TET 120 - 08£'€98 ZAN) OgdA yum xapu| uonnedwod
ZIV'TET %8T°0E G2z'e0e %192 08£'€98 %0.'82 uone|[30ueD 101N
ZIY'TET %2, 69 G2z'e0e %EE"L9 08£'€98 %0E'TL uolye|[oue) 800
ZIY'TIET %LTZT - 08£'c98 %Z2°0T (Awwinp) uoneyjgoues 1soy Aue BuineH
ZIV'TET £6'0 - 08£'€98 v.°0 SuOMe||3oued 150y 4O #
ZIV'TET %EG'LT G2z'e0T %LY'6¢C 08£'€98 %CL e ajes AouednadO
ZIY'TET 609 G2z'e0 Ty 08£'c98 GZ'S SUOIIBAJaSaI JO #
ZIY'1ET 454X G2z'€0Z GZ6LT 08£'€98 6€'G9T 801
N uesin N Ues|nN N Ues|N
bunsii-ssoud Aluo 0gHA Auo quay

yauow-bunsi| Aq sonsnels Adewwns :T s|qeL

47



"BIEp N0 Ul OFUA
uo paJteadde 1541} 11 J1 1S41)-OGHA PUe ‘Blep ANno ul qugaiy uo pateadde 1s41) 11 J1 1S41J-quUQJIY pajage] si Bunsi| v "yluow-Bunsi| swoy a41ua sl UoleAISSqo JO 1uN 810N

- - 670 1€°0 SM3INSY UoIe|[30UBD AJIUOIN JO # ‘BAY
%I TY %66 8€ %TZ'8T %SE'6 ajey Bunsi|-sso1 AjpuoN “Bay
%6.'9€ %8E'2¢ %T6'6C %2012 aley AouednddQ Ajyiuo Bay

rAshy 68°€ ¥S'S 8e'y uoneAIasay A|Yiuo Jo # ‘Bay
LT€8T ZTSLT 297.T Z8'T9T 801d AJyluoN By
(6T0Z/2T - 8T02/S) 3INJ INOY-87 U} Jay v

- - 2€0 €20 SMaINaY Uo1ie|[30ueD AJLIUOIN JO # ‘BAY
%S5 0% %G9'LE %6%'ST %869 ajey Bunsi|-sso1 AjpuoN Bay
%EI Ve %S 02 %2992 %LT LT ajey AouedndoQ Ajyiuo ‘Bay

(0} G9'€ oT'S 96°€ uoneAIasay AJYiuo Jo # ‘Bay
TT°28T 6L°€LT 2Lt v.'1GT 80ud AJYluoN By
(8T02/¥ - LT0Z/T) 8N4 IN0Y-8Y 8y} a10jog
8T0Z/¥ Jo se 8T0Z/¥ Jo se 8T0Z/¥ o se 8T0Z/¥ Jo se
101L11S 95007 1S 95007
sBunsi| 1s13-0gHA sBunsi| 1s114-qugiiy

aw pue sadA1 Bunsij Aq sonsnels Alewwns g ajqeL

48



"6T02/2T-6T0Z/S 01 S1ajal Z polJad a|nJ Inoy-gy 150d pue 6T0Z/2

-8T0Z/S 01 SJajal T poliad 8|nJ IN0Y-8Y 1S0d "S|SAS] %0T PUB %S ‘%T Je 30UedLIUBIS 81BJIPUI 4 PUB .y ‘xxsx "9P02 d1Z AQ PalalsSN|o aJ4e SI0LI8 PIepuRIS IS0y quglly
J0} JuswnJisul Ue se 870z |14dy JO Se snyels 1soy ™ qua.iy s, Burisi| e asn am ‘9-g suwnjoD UJ "Sjusidlya0d §70 Modal Z-T suwnjoD yyuow Apnis ayj ul qugily uo

paisi| st Bunsi| 8y J1 auo 03 fenbas SIS0y~ quGJIY ‘SUWN|OI |[e U] "6T0Z 0} ZT0Z WOodj OFHA PUB qUAIIY UO SUOITeAISSUO YIuow-Buns| swoy aJ1us sasn a|qel siyL 810N

9e0 82°0 120 120 120 120 (enrea-d) Juswiean-aid uo 1sel-H
1250 695°0 6750 L€9°0 2250 6290 arenbs-y
LT0'86T'T LTO'86T'T LTO'86T'T LTO'86T'T LTO'86T'T LTO'86T'T SUOIRAIBSIO
SOA SOA SOA SOA SOA SOA 34 Bunsid
SOA SOA SOA SOA SOA SOA 34 yluow-Jea A
SOA SOA SOA SOA SOA SOA S]0J1U09 SasLIvldeIeYd WISIINO |
SOA SOA SOA SOA SOA SOA S|0JJuU0?d @::m_l_
(€900°0) (5%00°0)
...6T20°0 L.57€0°0 Z pouad 3|1 INoy-8y 150d « 1504 quauIy
(1200°0) (52000)

70200 18100 T pouad 3|nJ IN0Y-81 1S0d « 150y quglIy

(£200°0) (8600°0) (29000) (£010°0)
.IT200 ...6920°0 ...2020°0 ...£820°0 8]NJ IN0Y-81 150d « 1SOY qUQIIY

(96€0°0) (26%0°0) (T¥10°0) (2810°0) (¥700°0) (0200°0)
8900°0- LT00°0- 8T00°0- GT00°0- G200°0- 0T00°0- Isoy qualy

(2510°0) (£010°0) (L¥10°0) (5010°0) (€010°0) (¥¥20°0)
LLLTY00- ...2850°0- ...92v0°0- ...8850°0- ...8E70°0- ...2090°0~ M3IA3] UOIe|[33UeD JO # fe
(A1) Aluo-0gYHA SA qugily (A1) Aluo-Og YA SA quaily (S10) Aluo-0gyA sA quauly a|dwes
(Aouednaoo)Bo1  (s211d)Bo (Aouednaa0)bo] (e211d)607 (Aouednao0)bo] (eo11d)6o 3|qeLieA Juapuadag

(9) () (v) (€) ) (1)

(eydwires ||n}) Aouednddo pue a91ad UO 3|NJ ANOY-8 3Y1 JO S1084)3 € a|gel

49



"S|19A3] %40T PUB %G ‘%T 18 92URIIIUBIS 81RIIPUI 5 PUR vy ‘yxxx 89P0 diZ AQ PaJaISN|d aae 10448 paepuels 1oy qugary 40} Juswniisul ue se 810z [14dy

10 se snyels 1soy quaJiy s, Bunsi| e asn am pue ‘yiuow Apnis ay) Ul qUAIY UO palsl

1 Bunsi| ayl J1 suo 01 |enba SI1s0y qugdly ‘suwnjod |je ujl ‘8Toz j14dy o se Aaijod

UOIIR||30ULD 10141S B Palayo Teyl sbunst] OgHA 10 qugdiy |e 01 panwi| st ajdwes sy ‘p-g suwnjod uj "gToz 14dy Jo se Ao1jod uoirejaoued asoo) & palayo ey sbunsi|
O9YA 10 qugIy |[e o) paywl| si ajdwes ay) ‘g-T SUWNjoD Ul ‘6T0Z 0} 2TOZ WOy OFYA PUB qUGIIY U0 SUOIBAISSHO LIUOW-Buns| awoy ainua sasn a|ge) SiyL :a10N

620 120 §2°0 €e'0 (anrea-d) Juswieasi-aid uo 1sa)-H
T.S0 1290 G8e'0 750 alenbs-y
€18'LYS €18'L¥S 621'€S8 621'€S8 suolneAlssqo
SOA SOA SOA SOA 34 Bunsi
SOA SAA SOA SAA 34 yluow-Jea A
SOA SOA SOA SOA $]041U09 SIIIS1I19R.IRYD WSLINO |
SOA SAA SOA SAA sjonu09 Bunsi
(#200°0) (¥170°0) (T£00°0) (9800°0)
861070 . L5C0°0 71200 . 3€€0°0 3N IN0Y-8¥ 1S0d « 150U qugiIy
(rveT 0) (2660°0) (L¥70°0) (0650°0)
0€00°0 G620°0 85000 G¢s0'0 150y quauy
(Crado); (0t720°0) (ov10°0) (1800°0)
L3V70°0- 39900~ . 3LE00- . 0€G0°0- M3IA31 UOIIR||82Ued JO # Be
A\ A\

(810270 1011S) AJUo-OgHA SA
(8T02/¥0 1011S) quaiIy

(8102/%70 85007) AJUD-OGYA SA
(8T02/¥0 85007) qUOIIY

a|dwes

A>ocmwﬂooov (soud)Bo| romm__soa (9011d)Bo algeLeA Juapuadaq
(1) (€) (@) (1)

(sejdwresgns Aq) Aourednado pue a21ad Uo ajnNJ ANOY-8 U1 JO S19a))3 ¥ 3|gel

50



'S|ans] 9%0T

pUR 045 ‘04T Te 80URDILIUBIS 81eIPUI 4 PUR 4y ‘yxx "9P02 dIZ AQ PaIslSN|o aJe S101l9 pJepueis 1Soy quaJdiy Joj Jusiniisul ue se g1z [1idy Jo se snjeis 1soy” qugay s,Bbunsi|
© SN aM pue ‘Yluow Apnis sy Ul qugary uo paist] st Bunsij ayl 41 auo 01 [enba SIS0y~ quaJiy ‘suwn|od [ uj ‘g1z [1dy Jo se xapul uonnadwod uelpsw-A119-mojaq pey

Teuy sBunsi| uo sNJ0J SUWIN|0D ANoJ 1se| 8yl "8T0Z [14dy Jo se xapul uonnadwod uelpsw-A19-sA0ge pey 1eyl sBuns| uo snooy SUWNjod N0y 1s41y 8y "8T0Z |14dy Jo se Aaijod
uone||8oued 1911S © palayo 1eyl sbunsi] OgyA 10 quaaly |8 01 payiwi| st ajdwes ay1 ‘g2 ‘'S suwnjo) uj sbunsi| Ajuo-OgyA 1o adA) awes ayy sapnjoul dnoib |041U09 8y}
a[lym ‘gT0Z 11dy Jo se Ad1jod uoire|aaued 8s00] & palayo Jeyl sbunsi] quagdiy sepnjoul dnoub Juswiest) ay) 'gT0Z [14dy Jo se Ao1jod uoire||aoued 8soo| B paJajlo ey sbunsi|
O8YA 10 quguIy |[e 01 pajiwi| si ajdwes ay) ‘9'G'z'T SUWn|oD Ul "6TOZ 01 ZT0Z WO} OGHA PUE qUGIIY UO SUOIBAISSTO LUOW-BUNSI| BWOY a11)us sasn ajqe) SI L 810N

8¢r'0 9¢v'o L06°0 2680 88€0 Tvs0 gero 96.°0 alenbs-y
€G.°68T €G.68T 90z'eee 90z‘cee 2L9'6.¢ 2196.¢ 98€'G6Y 98¢'G6Y SuoIeAIssqoO
SOA SOA SOA SOA SOA SOA SOA SOA 34 bBunsid
SOA SOA SOA SOA SOA SOA SOA SOA 34 Yluow-Jea A
SOA SOA SOA SOA SOA SOA SOA SOA sj041u09 Bunsin
SOA SOA SOA SOA SOA SOA SOA SOA $]0J1U09 SINISIIBIORIRYD WSLINO |
(8900°0) (9210°0) (0970°0) (8520°0) (T€00°0) (2100°0) (6100°0) (5800°0)
...6620°0 L2000 lTv0 0 SES00 ..8500°0 ..18000 . GT200 .CCE00  BINJ INOY-8t 150  ISOY ™~ quUAIIY
(05%0°0) (€0%0°0) (z010°0) (56€0°0) (zvz00) (z820°0) (z2z00) (#1%0°0)
68¢0°0 €¢¢00 €800°0 80%70°0- L9700 ¥€2¢0°0- 86700 0€¢0°0- 150y qugUIyY
(€T10°0) (2910°0) (59000) (99000) (6710°0) (8910°0) (0510°0) (5910°0)
LL29v00- . J1800- , 9220°0- ., 8T€00- . T0S00- . 6¥90°0- P9¥0°0- ..7990°0- MB3IA3] UOITR|[30URD JO # Be
Al Al Al Al
(8102/10 1011S) AJuo-OGHA SA  (8T0Z/70 950071) AJUO-OGHA SA  (8T0Z/¥0 1013S) AlUO-OFHUA SA  (8T0Z/10 35007) AJUO-OGHA SA
(8102/70 19141S) qugIIY (8102/70 85007) qugIIY (8102/70 19141S) qugUIY (8102/70 95007) quUAIIY s|dwes
8T0Z/t70 40 Se uonnadwod uelpaw-A12-mojag 8T02/t70 40 Se uonnadwod uelpaw-A19-sA0qy
(Aouednaoo)bo]  (so1d)Boj  (Aouednaoo)bo (sd1id)Boj  (Aouednaoo)bo  (ed1id)Boj  (Aouednaoo)bol  (s014d)Bo) a|qeLien uspuadaq
(8) () (9) (S) (¥) (€) (@ (1)

(sejdwresgns Aq) Aourednado pue ad1ad Uo ajnNJ ANOY-8i 3yl JO S19a))3 :G 3|gel

51



"S|aNd] %0T PUB ‘094G ‘04T dU Je 80UBDIIUBIS 8YRIIPUI 4 PUR ‘yy ‘xyx 9P02 diz AQ paiaisn|o ate sio4ld
pJepUBIS "S81eWIISA JUBIDIYS02 110daJ pue suoissalBal uossiod asn s “yruow Apms ay ul waopeld ayy uo paeadde 1saif Tey) sBunsl) SWOY 813U M3U JO J3GWINU 3y} SI
a|gelIeA Juspuadap 8yl ‘979G SUWN|OD U| sBUNSI| BWOY 8411U3 JO # SI 8|qelieA Juspuadap ayl ‘#'€'Z'T SUWNjoD Ul "yiuow-spod diz-wioe|d si UoIeAISSqO JO UM 810N

120 150 120 120 9g0 9e0 (anfea-d) juswiyean-aid uo 1sal-4
0S.'T 0S.'T 0S.'T 0S.'T 0S.'T 0S.'T SUOIBAIBSAO
SOA SOA SOA SOA SOA SOA 34 apod di7
SOA SOA SOA SOA SOA SOA 34 Yluow-Jea A
SOA SOA SOA SOA SOA SOA S]0J1U0J SaNsLIv1deIeYd WISIINO |
(£¥00°0) (0200°0) (zT€0°0)
...2ST0°0- ..T200°0 62000 3N IN0Y-81 150d » QUQIIY » UONadWO YbIH
(TT18°0) (6700°0) (82€0°0)
1,000 _.GE000 69000 8]NJ IN0Y-8t 150d » UoNNadwod ybiH
(veST0) (s¥z0) (¥¥10°0)
G20°0- 2100 17000~ 8702/t 40 se uonnadwod ybIH x qualy=wiope|d
(6610°0) (2210°0) (€100°0) (8700°0) (29 00°0) (52000)
...L2s00- ..T290°0- ...GE000 ..2¥000 ...£520°0- ...8620°0- 8|NJ IN0Y-8t 150d  quUOII/=w.ope|d
(T¥8€°0) (¥129°0) (6£50°0) (ztT0) (L25T°0) (5290°0)
80000 6T00°0 11200 GTE00 G6T0'0 17200 qugy=wJoyeld
Auo Auo Auo Ajuo Ajuo Auo
-O9YA SA -O9UASA  -OgUA SA -OFYHA SA -O9YA SA -O9YA SA a|dwes
quauIy quaily Bunsij-00 Bunsi|-00 quauIy quauy
%w“ _Hw_r zm,wm _Hw__# sbunsifjo#  sbunsijoy  sbunsijoy  sbunsi jo # a|qelieA Juapuadag
(9) (g) (v) (€) ) (1)

(uossiod) yruow-apod diz-w.aojyejd aad sbunsi| Jo Jequinu uo ajnJ ANoy-gy Jo 1983 :9 s|qeL

92



HELE]]

0%0T PUE 04G ‘04T 18 90URIIIUBIS 318DIPUI 5 PUB xx ‘xxy 89P0 diz AQ PaJ8ISN|0 81 S104J3 paepuels "sIusIdNe09 110daJ pue uoissalfal 11goad asn am ‘suwnjod [je Jo4 Ajuo
sBunsi| quaJly Jo ajdwes ayl ash 9-G suwnjoD ajdwes ||y ay1 asn #-T suwinjo 'sbunsi| 1s1-OgyA pue 1si3-quaaly Buipnjaul sjdwes [jny asn ¢-T suwnjo) "yiuow Apnis
8] Ul SYIUOW 384U 1SL3| e 10J SAIRUI UB3( Sey Bunsi| qugaly ue Jsy1sym si ajgelieA Juspusdap ay) ‘g pue ‘v ‘g suwnjoD uj “yiuow Apns syl ui waojed 48yio ay) uo
palsi|-ss0.19 os|e s1 Bunsl| syl Jayiaym si ajqerre Juspuadap sy ‘G pue ‘z'T suwnjo) u| "6T0Z 01 ZTOZ WO} SUOITRAISSUO YIuow-Buns| awoy ai1us sasn ajqel siyl 810N

620 1€0 120 120 120 120 (anfea-d) juawrea.i-aid uo 1s81-4
261'766 26.'766 LT0'86T'T LT0'86T'T /T0'86T'T LT0'86T'T SUOIBAIBS]O
SOA SOA SOA SOA SOA SOA 34 oapod di7
SOA SOA SOA SOA SOA SOA 34 Yluow-Jea A
SOA SOA SOA SOA SOA SOA sjo4ju09 Bunsi
SOA SOA SOA SOA SOA SOA S]0J1U09 SalisLisldeleyd wsSlINo |
(82+0°0) (£1v0°0)
..BITT0- ..62LT0- 9|NJ INOY-8 150d » UOINIBAWOD YBIH « 150U 101NS
(zot0°0) (1T¥80°0)
.1€20°0 €€T0°0 uonnadwod YbIH « Isoy 101S
(£070°0) (9t00°0)
L TLE0O- 88000 8|NJ IN0Y-81 150d « 1S0Y 10L1S
(1282°0) (625T°0) B
¥910°0 10200 8T0Z/70 JO Se 1soy 1911S
(£220°0) (2820°0)
L CBETO- ..5990°0 8InJ IN0Y-8i 150d x ISl qUOIIYx Uonadwod ybiH
(5T€0°0) (£220°0) (2500°0) (2900°0)
...9980°0- LGETT0 .9600°0- IT100 8|NJ IN0Y-8Y 150d » Uonnadwos ybiH
(GeT0°0) (2900°0)
.1920°0- 21100 8T0Z/¥ 40 Se uonnadwod YbiH x IS0y Isily qualiy
(5920°0) (92€0°0) (L210°0) (8€00°0) L
...1160°0- LLLTET0- ...62€0°0 ..L180°0 3|NJ INOY-8Y 150 « 1SOY 1SI1J qUOUIY
(#920°0) (2970°0) (T600°0) (8800°0) -
19000 86000~ .6ST00 ..8110°0- IS0y 1sd1y qugily
quauy quy  SH-OSYUASA ISI-OFUASA ISI-OBUA 1SIJ-09HA ojduwes
ISIY-QUOIY  ISIY-QUOUIY SAISIY-QUOAIY  SA ISII-QUOUTY
e ¢1811-8s01D aux3 X3 ¢181]-8s01D ¢1811-8801D a|qele A Juapuadag
(9) (%) () () @ (1)

(11g0.44d) suoisioap bunixs pue BuIsi|-SS049 UO a|NJ ANoY-8i 3yl JO S10a)3 :/ 3|gel

53



Table 8: Effect of 48-hour rule on listing attributes (Probit)

1) (2) (3) 4
. . . . Instant Instant
2 2
Dep. Var Strict Policy? Strict Policy? Booking? Booking?

Airbnb-first vs Airbnb-first  Airbnb-first vs  Airbnb-first

Sample VRBO-first  vs VRBO-first VRBO-first  vs VRBO-first
Airbnb_first -0.0331 -0.0175 -0.0077 -0.0061
(0.0527) (0.717) (0.1577) (0.1902)
Airbnb_first * Post 48-hour rule -0.1175™ -0.0894" -0.0977 -0.0689™
(0.0367) (0.0177) (0.0321) (0.0291)
Airbnb_first * High_competition as of 4/2018 0.0507 -0.0222
(0.413) (0.349)
High_competition * Post 48-hour rule -0.0475 -0.0622
(0.1127) (0.1714)
High_competition *Airbnb * Post 48-hour rule -0.1108™ -0.1017™
(0.0471) (0.0274)
Tourism characteristics controls Yes Yes Yes Yes
Listing controls Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Zipcode FE Yes Yes Yes Yes
Observations 1,198,017 1,198,017 1,198,017 1,198,017
F-test on pre-treatment (p-value) 0.27 0.27 0.12 0.12

Note: This table uses entire home listing-month observations on Airbnb and VRBO from 2017 to 2019. In Columns 1&2, the
dependent variable is whether the listing offers a strict guest cancellation policy in the study month. In Columns 3&4, the
dependent variable is whether the listing offers instant booking in the study month. For all columns, we use Probit regression and
report coefficients. Standard errors are clustered by zip code. ***, ** and * indicate significance at the 1%, 5%, and 10% levels.
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Table 9: Effect of 48-hour rule on listing attributes within Airbnb (Probit)

1) ) ®) (4)
Dep. Var Instant booking?  Instant booking? Host cancel? Host cancel?
sample Airbnb —_I—_|igh Airbnb - I__ow Airbnb —_I—_|igh Airbnb - I__ow
Competition Competition Competition Competition
Strict_host 04/2018 * Post 48-hour rule -0.0737" -0.0217" 0.0392"" 0.0207
(0.0262) (0.0092) (0.0166) (0.422)
Cross_listing 04/2018 * Post 48-hour rule -0.0597"" -0.0245" 0.0207 0.0010
(0.0252) (0.0117) (0.0499) (0.481)
Cr0%s_hong 0472018  Strict host -0.1108™ -0.0516™" 0.0648™ 0.0132"”
(0.0299) (0.0176) (0.0271) (0.0069)
Tourism characteristics controls Yes Yes Yes Yes
Listing controls Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Zipcode FE Yes Yes Yes Yes
Observations 653,384 341,408 653,384 341,408

Note: This table uses entire home listing-month observations on Airbnb from 2017 to 2019. In Columns 1-2, the dependent
variable is whether the Airbnb listing offers instant booking in the study month. In Columns 3-4, the dependent variable is
whether the Airbnb listing has received any automated cancellation review in the study month. Columns 1 &3 limit the
sample to Airbnb listings operating in areas with above-city-median competition index as of April 2018. Columns 2 &4 limit
the sample to Airbnb listings operating in areas with below-city-median competition index as of April 2018. For all columns,
we use Probit regression and report coefficients. On the right-hand side, Cross_listing 04/18 equal to one if the listing was
listed on both Airbnb and VRBO as of April 2018. Standard errors are clustered by zip code. ***, ** and * indicate
significance at 1%, 5% and 10% level.
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Table 10. Effect of 48-hour rule on guest utility (structural model)

1) ) ®)
. Utility Utility
Dep-Var 1001 (log(s)-loglss) _(log(s)-log(ss)
Specification ! ;tsafg of Without IV Wlthl(;;/(;?is:;)ts for
Airbnb Airbnb vs VRBO Airbnb vs VRBO
Log(price_private_room) 3.2717
(1.0272)
Log(price_shared_room) 5.688""
(1.2409)
Post 48-hour rule -0.0048 -0.0025
(0.6498) (0.6217)
Airbnb_single_listing 04/18 0.0041 0.0068
(0.3141) (0.2410)
Airbnb_cross_listing 04/18 0.0058 0.0042
(0.0351) (0.0124)
Airbnb_single_listing * Post 48-hour rule 0.0092"" 0.0103™
(0.0037) (0.0041)
Airbnb_cross_listing * Post 48-hour rule 0.0142™" 0.0126™"
(0.0053) (0.0035)
Log(price) -1.35717 -1.0442""
(0.0317) (0.0017)
Instant booking 0.0339™" 0.0348™"
(0.0067) (0.0055)
Loose guest cancellation policy 0.0177" 0.0164"
(0.0079) (0.0037)
Host cancellation review on Airbnb -0.0573"" -0.0557""
(0.0202) (0.0175)
Listing controls Yes Yes Yes
Tourism controls Yes Yes Yes
Cancellation policy controls Yes Yes Yes
Time FE Yes Yes Yes
Listing FE Yes Yes Yes
City FE Yes Yes Yes
Zipcode FE Yes Yes Yes
Observations 994,792 1,198,017 1,198,017
R-square 0.782 0.477 0.556
F-test on 1% stage 29.33 - -

Note: This table uses entire home listing-month observations on Airbnb and VRBO from 2017 to 2019. Column 1 reports the
1% stage regression of log(price) on two instruments: log(price) of private room and log(price) of shared room in the same zip
code-month. Columns 2&3 regress log(# of occupied days/market size) of the focal listing — log (# of occupied days/market
size) of the outside good) on log(price) and other listing attributes (relative to the outside good). For each zip code-month,
market size is defined as total # of listings * 30 days, outside good is defined as the most popular VRBO only listing in that zip
code-month. We set Airbnb_single_listing and Airbnb_cross_listing equal to one if the listing was listed on Airbnb only or on
both Airbnb and VRBO as of April 2018. Standard errors are clustered by zip code. ***, ** and * indicate significance at 1%,
5% and 10% levels.
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Appendix Figures

Flexible

* Free cancellation until 24 hours before check-in (time shown in the confirmation email).
« After that, cancel before check-in and get a full refund, minus the first night and service fee.

1day prior Checkin

Check out

Example Thu, Apr 8

3:00 PM

For a full refund, the guest must cancel at least
24 hours before the listing’s local check-in time
(shown in the confirmation email).

Fri, Apr 9
3:00 PM

Mon, Apr 12
11:00 AM

If the guest cancels less than 24 hours before
check-in, the first night and Airbnb service fee
are non-refundable.

If the guest arrives and decides to leave early,
the nightly rate for the nights not spent 24 hours
after cancellation are fully refunded.

Note: Guests won’t get a refund of the Airbnb service fee if they’ve received 3 service fee refunds in the last 12 months or if the canceled reservation

overlaps with an existing reservation.

Moderate

(a) Flexible Cancellation Policy

* Free cancellation until 5 days before check-in (time shown in the confirmation email).
« After that, cancel before check-in and get a 50% refund, minus the first night and service fee.

5 days prior

Example Sun, Apr 4

3:00 PM

For a full refund, the guest must cancel at least 5
full days before the listing’s local check-in time

Checkin Check out

Fri, Apr 9
3:00 PM

Mon, Apr 12
11:00 AM

If the guest cancels less than 5 days before If the guest arrives and decides to leave early,

check-in, the first night plus 50% of all nights

(shown in the confirmation email). after that, and the Airbnb service fee, are non-

50% of the nightly rate for the nights not spent
24 hours after the cancellation occurs are

refundable. refunded.

Note: Guests won't get a refund of the Airbnb service fee if they’ve received 3 service fee refunds in the last 12 months or if the canceled reservation
overlaps with an existing reservation.

(b) Moderate Cancellation Policy
Strict

« Free cancellation for 48 hours, as long as the guest cancels at least 14 days before check-in (time shown in the confirmation email)
« After that, guests can cancel up to 7 days before check-in and get a 50% refund of the nightly rate, and the cleaning fee, but not the service fee

14 days prior 7 days prior Checkin

Example 48 hours after

booking

Fri, Apr9
3:00 PM

Fri, Apr 16
3:00 PM

For a full refund of the nightly rate, the guest
must cancel within 48 hours of booking and at
least 14 full days prior to listing’s local check-in
time (shown in the confirmation email).

For a 50% refund of the nightly rate, the guest
must cancel 7 full days before the listing's local
check in time (shown in the confirmation email),
otherwise no refund. If only 50% of the
reservation has been paid, no refund willbe
issued and the remaining 50% will simply not be
charged.

If the guest cancels less than 7 days in advance
or decides to leave early after check-in, the
nights not spent are not refunded.

Note: Guests won’t get a refund of the Airbnb service fee if they’ve received 3 service fee refunds in the last 12 months or if the canceled reservation
overlaps with an existing reservation.

(c) Strict Cancellation Policy
Figure Al. Airbnb guest cancellation policy structure
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* 4.63 (106 reviews)

Q, Search reviews

a Cristina
‘ October 2017

Marks place is perfect! It is charming and spacious . Location was prime. Close walking

distance to Central Park, restaurants, coffee shops . We communicated a lot with
Marielle who helped me with directions to get to the apartment . Highly recommend.

Lexi
August 2017

Great location

Shawn
April 2017

Charming apartment in a great location, and Mark was a welcoming and helpful host.
We would stay here again in a heartbeat.

Emre
December 2016

The host canceled this reservation 2 days before arrival. This is an automated posting.

Dawn
October 2016

Mark contacted us with all the information we needed the day before our arrival. The
apartment was easy to find (beautiful neighborhood), we met with Marielle she was
very friendly and answered all our questions. The apartment looked just like the
pictures - simple, clean, cozy. The bed was the BEST and our daughter loved the sofa.
We slept each night with the windows open and there was very little noise (you forgot
you were in a big city) We enjoyed many local restaurants & grocery stores within
walking distance from the apartment. The Subway is very easy to find and only a few
blocks from the apartment.

Figure A2. Example of automated host cancellation review on Airbnb
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Table A3 Summary Statistics on Stayers and Exiters on Airbnb after 48-hour rule

Stayers Exits
# of reservations per month 7.82 3.77
Price 176.4 1315
Occupancy rate 36.3% 18.7%
% of strict hosts 33.9% 13.6%
% with cancellation review 4.36% 12.24%
0.38 0.13

Avg. competition index

Note: This table compares the average
statistics of stayers and exiters on Airbnb
post the 48-hour rule. A listing is an exiter if
it has been inactive 3+ months.
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