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Abstract

Many online platforms facilitate and publish user reviews in order to build trust be-
tween anonymous buyers and sellers. At the same time, platforms can also monitor, filter,
and remove certain user reviews, even if they reflect the true experiences of buyers. Us-
ing Airbnb and official crime data in five major US cities, we study a December-2019
Airbnb policy that has a potential to remove and discourage reviews about the safety of
a listing’s vicinity. It is unclear how Airbnb implements this policy, but counterfactual
simulation suggests that a complete removal of vicinity safety reviews would hurt guests
and increase revenues from reservations on Airbnb, with positive sorting towards listings
with such vicinity safety reviews. Conversely, incorporating vicinity safety reviews in a
listing’s overall ratings or highlighting vicinity safety reviews as if the guest had written
a vicinity safety review out of her previous experience would generate opposite effects.
Because vicinity safety reviews are more closely correlated with official crime statistics in
low-income and minority neighborhoods, our findings suggest that suppressing or high-
lighting vicinity safety reviews would have different effects on different neighborhoods.
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1 Introduction

Information design is crucial for online platforms. Because online platforms derive revenue from
the trade they intermediate, they often adopt information mechanisms that allow buyers to dis-
cern high- and low-quality sellers. For example, consumer feedback, product recommendations,
quality certification, and advertising are widely used by online platforms. This is consistent
with the vast economic literature about asymmetric information and market efficiency. Ar-
guably, such mechanisms for conveying information can be even more effective online than
offline, because online platforms face fewer physical constraints in space, have a lower barrier to
entry, and allow online users to access, search, and utilize the vast pool of information collected
by the platform (Einav et al., 2016).

However, there are times when online platforms explicitly choose to limit the flow of infor-
mation, even if that information is likely to be authentic and reflects users’ true experiences.
For example, in a recent policy change effective December 11, 2019, Airbnb announced that,
going forward, guest reviews about listings that include “content that refers to circumstances
entirely outside of another’s control” may be removed by the platform[[] This policy change im-
plies that reviews about the safety of a listing’s vicinity (henceforth, “vicinity safety reviews”)
are discouraged and may be subject to deletion by the platform, while guest reviews regarding
safety issues within the listed property are still permitted (henceforth, “listing safety review”).

It is not obvious whether this limit on vicinity safety reviews is beneficial or detrimental to
players on the platform. On the one hand, location is a fixed attribute of any specific listing,
and the safety of the vicinity of a listing is usually out of the control of the host. Limiting
guest feedback to within-listing safety may motivate hosts to focus on the dimensions they can
control and improve. On the other hand, future guests may care about both listing and vicinity
safety when they choose which listing to reserve, regardless of whether these safety issues are
under the control of hosts or not.

To better understand the impact of this limit on information disclosure, we study detailed
data of all Airbnb listings and their reviews in five major US cities (Atlanta, Chicago, Los
Angeles, New Orleans, and New York City), from May 2015 to December 2019. This data
is collected by AirDNA, a third party that tracks Airbnb listings and listing-specific feedback

1See, e.g., https://rb.gy/Opubck and https://rb.gy/9y6bum .
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across the US. We use a Lexicon approach to identify vicinity safety reviews and listing safety
reviews posted by Airbnb guests. Because our data ends in December 2019, our data largely
precede the new Airbnb policy that discourages vicinity safety reviews. As detailed below, we
find that 0.51% of guest reviews are related to safety, of which 48.08% are about vicinity safety
rather than listing safety. This implies that safety concerns are noticed regardless of whether
they relate to the inside of the particular property or its nearby surroundings.

Since guest feedback may reflect guests’ subjective opinion of their stay experience, we also
obtain (local) government-reported crime statistics for these five cities, by zip code and month
during the same period. The data suggest that, as vicinity safety reviews accumulate slowly on
Airbnb, the rank correlation between the normalized total count of vicinity safety reviews in a
zip code up to a month ¢ and the normalized official crime statistics of that zip code-month is
increasing over time. For low-income or minority neighborhoods, the rank correlation can be
as high as 0.75 by the end of our sample period (December 2019).

One key question is how much impact these safety reviews have on consumer choice as far
as which Airbnb listings to book. If prospective guests do not read or do not care about vicinity
safety reviews, it does not matter whether the platform puts any limit on vicinity safety reviews.
Our findings show that, within the same listing, having any vicinity safety review is associated
with a 1.82% reduction in the listing’s monthly occupancy rate and a 1.48% reduction in its
average paid price per night. The association with listing safety review is even stronger: having
any listing safety review is associated with a 2.58% drop in occupancy and 1.52% in price.
These findings, all significant at 99% confidence, suggest that prospective guests are concerned
about both listing and vicinity safety, and have different sensitivities to changes in these two
types of safety reviews.

Another way to understand consumer sensitivity to vicinity safety is examining whether
the guests that wrote a vicinity safety review on Airbnb have changed their subsequent Airbnb
activities after having experienced the safety issue mentioned in their review. Arguably, the
effect of self-experience is more direct and salient than reading vicinity safety reviews written
by anonymous strangers. Indeed, our analysis supports this intuition: guests that wrote a
vicinity safety review on Airbnb are less likely to book future stays on Airbnb after posting
the safety review, and when they do book future stays on Airbnb, they tend to book in areas

with fewer official crimes, fewer overall safety reviews, and a lower percentage of listings with



vicinity safety reviews. These findings are compared to guests that have used Airbnb with
similar frequencies and booked similar listings in terms of crime and vicinity safety reviews but
never write any vicinity safety review within our sample period.

Such guest sensitivity to vicinity safety reviews suggests that omitting them on Airbnb
could make future guests worse off, as they may mistakenly book listings in potentially unsafe
locales. To gauge the potential loss of guest welfare, we obtain a dataset of competing entire-
home VRBO listings and use a discrete choice model to estimate consumer utility from Airbnb
entire-home listings, while treating VRBO listings in the same zip code-month as the outside
good. We then use the structural estimates to quantify consumer surplus under the status quo
of our sample (i.e., vicinity safety reviews are largely permitted) versus three counterfactual
scenarios: eliminating all vicinity safety reviews, adjusting the rating of each listing to account
for the number of vicinity safety reviews of the listing itself and nearby listings, or alerting all
guests to the existing vicinity safety reviews and making them as sensitive as those that have
written safety reviews themselves.

Compared to the status quo, we find that the scenario that eliminates all vicinity safety
reviews on Airbnb decreases consumer surplus by around 3.12% (without price change), because
vicinity safety reviews help guests substitute Airbnb listings with such reviews for Airbnb
listings without them or for ones located elsewhere, or for listings on a competing platform
(VRBO). In comparison, adjusting a listing’s (overall) rating to account for the number of
vicinity safety reviews of the listing and nearby listings can increase consumer surplus relative
to the status quo, by 1.03% (without price change). Whereas making all guests as alert as
those that have written vicinity safety reviews themselves can further increase consumer surplus
relative to the status quo by 18.56% (without price change). These effects are slightly reduced
if we allow vicinity safety listings to respond to the information regime by adjusting price in
1%. All these estimates are conservative, in part because our conservative definition identifies
only 0.25% of all Airbnb reviews as vicinity safety reviews and only 4.43% of listings ever had
any vicinity safety reviews in our 2015-2019 sample.

These counterfactual scenarios have different implications for Airbnb hosts and Airbnb as
a platform. Because vicinity safety reviews make guests more hesitant to book certain Airbnb
listings, posting or emphasizing them have a sorting effect among Airbnb listings, and a demand

shrinkage effect on Airbnb listings with vicinity safety reviews. In total, we find that eliminating
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vicinity safety reviews from Airbnb listings generates 0.52% more gross booking value (GBV), or
revenue from reservations, for listings on Airbnb in our sample than the status quo. Adjusting
each listing’s rating to account for the number of vicinity safety reviews of the listing and
nearby listings could decrease Airbnb’s GBV by 0.13%. Making all guests as alert as those that
have written vicinity safety reviews could decrease Airbnb’s GBV by 4.06%. These calculations
highlight the diverging interests between Airbnb guests, Airbnb hosts located in areas with
different vicinity safety, and the entire Airbnb platform.

As we detail in the next section, our work contributes to the empirical literature of online
feedback and seller reputation, and the rising literature of information design in online plat-
forms. As an information intermediary, online platforms have more incentives than a traditional
seller to alleviate information asymmetries between buyers and sellers. However, online plat-
forms are still inherently different from a social planner, because they may put more weight on
their own business interests than on the welfare of buyers and sellers on the platform, and they
may not fully internalize the impact of their policies on competing platforms. Our empirical
findings highlight these differences, and quantify the potential impact of a policy that limits the
release of information for different economic stakeholders. We also document how the impact
of the policy may vary for neighborhoods of different income or different minority populations,
as being inclusive could be important for the platform or the social planner. These findings can
help facilitate ongoing discussions as to what role and responsibility digital platforms should
have as far as collecting and disseminating quality-related information online.

The remainder of the paper is organized as follows. Section 2 reviews the related literature.
Section 3 provides some background regarding Airbnb’s review system. Section 4 describes the
dataset and provides summary statistics. Section 5 reports our empirical findings and impli-
cations. Section 6 provides back-of-envelope calculations on how listings” GBV and consumer
surplus would change under three counterfactual scenarios. Section 7 offers a discussion, and

Section 8 concludes.

2 Related Literature

Safety reviews are a type of buyer-to-seller feedback; thus, our study is directly related to the

literature of online feedback and seller reputation.



Arguably, buyer-to-seller feedback is more important for marketplace efficiency than seller-
to-buyer feedback, because the key information asymmetry is sellers’ private information of their
own product or service quality. By the law of large numbers, a sufficient volume of authentic
buyer feedback would eventually reveal hidden information regarding seller quality. However,
not all buyers are willing to provide feedback, partly because reviewers are not compensated for
submitting reviews. For example, 64% of eBay transactions are rated by buyers in the sample
studied by (Hui et al.| [2021)), and 73.5% of New York City UberX trips are rated by passengers
(Liu et al., [2021)). In comparison, 44.6% of Airbnb trips in our sample have received feedback
from guests, which is in line with the guest review rate reported by [Fradkin et al. (2021) based
on earlier Airbnb data in 2014.

Since accurate feedback is a public good subject to under-provision, many platforms attempt
to encourage buyer feedback by offering status, coupons, and merchandise discounts (Li and
Xiao, 2014; |Cabral and Li, 2015; [Li et al., [2020; |[Fradkin et al., [2015). In contrast, the policy
studied in this paper aims to discourage buyers from giving feedback on a particular dimension
of quality, which could exacerbate the public good problem in online feedback.

The imperfect review rate is particularly problematic as far as negative feedback is con-
cerned. Studies have shown that buyers tend to under-report bad experiences, with potential
explanations that include fear of retaliation, preference to leave the platform after bad expe-
rience (Nosko and Tadelis, |2015), pressure to give above-average ratings (Barach et al., 2020),
and social connection to the rated seller (Fradkin et al., 2015). For arguably rare, negative
events such as safety, the probability of observing pertinent feedback from prior buyers could
be further reduced, simply because the chance of experiencing a safety issue is small in abso-
lute terms, even if a neighborhood has safety risks. A policy that discourages vicinity safety
reviews could reinforce an existing bias against negative feedback. In fact, perhaps in part due
to such a bias against negative feedback, Chakravarty et al. (2010) finds that consumers are
more responsive to negative feedback than to positive feedback. This pattern is confirmed in
our study: the marginal effect of having any vicinity safety review on a listing’s occupancy rate
is comparable to that of a 70.18% reduction in the listing’s average guest rating.

Another consequence of the bias against negative feedback is that safety reviews on any
Airbnb listing can only accumulate slowly over time. This could affect the overall informative-

ness of safety reviews. Between 2015 and 2019, we observe a growing rank correlation between



a zip code’s normalized cumulative safety review count and that zip code’s normalized official
crime statistics in low income and minority areas. This suggests that cumulative safety reviews
do contain useful information regarding a zip code’s actual safety status, with informative-
ness that may have increased over time. In comparison, a few studies argue that the online
feedback systems may become less informative over time because of the feedback bias reasons
cited above (Barach et al., [2020; |[Klein et al., |2009; Hui et al.l 2021)). Most of these studies
infer feedback informativeness from the content of feedback or policy variations within the
feedback system. Our approach is different, as we compare online feedback with a completely
independent data source.

More broadly, our study contributes to the growing literature of information design in
online platforms. Because feedback is under-provided and there is a selection against negative
feedback, researchers have studied the design of feedback systems in terms of who is allowed to
provide feedback (Klein et al., 2016; Mayzlin et al., [2014; Zervas et al., |2021)), how to improve
the authenticity of feedback (Wagman and Conitzer, 2008; |(Conitzer et al., [2010; Conitzer and
Wagman| 2014)), when the feedback is revealed to the public (Bolton et al. 2013 |[Fradkin
et al., |2021)), what kind of feedback is shown to the public, and how to aggregate historical
feedback (Staats et all 2017; Dai et al. 2018).

Interestingly, some platforms highlight negative consumer feedback, so that future con-
sumers are aware of potential risks associated with the target seller or target product (Pan and
Zhang, [2011). An economic reason to do so is that many consumers on online platforms tend to
be more responsive to negative feedback than to positive feedback (Chakravarty et al., 2010).
Highlighting negative feedback may hurt the sellers with negative feedback but divert buyers
towards other sellers on the same platform with zero or not as much negative feedback. If this
sorting effect generates more revenue for the platform or reinforces the platform’s reputation
as far as honesty and transparency, the platform would have an incentive to highlight negative
feedback.

In our setting, we observe a counterexample where the platform’s policy may discourage
buyers from providing a specific type of negative feedback. This is similar to a platform hiding,
obfuscating, or deleting negative feedback. To be clear, there are legitimate reasons to do
so in some situations: for example, a platform may find certain feedback fake, abusive, or

misleading ex post; omitting such feedback could make the information system more authentic



and informative for both buyers and sellers (Luca and Zervas, 2016; |Chevalier and Mayzlin,
20006)).

At the same time, studies have shown that platforms may be strategically motivated to
omit certain information, including negative feedback. For instance, Kovbasyuk and Spagnolo
(2018) explain why sometimes platforms seek to erase some historical bad records of sellers, in
order to increase matching rates. Romanyuk and Smolin| (2019)) show that platforms such as
Uber may seek to hide some buyer information (say, destination) prior to completing a buyer-
seller match, because doing so would avoid sellers waiting for a specific type of next buyer
which would reduce the overall matching rate on the platform. These two papers differ in
the direction of information withholding: the former withholds seller-relevant information from
future buyers, while the latter withholds buyer-relevant information from future sellers. Both
suggest that the party from whom the information is kept hidden may be worse off and the
platform has an incentive to trade off their welfare loss against the welfare gain of the other
side of the platform and the platform’s overall matching rate. Also, Lewis (2011)) shows that
online disclosures are important price determinants, and the disclosure costs impact both the
level of disclosure and prices.

Airbnb’s new policy regarding vicinity safety reviews is an example of withholding or dis-
couraging seller-related information from prospective buyers. As shown in our counterfactual
analysis, Airbnb may have economic incentives to downplay vicinity safety reviews, because
the more guests are alerted about vicinity safety, the lower the matching rate for the whole
platform. In theory, such incentives could be dominated by a sorting effect, if posting or high-
lighting vicinity safety reviews could direct buyers towards safer listings on the same platform
and motivate the safer listings to increase their prices sufficiently high to compensate for the
platform’s loss from a lower matching rate. Our back-of-envelope calculation suggests that this
is not the case.

One welfare aspect that is difficult to quantify but may be relevant for Airbnb is the long-
run entry and exit of users. As shown in our back-of-envelope calculations, a policy that
encourages and highlights vicinity safety reviews could disproportionately hurt Airbnb hosts
in relatively unsafe neighborhoods. In the long run, this could lead to a smaller choice set
for guests, drive away some types of hosts and guests, and affect the economic parity across

different neighborhoods. How important these long-run considerations are for Airbnb and the



social planner depends on how they weigh the welfare of different users. Unfortunately, such a
policy was introduced by Airbnb at the end of our data period and just prior to the emergence
of the COVID-19 pandemic. It is unclear whether and how Airbnb has enforced this policy.
Thus, aside from estimating counterfactuals, we cannot observe the de-facto changes in seller
entry and exit because of this policy change.

Another aspect that is worth highlighting in our setting is the potential spillover effect
of vicinity safety reviews across listings. As stated before, all buyer-to-seller feedback is a
public good that provides little economic return to the reviewer but could benefit many future
prospective buyers. In addition to this common feature, vicinity safety reviews could also
generate spillovers among listings in nearby geographies, should guests infer the overall safety
of the vicinity from multiple nearby listings. We find some suggestive evidence for such negative
spillovers: for a focal listing, a higher percentage of other nearby listings with vicinity safety
reviews within a 0.3-mile radius is negatively associated with the focal listing’s occupancy
rate, as well as its price. Among listings within a 0.3-mile radius area, hosts may seek to
minimize such a negative externality; but from a prospective guest’s perspective, this is a
positive information externality that could help guests make more informed choices ex ante.
Hence the information design optimal to the platform can be different from the information
design optimal to guests.

Our work in part hinges on guests’ reactions to safety reviews, and thus relates to the lit-
erature on the role of information disclosure in online user behavior. Researchers have shown
that product attributes, seller attributes, seller-buyer interactions, and the way in which an
online platform aggregates and presents such information (e.g. search ranking, product recom-
mendations, price, consumer ratings, and images of the property) are all important elements in
consumers’ decisions in e-commerce and the sharing economy (Tadelis, 2016} |[Ert et al., 2016;
Tussyadiah and Park| 2018; |Ursul 2018} |Reimers and Waldfogel, 2021 Xu et al., 2021; Zhang
et al, 2021c,b)). Furthermore, consumer decisions depend on the quality, quantity, resource,
and accuracy of the disclosed information (De Pelsmacker and Janssens, 2007} Liu et al., 2017;
Munzel, [2016)), which in turn depend on the extent to which the users of a platform are willing
to disclose such information (Hao and Tan, 2019; Liang et al, [2019; [Morosan, 2018; |Morosan
and DeFranco, [2015; [Moon, [2000). In this paper, we focus on guests’ reactions to safety reviews,

while taking the existence of each historical safety review as given. To ensure the response is



specific to safety reviews, we control for listing and host attributes along with listing fixed
effects.

We are not the first to study safety issues regarding online short-term rental platforms.
Suess et al.| (2020)) find that non-hosting residents with a higher emotional solidarity with
Airbnb visitors are more supportive of Airbnb hosts, and residents hold different views about
safety (“stranger danger”) and Airbnb depending on whether they have children in the house-
hold. Local planners pay attention to the impact of online short-term rentals on neighborhood
noise, congestion, safety, and local housing markets (Gurran and Phibbs, [2017; Nieuwland and
Van Melik, [2020; Kim et al., [2017). Zhang et al. (2021a) shows that regulations that nega-
tively affect Uber/Lyft services may also negatively affect the demand for Airbnb. |[Han and
Wang| (2019) document a positive association between commercial house-sharing and the rise
of crime rate in a city, while non-commercial house-sharing does not have this association. A
number of studies find that an increase in Airbnb listings — but not reviews — relates to more
neighborhood crimes in later years (Xu et al., [2019; Maldonado-Guzman, [2020; Roth) 2021;
Han et al., 2020; Filieri et al., 2021)). More specifically, Airbnb clusters are found to correlate
positively with property crimes such as robbery and motor vehicle theft, but negatively with
violent crimes such as murder and rape. Also, Airbnb listings of the type in which guests may
share a room with other unrelated guests are found to be more related to crimes (Xu et al.
2019; Maldonado-Guzman), 2020)) and to skirting local regulations (Jia and Wagman), 2020)).

Our study complements this growing literature, by highlighting safety reviews, distinguish-
ing vicinity and listing safety reviews, and documenting consumer responses to safety reviews
or experiencing safety issues. Although we cannot identify the effect of Airbnb on local crime
rates, our work helps quantify guest preferences regarding safety, and clarify how the interests of
guests, different hosts and the platform diverge with respect to the disclosure of safety reviews.
As shown in our counterfactuals, disclosing and highlighting vicinity safety reviews could en-
courage guests to shy away from potentially unsafe listings and disproportionately affect hosts

in certaln areas.
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3 Background of Airbnb’s Review System

Over the past decade, short-term vacation rental markets have quickly expanded worldwide.
Airbnb, the leading home-sharing marketplace, now offers 6.6 million active listings from over 4
million hosts in more than 220 countries and regions )| As with any lodging accommodation, the
specific location of a listing can affect the experience of its guests. For instance, if a property
is located in a relatively unsafe area, crimes such as carjacking or burglary may be more likely.
In Los Angeles, the number of victims to crimes such as theft or burglary at short-term rental
lodgings reportedly increased by 555% in 2017—2019]—5] As is common in the lodging industry,
guests, who may be traveling outside their home towns and are therefore less familiar with local
neighborhoods, are responsible for their own safety in the areas in which they choose to stay.
In particular, as with hotels, guests receive little to no protection from rental platforms as far
as crimes they may experience in a listing’s Vicinityf_f]

However, prior to making a reservation, potential guests may refer to a number of sources
to gauge the safety of a listing’s area — these sources include local news, crime maps, websites
that summarize neighborhoodsﬂ and perhaps most readily linked to each listing, the listing’s
reviews from prior guests.ﬁ Airbnb enables guests and hosts to blindly review each other after
a guest’s stay.[] In an effort to appease hosts, and perhaps to encourage more listings across
a larger number and variety of neighborhoods, a recent Airbnb policy effective December 11
2019 announced that, going forward, guest reviews about a listing that include “content that
refers to circumstances entirely outside of another’s control” may be irrelevant and subject
to removalf| This policy change implies that reviews about the safety of a listing’s vicinity
(“vicinity safety reviews”) may be deemed irrelevant and subject to removal, since such a

safety aspect is outside the control of the host. Due to data limitations, we do not know how

2See Airbnb’s official statistics as of December 31, 2022 available at https://news.airbnb.com/about-
us/#:~:text=Airbnbj20was’20born’20in%202007, every%20countrys20across’%20the’,20globe.

3See, e.g., https://rb.gy/leohby .

4See, e.g., https://rb.gy/nwetrv and https://rb.gy/wrquy4 .

5See, e.g., https://www.neighborhoodscout.com/.

6Reviews have been well established as having a potential effect on buyer decisions and sellers’ reputations,
particularly in the tourism industry (Schuckert et al.;[2015). The literature also suggests that negative informa-
tion in reviews in particular can have an effect on guest decisions and be useful to platforms in distinguishing
seller and product quality (Jia et al., [2021)).

7If one side does not review the other, the other’s review becomes visible after 14 days.

8See, for example, https://rb.gy/OpuSck and https://rb.gy/9y6bum .
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Airbnb enforces this policy as far as vicinity safety reviews, but anecdotes suggest that some
reviews that touched on neighborhood safety have been removedﬂ The policy does not apply to
“listing safety reviews,” because these reviews are about the safety within the listed property,
which presumably can be more readily controlled and improved by the listing’s host.

It is difficult to pin down exactly why Airbnb adopted this new review policy in December
2019. If Airbnb believes that the main role of online reviews is to motivate hosts to provide high-
quality services to guests, review content regarding something outside the host’s control may not
help in that regard. Anecdotes suggest that hosts have complained about the harm they suffer
from “irrelevant” reviews about the vicinity of their listingsﬂ and this policy change could be
a way to address these complaints. Another reason might be the concern of review accuracy:
arguably, vicinity safety is a subjective feeling subject to the reviewer’s prior and interpretation,
and it is often difficult to prove correct or wrong. However, similar accuracy concerns could
apply to other review content, though the degree of objectiveness may vary. A third reason
may have something to do with the aspiration of being inclusive. Airbnb has advocated for
inclusive design, which is defined as “consciously designing products, services, and environments
that don’t create barriers to belonging.”E The same aspiration may have motivated Airbnb
to adopt an anti-discrimination policy, establish a permanent anti-discrimination team, and
encourage designs and services friendly to users with disabilities. To the extent that vicinity
safety reviews are more present in low-income or minority neighborhoods, the new review
policy could be another effort to make the platform more friendly to hosts in economically
disadvantaged neighborhoods. The key question we address in this paper is how the new
policy, if fully implemented as far as vicinity safety reviews, would redistribute the economic

benefits and costs among hosts, guests, and the platform.

9For example, on Jan. 27, 2020, a tweet from “PatrickR0820” wrote “I used @Airbnb when we went to
Atlanta for the Panthers game. In my review I left numerous things that could be fixed as well as ‘the area
that it is located in, is pretty sketchy.” My review and 4 other similar recent reviews were deleted because it
wasn’t relevant.” Another tweet by “AveryBrii” on May 18, 2021 stated: “@Airbnb is such a joke!!! we literally
had a car stolen at the place we stayed at, didn’t get refunded (which wahtever) & then i try to leave a review
to inform others that it clearly was not a safe area (cops told us this & other info that i tried to include) &
they didn’t post.” A journalist also describes his experience on Bloomberg Opinion: “Airbnb Took Down My
Negative Review. Why?” (May 26, 2021 by Timothy L. O’Brien), accessed at https://rb.gy/dxfkxw , on
November 26, 2021.

10Nina Medvedeva, “Airbnb’s Location Ratings as Anti-Black Spatial Disinvestment in Washington D.C.”
Platypus: The CASTAC Blog (March 16, 2021) accessed at https://rb.gy/ottzf9 .

See, e.g., https://rb.gy/eq7ltv .
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To be clear, Airbnb has adopted other methods to address neighborhood safety directly.
For example, Airbnb introduced a neighborhood support hotline in December 2019™] around
the same time as Airbnb adopted the new review policy. This hotline is primarily intended to
be a means for neighbors of Airbnb listings to contact the platform in certain situations (e.g.,
in the event of a party taking place at a listed property). In addition, since our dataset ends
in December 2019 and we do not know how many guests that left vicinity safety reviews in
our sample would have used the hotline should the hotline exist at the time of the review, we
cannot predict how the hotline could counter some of the effects shown in our analysis. That
being said, hotline usage is ex post and is not visible to future guests, hence its impact on
guests can be fundamentally different from the impact of reviews visible under each listing on
Airbnb.

Airbnb’s review system also allows guests to leave a 1-5 star rating by specific categories
(cleanliness, accuracy, check-in, communication, location, and value), in addition to leaving an
overall rating and detailed review. According to Airbnb’s response to a host’s question, location
rating is meant to “help future guests get a sense of the area and tends to reflect proximity
to nearby destinations.”ﬁ Hence, location rating could capture many location-specific aspects
such as local transit, nearby stores, neighborhood walkability and noise, and may not be directly

related to vicinity safety.

4 Data

The first dataset we use has information on the set of short-term rental listings that had been
advertised on Airbnb from May 2015 to December 2019, and on VRBO from June 2017 to
December 2019, in five US cities (Atlanta, Chicago, Los Angeles, New Orleans, and New York).
The data was acquired from AirDNA, a company that specializes in collecting Airbnb and
VRBO data. For Airbnb listings, this dataset includes the textual contents of all Airbnb listing
reviews in those cities.

Each listing is identified by a unique property ID and comes with time-invariant character-

istics such as the listing zip code, listing’s property type (entire home, private room, shared

12Gee, e.g., https://rb.gy/sykoim .
13Gee, e.g., https://rb.gy/qs13gh .
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room, or hotel room) as well as the host’s unique identifier. Listings also have time-variant char-
acteristics, including average daily rateﬂ the number of reservations, days that are reserved
by guests, occupancy ratem number of reviews, overall rating scoresm the listing’s Superhost
statusﬂ the listing’s guest-facing cancellation policyH the average number of words in the list-
ing’s reviews, the number of listings in the same zip code, and whether the listing is cross-listed
on VRBO[M

Our unit of observation is listing-month. We focus on “active listings” (listings whose calen-
dars are not indicated as ‘blocked’ in the dataset for an entire month), and exclude observations
with ADR over $1000, as some hosts may set their rates prohibitively high in lieu of blocking
their calendars. We use regular monthly scrapes between May 2015 and December 2019 on
Airbnb (July 2017 to December 2019 for VRBO). In total, the sample comprises 2,866,238
listing-months observations on Airbnb, and 201,718 listing-months observations on VRBO.

We define two different types of safety reviews — listing safety reviews and vicinity safety
reviews. Listing safety reviews are those reviews that describe issues pertaining to safety within
a listing (e.g., “the listing is unsafe because there are fire hazards”, “the listing is unsafe because
of the slippery tub”, or “we saw mice in the kitchen three times during our stay”). Vicinity safety
reviews contain information pertaining to the safety of the nearby vicinity or neighborhood
of the listing (e.g., “the neighborhood is not safe”, “shady neighborhood”, or “unsafe area”).
While there is considerable research regarding the use of machine learning for automated content
analysis, these methods typically require a large number of hand-labeled examples for training.
We instead use a lexicon approach due to its simplicity and transparency. Lexicons are also

found to have high levels of precision as compared to machine learning approaches (Zhang et al.,

14 Average daily rate (ADR) is calculated by dividing the total revenue, including both nightly rates and
cleaning fees, earned by the host from reservations over a given month by the total number of nights in that
month’s reservations.

15Qccupancy rate is calculated by dividing the number of booked nights by the sum of the available nights
and booked nights.

16Qverall rating scores are normalized to 0-10 range. Our dataset also includes location star ratings. Adding
it as an extra control variable does not change our main results, so we do not report it in this paper. Results
are available upon request.

17Superhost refers to a status badge related to metrics concerning a listing’s performance. Hosts who meet the
following criteria, evaluated quarterly, receive a Superhost designation: (i) Completed at least 10 reservations
in the past 12 months; (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 12 months.

18Cancellation policy could be strict, moderate, flexible. For simplicity, we use a dummy variable to indicate
whether a listing’s cancellation policy is strict or not.

190nly listings with entire home that could be both listed on Airbnb and VRBO.
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2014; Hutto and Gilbert, 2014)), and have been used extensively in the literature (Monroe et al.,
2008; Dhaoui et al., 2017).

To identify a suitable set of keywords, we use an iterative approach, starting with terms such
as “unsafe,” “dangerous,” and “scary” and all of their synonyms, to obtain an initial keyword
set; next, we manually inspect reviews containing such keywords so as to identify additional
keywords. We then select keywords based on the accuracy of safety reviews. More specifically,
we conduct two iterations of manual labeling. In the first iteration, three research assistants
(comprising both male and female and different races) labeled 1.4K reviews that were generated
from the Lexicon approach algorithm with the initial keyword set for both listing safety reviews
and vicinity safety reviews. While labeling, for each review the reviewers identified (i) whether
the review pertains to neighborhood and /or listing safety, (ii) whether the review has a negative
sentiment with respect to neighborhood and/or listing safety, and (iii) the three keywords that
supported the reviewer’s decision in (i) and (ii). With these human-labeled keywords, we
obtain an updated list of vicinity and listing safety keywords such that the percentage of
negative vicinity safety (listing safety) reviews in the 1.3K sample with such a human-selected
keyword is greater than 0% (10%). In the second iteration of labeling, two research assistants
(male and female) of different races labeled 3.1K reviews that were generated from the Lexicon
approach algorithm with the updated keyword set for both listing safety reviews and vicinity
safety reviews, such that 5 reviews associated with each keyword were randomly selected. In
this iteration, the reviewers labeled whether each review pertains to negative sentiment about
vicinity safety and/or listing safety. The final set of keywords is the one where each vicinity
safety (listing safety) keyword has a percentage of negative-sentiment vicinity safety (listing
safety) reviews greater than or equal to 60% from both reviewers’ second-iteration labeling
results. After two iterations, we expanded the list to 41 vicinity safety keywords and 50 listing
safety keywords, as delineated in Table []]7]

The keyword lists developed above are not the only inputs we use to define vicinity or listing
safety reviews. As far as vicinity safety reviews, to improve precision and to ensure that the text

is indeed describing issues pertaining to the safety of a listing’s vicinity and not other aspects

20Most of the keywords appear relatively infrequently, and removing any one of them alone has little effect
on the results. For example, one may argue that “government housing” suggests a low-income area rather than
vicinity safety issues. Including it in our vicinity safety keyword list would only identify three more vicinity
safety reviews and removing the keyword has no qualitative impact on the results.
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of a listing, we identified a list of 24 location keywords that tend to indicate a statement about
the surrounding area (e.g., “neighborhood”, “area”, “outside”) in Table . We then categorized
the matching reviews into those in which the vicinity safety keyword occurred within 20 words
of a location keyword as vicinity safety reviews, and those in which the listing safety keyword
occurred outside of the 20-word context as listing safety reviews@ Next, we selected 13 negative
keywords, and filtered out double-negative reviews where the negative keyword occurs within
5 words of a safety keyword.

Overall, our approach resulted in 11.8k matched vicinity safety reviews (VSRs) and 12.8k
matched listing safety reviews (LSRs) across the 5 sample cities. In total, they account for
0.25% and 0.27% of all the observed Airbnb reviews respectively. From May 2015 to December
2019, only 4.43% of listings ever had any VSRs, and only 8.49% of listing ever had any safety
reviews (VSRs or LSRs).

As shown in Figure |1} and Figure [2, the top matching vicinity safety keywords are “unsafe”
(4,519), “homeless” (3,398), “yelling” (854), and “uneasy” (733), and the top matching listing
safety keywords are “worst” (1,803), “mold” (1,350), “stained” (1,172), and “filthy” (1,135). As
an additional validation check, we sampled several thousand matches at random, and manually
labeled them as relevant or not, finding 78.21% and 75.64% accuracy for vicinity safety keywords
and listing safety keywords, respectively@ The mislabeled data often used figurative language
(“scary how perfect this neighborhood is”) or used safety words in other contexts (e.g., “watched
a scary movie on Netflix”). While any such method will be imperfect, we did not find any
evidence suggesting that the error rates were systematically biased for some neighborhoods
over others. However, we did restrict our keywords to English, so the method will be less
effective in areas with many non-English reviews.

A second dataset we collect covers official crime records from databases tracking crimes in

2'While the 20-word window is arbitrary, a sensitivity analysis suggests no qualitative difference when using
a slightly longer or shorter window. Moreover, the average review had roughly 50 words, so this seemed to
restrict to the 1-2 sentences around the keyword match.

22This indicates a 21.79% false-positive error rate for vicinity safety reviews (24.36% for listing safety reviews).
Since our lexicon approach aims to minimize the false-positive rate while allowing false negatives, the safety
reviews identified by this approach tends to make the estimated impact of safety reviews more conservative than
the true effect.
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Chicagd®] New Orleang?)] New York City’] Atlantaf®] and Los Angeles”"] These databases
cover different types of crimes, including property-related crimes and violent crimes. In terms
of the geographical granularity of crimes, we consider crime events at the zip code level. We
also obtain median income and other demographic information at the zip code level from 2014,
one year before our Airbnb sample period begins, from the United States Census Bureaufs} We
make the assumption that the income and demographic information did not change significantly
over our sample period. Throughout the paper, we refer to a zip code as high-income (H) or
low-income (L) according to whether its average income is above or below the median of the
city it locates in. Similarly, we refer to a zip code as minority (M) or white (W) according to
whether its percentage of minorities in population is below or above the city median.

Table [2| summarizes the data at the listing-month level, where vicinity safety (VS) Airbnb
listings are defined as observations that have at least one vicinity safety review (VSR) before
the reporting month, while “normal” Airbnb listings do not have any VSR before the reporting
month. As the table indicates, about 4% of the total observations are VS listings. On average,
VS listings have higher occupancy rates, a higher number of reservations, a higher fraction of
Superhosts, and a higher number of reviews than normal listings. In contrast, the nightly rates
and overall rating of VS listings are lower on average than normal listings.

The mean number of cumulative VSRs (aggregated up to the reporting month) is 0.06 across
all Airbnb listings, and the mean number of cumulative listing safety reviews (LSR) is 0.06.
The monthly trends for the percentages of VSRs and LSRs are depicted in Figure (3, where
the percentage of VSRs increases at a faster rate relative to the percentage of LSRs over time.
Figure 4] and |5| demonstrate the distribution of VS keywords for four groups of zip codes (high-
income, low-income, white, and minority). Comparing high-income with low-income (and white
with minority) groups, it appears that the low-income (minority) group dominates the volume
of VSRs.

We also test the rank correlation between the official crime records and VSRs. Specifically,

we use the percentile rank of normalized crime records in each zip code-month within each city

20fficial crime data in Chicago: https://rb.gy/atjsss .
240fficial crime data in New Orleans: https://rb.gy/4vue8?2) .
25Official crime data in New York City: https://rb.gy/iwrup2) .
260fficial crime data in Atlanta: https://rb.gy/96txbl .
270fficial crime data in Los Angeles: https://rb.gy/tebnla .
28Gee, e.g., https://www.census.gov/data.html.
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— calculated as the number of reported crime cases in a month, divided by the size of the
population in that zip code. For each month, we rank the normalized crime data within each
city, and determine the percentile crime rank of the zip code for that month. For VSRs, we
use the percentile rank of the number of cumulative VSRs in the zip code up to the reporting
month’] We then test the percentile rank correlation index between the crime records and
VSRs in each month, resulting in the time-series correlation trends depicted in Figure [6] which
illustrates the correlation trends for the four different groups of zip codes (high-income, low-
income, white, and minority). Figure@indicates that the correlation in low-income and minority
groups exhibits an increasing trend, suggesting that the percentile rank of VSRs in a zip code

is more likely to reflect the actual crime reports in the zip code over time in these areas.

5 Empirical Analysis

5.1 Effects of Safety Reviews

We begin by assessing the effects of VSRs and LSRs. Our hypothesis is that if potential guests
view VSRs and LSRs as a proxy for safety around or within a listing, such reviews would reduce

the guests’ willingness to book the listing. Our base specification is given by:

Yie = + agy +0X; ¢ + f1Crime; 1+

PoLSR; -1+ B3V SR -1+ BsVSRADIUS, ;1 + €y, (1)

where ¢ denotes a listing ¢-month ¢ observation, Crime;;_; is a log transformed variable that
indicates the normalized number of cumulative official crime reports since the start of the
sample period for the zip code where listing ¢ is located, LSR; ;1 and V.SR;;_; are two dummy
variables that equal 1 if the listing has at least one LSR and VSR, respectively, before month ¢,
VSRADIUS,;_ is the percentage of listings that have at least one VSR within a 0.3-mile radius
of listing ¢ prior to month ¢, X, are listing-level controls (logged except for dummy variables),
including the number of reviews, overall ratings, cancellation policy, number of listing in the

same zip code, cross-listing status (i.e., whether the listing is also listed on VRBO), and whether

29Due to data limitations, we assume that both records begin with clean slate (0 records) as of the beginning
of our dataset.
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the listing is hosted by a Superhost. The dependent variable y;; is either the log of listing ’s
average daily rate (ADR) in month ¢, or the log of listing ¢’s monthly occupancy rate (calculated
as log of 1 plus the occupancy rate)m Listing and City—year-month fixed effects are denoted
by «; and ayi,, respectively, where the city of listing ¢ is denoted by k. Standard errors are
clustered by Airbnb property ID. The primary assumption is that, within a listing, the presence
and timing of safety reviews are correlated with the true safety condition around or inside the
listing and do not reflect selective reporting, fake reviews, or other strategic reasons once we
control for other time-varying listing attributes.

Our main specifications in Table [3|indicate that both VSRs and LSRs significantly decrease
a listing’s price (ADR) and occupancy. Specifically, for an average Airbnb listing in our sample,
having any VSR is associated with a 1.82% reduction in the listing’s monthly occupancy rate
and a 1.48% reduction in its average price per reserved night; having an LSR is associated with
a 2.58% drop in occupancy and 1.52% in price. LSRs thus have a larger effect on price and
occupancy than VSRs, possibly because some prospective guests have a specific geographic area
(e.g., neighborhood) in mind, regardless of safety issues concerning that area, whereas LSRs
describe safety issues that pertain to the listing itself. The percentage of listings with VSRs
within a 0.3-mile radius is associated with lower prices and lower occupancy, suggesting that
guests may also infer vicinity safety from the VSRs of nearby listings.

In contrast, normalized official crime records is associated with lower prices but higher
occupancy. A potential explanation is that hosts are aware of safety issues in the areas of their
listings, and proactively lower their rates when their listings are located in relatively unsafe
areas. These lower prices attract more guest bookings, perhaps either because guests tend
not to seek information about crimes in the neighborhood or because they prioritize price. In
particular, for the average Airbnb listing in our sample, given a 1% increase in the normalized

official crime records, the daily rate is 0.05% lower whereas the occupancy rate is 0.07% higher.

39Some listing-month observations have an occupancy rate of 0 and consequently are missing an average
reserved daily rate in the dataset for those months, though the dataset does offer a separate “listing price” (i.e.,
a base rate) for those listings. To extrapolate the ADR of these listings in the months in which they are missing,
we calculate the mean ratio of their ADR to their listing price in the months in which they are available, and
multiply this average by the listing price in the missing months (if available, or by using the listing price from
the nearest month in which it is available).
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5.2 Robustness

Column 1 of Table[4] considers as the dependent variable a dummy that equals 1 when a listing’s
occupancy rate is positive and 0 otherwise. It reports a positive coefficient on Crime;;_1,
suggesting that the variable C'rime; ;1 not only describes the relative crime status of a zip code,
but may also capture the relative guest traffic to the area, where areas with relatively high guest
traffic (e.g., downtown areas) tend to have a higher number of reported (normalized) crimes.
Comparing the coefficients on VSRs and LSRs for the whole-sample specifications (Table [3)) to
the conditional sample with positive occupancy rates (Columns 2 and 6 of Table [4)), we find
that the coefficients are similar but have somewhat higher magnitudes for the whole sample.

We conduct a number of additional checks. First, we split the sample by whether a listing
has an above- or below-median number of reviews in a given month (median is 12), as a proxy
for whether the listing is in its early or later “stage” of taking guest reservations, since only
staying guests can post a revieWET] Another motivation for this partition is that prospective
guests are more likely to notice safety reviews (both VSRs and LSRs) when listings have a
lower number of reviews. Indeed, Columns 3 and 4 of Table 4| report that in the subsample of
listings with 13 or fewer reviews, the negative effects of having any VSR and LSR on occupancy
rate (2.12% for VSR and 3.62% for LSR) are higher than the corresponding negative effects
for listings with more than 13 reviews (1.00% for VSR and 1.73% for LSR). However, Columns
7 and 8 indicate that as far as listings’ daily rates are concerned, this comparison is reversed,
possibly because hosts of newer listings may still be in the process of identifying their pricing
for those listings.

Second, we add additional controls for the average word count of a listing’s reviews. 7] As
Columns 5 and 9 of Table {4 indicate, the results do not qualitatively change from our main

specifications when incorporating the additional control.

5.3 Heterogeneous Effects

We next explore a number of heterogeneous effects. Table |5| provides summary statistics based

on the type or area of a listing. In particular, the table reports different normalized zip code

31To be clear, the same listing may be in both subsamples over time, but belong to only one of the subsamples
in any given month.
32Host responses to safety reviews are not observed in our data
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crime levels for listings in these categories. We proceed with a similar empirical methodology
as in (Equation , but with different subsamples.

We begin by analyzing four groups of zip codes separately (high-income, low-income, white,
and minority). Table @ shows that VSRs have negative effects on occupancy rates across all
four subsamples. The negative effects of having any VSR on occupancy rates have higher
magnitudes in high-income and white zip codes (1.76% and 1.89%) than in low-income and
minority zip codes (1.72% and 1.75%). A similar comparison holds for LSRs. One potential
explanation is that guests may have different prior beliefs and different sensitivities to safety
issues, and perhaps more so if their search targets a specific area that they believe is relatively
safe. Hosts in different areas may also react differently to VSRs and LSRs, based on how they
gauge guest perception and guest preferences.

We next consider subsamples comprising different listing types (entire home, private room,
shared room, and hotel room). Additional heterogeneous effects may arise here because, for
instance, for guests who seek partial spaces (private room, shared space) within a dwelling,
safety issues may be more salient. The results in Table [7| indeed show that the magnitude of
the negative effects from having any VSRs and LSRs on occupancy are larger for private rooms
and shared spaces (2.10% and 3.01% for VSR and 3.08% and 2.89% for LSR, respectively) in
comparison with entire-home listings (1.61% for VSR and 2.36% for LSR).

5.4 Safety Experience and Future Guest Activity on Airbnb

We conduct user-level analyses to test whether guests who leave any vicinity safety reviews
(henceforth, VS guests) act differently before and after they post their first VSR in comparison
to otherwise similar guests who did not leave any VSRs. To that end, we assume that the first
VSR that a VS guest posts for one of the listings in our sample (i.e., covering Airbnb listings in
the five cities we consider, with reviews beginning in May 2015) is the first VSR that this guest
posted. To reiterate, any such guests who have ever posted VSRs in our sample are considered
VS guests; otherwise, they are treated as ‘normal’ users. To ensure that the VS users have had
some experience on Airbnb prior to leaving their first VSR, we focus on the subset of VS users
that left at least two reviews in the five sample cities before leaving their first VSR.

In order to match VS users with normal users, we use a K-nearest neighbor (KNN) method
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to select the two most similar control (normal) users for each treatment (VS) user. The user
characteristics used in the KNN method (as of the time of the treatment user’s first VSR) are
the user’s number of prior reviews, the average normalized crime reports in the cities in which
the user stayed (based on their prior reviews), the average number of VSRs for listings for which
the user left reviews, the average percentage of overall VS listings in the same zip codes as well
as in the 0.3-mile radius area as listings for which the user had previously left reviews, and the
average number of words for the reviews that the user posted before. The matching is done for
each month (i.e., based on new treatment users in each month). The same “treatment month”
is applied (hypothetically) to control users that are matched with a treatment (VS) user, based
on the latter’s timing of their first VSR.

In order to assess if the treatment and control users have the same tendency to post VSRs,
we also calculate the propensity score for each user in our matched sample. In particular, we
regress the dummy of a user being treated (i.e. being a VS user) on the number of reservations
she had made on Airbnb before the treatment time, the average zip code-wide crime rate of
these reservations at the time of reservation, the average number of VSRs in these reservations,
the percent of listings with any VSR in the zip code as well as in the 0.3-mile radius area of
these reservations, and the average number of words for the reviews that the user posted before.
For a treated user, the treatment time is when she wrote her first VSR in our sample. For a
control user, the treatment time is when the treatment user she is paired with wrote her first
VSR in our sample. Table [8| reports that the treatment and control users are similar as far
as the characteristics considered in the KNN method; the two user groups also have similar
propensity scores, as shown in Figure [7] and [8]

We first test whether VS users behave differently in terms of subsequent reservations on
Airbnb after their first VSR (as exhibited by their subsequent listing reviews). We use a
difference-in-differences methodology (DID) as follows:

Vit = 0y + oy + B - treat; + v - treat; X post, + €+, (2)

where the subscript p denotes the treatment-control pair we have identified in the sample con-
struction and o, is pair fixed effects. We have constructed several measures for the dependent

variable y;,: the first is the number of reviews that user 7 wrote in month t. We use it as a
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proxy of user ¢’s Airbnb reservations in ¢, which can be zero. Because it is a count variable, we
use a Poisson regression instead of ordinary least squares. The second measure is the normal-
ized cumulative count of officially reported crimes in the zip codes of user i-reviewed listings in
month ¢. The other measures are the number of VSRs in the reserved listings, the percentage
of VS listings in the zip codes as well as in the 0.3-radius area of the reserved listings, and
whether the reserved listings have any VSR. The dummy variable treat; equals 1 for VS users
and 0 otherwise, and the dummy variable post, equals 1 if ¢ is after the time of the first VSR of
user ¢. Treatment-control pairs fixed effects are denoted by a4, standard errors are robust and
clustered by treatment-control pairs.

Column 1 of Table 0] reports results from a Poisson model based on an unbalanced monthly
panel data, indicating that VS users tend to book fewer reservations (as evidenced by subsequent
reviews) after posting their first VSR. In particular, the average monthly number of subsequent
reviews is expected to be 60.07% lower for VS users in comparison with normal usersﬂ

We also assess whether VS users are more sensitive to safety information when booking
subsequent Airbnb listings after posting their first VSR. In order to test this hypothesis, we use
the booked listings’ characteristics as the dependent variables. Columns 2-6 of Table [0] suggest
that the subsequent listings chosen by VS users exhibit the following characteristics: They tend
to be located in zip codes that have fewer normalized crime reports, they are less likely to have
VSRs, and they are less likely to be located in zip codes that have a higher overall percentage of
VSRs or a higher percentage of other listings with VSRs. This suggests that VS users, relative
to normal users, are more sensitive to safety information after posting their first VSR.

We further examine whether VS users subsequently act differently as a function of the area
(high-income, low-income, minority or white) in which they posted their first VSR. To do so,
we group VS users according to the zip code of the listing for which they posted their first VSR,
and proceed to conduct the DID analysis separately for each of the four subsamples.

Tablereports that VS users tend to book subsequent stays (as proxied by their subsequent
listing reviews) in areas that are the opposite of where they posted their first VS review. That
is, VS users whose first VSRs are posted in high-income or white areas tend to book fewer

subsequent stays in those areas but more in low-income or minority areas, and vice versa. One

33This is not the coefficient of the treatment dummy (-0.918) because we use a Poisson model for this regres-
sion, i.e., the applicable percentage is 1 — =18,
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possible explanation for the former direction is that VS users expected a higher level of safety
in high-income or white areas, and when they encountered the opposite, they preferred to
pay the average lower rates for listings in low-income and minority areas in subsequent stays.
A potential explanation for the latter direction is that VS users associate safety issues with
low-income or minority areas, and tend to avoid such areas in future bookings.

From the interaction term in Table [I0] it is apparent that VS users exhibit a positive effect
on subsequent reservations in opposite zip codes (Columns 2 and 4) and a negative effect in
the same zip codes (Columns 1 and 3). The number of VS users who post their first VSR in
high-income or white areas is fewer than those in the low-income or minority areas, hence those
that shy away from high-income or white areas are fewer than those that switch to such areas
because of their safety experience in low-income or minority areas. As a result, the overall effect
on subsequent bookings (as proxied by the total number of subsequent reviews) is positive in

high-income or white areas but negative in low-income or minority areas.

6 Back-of-the-Envelope Calculations

6.1 Airbnb’s Gain and Loss

So far, our analysis has shown that (1) VSRs have negative effects on Airbnb listings’ prices
and occupancy, and (2) guests who have posted any VSRs appear to book fewer subsequent
reservations and are more sensitive to safety information than other guests that never posted
any VSRs.

These findings suggest that the status quo (in our data period, 2015-2019) has disclosed
vicinity safety reviews but they are not as salient as they could be. For some listings, prospec-
tive guests can find vicinity safety information in prior consumer reviews, but the guests that
incurred a vicinity safety issue during their own stay at Airbnb listings become more alert to
safety information than other users, likely because self experience is more salient than safety
reviews from other anonymous users. The status quo also implies diverging interests in the in-
formation value of vicinity safety reviews: while guests view VSRs as a negative but informative
attribute of a listing, the host of VS listings may perceive VSRs as a harm to future business.

In contrast, the hosts of normal listings may consider their lack of VSRs as a competitive
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advantage over VS listings.

To highlight these diverging interests, we run back-of-envelope comparisons with respect to
the revenues of VS and normal listings, under four information regimes: (i) the status quo; (ii)
no disclosure (where all VSRs are removed); (iii) adjusted-rating (where each listing’s overall
rating is adjusted to account for the number of VSRs of the listing itself as well as listings in a
0.3-mile radius area); in particular, we compute a safety score for each observation by using the
reversed percentile of the number of VSRs of the listing itself and listings in a 0.3-mile radius
area for each city-month, normalizing it on a range from 0 to 10 with a uniform distribution,
and then adjusting the new overall rating as a weighted average of the overall rating and the
safety score, where the overall rating has a weight of 6/7, to account for the 6 ratings originally
included by Airbnb of communication, accuracy, cleanliness, check-in, location, and value; and
(iii) high alert (where all users react to VSRs as much as VS users react to their own reported
VSR). To understand heterogeneity across areas, we run these back-of-envelope calculations for
high-income, low-income, minority, and white areas separately.

For the no-disclosure counterfactual, we set vicinity safety reviews to zero while holding
everything else equal. This implies that guests take zero reviews as literally zero and would
not reinterpret the lack of vicinity safety reviews in the counterfactual. This assumption is
reasonable because vicinity safety reviews are rare (only 0.25% of reviews are identified as
vicinity safety reviews and only 8.49% of listings have ever had any safety reviews), many
guests are casual users that are likely inattentive to Airbnb policy changes, and most guests
may not know a listing could have no vicinity safety reviews because they are removed by the
platform Y] To run the counterfactual, we use the results in Table [6] which capture the effects
of VSRs and the percentage of VS listings within a 0.3-mile radius on price and occupancy,
in high-income, low-income, white, and minority areas. We next collect the number of Airbnb
observations, average occupancy in days, average price (ADR), and average percentage of VS
listings within a 0.3-mile radius area for both VS and normal listings in these four areas. The
gain/loss of VS listings from the no-disclosure regime (from May 2015 to December 2019) is
calculated using the change in occupancy rate and price, had their VSRs and the VSRs of other

34In theory, if most guests are fully aware of the no-disclosure policy and correctly predict the extent of
vicinity safety reviews suppressed by the policy, they could readjust their safety perceptions of all listings. It
is difficult to derive the new equilibrium because the adjustments in safety perceptions depend on whether and
how guests may search for vicinity safety information elsewhere.
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VS listings within a 0.3-mile radius area been removed. The gain/loss of normal listings from
the no-disclosure regime is calculated as the change in occupancy and price had there been no
VS listings in the 0.3-mile radius area.

For the high-alert counterfactual, where all prospective guests behave as VS users, we need
to extend the DID results from Table [I0 to all users. To do so, our raw data contains the
number of reservations (as proxied by the number of reviews) and average days per reservation
of all VS users for both VS and normal listings in each of the four demographic areas. These
are the observed bookings in the status quo. The DID estimates tell us how VS users’ bookings
react to their own experience of VSR. Appendix A.1 provides formulas to compute changes in
the number of bookings in the four demographic areas, assuming the same DID estimates apply
to all users. Based on the computed booking changes (and assuming prices do not change), we
compute the gain/loss in revenue.

The calculations are summarized in Table[11] The results suggest that the switch from the
status quo to no disclosure leads to gains for VS listings in all four demographic areas. The
revenues of VS listings in low-income and minority zip codes increase by 6.20% and 6.29%,
respectively, which is lower than the corresponding increases of VS listings in high-income and
white zip codes (6.32% and 6.70%, respectively). One possibility is that users are more sensitive
to VSRs in high-income and white zip codes, hence they stand to benefit more when such reviews
are eliminated. Normal listings in low-income and minority zip codes benefit more when no
VSRs are available, with revenues increasing 0.21% and 0.35%, compared to 0.17% and 0.13%
for normal listings in high-income and white zip codes, respectively. A potential explanation
is that normal listings in low-income and minority zip codes have a higher percentage of VS
listings within 0.3-mile radius area, and thus suffer from a higher negative spillover effect on
daily rates under the status quo. When VSRs are unavailable, they stand to benefit more from
higher prices and occupancy rates.

Under the scenario in which we incorporate each listing’s own and nearby VSRs in its overall
rating, Table [11} shows that both VS listings and normal listings are harmed from having the
revised overall rating, where the revenue decrease for listings in the low-income (0.24% and
0.17% for VS listings and normal listings, respectively) and minority areas (0.32% and 0.24%
for VS listings and normal listings, respectively) are higher than for listings in high-income

(0.14% and 0.09% for VS listings and normal listings, respectively) and white (0.11% and
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0.06% for VS listings and normal listings, respectively) areas. This implies that listings in
low-income and minority areas have more VSRs, which lowers the adjusted overall ratings of
listings in those areas more so than listings in high-income and white areas.

Table also reports results for the high-alert counterfactual, where prospective guests
behave as VS guests. Both VS and normal listings in low-income and minority zip codes
stand to lose revenues in the high-alert regime as compared to the status quo, with 4.49% and
4.84% declines for VS listings and 4.34% and 4.87% declines for normal listings. And, their
counterparts’ VSL in high-income and white zip codes also lose revenues if the regime is changed
from the status quo to high alert. This is because, after guests become more alert to VSRs, the
guest switches from low-income and minority areas into high-income and white areas dominate
those that switch away in the other direction, given the fact that VSRs are less likely to occur
in high-income and white zip codes.

From the platform’s perspective, the overall revenue or GBV sums up the revenue gains
and losses across all areas. As shown in Panel C of Table [11] shifting from the status quo to
the no-disclosure regime will increase Airbnb’s GBV by 0.52%. In comparison, a shift from the
status quo to the adjusted-rating and high-alert regimes will reduce Airbnb’s GBV by 0.13%
and 4.06%, respectively.

6.2 Consumer Surplus

So far, the back-of-the-envelope calculations have focused on listing revenues under the three
disclosure regimes. We now aim to do the same on the guest side.

To do so, we define the market as online short-term entire-home rentals in each zip code-
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 zip
code-month, with the pool of VRBO-only listings in the same zip code-month as the outside
good.ﬁ] We focus on entire-home listings because only entire-home listings are available on
VRBO. Since our VRBO data period is from June 2017 to December 2019, our analysis in this
subsection considers Airbnb entire-home listings from June 2017 to December 2019 only.

Following |Berry| (1994), we assume that each prospective guest chooses an Airbnb entire-

35Listings that co-list on Airbnb and VRBO are treated as Airbnb listings, thus inside goods.
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home listing or the outside good (VRBO) so as to maximize her utility from the listing, where

the utility associated with an Airbnb listing ¢ in zip code z of city k£ and month ¢ can be written

as:
Uit =EU;1 + €4
= qo; + Ot + 0 - Xiﬂg + BO . lOg(ADRl,t) + 61 . Crimez7t_1
+ B2 LSRR+ B3 - VSRiy—1 + Ba- VSRADIUS, 41 + €4
If €;; conforms to the logistic distribution, we can express the market share of listing ¢ at
time ¢ as s;; = _capBUid)

1+Zj exp(EUj ¢ )

In(sit) —In(sor) = EU;y (3)

This is equivalent to regressing the difference of log market share between listing ¢ and the
outside good (In(s;+) — In(so)) on the attributes of listing ¢ in month ¢. The right-hand side
of Equation [3|is similar to Equation [I| except for two changes: first, we exclude the number of
Airbnb listings in the zip code-month because the discrete choice model already accounts for
the size of the choice set; second, we include the log of the listing’s ADR (i.e. price). To the
extent that log(ADR) might be endogenous, we instrument it by using the average attributes
of entire-home listings within a 0.3-mile radius of the focal listing in the same zip code-month,
following Berry et al.| (1995) . The underlying assumption is that these so-called "BLP”
instruments are correlated with price because of horizontal competition (whereby competitors’
attributes affect margins) but are excluded because they do not affect the focal listing’s utility
directly. As shown in the first column of Table [I2] the instrument is strongly correlated with
log(ADR), and the first stage F-statistics is high (288.5). The OLS and IV estimation results
of the utility function are reported in the last two columns of Table The results suggest
that guest reservations are sensitive to price, and guests dislike listings with any VSRs or LSRs,
everything else being equal. Based on the IV estimates, the guest’s dis-utility from a listing
with any VSR (as compared to no VSR) is equivalent to 2.2% of average daily rate ($164.7).

Using the IV results in Column 4 of Table we then calculate EU;; for each Airbnb
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listing-month under the status quo, and normalize it into US dollarsm The sum of guest utility
weighted by the simulated market shares give us the total consumer surplus under the status
quo.

For the counterfactual of no-disclosure, we set all VSRs as zero in the utility function,
recompute EU;, for each Airbnb entire-home listing, and simulate its market share. This
calculation assumes everything else remains the same when the platform removes all VSRs. It
could be violated if listings adjust prices after the regime shift. Unfortunately, the vast majority
of our data precede Airbnb’s new review policy, so we cannot observe such price adjustments
directly. The reduced-form regressions in Table [6] describe the relative price difference between
VS and normal listings in the four demographic areas (under the status quo). In an alternative
calculation, we assume the no-disclosure regime would erase the price discounts of VS listings
while the pricing of normal listings remains unchanged. This gives us a comparison between no
disclosure with price changes versus no disclosure without price changes.

Under the adjusted-rating counterfactual, we change the overall rating in the utility function,
where each listing’s overall rating is adjusted to account for the number of VSRs of the listing
itself as well as listings in a 0.3-mile radius area. This calculation assumes the platform has one
additional safety rating dimension in addition to the existing 6 rating dimensions (cleanliness,
accuracy, check-in, communication, location, and value). Since we do not know how much
prices would adjust with such a rating change, we assume an ad-hoc price change (-1% for VS
listings) and simulate market shares with and without price changes under the adjusted-rating
counterfactual.

To consider the high-alert counterfactual, we use the treatment effect estimated in Column
1 of Table [9] to adjust the coefficient on VSR in the utility equation. In particular, Column
1 of Table [J] estimates the coefficient of the interaction between treated and post as -0.918,
suggesting that VS users would reduce their average monthly Airbnb reservations by 60.07%
after they posted their first VSR on airbnb. Assuming this effect is completely driven by the
coefficient on the VSR dummy in the utility equation, we calibrate how much this coefficient

has to decline (i.e. become more negative) in order to generate the same decline as estimated

36Normalized EU;; = EU,;, - ADR;./|Bo| + constant where f3; is the estimated coefficient of log(ADR) in
Equation [3| and the constant is chosen such that the normalized EU is always positive. Since we use the same
constant when we compute utility in different scenarios, the value of the constant does not affect any comparison
between scenarios.
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in Table 0] Following the detailed calibration procedure in Appendix A.2, we find that the
coefficient on the VSR dummy in the utility must decline -2.17 to fit the observed switching
behavior of VS users, suggesting that VS users are nearly 15 times more sensitive than a typical
user in the status quo. We then use this calibrated coefficient (and all the other coefficients
estimated in Table to simulate market shares under the high-alert regime without price
changes. Since we do not know how much prices would adjust as a result of the shift to the
high-alert regime, in an alternative scenario we assume an ad-hoc price change (-1% for VS
listings), to illustrate how price changes may alleviate the impact of making all users highly
alert regarding VSRs. The resulting simulation is presented as high-alert with price changes.

Table [13| reports the consumer surplus results under the above six counterfactual scenarios
(no disclosure with and without price changes, adjusted-rating with and without price changes,
high alert with and without price changes), separating VS listings (on Airbnb), normal listings
(on Airbnb), and VRBO-only listings.m A particular element in the consumer surplus calcula-
tions is worth mentioning: because guest perception of safety can be different from guests’ real
experience of safety, the realized consumer surplus should use the utilities that represent guests’
realized utilities and the simulated choice of market shares based on their perceived utilities as
shown in Table 0] More specifically, we assume the utility function described above for each
scenario represents the perceived utility, and a guest’s realized utility is represented by her
utility when the coefficient on VSR in her utility function is the same as the coefficient we have
calibrated for VS users.

Table indicates that, under the regime of high alert without price changes, consumer
surplus from VS listings would decrease by 84.22% in comparison to the status quo, mostly
because highly-alert guests would switch away from VS listings towards normal and VRBO
listings. A hypothetical 1% price drop for VS listings (in the regime of high alert with price
changes) may partially compensate the loss, leading to a smaller decline of consumer surplus
from VS listings (83.22%) in comparison to the status quo. At the same time, consumer surplus
from normal and VRBO listings (under high alert without price changes) increases by 5.42%
and 5.30%, respectively, than the status quo, and by 5.36% and 5.22% if we incorporate the
hypothetical 1% price drop of VS listings. Overall, consumer surplus under the high-alert

37The consumer surplus reported in Table [13|is for an average user in an average reservation day across all
9,940 zipcode-months.

30



counterfactual increases relative to the status quo 18.56% without price changes and 18.48%
with price changes, because the high-alert regime helps guests to reduce stays in relatively
unsafe listings.

For the same reason, consumer surplus under the no-disclosure counterfactual declines as
compared to the status quo (by 3.12% without price change and 2.59% with price changes)
because consumers cannot use VSRs as an information source to sort between VS, normal and
VRBO listings. Consumer surplus under the adjusted-rating counterfactual increases slightly
as compared to the status quo (by 1.03% without price change and 0.56% with price changes),
because the adjusted rating has incorporated vicinity safety reviews at the listing level, though
this change is much milder than the highlight in the high-alert counterfactual.

These estimated changes in consumer surplus are conservative, in part because our definition
identifies only 0.25% of all Airbnb reviews as vicinity safety reviews, and only 4.43% of listings
ever had any vicinity safety reviews in our 2015-2019 sample. Because of this, the no disclosure
counterfactual only moves 0.74% of market share from VRBO and normal Airbnb listings to VS
listings (before we take into account any price change), and the adjusted ratings incorporating
VSRs only moves 0.32% of market shares away from VS listings. In comparison, the dramatic
"high-alert” counterfactual would move 5.05% of market share away from VS listings, leaving

less than 1% of users choosing VS listings (with or without price change).

7 Conclusion

Examining the effects of vicinity safety reviews and listing safety reviews on listing performance,
we find that they both negatively affect occupancy and price, and the effect from listing safety
reviews is stronger. We also demonstrate that for guests that post about vicinity safety issues,
concerns about vicinity safety appear to be more salient, such that they are less likely to
book further stays on Airbnb, and when they do book, they tend to book in areas with fewer
official crime reports and fewer vicinity safety reviews. Using back-of-the-envelope calculations,
we show that expanding the disclosure of vicinity safety issues may disproportionately affect
hosts in low income and minority areas, and that a GBV-centric platform may prefer to limit
the disclosure of safety information about the vicinity of listings altogether, even though the

aggregate surplus of guests appears to increase when the related safety reviews are instead
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emphasized to alert prospective guests.

Combined, our findings suggest that the platform faces a tradeoff. On the one hand, the
results suggest that all Airbnb listings, and thus the platform, stand to lose revenue under
the high-alert regime. Moreover, listings in low-income and minority zip codes stand to lose a
disproportionate share of their revenues than their counterparts in high-income and white zip
codes. On the other hand, consumer surplus under the high-alert regime is higher than under
the status quo and the no-disclosure regimes. The platform thus faces a tradeoff of generating
higher revenues and attracting hosts in low-income and minority areas on the one hand, and
providing additional value to its buyers on the other.

To the extent that being inclusive is one motivation behind Airbnb’s new review policy, our
findings suggest that the policy, if fully implemented, may have some unintended consequences
on consumers and listings without safety reviews. How to balance the economic interests of all
users is a challenge to platforms and policy makers that strive to maximize social welfare. One
potential solution is that the platform may import external information about vicinity safety
and present it as an alternative to vicinity safety reviews for each listing. Unfortunately, not
all cities publish official crime statistics as the five cities in our sample do, and crime statistics
may not fully capture all of the safety concerns a guest may have in mind at the time of
booking. How to overcome these data difficulties and how to design an objective, universal,
and user-friendly metric of vicinity safety certainly merits future research.

There are a number of limitations to our analyses due to the limitations of the data. First,
the listing reviews in our data do not include potential responses from hosts. On Airbnb, hosts
can reply to guests’ reviews, which may also play a role in prospective guests’ decisions. Second,
in the user-level analysis, we only observe a user’s reservation provided that they post a review.
It is unclear whether guests are more, less or equally likely to post subsequent reviews after
posting their first VS review. More specifically, if VS users are more vocal and thus more
likely to post subsequent reviews after their first VS review, then our findings underestimate
the magnitude of the effects on their subsequent booking activity; if, however, VS users are
less likely to post subsequent reviews, then our findings overestimate the effects. Third, the
users in our user-level analysis are limited to those users who have ever made reservations

in the five major US cities we consider. Fourth, we do not have listing reviews for VRBO
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listings nor did we consider hotels as an outside option in our utility estimation¥| Fifth, our
data analysis ends in December 2019, the same month when Airbnb announced its new review
policy. Because we do not know exactly how Airbnb implements its new policy on “irrelevant”
reviews, our simulations about no-disclosure and high-alert counterfactuals are hypothetical,
and do not account for other changes in which Airbnb guests and hosts may engage should
these counterfactual regimes happen in reality. In particular, we do not know how guests may
readjust their beliefs regarding vicinity safety for all listings if they are fully aware that the lack
of vicinity safety reviews is driven by a platform policy rather than user experience. In that
case, they may seek safety information from alternative sources, and adjust their perspective
regarding the vicinity safety of all listings on the platform.

These limitations suggest directions for future work. In particular, VRBO does not have a
policy of discouraging reviews about the vicinity of listings, as Airbnb introduced in December
2019. This may facilitate an interesting comparison between VRBO and Airbnb listings in
the same locales, given a sample period that encompasses Airbnb’s implementation of its new
review policy.

More broadly, the tradeoff we observe on Airbnb are becoming more common. YouTube,
for instance, has recently adopted a policy of hiding dislike counts on shared VideosF_g] and
Instagram has considered giving users the option of hiding likes["] As digital platforms expand,
tradeoffs regarding information disclosure are likely to attract more attention from researchers,

user groups, and policymakers.
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Vicinity safety keywords:

‘abuse’, ‘ally way’, ‘and run’, ‘appalling’, ‘assaulted’,
‘bad neighborhood’, ‘bit scary’, ‘blighted’, ‘burglar bars’,
‘creepy’, ‘dangerous neighborhood’; ‘not safe’,
‘dicey’, ‘do drugs’, ‘drug addict’, ‘drug dealers’, ‘drug use’,
‘drug users’, ‘drugs’, ‘extremely dangerous’, ‘fights’, ‘gang’,
‘government housing’, ‘gunpoint’, ‘harassed’,
‘homeless’, ‘incredibly unsafe’, ‘loud music’,
‘meth’, ‘mugged’, ‘pretty dangerous’, ‘rough area’,
‘run down’, ‘shady characters’, ‘shady neighborhood’,
‘shooting up’, ‘tenement area’, ‘uneasy’,

‘unsafe’, ‘very sketchy’, ‘yelling’

Listing safety keywords:

‘alarming’, ‘threatening’, ‘brown stains’, ‘cigarettes’,
‘dangerous’, ‘dangling’, ‘peril’, ‘disgusted’, ‘disgustingly’,
‘drugs’, ‘dump’, ‘excrement’, ‘exposed pipe’,

‘felt violated’, ‘filthy’, ‘fire hazards’,

‘something fishy’, ‘very poor’, ‘mold’, ‘grime’,

‘not maintained’, ‘gross’, ‘harass’ ‘hazard’, ‘hazards’,
‘highly uncomfortable’, ‘safety concern’, ‘illegally’, ‘infested’,
‘inhospitable’, ‘loosely attached’, ‘meth’, ‘mice’, ‘naked’,
‘no instructions’, ‘not provided’, ‘scam’; ‘unhygienic’,
‘roaches’, ‘sanitation issues’, ‘shocked’,

‘slippery tub’, ‘squalid’, ‘stained’, ‘sticky’, ‘terrible condition’,
‘threatened’, ‘unannounced’, ‘unlocked door’, ‘worst’,

Vicinity location keywords:

‘neighborhood’, ‘area’; ‘feel’, ‘felt’, ‘night’, ‘location’,
‘walking’, ‘people’; ‘seemed’, ‘outside’, ‘looked’, ‘looks’, ‘late’,
‘surrounding’, ‘located’, ‘neighbourhood’, ‘walked’, ‘areas’,
‘feeling’, ‘streets’, ‘street’, ‘outside’, ‘parking’, ‘neighbors’

Negative keywords:

VA4

‘hardly’, ‘never’, ‘scarcely’, ‘seldom’, ‘barely’, ‘no’, ‘not’,

P4 P4

‘without’, ‘nothing’, ‘nobody’, ‘neither’, ‘nor’; ‘none’

Table 1: Vicinity and listing safety review keywords
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)

)

(4)

VARIABLES log_adr utility utility utility
lag_log_eh_radius_ave_review_utd -0.00558#**x*
(0.00171)
log_eh_radius_ave_rating_overall 0.00307
(0.0112)
eh_radius_ave_superhost_dummy 0.00479
(0.00370)
eh_radius_ave_cross_listing -0.00115
(0.00953)
eh_radius_ave_strict_cp 0.00306
(0.00334)
log_adr -1.100%*
(0.00903)
log_adr_iv -6.735%x
(1.609)
lag_vicinity_sr_cumu_dummy -0.00985%** -0.0805%x* -0.0914**x  -0.147***
(0.00263) (0.0123) (0.0121) (0.0199)
lag_listing_sr_cumu_dummy -0.0184%*x -0.0806*** -0.101%**  -0.204**
(0.00247) (0.0108) (0.0107) (0.0315)
lag_vicinity_ehlisting_radius_pc -0.0129 -0.107* -0.129% -0.240%%*
(0.00944) (0.0550) (0.0549) (0.0634)
lag_log_crimewhole_cumu_norm -0.0284 0.278xx* 0.249xxx 0.102
(0.0215) (0.0935) (0.0932) (0.105)
lag_log_review_utd 0.0197*x=  0.000443  0.0220%**  0.132%**
(0.000874) (0.00351)  (0.00347) (0.0317)
log_rating_overall 0.0123+ 0.291 #x* 0.304#xx* 0.37 3%
(0.00676) (0.0278) (0.0279) (0.0339)
superhost_dummy 0.0166%+*  0.0467*+*  0.0651***  0.159**
(0.00105)  (0.00431) (0.00424) (0.0272)
cross_listing -0.00634*  0.0640%*x  0.0570% 0.0211
(0.00381) (0.0147) (0.0144) (0.0180)
strict_cp 0.00443%*x  -0.0455%+* -0.0405+**  -0.0151~*
(0.00136)  (0.00542)  (0.00534)  (0.00905)
Constant 5127%xx  -3.971#xx  1.655%%* 30.48x**
(0.0337) (0.0858) (0.0978) (8.234)
Observations 1,014,301 1,014,301 1,014,301 1,014,301
R-squared 0.913 0.789 0.800 0.789
Time*City FE Yes Yes Yes Yes
PropertylD FE Yes Yes Yes Yes
CSEs PropertylD PropertylD PropertylD PropertylD
Sample EH EH EH EH
F statistic: 288.5

Robust standard errors in parentheses

xex p<0.01, #* p<0.05, * p<0.1

Table 12:

Utility estimation
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A Mathematics Proof

A.1 Proof on how to do reduced-form back of envelope calculation

for the “high-alert” counterfactual

Denote:

X1 # bookings of vicinity safety listings in high-income neighborhoods, under the status

vsl —

quo

XL

- = # bookings of vicinity safety listings in low-income neighborhoods, under the status

quo

XH = 4 bookings of normal listings in high-income neighborhoods, under the status quo

XL = 4 bookings of normal listings in low-income neighborhoods, under the status quo

YH — 4 bookings of vicinity safety listings in high-income neighborhoods, under “high-alert”

vsl

Y.L = # bookings of vicinity safety listings in low-income neighborhoods, under “high-alert”

v

Y = # bookings of normal listings in high-income neighborhoods, under “high-alert”

Y,Z = # bookings of normal listings in low-income neighborhoods, under “high-alert”

We observe { X XTI, X XLl and reduced-form impacts of a user submitting a safety

vsly usly el
review out of self-experience. Our goal is to solve for {V2 VI, 'V YLl
Self-experience of vicinity safety makes a guest 8; (percent) more likely to make any bookings
on Airbnb according to the Column 1 of Table [0 The coefficient on safetyuser x post =
—0.918 in a Poisson regression, implying that safety review reduces monthly reservations by
f1 = exp(—0.918) — 1 = —0.6007. In our notation, we have function [

(YA +YE +YVI+YE

vsl vsl
4
— (XM XE) (14 )+ X+ X @)

v vsl

TV
item A

Self-experience of vicinity safety makes a guest (5 (percent) more likely to make a booking

in an H neighborhood, conditional on she makes any booking on Airbnb. Note that the safety
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experience, if it occurs, has a 30% chance to occur in an H neighborhood and a 70% chance to
occur in an L neighborhood.

According to Table column 1, the coefficient of safetyuser x post = —0.351 for the
probit of booking in H if V.S in H, which implies that having a safety review in H will change
the probability of the booking in H by Byvs in # = —0.0722. According to Table (10| Column
2, the coefficient of safetyuser x post = +0.316 for the probit of booking in H if V.S in L,
which implies that having a safety review in L will change the probability of the booking in L
by Bavs in 1 = +0.0781. And denote the probability of vicinity safety listings in H(L) area as

Pryig = 0.0245 (Pry|;, = 0.0655 ) In our notation, this means:

prob(booking in H|anybooking)

YvI:sIl+YnI_lI
le‘-sIlJ'—le‘;l—"_Y}lI—"_Ynli
X + X1 (0.3 (1+ Pryy - B ) +0.7-(1+ Pry- 8 )
= (V.o - TVIH " P2IVS in H i TVIL - P2|vS in L
Xob+ Xig + X0+ X5

vsl vsl
~
item B

(5)

Self-experience of vicinity safety makes a guest (5 (percent) more likely to make a booking

in a VSL, conditional on she makes any booking on Airbnb. According to Table [J] column 6,

the coefficient of safetyuser x post = —0.490 for the probit of booking in any V SL, which

implies that having a safety review will change the probability of the booking in any V.SL by
B3 = —0.0747 and the probability of vicinity safety listings is Pry = 0.0443.

In our notation, this means:

prob(booking in V'S L|anybooking)

J— YUI_sIl+YUL;l
= YA o = 7 (L+ Pry - fs)
X+ X0+ X+ X

vsl
TV
item C

vsl
NS

So far, we have four unknowns and three equations, so we need an extra equation, which

implies that the fraction of V' SL in each neighborhood does not change. Denote this fraction
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as ol this amounts to:

YH H

X
vsl vsl H
YH_i_YnIlfsz _i_Xr}lHll'(1+P’FV'63):avsl'(l_l_PTV'ﬁi%) (7)

vsl vsl

Combining Equations [4} [}, [f| and [7] and solving for {V,2, V.5 Y2 Y5}, we have:

vsly “wsly “nl >y T nl

v +vh Vi + Y
vs n _ tws o — B.(0.3-(1+P . in 0.7-(14+Pry- in

VYL YV Y\ (0.3-(1+Prvig-Bavs in 1) +0.7-(1+Pryir-Bojvs in 1))

(8)

VE+Y]=A-B-(03- (14 Pryjg-Bows inu) +0.7- (L4 Pryj - Boys in 1)) (9)

vs vs _ s vsl _ . (1 P . 10

FESEIERY Ea A R v

YA +YE=A-C-(1+ Pry - Bs) (11)

vH v H
CL = vs = o, (1+Pry-

YE+YHE  A-B-(03-(1+ Pryg - Boyvs in ) +0.7- (14 Pryip - Bopvs in L)) ! v

(12)

So the solutions are:

}/vgl:aq[;{sl(1+PTV53)AB(03(1+PTV\H/32|VSmH)+O7(1+PTV\L62\VSmL))
YnHIAB<03(1+PTv\Hﬁ2|VS”mH)+O7(1+PTv‘L52‘VSmJL))—Y;I:l
Yiy=A-C-(1+Pry-8)-Y]

vsl

Yi—A-YH

n vsl

- Yn]? -Y)

vsl

(13)

Similar calculations are performed for W/M areas.
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A.2 Extend the DID results of VS users to the consumer surplus

counterfactual based on utility

The coefficient on sa fetyreview X post = —0.918 in a Poisson regression according to the Table
9] Column 1, which is a 60.07% decrease. Given the average number of reservations per month
for a single VS user in our sample is 0.1092 and review rate is 44.56%, the reservation that a
VS user book in Airbnb is 0.066/0.4456 less than a normal user after she has reported a VS
issue in her first VSR. A V.S user is less likely to book Airbnb reservations than a normal user

after she has reported a V.S issue in her first VSR is described by:

[# Airbnbbookingy s useraft — #AIrbnbbookingy s user.pef] 14)

—[#Airbnbbookingnr user.aft — #FA1rbnbbookingn s userper] = —0.147
Assuming V'S and normal users have the same tendency to book short-term rental (i.e. #
of total short-term rentals are the same), the above equation can be rewritten as user i’s market
share for all Airbnb choices >

jeAirbnb Sij-

(8 ZjeAz’rlmb 52’3’) B (8 ZjeAirbnb Sij
i=V'S user

= —0.147 15
alVSR alVSR )iNM user ( )

Assume utility function is:
Uij = BX; +yvm + Ay - lysgr,; + €5 (16)

Where vy, indicates normal users’ sensitivity to observing any V. SR in a listing, vy + A7y

indicates V.S users’ sensitivity to V.SR. The market share of all Airbnb reservations is:

1
L+ ic airbnp €2P(Usj)

Z sij =1—=8;,vreo =1 (17)

jeAirbnb

Then:
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( 0 ZjGAirbnb Sij

o1 ) - +7NM * SNM user,V RBO * E SNM wuser,j
VSR i=NM wuser

jEAirbnb & lysg

(8 ZjeAirbnb Sij

o1 ) = +(7NM + A’Y) * SV S user,VRBO * E SVS user,j
VSR i=V'S user

jEAirbnb & lysgr
Denote a user’s total probability of choosing any Airbnb listing with V.SR > 0 as:

SNM user,Airbnb & lygp — E SNM user,j
JEAirbnb & lysgr

SV S user,Airbnb & lygr — E SVS user,j
jEAirbnb & lysgr

The DID results can be written as:

+(YNM F+ AY) - SUS user, VRBO * SVS user, Airbnb & 1y 5g

—YNM * SNM user,V RBO * SNM user,Airbnb & 1ygp = —0.147

(18)

(22)

Note that we observe normal users’ market shares in the data because almost all users are

normal users, but we do not observe V' S users’ market shares because we cannot track V.S users

in all Airbnb and V RBO bookings. However, the utility framework spells out how these two

types of users differ. More specifically, the model implies:

SNM user,VRBO — __ (143 airtmp €2P(BX+YNar-lvsr)) !
5VS user,VRBO (142 jc airpns €@P(BX+ N2 lvsr+Ay-1vsr)) !
14375 c airbnp €BP(BX+YNM-1vsr+ Ay 1y sR)
143 Airbnb €2P(BX+YNM-1vsk)
1437 e Airbnp €2P(BX)+exp(AY) 37 c airpny €2P(BX+YN M)
1432 c Airono €2P(BX+YNn a1y sr)
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This implies:

SNM user,V RBO

SVS user,VRBO =
SNM user,VRBO + snm user,Airbnb & V.SR=0 + €Ip(A’}/) * SNM user,Airbnb & lysgr

(24)

Similarly:

ZjcAirbnb & 1y gp “PBX+INM)
SNM user,Airbnb & lygp 1425 Airbnb cxP(BX+YN M1V SR)
SVS user,Airbnb & 1y gpg YjcAirbnb & 1y gp “CPBXFINMTAY)

1+ jc Airbnb ¢@P(BX+YN M 1y sSRTAY 1y SR)

jEAirbnb & 1ygg “PBX+INM)

1+ Airbnb €*P(BX+YN M1V SR)
eep(A7) X je Airbnb & 1y g “PPBX+HINM)
e Airbnb @PBXFINM LV SRTAY TV SR)

— eq:p(A'y) 1+E]‘1€Airbnb exp(BX+ynvm-lvsr+Ay-lvsr)
+>_je airbnp €TP(BX+IN M1y sR)
14275 Airbnb & vsRr=0€ZP(BX)+exp(AY) 3 c Airbnb & 1y g5 “CPBX+INM)
14+37 e Aironp €ZP(BX+YN M- 1vsr)

= exp(Av)
= exp(AY) - (SNM user,V RBO + SNM user, Airbnb & VSk=0 + €xp(A7Y)

*SNM user,Airbnb & 1VSR)

(25)

This implies:

1
SVS user,Airbnb & lyggr exp(A7)
SNM user,Airbnb & 1y gR

SNM use'r,VRBO"’SNM user,Airbnb & VSR:O"'el’p(A’Y)'SNM user,Airbnb & 1y gp

(26)
Plug these into the DID results:
(/YNM + AW) * SV S user,VRBO * SVS user,Airbnb & lysgr (27)
—YNM * SVS user,VRBO * SVS user,Airbnb & lysr — —0.147
INMFAY | SNM user,VRBO'SNM wuser,Airbnb & ly,gR
exp(AY)  (SNM user,VRBOTSNM user, Airbnb & 1y gp_oT€TP(AY) SNM user,Airbnb & 1y gp)° (28)

= —0.147 + YNM * SNM user,VRBO * SNM user,Airbnb & lysg
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Because almost all users are normal users, the data gives us syas user,vrBO (Mmarket share
of VRBO), SN user.Airbnb & vsr—o (total market share of all normal Airbnb listings), and
SNM user, Airbnb & 1ysp (total market share of all Airbnb VS listings). We also know yyjs from
the utility regression. Thus, the only unknown in the above equation is Avy. We can solve it

easily and get Ay = —2.17.
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