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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, 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 sup-

pressing or highlighting 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.1 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

1See, for example, https://www.airbnb.com/help/article/2673/airbnbs-review-policy and
https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-

for-our-community/td-p/1191576.

2

https://www.airbnb.com/help/article/2673/airbnbs-review-policy
https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-for-our-community/td-p/1191576
https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-for-our-community/td-p/1191576


is collected by AirDNA, a third party that tracks Airbnb listings and listing-specific feedback

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 1.23% of guest reviews are related to safety, of which 98.27% are about vicinity

safety rather than listing safety. This implies that Airbnb’s limit on vicinity safety reviews,

if strictly enforced during our sample period, would have eliminated almost all reviews that

mention safety concerns on Airbnb.

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 t 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 0.6 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 1.01% reduction in the listing’s monthly occupancy rate and a 1.33% 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 2.59% drop in occupancy and 1.72% 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
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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 fewer listings with safety reviews. All 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 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 two counterfactual scenarios:

eliminating all vicinity safety reviews, 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 scenario that eliminates all vicinity safety reviews on Airbnb, we find that

the status quo increases consumer surplus by around 0.86% (without price change), because

vicinity safety reviews help guests to substitute Airbnb listings with such reviews for Airbnb

listings without them or located elsewhere, or for listings on a competing platform (VRBO).

In comparison, 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 0.21% (without

price change).

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 the status quo

generates $30.84M (0.46%) less general booking value (GBV), or revenue from reservations,

for listings on Airbnb in our sample than when eliminating vicinity safety reviews from those

Airbnb listings. Making all guests as alert as those that have written vicinity safety reviews

could decrease Airbnb’s GBV by 8.01% or $538.87M. These calculations highlight the diverging

interests between Airbnb guests, Airbnb hosts located in areas with different vicinity safety,

and the entire Airbnb platform.
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As we detail in the next section, our work contributes to the empirical literature of on-

line feedback and seller reputation, and the rising literature of information design in online

platforms. As an information intermediary, online platforms have more incentives than a tradi-

tional seller to alleviate information asymmetries between buyers and sellers. However, online

platforms are still inherently different from a social planner, because they maximize their own

profits rather than the total welfare of buyers and sellers on the platform, and they do not

internalize the impact of their policies on competing platforms. Our empirical findings high-

light 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 pol-

icy 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 calculation on how listings’ GBV and consumer

surplus would change in two 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 Your City UberX trips are rated by passengers
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(Liu et al., 2021). In comparison, 53.1% 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 38.91% 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. This suggests that cumulative safety reviews do contain useful information

regarding a zip code’s actual safety status, with informativeness that may have increased over

time. In comparison, a few studies argue that the online feedback systems may become less in-

formative over time because of the feedback bias reasons cited above (Barach et al., 2020; Klein

et al., 2009; Hui et al., 2021). Most of these studies infer feedback informativeness from the

content of feedback or policy variations within the feedback system. Our approach is different,
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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 al., 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 discourages 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, 2006).

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
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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 has 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 highlighting 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, so 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 but mixed evidence for
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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 correlated with the focal listing’s

occupancy rate, but positively correlated with 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; Ursu, 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
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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-Guzmán, 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-Guzmán, 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 certain areas.

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 more than 7 million listings from

approximately 3 million hosts across a wide range of geographic areas (Coles et al., 2017).2 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 2017-2019.3

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

2See, for example, https://www.stratosjets.com/blog/airbnb-statistics/ and https:

//ipropertymanagement.com/research/airbnb-statistics.
3See, e.g., https://xtown.la/2020/10/16/crime-short-term-rentals/.
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protection from rental platforms as far as crimes they may experience in a listing’s vicinity.4

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 neighborhoods5, and perhaps most readily linked to each listing, the listing’s

reviews from prior guests.6 Airbnb enables guests and hosts to blindly review each other after

a guest’s stay.7 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 removal.8 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

Airbnb enforces this policy as far as vicinity safety reviews, but anecdotes suggest that some

reviews that touched on neighborhood safety have been removed.9 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

4See, for instance, https://www.airbnb.com/help/article/2908/terms-of-service and https://www.

vrbo.com/en-gb/legal/traveller-terms-and-conditions.
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://www.airbnb.com/help/article/2673/airbnbs-review-policy and

https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-

for-our-community/td-p/1191576.
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://www.bloomberg.com/

opinion/articles/2021-05-26/airbnb-took-down-my-negative-review-why, on November 26, 2021.

11

https://www.airbnb.com/help/article/2908/terms-of-service
https://www.vrbo.com/en-gb/legal/traveller-terms-and-conditions
https://www.vrbo.com/en-gb/legal/traveller-terms-and-conditions
https://www.neighborhoodscout.com/
https://www.airbnb.com/help/article/2673/airbnbs-review-policy
https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-for-our-community/td-p/1191576
https://community.withairbnb.com/t5/Airbnb-Updates/Making-reviews-more-relevant-and-useful-for-our-community/td-p/1191576
https://www.bloomberg.com/opinion/articles/2021-05-26/airbnb-took-down-my- negative-review-why
https://www.bloomberg.com/opinion/articles/2021-05-26/airbnb-took-down-my- negative-review-why


help in that regard. Anecdotes suggest that hosts have complained about the harm they suffer

from “irrelevant” reviews about the vicinity of their listings,10 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.”11 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.

To be clear, Airbnb has adopted other methods to address neighborhood safety directly.

For example, Airbnb introduced a neighborhood support hotline in December 201912, 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.

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://blog.castac.org/2021/03/airbnbs-

location-ratings-as-anti-black-spatial-disinvestment-in-washington-d-c/.
11https://airbnb.design/values-driven-design/.
12https://news.airbnb.com/an-update-on-our-work-to-support-neighbors-around-the-world-2/
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Airbnb’s review system also allows guests to leave a 1-5 star rating by specific categories

(cleanliness, accuracy, check-in, communication, location, value, and amenities), 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.”13 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

room, or hotel room) as well as the host’s unique identifier. Listings also have time-variant char-

acteristics, including average daily rate,14 the number of reservations, days that are reserved

by guests, occupancy rate,15 number of reviews, overall rating scores,16 the listing’s Superhost

status,17 the listing’s guest-facing cancellation policy,18 the average number of words in the list-

13https://community.withairbnb.com/t5/Host-Voice/quot-Location-quot-As-A-Guest-Review-

Point/idi-p/162137.
14Average 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.

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

16Overall 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

13

https://community.withairbnb.com/t5/Host-Voice/quot-Location-quot-As-A-Guest-Review-Point/idi-p/162137.
https://community.withairbnb.com/t5/Host-Voice/quot-Location-quot-As-A-Guest-Review-Point/idi-p/162137.


ing’s reviews, the number of listings in the same zip code, and whether the listing is cross-listed

on VRBO.19

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 2,969,840

listing-months observations on Airbnb, and 164,034 listing-months observations on VRBO.

We define two different types of safety reviews — listing safety review 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 the floor is slippery”, or “the listing is unsafe because the stairs are too small and

there’s no railing”). Vicinity safety reviews contain information pertaining to the safety of

the nearby vicinity or neighborhood of the listing (e.g., “the neighborhood is unsafe”, “dodgy

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., 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 manually inspecting the matching reviews. Our aim is to have a

broad definition of safety, so we include both reviews that are explicitly negative about safety

(e.g., “The neighborhood is dodgy,”), as well as those that express only mild concerns (e.g.,

“Neighborhood was a little rough looking, but it wasn’t a problem.”). After several rounds, we

expanded the list to 36 vicinity safety keywords and 5 listing safety keywords, as delineated in

Table 1.

As far as vicinity safety reviews, to further improve the precision, and to ensure that the

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

whether a listing’s cancellation policy is strict or not.
19Only listings with entire home that could be both listed on Airbnb and VRBO.

14



aspects of a listing, we similarly identified a list of 21 location keywords that tend to indicate

a statement about the surrounding area (e.g., “neighborhood”, “area”, “outside”) in Table

1. 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.20

This approach resulted in 70k matched vicinity safety reviews and 1.5k matched listing safety

reviews across the 5 cities. As shown in Table 1 and Table 2, the top matching vicinity safety

keywords are “unsafe” (11,648), “sketchy” (10,227), “dark” (10,208), and “safety” (7,000), and

the top matching listing safety keywords are “unsafe” (588), “hazard” (384) and “slippery”

(345). As an additional validation check, we sampled several hundred matches at random and

manually labeled them as relevant or not, finding 86% accuracy.21 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

Chicago22, New Orleans23, New York City24, Atlanta25, and Los Angeles.26 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 Bureau27. We

20While 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.

21This indicates a 14% false positive error rate. 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.

22Official crime data in Chicago: https://data.cityofchicago.org/Public-Safety/Crimes-2001-to-

Present/ijzp-q8t2.
23Official crime data in New Orleans: https://data.nola.gov/browse?q=crime.
24Official crime data in New York City: https://data.cityofnewyork.us/widgets/qgea-i56i.
25Official crime data in Atlanta: https://www.atlantapd.org/i-want-to/crime-data-downloads.
26Official crime data in Los Angeles: https://data.lacity.org/A-Safe-City/Crime-Data-from-2010-

to-2019/63jg-8b9z.
27See, e.g., https://www.census.gov/data.html.
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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 above or below 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 18% 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

of VS listings are lower on average than normal listings.

The mean number of cumulative VSRs (aggregated up to the reporting month) is 0.33 across

all Airbnb listings, while the mean number of cumulative listing safety reviews (LSR) is 0.005.

The monthly trends for the percentages of VSRs and LSRs are depicted in Figure 3, where the

percentage of VSRs is decreasing and the percentage of LSRs is increasing 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 groups, it appears

that the low-income group dominates the volume of VSRs, though this trend is reversed in

the minority group in comparison to the white group for some VS keywords (such as “steal,”

“safety,” “poor,” “drug,” “dark,” and “blight”).

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

— 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.28 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

28Due 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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illustrates the correlation trends for the four different groups of zip codes (high-income, low-

income, white, and minority). Figure 6 indicates that the correlation in all four groups exhibits

an increasing trend, suggesting that the cumulative number of VSRs in a zip code is more likely

to reflect the actual crime reports in the zip code over time. Lower-income and minority zip

codes tend to have a more significant increase in such correlation at the beginning of our sample

period, compared with high-income and white zip codes, possibly due to their higher number

of VSRs and crime records in the raw data.

5 Empirical Analysis

5.1 Effects of Safety Reviews

We begin by assessing the effects of VSRs and LSRs. Our hypotheses 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:

yi,t = αi + αk,t + δXi,t + β1Crimei,t−1+

β2LSRi,t−1 + β3V SRi,t−1 + β4V SRADIUSi,t−1 + εi,t, (1)

where i denotes a listing i-month t observation, Crimei,t−1 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 i is located, LSRi,t−1 and V SRi,t−1 are two dummy

variables that equal 1 if the listing has at least one LSR and VSR, respectively, before month t,

V SRADIUSi,t−1 is the percentage of listings that have at least one VSR within a 0.3-mile radius

of listing i prior to month t, Xi,t 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

the listing is hosted by a Superhost. The dependent variable yi,t is either the log of listing i’s

average daily rate (ADR) in month t, or the log of listing i’s monthly occupancy rate (calculated

as log of 1 plus the occupancy rate).29 Listing and City–year-month fixed effects are denoted

29Some 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.,
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by αi and αk,t, respectively, where the city of listing i 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 (Columns 2 and 4 of 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 1.01% reduction in the listing’s

monthly occupancy rate and a 1.33% reduction in its average price per reserved night; having

an LSR is associated with a 2.59% drop in occupancy and 1.72% 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.

In contrast, normalized official crime records and the percentage of listings with VCRs

within a 0.3-mile radius are both 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 0.065% lower whereas the occupancy rate is 0.067% higher.

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 Crimei,t−1,

suggesting that the variable Crimei,t−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.

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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Comparing the coefficients on VSRs and LSRs for the whole-sample specifications (Columns 2

and 4 of Table 3) to the conditional sample with positive occupancy rates (Columns 2 and 7

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 review.30 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 12 or fewer reviews, the negative effects of having any VSR and LSR on occupancy

rate (0.98% for VSR and 4.39% for LSR) are higher than the corresponding negative effects

for listings with more than 12 reviews (0.24% for VSR and 1.60% for LSR). However, Columns

8 and 9 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, as well

as for the number of properties hosted by the listing’s host.31 As Columns 5, 6, 10 and 11

of Table 4 indicate, the results do not qualitatively change from our main specifications when

incorporating these additional controls.

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

crime levels for listings in these categories. We proceed with a similar empirical methodology

as in (1), but with different subsamples.

We begin by analyzing four groups of zip codes separately (high-income, low-income, white,

and minority). Table 6 shows that VSRs have negative effects on occupancy rates across all four

30To be clear, the same listing may be in both subsamples over time, but belong to only one of the subsamples
in any given month.

31Host responses to safety reviews are not observed in our data
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subsamples. The negative effects of having any VSR have higher magnitudes in high-income

and white zip codes (1.10% and 1.09%) than in low-income and minority zip codes (0.88% and

0.89%). 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 (1.03% and 1.31% for VSR and 3.29% and 3.52% for LSR, respectively) in

comparison with entire-home listings (1.00% for VSR and 2.41% 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 three 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

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
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the user left reviews, and the average percentage of overall VSRs and VS listings in the same

zip codes as listings for which the user had previously left reviews. 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,

and the percent of listings with any VSR in the zip code of these reservations. 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. The result of this logistic regression is presented in Table 8. Panel A of Table 9 reports

that the treatment and control users are similar as far as the characteristics considered in the

KNN method (i.e., before the treatment users’ first VS review — Panel B of Table 9 reports

the characteristics for the two user groups considering all of their reviews); the two user groups

also have similar propensity scores, as shown in Figure 7.

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:

yi,t = αt + αp + β · treati + γ · treati × postt + εi,t, (2)

where the subscript p denotes the treatment-control pair we have identified in the sample con-

struction and αp is pair fixed effects. We have constructed several measures for the dependent

variable yi,t: the first is the number of reviews that user i wrote in month t. We use it as a

proxy of user i’s Airbnb reservations in t, 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 t. The other measures are the number of VSRs in the reserved listings, the percentage
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of VS listings in the zip codes of the reserved listings, and whether the reserved listings have

any VSR. The dummy variable treati equals 1 for VS users and 0 otherwise, and the dummy

variable postt equals 1 if t is after the time of the first VSR of user i. Year-month fixed effects

are denoted by αt, standard errors are robust and clustered by treatment-control pairs.

Column 1 of Table 10 reports results from 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 31.06% lower for VS users in comparison with normal users.32

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 10

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.

Table 11 reports 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

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

32This is not the coefficient of the treatment dummy (-0.372) because we use a Poisson model for this regres-
sion, i.e., the applicable percentage is 1− e−.372.
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low-income or minority areas, and tend to avoid such areas in future bookings.

From the interaction term in Table 11, it is apparent that VS users exhibit a positive effect

on subsequent reservations in opposite zip codes (Columns 2, 3, 6, and 7) and a negative effect

on in the same zip codes (Columns 1, 4, 5, and 8), and that the effect has a higher magnitude

for reservations in high-income or white areas (Columns 1, 2, 5, and 6) compared with low-

income or minority areas (Columns 3, 4, 7, and 8). However, since 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 (with a ratio around 4:6), 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

advantage over VS listings.

23



To highlight these diverging interests, we run back-of-envelope comparisons with respect to

the revenues of VS and normal listings, under three information regimes: (i) the status quo, (ii)

no disclosure (where all VSRs are removed), 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.

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 1.23% of reviews are identified as

safety reviews and only 18% 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.33 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 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 col-

lect 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. The gains/loss are calculated as the decrease in revenue that results from the reduction

in the number of reservations due to VSRs, should all normal users react in the same way as

33In 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 users, based on the results from Table 11.

The calculations are summarized in Table 12. 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 2.49% and 2.41%,

respectively, which is higher than the corresponding increases of VS listings in high-income

and white zip codes (2.17% and 2.11%, respectively). One possibility is that low-income and

minority zip codes tend to have more VSRs, hence they stand to benefit more when such

reviews are eliminated. Normal listings in high-income and white zip codes, on the other hand,

are harmed when no VSRs are available, with percentage revenue decreasing 0.15% and 0.23%,

respectively. However, normal listings in low-income and minority zip codes stand to gain

slightly when switching to a regime of no disclosure, with percentage revenue increasing 0.14%

and 0.15%, 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 from higher prices.

Table 12 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 8.83%

and 9.09% declines for VS listings and 7.48% and 7.92% declines for normal listings. And,

their counterparts’ VSL in high-income and white zip codes alsp 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 12, shifting from the status quo to

the no-disclosure regime will increase Airbnb’s GBV by 0.46%. In comparison, a shift from the

status quo to the high-alert regime will reduce Airbnb’s GBV by 8.01%.

25



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.34 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-

home listing or the outside good (VRBO) so as to maximize her utility from the listing, where

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

as:

Ui,t = EUi,t + εi,t

= αi + αk,t + δ ·Xi,t + β0 · log(ADRi,t) + β1 · Crimez,t−1

+ β2 · LSRi,t−1 + β3 · V SRi,t−1 + β4 · V SRADIUSi,t−1 + εi,t.

If εi,t conforms to the logistic distribution, we can express the market share of listing i at

time t as si,t =
exp(EUi,t)

1+
∑
j exp(EUj,t)

. Thus:

ln(si,t)− ln(s0,t) = EUi,t (3)

This is equivalent to regressing the difference of log market share between listing i and the

outside good (ln(si,t) − ln(s0,t)) on the attributes of listing i in month t. The right-hand side

of Equation 3 is similar to Equation 1 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 ADRs of private-

34Listings that co-list on Airbnb and VRBO are treated as Airbnb listings, thus inside goods.
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room listings in the same zip code-month. The underlying assumption is that entire-home and

private-room listings appeal to different sets of guests, but share common cost shocks in the

same zip code-month. As shown in the first column of Table 13, the instrument is strongly

correlated with log(ADR), and the first stage F-statistics is high (327). The OLS and IV

estimation results of the utility function are reported in the last two columns of Table 13. The

results suggest that guest reservations are sensitive to price, and guests dislike listings with any

VSRs or LSRs, everything else being equal.

Using the IV results in Column 4 of Table 13, we then calculate EUi,t for each Airbnb

listing-month under the status quo, and normalize it into US dollars.35 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 EUi,t 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.

To consider the high-alert counterfactual, we use the treatment effect estimated in Column

1 of Table 10 to adjust the coefficient on VSR in the utility equation. In particular, Column

1 of Table 10 estimates the coefficient of the interaction between treated and post as -0.372,

suggesting that VS users would reduce their average monthly Airbnb reservations by 31.06%

after they posted their first VSR on airbnb. Assuming this effect is completely driven by the

coefficient on VSR 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 in Table 10. We

35Normalized EUi,t = EUi,t · ADRi,t/|β0| + constant where β0 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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then use the calibrated coefficient of VSR in the utility function (and all the other coefficients

estimated in Table 13) 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 14 reports the consumer surplus results under the above four counterfactual scenarios

(no disclosure 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. A

particular element in the consumer surplus calculations 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 8. 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 14 indicates that, under the regime of high alert without price changes, consumer

surplus from VS listings would decrease by 33.67% 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 (26.92%) 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 6.37%

and 3.90%, respectively, than the status quo, and by 5.15% and 3.16% if we incorporate the

hypothetical 1% price drop of VS listings. Overall, consumer surplus under the high-alert

counterfactual increases slightly relative to the status quo (0.213% without price changes and

0.210% 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

slightly as compared to the status quo (by 0.087% with price change and 0.079% without

price changes), because consumers cannot use VSRs as an information source to sort between
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VS, normal and VRBO listings.

7 Discussion

Combined, the findings from our back-of-the-envelope and consumer surplus calculations sug-

gest 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 rev-

enues 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.

Such tradeoffs are becoming more common. YouTube, for instance, has recently adopted a

policy of hiding dislike counts on shared videos,36 and Instagram has considered giving users the

option of hiding likes.37 As digital platforms expand, tradeoffs regarding information disclosure

are likely to attract more attention from researchers, user groups, and policymakers, and the

consequences are likely to be more pronounced.

8 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

36https://www.nbcnews.com/tech/tech-news/youtube-hiding-dislike-counts-effort-protect-content-creators-
harassme-rcna5232

37https://about.instagram.com/blog/announcements/giving-people-more-control
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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

emphasized to alert prospective guests.

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

listings nor did we consider hotels as an outside option in our utility estimation.38 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

38Hotels, in particular, may offer enhanced safety measures to their guests through security arrangements and
by having door and security staff.
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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.
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Appendix

Figure 1: Distribution for keywords of vicinity safety review
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Figure 2: Distribution for keywords of listing safety review
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Figure 4: Distribution for keywords of vicinity safety review in H & L zip codes
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Figure 5: Distribution for keywords of vicinity safety review in W & M zip codes
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Figure 7: Distribution of Propensity Score for Control and Treatment Group

Figure 7: Distribution of Propensity Score for Control and Treatment Group (cont.)
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Q

CS|less info =              ‐

CS|full info =   

Figure 8: Consumer Surplus

Vicinity safety keywords:

‘crime’, ‘danger’, ‘dangerous’, ‘dodgy’, ‘gangs’,
‘ghetto’, ‘iffy’, ‘not safe’, ‘rough’, ‘safety’, ‘blight’,

‘scared’, ‘scary’, ‘seedy’, ‘shady’, ‘sketchy’,
‘uneasy’, ‘unsafe’, ‘walk alone’, ‘steal’, ‘stole’,

‘robbery’, ‘robbed’, ‘rape’, ‘gun’, ‘bad neighborhood’,
‘dark’, ‘drug’, ‘drugs’, ‘dump’, ‘inner city’, ‘hood’,

‘skid row’, ‘poor’, ‘slum’, ‘run down’
Listing safety keywords: ‘unsafe’, ‘hazard’, ‘hazards’, ‘hazardous’, ‘slippery’

Vicinity location terms set:

‘neighborhood’, ‘area’, ‘feel’, ‘felt’, ‘night’, ‘location’,
‘walking’, ‘people’, ‘seemed’, ‘outside’, ‘looked’,

‘looks’, ‘late’, ‘surrounding’, ‘located’, ‘neighbourhood’,
‘walked’, ‘areas’, ‘feeling’, ‘streets’, ‘street’

Table 1: Vicinity and listing safety review keywords
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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:

XH
vsl = # bookings of vicinity safety listings in high-income neighborhoods, under the status

quo

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

quo

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

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

Y H
vsl = # bookings of vicinity safety listings in high-income neighborhoods, under “high-alert”

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

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

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

We observe {XH
vsl, X

L
vsl, X

H
nl , X

L
nl} and reduced-form impacts of a user submitting a safety

review out of self-experience. Our goal is to solve for {Y H
vsl, Y

L
vsl, Y

H
nl , Y

L
nl}.

Self-experience of vicinity safety makes a guest β1 (percent) more likely to make any bookings

on Airbnb according to the Column 1 of Table 10. The coefficient on safetyuser × post =

−0.372 in a Poisson regression, implying that safety review reduces monthly reservations by

β1 = exp(−0.372)− 1 = −0.3106. In our notation, we have function 4:

(Y H
vsl + Y L

vsl + Y H
nl + Y L

nl)

= (XH
vsl +XL

vsl) · (1 + β1) +XH
nl +XL

nl︸ ︷︷ ︸
item A

(4)

Self-experience of vicinity safety makes a guest β2 (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 40% chance to occur in an H neighborhood and a 60% chance to

occur in an L neighborhood.

According to Table 11 column 1, the coefficient of safetyuser × post = −0.303 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 β2|V S in H = −0.0679. According to Table 11 Column

3, the coefficient of safetyuser × post = +0.0783 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 β2|V S in L = +0.0191. And denote the probability of vicinity safety listings in H(L) area as

PrV |H = 0.1380 (PrV |L = 0.2291 ) In our notation, this means:

prob(booking in H|anybooking)

=
Y Hvsl+Y

H
nl

Y Hvsl+Y
L
vsl+Y

H
nl+Y Lnl

=
XH
vsl +XH

nl

XH
vsl +XL

vsl +XH
nl +XL

nl︸ ︷︷ ︸
item B

·(0.4 · (1 + PrV |H · β2|V S in H) + 0.6 · (1 + PrV |L · β2|V S in L))

(5)

Self-experience of vicinity safety makes a guest β2 (percent) more likely to make a booking

in a VSL, conditional on she makes any booking on Airbnb. According to Table 10 column

6, the coefficient of safetyuser × post = −0.214 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

β3 = −0.0529 and the probability of vicinity safety listings is PrV = 0.1821.

In our notation, this means:

prob(booking in V S|anybooking)

=
Y Hvsl+Y

L
vsl

Y Hvsl+Y
L
vsl+Y

H
nl+Y Lnl

=
XH
vsl +XL

vsl

XH
vsl +XL

vsl +XH
nl +XL

nl︸ ︷︷ ︸
item C

·(1 + PrV · β3)

(6)

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

61



as αHvsl, this amounts to:

Y H
vsl

Y H
vsl + Y H

nl

=
XH
vsl

XH
vsl +XH

nl

· (1 + PrV · β3) = αHvsl · (1 + PrV · β3) (7)

Combining Equations 4, 5, 6 and 7 and solving for {Y H
vsl, Y

L
vsl, Y

H
nl , Y

L
nl}, we have:

Y H
vsl + Y H

nl

Y H
vsl + Y L

vsl + Y H
nl + Y L

nl

=
Y H
vsl + Y H

nl

A
= B·(0.4·(1+PrV |H ·β2|V S in H)+0.6·(1+PrV |L·β2|V S in L))

(8)

Y H
vsl + Y H

nl = A ·B · (0.4 · (1 + PrV |H · β2|V S in H) + 0.6 · (1 + PrV |L · β2|V S in L)) (9)

Y H
vsl + Y L

vsl

Y H
vsl + Y L

vsl + Y H
nl + Y L

nl

=
Y H
vsl + Y L

vsl

A
= C · (1 + PrV · β3) (10)

Y H
vsl + Y L

vsl = A · C · (1 + PrV · β3) (11)

Y H
vsl

Y H
vsl + Y H

nl

=
Y H
vsl

A ·B · (0.4 · (1 + PrV |H · β2|V S in H) + 0.6 · (1 + PrV |L · β2|V S in L))
= αHvsl·(1+PrV ·β3)

(12)

So the solutions are:

Y H
vsl = αHvsl · (1 + PrV · β3) · A ·B · (0.4 · (1 + PrV |H · β2|V S in H) + 0.6 · (1 + PrV |L · β2|V S in L))

Y H
nl = A ·B · (0.4 · (1 + PrV |H · β2|V S in H) + 0.6 · (1 + PrV |L · β2|V S in L))− Y H

vsl

Y L
vsl = A · C · (1 + PrV · β3)− Y H

vsl

Y L
nl = A− Y H

vsl − Y H
nl − Y L

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 safetyreview×post = −0.372 in a Poisson regression according to the Table

10 Column 1, which is a 31.065% decrease. Given the average number of reservations per month

for a single VS user in our sample is 0.1086 and review rate is 53%, the reservation that a VS

user book in Airbnb is 0.03374/0.53 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 V SR is described by:

[#AirbnbbookingV S user,aft −#AirbnbbookingV S user,bef ]

−[#AirbnbbookingNM user,aft −#AirbnbbookingNM user,bef ] = −0.03374/0.53
(14)

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
∑

j∈Airbnb sij:

(
∂
∑

j∈Airbnb sij

∂1V SR

)
i=V S user

−
(
∂
∑

j∈Airbnb sij

∂1V SR

)
i=NM user

= −0.03374/0.53 (15)

Assume utility function is:

Uij = βXj + γNM + ∆γ · 1V SR,j + εij (16)

Where γNM indicates normal users’ sensitivity to observing any V SR in a listing, γNM +∆γ

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

∑
j∈Airbnb

sij = 1− si,V RBO = 1− 1

1 +
∑

j∈Airbnb exp(Uij)
(17)

Then:
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(
∂
∑

j∈Airbnb sij

∂1V SR

)
i=NM user

= +γNM · sNM user,V RBO ·
∑

j∈Airbnb & 1V SR

sNM user,j (18)

(
∂
∑

j∈Airbnb sij

∂1V SR

)
i=V S user

= +(γNM + ∆γ) · sV S user,V RBO ·
∑

j∈Airbnb & 1V SR

sV S user,j (19)

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

sNM user,Airbnb & 1V SR =
∑

j∈Airbnb & 1V SR

sNM user,j (20)

sV S user,Airbnb & 1V SR =
∑

j∈Airbnb & 1V SR

sV S user,j (21)

The DID results can be written as:

+(γNM + ∆γ) · sV S user,V RBO · sV S user,Airbnb & 1V SR

−γNM · sNM user,V RBO · sNM user,Airbnb & 1V SR = −0.03374/0.53
(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,V RBO

sV S user,V RBO
=

(1+
∑
j∈Airbnb exp(βX+γNM ·1V SR))−1

(1+
∑
j∈Airbnb exp(βX+γNM ·1V SR+∆γ·1V SR))−1

=
1+

∑
j∈Airbnb exp(βX+γNM ·1V SR+∆γ·1V SR)

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)

=
1+

∑
j∈Airbnb exp(βX)+exp(∆γ)·

∑
j∈Airbnb exp(βX+γNM )

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)

= sNM user,V RBO + sNM user,Airbnb & V SR=0 + exp(∆γ) · sNM user,Airbnb & 1V SR

(23)
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This implies:

sV S user,V RBO =
sNM user,V RBO

sNM user,V RBO + sNM user,Airbnb & V SR=0 + exp(∆γ) · sNM user,Airbnb & 1V SR

(24)

Similarly:

sNM user,Airbnb & 1V SR

sV S user,Airbnb & 1V SR

=

∑
j∈Airbnb & 1V SR

exp(βX+γNM )

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)∑

j∈Airbnb & 1V SR
exp(βX+γNM+∆γ)

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR+∆γ·1V SR)

=

∑
j∈Airbnb & 1V SR

exp(βX+γNM )

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)

exp(∆γ)
∑
j∈Airbnb & 1V SR

exp(βX+γNM )

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR+∆γ·1V SR)

= exp(∆γ)
1+

∑
j∈Airbnb exp(βX+γNM ·1V SR+∆γ·1V SR)

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)

= exp(∆γ)
1+

∑
j∈Airbnb & V SR=0 exp(βX)+exp(∆γ)

∑
j∈Airbnb & 1V SR

exp(βX+γNM )

1+
∑
j∈Airbnb exp(βX+γNM ·1V SR)

= exp(∆γ) · (sNM user,V RBO + sNM user,Airbnb & V SR=0 + exp(∆γ)

·sNM user,Airbnb & 1V SR)

(25)

This implies:

sV S user,Airbnb & 1V SR = 1
exp(∆γ)

· sNM user,Airbnb & 1V SR

sNM user,V RBO+sNM user,Airbnb & V SR=0+exp(∆γ)·sNM user,Airbnb & 1V SR

(26)

Plug these into the DID results:

(γNM + ∆γ) · sV S user,V RBO · sV S user,Airbnb & 1V SR

−γNM · sV S user,V RBO · sV S user,Airbnb & 1V SR = −0.03374/0.53
(27)

γNM+∆γ
exp(∆γ)

· sNM user,V RBO·sNM user,Airbnb & 1V SR

(sNM user,V RBO+sNM user,Airbnb & 1V SR=0
+exp(∆γ)·sNM user,Airbnb & 1V SR

)2

= −0.03374/0.53 + γNM · sNM user,V RBO · sNM user,Airbnb & 1V SR

(28)
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Because almost all users are normal users, the data gives us sNM user,V RBO (market share

of V RBO), sNM user,Airbnb & V SR=0 (total market share of all normal Airbnb listings), and

sNM user,Airbnb & 1V SR (total market share of all Airbnb VS listings). We also know γNM from

the utility regression. Thus, the only unknown in the above equation is ∆γ. We can solve it

easily and get ∆γ = −0.5332.
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