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Abstract

We construct a search model where sellers post prices and produce goods of un-
known quality. A match reveals the quality of the seller. Buyers rate sellers based on
quality. We show that unrated sellers charge a low price to attract buyers and that
highly rated sellers post a high price and sell with a higher probability than unrated
sellers. We find that welfare is higher with a ratings system. Using data on Airbnb
rentals, we show that Superhosts and hosts with high ratings: 1) charge higher prices,

2) have a higher occupancy rate and 3) higher revenue than average hosts.
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1 Introduction

For a variety of products, buyers search for sellers of their desired goods. A critical part
of the search process is acquiring information about prices. A simple example is shopping
on the internet. Sometimes a buyer searches across individual sellers observing a single
posted price at each website. Alternatively, the buyer can go to an intermediary site where
prices from a variety of sellers are displayed. Examples include Amazon, Yelp, Flixster,
Travelocity and Airbnb.

Often the products on these sites are experience goods — the quality can only be
ascertained by consuming them. As a result, buyers would like to have an idea of the
quality of the products offered to guide their decision making. Consequently, buyers
would benefit from observing some indicator of the value of the product. One way to
do this is to have buyers give the seller a ‘rating’ about the quality of the product. If
the quality is good, the buyer gives the seller a ‘star’, which acts as a signal to future
buyers that the seller provides a high quality product. This is a common practice on the
sites mentioned above — products get customer reviews on Amazon, restaurants, hotels
and movies receive customer satisfaction ratings on Yelp, Trip Advisor and Flixster etc.
Airbnb goes a step further by separating an elite group of rentals from all the rest by
giving them a ‘Superhost’ designation. These ratings help the buyer find better quality
products.

But what is the value of this rating for sellers? If a seller knows the quality of its
product, it can find other means to signal the quality and it does not have to rely on
previous buyers to do so. However, buyers may believe that any signal from the seller is
‘cheap talk’ and unverifiable until it is already purchased and consumed. On they other
hand, they are more likely to trust previous buyers who have experienced the good since
they have no incentive (or less so) to lie about the quality of the good.

It may also be the case that the sellers themselves may not know the true quality of
their product. For example, new restaurants may not really know how good they are.
Every owner believes they have a good product but until customers experience the food,
he does not know the perceived quality of his food. The same applies for new rental
properties on Airbnb. Thus, receiving a positive rating from buyers is good for both the
buyers and the sellers.

The problem with ratings is how to get one in the first place. On sites where ratings
matter to prospective buyers, not having a rating most likely hurts seller — why go to
a seller with no rating as opposed to a seller with a high rating? So new sellers have to
provide incentives to attract buyers and get a rating. One way to do this is offer a low
price to start — this will attract customers and if the quality is good, the seller receives a

high rating. But once the seller receives the rating what is value? It seems clear that the



rating allows one to post a higher price for the good or attract even more customers. Our
objective in this paper is to model a trading environment where ratings act as a signal of
quality and study the dynamic pricing decisions of firms in such an environment.

The theoretical model is a search model where new firms do not know the quality of
their good. Buyers prefer higher quality to lower quality goods. Quality is only revealed
once a match occurs. We consider a rating system in which firms that are revealed as
high quality producers receive a ‘star’ indicating their type. We show that new sellers will
charge a low price (relative to the pooling price) in order to attract buyers. If a star is
received, they then charge a higher price than the pooling price. Thus, a rating system
generates a non-degenerate price distribution. Furthermore, firms with a star attract more
customers (i.e., there is greater market tightness for high quality goods). In equilibrium,
buyers are indifferent between buying a good of unknown quality at a low price and high
probability or a high quality good at a high price but with a low probability. We then
consider the model without ratings and show that firms are in a pooling equilibrium and
set the same price regardless of quality.

Finally, we derive the welfare gains from having a rating system. Due to free entry
of sellers, sellers do not gain in equilibrium from having a ratings system but buyers may
gain or lose from a rating system. The rating system gives them more information about
who is a higher quality producer but it is costly — they pay a higher price and face a lower
probability of obtaining a high quality good from a rated seller. But they gain from paying
a lower price when buying from an unrated seller who produces high quality goods, at a
high probability compared to the pooling equilibrium in the absence of ratings. We show
that this latter effect dominates so a ratings system improves welfare.

We then compare the predictions of the model to data obtained on Airbnb pricing in
four major cities: Amsterdam, Rome, Miami and San Francisco. We compare the prices
and revenues of hosts with different ratings, controlling for a range of factors to see if that
data supports our model. We show that hosts with high ratings, and among them those
with the superhost designation, charge higher average prices, have a higher occupancy
rate and more revenue.

The paper is organized as follows. Section 2 contains a brief literature review. Section
3 describes the search environment and the seller’s pricing decisions, and the welfare
benefits of a rating system. Section 4 describes the data we use and presents the empirical

findings. Section 5 concludes.

2 Literature Review

The literature on experience goods began with Nelson’s (1970) description of the good and

how it differs from a pure search good. The main difference is that goods in the search



literature have observable attributes once the buyer finds a seller. With an experience
good, the buyer does not know its true quality (e..g., taste, comfort, sound or product
failure rate) until the good has been bought and consumed. A substantial literature arose
that focused on various issues on trade in experience goods such as pricing dynamics,
reputation, signalling, advertising and learning about quality. We will address a few key
papers in this literature and how it relates to our work.

A common assumption in the literature is that the firm knows the true quality of
the good but the consumer does not. Based on the asymmetric information assumpion,
Wolinski (1983) studies a firm’s decision for choosing the quality level of its good and
the role that the price plays in signalling the quality of the good. For a given price, the
consumer expects a certain quality level. The firm faces a choice between lowering the
quality level (and costs) at the price versus the potential loss of future customers who
learn the price does not match the quality. If the potential loss of sales outweighs the cost
saving, then in equilibrium, prices reveal the correct quality levels.

A common finding in this literature is that firms have an incentive to lower the price
of their good at some point to induce consumers to acquire experience about the good
and quality discovery. Shapiro (1983) examines dynamic pricing of experience goods.
In his model, agents have an initial perception of the true quality of a good but learn
about its true quality by consuming it over time. The case most related to our paper, is
when consumers are initially ”pessimistic” about the quality of the good. In response, a
monopolist producer charges a low price to induce agents to buy the good and then raises
the price over time as consumers learn the true quality.!

The repeated nature of trades in this type of market also creates heterogeneity in con-
sumer knowledge about the quality of the product. Consequently, a monopolist producer
of a good faces two types of consumer markets — a market with experienced consumers
and a market with new consumers. Bergemann and Véliméki (2006) study this dynamic
pricing problem. In short, a monopolist’s current and future pricing decision affects sales
to experienced customers and the value of acquiring information by new consumers. By
charging the static monoply price, the firm maximizes current profits from experienced
customers but deters new customers from buying, thereby reducing its future customer
base. Thus, the monopolist faces a tradeoff — by lowering his current price, he loses
profits from experienced customers but lowers the cost of information acquisition for new
consumers.

More recently, Vellodi (2019) studies a model of ratings in a dynamic stetting. His

main issue is how ratings affect entry by new firms; i.e., the extensive margin effects from

' A related idea comes from advertising — a firm is willing to incur a cost (lower profits) from advertising
if it induces consumers to experience the good and buy it repeatedly. After that prices can rise once the
quality of the good is revealed. See Nelson (1974) and Milgrom and Roberts (1986).



ratings. If established firms have high ratings, then this acts as a barrier to entry for new
firms. As a result, firms who are of high quality (unbenownst to them) are detered from
entering, which presumabley lowers welfare. He then studies how the ratings platform
should be designed to deal with this issue. Although prices are fixed in most of his
analysis, he does study endogenous pricesetting and finds a result similar to ours — prices
rise as ratings rise regarding the quality of the good.

Farronato and Fradkin (2018) examine ratings and Airbnb just as we do. They study
a competitive lodging industry with hotels and Airbnb. They then estimate the model to
determine the effects on consumer welfare. The main result is that hotels adjust prices
to be competitive except in high demand periods when capacity constraints bind (such as
New Year’s in New York City). Zervas, Proserpio and Byers (2017) also examine the role
of Airbnb in competing with hotels in Texas and find similar empirical results as Farronato
and Fradkin (2018).

There is also a substantial literature on price distributions in the search literature
based on the seminal work by Burdett and Judd (1983).2 The basic idea of these models
is that a firm can choose any price but faces a tradeoff — post a higher price and sell fewer
units or post a lower price and sell more. In equilibrium, the firm is indifferent between
these two strategies and the equilibrium price distribution is non-degenerate.

How does our paper fit into this literature? First, we differ from most of the existing
literature in a key way — there is no asymmetric information about the quality of the good
(Vellodi being the exception). Producers in our model are just as uninformed about the
quality of the good as the buyer. This eliminates any role for signaling by the producer of
the good. However, there is private information about the quality that is experienced by
the buyer and the seller wants this information communicated, which occurs via the rating
the buyer gives the seller. Second, our model is similar to these other papers in that the
producer has an incentive to lower its initial price to increase the probability of a sale. If
the match reveals that the producer is of high quality, he then can raise his price and sell
more. One key difference is that we can study the welfare gains of a rating system. To
our knowledge, this is major difference with the existing literature. Our paper differs from
the search literature on price dispersion in that we have imperfect information about the
quality of the good. In our model, once quality is revealed the seller can charge a higher
price and have higher sales. Finally, most of the papers in the economic literature are
purely theoretical whereas we empirically test the predictions of our model using Airbnb
pricing data.

Finally, we want to recognize that there is a literature in the marketing and hospitality

fields regarding the role of ratings, consumer demand and particularly, pricing of Airbnb

2See for example Curtis and Wright (2004), Head and Kumar (2005) and Head et al (2012)



rentals.® This literature examines the effects of ratings on average price, forecasting of
sales or the impact on hotels. While most of this literature is purely empirical in nature,
Jiang and Wang (2008) and Sun (2012) are exceptions. Both papers study static monopoly
pricing in a world in which ratings convey information about quality. Our paper differs
from these papers in that is based on a theoretical search model in which the demand a
firm faces is endogenous based on market tightness. We also study dynamic, rather than

static, pricing decisions of the seller.

3 A search model with heterogenous quality

3.1 Environment

Time is discrete and goes on forever. The economy is populated by two agent types:
buyers and sellers. Sellers produce an indivisible good at no cost, which can be of high
or of low quality. Sellers post prices and buyers, who want to consume exactly one unit
of the good, attempt to locate sellers. Matching occurs according to a matching function
specified below.

Buyers who consume the high-quality good get u = ¢, where ¢ is drawn from a uniform
distribution with support [0, 1] and is match-specific. Buyers who consume the low-quality
good get v = 0. In a match between a buyer and a seller, the buyer first observes the value
of ¢ specific to the match, then the buyer decides whether he wants to acquire the good at
the posted price. If he agrees to the posted price, the seller produces the good and they
separate. After consumption, the buyer exits the market. We assume transferable utility.

Sellers live for two periods and can sell one unit in each period. The probability that a
seller is a high-quality seller is z. In the first period of life, the seller’s type is unknown to
both the seller and the buyer. After production, however, the type of the seller is revealed
and the buyer rates the seller. The rating is R € {H, L}. We assume that the rating is
truthful.

In our environment, sellers can be in three states: unrated in their first period of
life, unrated in their second period, and rated in their second period. Without loss in
generality, we assume that sellers who receive a rating R = L exit the market, since
the rating is public information and no buyer wants to consume a low-quality good. In
accordance with the three possible states, three prices are posted. The price pg is the price
posted by a (unrated) seller in his first period of live. The price pgg is the price posted
by an unrated seller in his second period of live, and p; denotes the price posted by a

(high-quality) rated seller in his second period of life.

3Chen et al (2004) is an early example of the empirical analysis of ‘star’ rating systems on average
price and sale of Amazon products. Koomans (2018) conducts an empirical analysis of how ratings affect
pricing attributes of Airbnb rentals in Rotterdam.



Buyers observe the three posted prices and direct their search towards one of the three
prices so that for each price there is an associated market. In each market, buyers and
sellers (who post that particular price) are matched according to a matching function
M (b, s), where b is the measure of buyers and s is the measure of sellers in a particular
market. We assume that the matching function has constant returns to scale, and is
continuous and increasing with respect to each of its arguments. The measure of buyers
is normalized to one. In contrast, the measure of sellers is determined by a free entry
condition discussed below.

Let ag be the probability of a match for an unrated seller in the first period of his live,
aqo be the probability of a match for an unrated seller in the second period of his live and
aq be the probability of a match for a rated seller. Accordingly, we have o; = M (s;,b;) /i,
for i € {0,1,00}. Let 6; denote tightness in market 7, 6; is

The probability of a match for a seller in market ¢ is
Q; =M (91) . (2)

The probability of a match for a buyer in market i is n; = M (s;,b;) /b; = M (s4,b;) / (6is:).
Thus,
i =m (6;) /0;. (3)

As usual, tightness affects positively the probability of a match for a seller, and affects
negatively the probability of a match for a buyer. In particular, we assume that «; (6;)
is a strictly increasing and concave function such that a; (0) = 0, a; (00) = 1, & (0) > 0,

ni (0;) = a; (0;) /0; is strictly decreasing, and n; (0) = 1.

3.2 Agents’ decisions

In this section, we study the decisions taken by buyers and sellers. Note that there is no
private information in a match: Agents are either symmetrically uninformed about the

seller’s type (in an unrated match) or they are symmetrically informed (in a rated match).

3.2.1 Buyers’ acceptance decisions

Buyers get utility v = € from consuming the high-quality good and utility ©u = 0 from
consuming the low-quality good. Since x is the probability that an unrated seller is a

high-quality seller, a buyer who is matched to an unrated seller accepts a posted price if



and only if
Te > pg Or TE > Poo. (4)

A buyer who is matched to a rated seller accepts a posted price if and only if
e >p1. (5)

Accordingly, the expected utilities of searching in the two unrated markets are

1 1

Mo / (xe — po) de and ngo / (xe — poo) de. (6)

po/x Poo/x

On the left in (6), with probability ny the buyer has a match with an unrated young seller
and the match-specific utility ¢ is learnt. For all £ > pg/x the buyer accepts the posted
price pg and the good is produced. The buyer then gets utility € with the probability x
that the good is high quality minus the price pg. The term on the right in (6) has a similar
interpretation.

In the rated market the expected utility is

1

771/ (e — p1) de. (7)

p1

In (7), with probability n; the buyer has a match with a rated seller and learns the match-
specific utility €. For all ¢ > p; the buyer accepts the posted price p; and the good is
produced. The buyer then gets utility ¢ with certainty since the seller is high quality,
minus the price p;.

By taking into account the expected utilities stated in (6) and (7), buyers direct their
search towards the market that yields the highest expected utility.

3.2.2 Sellers’ price posting decisions

In the unrated market, buyers accept a trade if (4) holds, and in the rated market, they

accept a trade if (5) holds. Accordingly, the sellers’ value functions in the three markets



are, respectively,

1 1
%:ao/de(pg+xv1)+ 1a0/d5 Voo, (8)
po/x po/T
1
Vi :al/d5p1 = a1 (1—p1)p1, 9)
P
and
1
Voo = oo / depoo = o (1 — poo/x) poo/x. (10)
poo/

In (8) the expected value of being an unrated seller in the first period of life is as follows.
With probability «q this seller is matched with a buyer and the value of € becomes known.
Then the seller is paid the price pg if the buyer gets a non-negative expected payoff;
i.e., for all € € [pg/z,1]. If the good produced is high quality (with probability z) the
seller receives a rating R = H and enters the rated market in the following period, with
associated expected payoff V;. If the good produced is low quality (with probability 1 —x)
the seller receives a rating R = L and exits the economy. If the seller in the first period
of life has a match that yields a low value of € or does not have a match, the seller
remains unrated and enters the unrated market for sellers in their second period of life,
with associated expected payoff V. Equations (9) and (10) have similar interpretations,
except that both rated sellers and unrated old sellers exit the economy with certainty after
participating in the respective markets, since they are all in their second period of life.

In each state i = {0,00,1} the sellers choose price p; in order to maximize their life-
time utility; i.e. they chose p; such that the right hand-sides of (8)-(10) are maximized.

The first-order conditions on pg, p1, and pog are, respectively,

po=(2/2)[1 — (V1 — Voo/2)], (11)
p1 = 1/2, (12)

and
poo = /2. (13)

Replacing p; in (9) and pgp in (10), we obtain the following expressions for the value
functions
Vi = a1 /4 and Vo = xzagg /4. (14)



Using (14), we can rewrite (11) as follows

Do = x[l— (oz12— ) /4] (15)

If the arrival rates for old rated and unrated sellers are equal; i.e., a1 = g, then pg = poo
and all unrated sellers set the same price. However, if old rated sellers face higher arrival
rates than unrated sellers; i.e., a1 > agg, then py < ppo = x/2, and the price set by
unrated sellers is lower.

3.3 Rating Equilibrium

3.3.1 Free entry condition

As usual, the free entry condition is Vg = k, where k is a fixed utility cost of entering the

market. The value function Vj simplifies as follows
Vo = apz (1 — po/x)* + zang /4. (16)

Then free entry implies
k= apz (1 —po/l‘)2 + xag /4.

Using (11) to replace py we get
k= apz[1+ (a1 — ago) /4% /4 + zagoe/4, (17)
an equilibrium equation in the arrival rates for sellers.

3.3.2 Buyers’ directed search

Buyers observe prices set as in (12), (13), and (15). Moreover, they correctly anticipate
the queue length in each market and direct their search to the market which promises
the highest expected utility. In equilibrium, they must be indifferent between the three

options. From (6) and (7), buyers are indifferent if

1 1 1
70 / (e — po) de = noo / (e — poo) de = 771/ (e —p1) de. (18)
po/ P00/ p1

Using (12) and (13), the second equality of (18) simplifies to

M = 700 (19)

10



Thus, if z < 1, for a buyer the probability of a match is smaller in the rated market than
in the unrated one. From (18), buyers’s expected utility is 11 /8 = ngox/8 since poy = x/2
and p; = 1/2.

The first equality of (18) can be written as follows

no (1= po/x)? = noo (1 — poo/x)” .
Using (11) and (13), this expression can be simplified as
mo [1+ (a1 — o) /4]* = oo (20)
The following Lemma characterises prices and matching probabilities across markets.

Lemma 1 In any equilibrium with x < 1, prices satisfy p1 > poo > po and matching
probabilities satisfy a1 > g > apo (or n1 < no < Moo ). For x =1, we have p1 = poo = po

and o = g = ago (0T M1 = 1Mo = Moo

Proof. From (19), for a buyer, the probability of a match is smaller in the rated market
than in the unrated one if z < 1. Accordingly, 81 > 6yo; i.e., the ratio of buyers to sellers
is larger in market 1 than in market 00. This implies that a; > agg if x < 1. Then, (15)
yields pg < poo = z/2 < p1 = 1/2. From (20), since a1 > agp it follows that ny < ngo,
which implies that 6y > 69 and therefore oy > ago. If z = 1, then from (19) we have
m = noo and so o = agp implying that pg = poo = p1 = 1/2 and 19y = ngp. =

Lemma 1 shows that in any equilibrium the arrival rate for rated sellers is higher than
the arrival rate for unrated ones, and that the arrival rate for unrated sellers in their first
period of life is higher than the arrival rate for unrated sellers in their second period of
life. Furthermore, we find that rated sellers post a higher price than unrated ones, and
unrated sellers in their first period of life post the lowest price. In particular, they post a
lower price than the unrated sellers in their second period of life. This shows that sellers
attempt to get a rating even when they are unaware of their type.

With the above equations, we are able to compute the equilibrium as stated in the

following definition.

Definition 1 A rating equilibrium are prices p; and tightnesses 0;, for i € {0,1,00} that
solve (12), (13), (15), (17), (19), and (20).

Proposition 1 There is & < 1 such that if x > &, then a rating equilibrium with 6; > 0

and p; > 0 for all i exists and is unique. In this equilibrium welfare is decreasing in k.

Proof. See Appendix. m

11



From Proposition 1, if the average quality of sellers x is sufficiently high there is a
unique solution for tightnesses 61, 6y and 0y that define the rating equilibrium. To un-
derstand why, notice first from (19) that for a given z tightnesses 0; and 6y are positively
correlated, meaning that the sellers’ matching probabilities oy and ayg are also positively
correlated. The free-entry condition for sellers (17) then implies that, for a given entry
cost k, if tightness fyy decreases, then agy and «y decrease, and hence for sellers to enter
the market it must be that 6 increases so that «g increases as well. Therefore, the sellers’
free-entry condition (17) defines a negative relationship between 6y and 6y. From (20),
for buyers to be indifferent between the market of unrated sellers in their first period of
life and the market of unrated sellers in their second period of life, if 8¢ increases and
hence 7o decreases it must be that 7o [1 + (a1 — ago) /4]? decreases as well. However, a
decrease in 199 may be offset by a decrease in 79 or by a decrease in (o — agp), depending
on the elasticity of the function «;. If  is sufficiently high, (19) implies that o and agyp,
as well as the respective elasticities, are sufficiently close so that the overall elasticity of
(a1 — o) is relatively small. In that case, (20) unambiguously defines a positive relation-
ship between 19¢ and 7, and hence a positive relationship between 6y and 6y. Therefore,
equations (17) and (20), together with (19), yield a unique solution for tightnesses 6y, 6o,
and ¢; which in turn from (15) determine py.

Proposition 1 also states that for x > & an increase in the entry cost k is welfare
worsening, because buyers’ expected utility of searching decreases with k (sellers’ expected
utility is always zero in equilibrium). Intuitively, a greater entry cost deters sellers’ entry

and thereby for a given price reduces the buyers’ matching probability.

3.3.3 Do sellers want to be rated?

So far we have assumed that it is public knowledge if a seller has sold a unit. Suppose
now that a seller can opt out from being rated but he still posts the same prices as all
other sellers. Would he opt out? In the first period of his life he gets the same matching
probability and charges the same price as all other agents. However his continuation payoff
is different since by hiding this information he can go to the unrated market even if he is

a low-quality seller. Accordingly, his life-time utility denoted by Vj is

1

To=ao [ pde + Voo (21)
po/
Using (14), (21) becomes
Vo = ag (1 — po/x) po + zago /4 (22)

12



Comparing the equilibrium expected payoff in (16) with Vj, it follows that the seller
has no incentive to opt out if (1 —po/x) > po/x which simplifies to pg < /2. From
(15), po < x/2 holds if gy < a1, which is the case in equilibrium. Therefore, the rating
system is incentive-compatible: sellers prefer taking the chance of getting a rating that
reveals their quality even at the risk of exiting the market before their second period of
life. Notice that incentive compatibility holds irrespective of the value of x. The reason is
that, even if z is relatively low and hence the chance for sellers of being of high quality is
small, a low  also means that the price that sellers can charge in the unrated market is
also low compared to the price that they can charge in the rated market. Therefore sellers

are better off by seeking to get a rating for all values of x.

3.4 Equilibrium in the absence of ratings

Here we calculate the equilibrium in the absence of ratings to see whether ratings improve
the allocation. The free entry condition implies that for sellers nothing changes. However,
buyers can be better or worse off in the absence of ratings. The only equilibrium for old
sellers is pooling since there is no cost of producing the goods and so there can be no
separating equilibrium.

In the absence of ratings, there are only two states, and hence two value functions
Vo and V; for old and young sellers, respectively, where the tilde is used to indicate the

variables in the economy without ratings. These value functions are

1

%:@O/daﬁo+171
Po/x

and,

1
Vi = a /dsﬁl = a1z (1 —p1/x) p1/x.
p1/z

By combining the two equations above we can rewrite Vj as follows
Vo = Gox (1 = po/x) Po/x + na (1 = p1 /z) po /2
The first-order conditions for py and p; that follow from maximizing Vj and V; are

Po=p1 =x/2

13



Therefore, the free entry condition implies that
k="Vy=aox/4+ arx/4. (23)

Buyers must be indifferent between the two markets, hence the following condition must

hold
1

1
) / (re —po)de = / (ze — p1)de
po/x p1/x
Since the prices pg and p; are equal, the probabilities 7jp and 7; are also equal, and therefore
tightness in the market for young sellers y equals tightness in the market for old sellers

6. Using (23), this implies that
o = ay = 2k/x.

In order to compare welfare in the economy without ratings with welfare in the economy
with ratings, we rewrite equation (17) to obtain

4k
? — Qp [1+ (061 _0500)/4]2 —agyp =0

where a1 > oo and g > ago. Therefore agg < (4k/z) /2 = 2k/x. Comparing agy with
&g, we have that agg < &y = 2k/x, which implies that 6y < éo and therefore 799 > 779. In
addition, recall that poo = /2, so that pgop = pp = x/2. Since the matching probability
for buyers is higher in market 00 in the economy with ratings than in market 0 in the
economy without ratings, while the price and the probability of acquiring a high-quality
good are identical in both cases, buyers’ utility is higher in the former case. Since buyers’
utility is the same across markets within the same economy, it follows that buyers are

better off in the economy with ratings. The following proposition summarises this result.

Proposition 2 In an economy with ratings welfare is higher than in an economy without

ratings.

4 Price setting and market tightness on Airbnb

We illustrate the model presented in Section 3 with data from Airbnb, an online platform
for rentals that allows hosts and guests to be matched. Hosts can post their listings, and
guests can search for rentals that best suit their preferences. As part of its intermediation
services, Airbnb encourages guests to rate their trip experiences on a 1-5 scale and leave
reviews. The average star rating and the reviews are then made visible online for each

listing.
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There are several features of the functioning of Airbnb that are captured by our the-
oretical model. First, the type of good that is traded. On Airbnb the traded good is
indivisible and rival, since the typical host has one unique property to rent. Second,
the high quality heterogeneity. The search process is potentially costly, and this makes
the “label” be particularly valuable. Third, there is seldom price bargaining on Airbnb.*
Fourth, it seems highly plausible that hosts do not know their true quality compared to
the average market quality when they launch into the rental activity.

We use Airdna proprietary data on 4 major cities: Amsterdam, Rome, Miami and San
Francisco. Inspecting these cities is interesting because they are all highly touristic and,
at the same time, they allow us to see whether the predicted patterns hold in sufficiently
diverse locations. The key aspect of the data that we explore is the role of the rating and
the superhost status that hosts may acquire through Airbnb. The superhost status can be
interpreted as a label that high-quality sellers acquire based on their selling experience.
The superhost status and the rating are closely linked since superhosts must receive 5
stars in at least 80% of their reviews (and they must receive reviews by no less than half
of their guests).> There are three other requirements that hosts must meet to become a
superhost on Airbnb. Superhosts must not cancel reservations (unless there are extenu-
ating circumstances), maintain a response rate of at least 90% when they are contacted
by guests, and host at least 10 trips in the past year. In exchange for meeting the above
criteria, an important benefit of becoming a superhost is the “Superhost badge” delivered
by Airbnb. This badge appears on the superhost’ profile and listing pages and precisely

certifies that the host has complied with the superhost’ requirements.

Table 1: Fraction of superhosts (> 10 bkngs)
superhosts (%) mnon-superhosts (%)

Amsterdam (4712 obs.) 15.1 84.9
Rome (4156 obs.) 13.9 86.1
San Francisco (2057 obs.) 17.8 82.2
Miami (4259 obs.) 10.2 89.8

Source: Authors’ calculations from AIRDNA data.

The dataset contains key variables such as average daily rate, occupancy rate, and
revenue on a monthly basis, and information about the physical characteristics of the
rentals. The variables that are informative about the quality of the rental (the cumulative
overall rating, the superhost status, and the number of reviews) are only available for
the last date at which the rental was located on the Airbnb website. Therefore this data

“These Airbnb features are highlighted by Fradkin (2017).
5The minimum rating requirement has been updated by Airbnb recently, but it was computed as
described at the moment the data was collected.
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allows us to make a cross-sectional comparison among the rentals.

We restrict the sample as follows. We keep only listings that are entire apartments,
and drop houses, villas, bungalows, bed & breakfasts, etc., as well as shared or private
rooms.” We drop a small number of rentals that appear to have 0 bathrooms. We drop
observations for which the average daily rate over the past year is higher than 3 standard
deviations, or those with missing information. Finally, we restrict attention to rentals
with at least 10 bookings which are most likely run as a professional activity or business,
compared to rentals that only host a few trips per year. This allows us to exclude rentals
which target only dates in high season or specific events in the city since their rates could
be disproportionately high.® This leaves us with 4712 observations for Amsterdam, 4156
for Rome, 2057 for San Francisco, and 4259 for Miami. Table 1 shows the fraction of
superhosts in our sample that goes from 10.2% in Miami to 17.8% in San Francisco, and
is thus similar across the four cities.”

The model presented in Section 3 predicts that old or experienced high-quality sellers,
that we see as being the highly rated hosts or the superhosts in the Airbnb sample, charge
higher prices, have a higher probability of sale, and earn a higher revenue. Table 2 presents
average daily rates, occupancy rates, number of bookings and revenue by superhosts and
non-superhosts in the last twelve months, without controlling for rentals’ characteristics.'®
In all cities, superhosts earn on average a higher annual revenue than non-superhosts.
The reason is that the average number of bookings per year is considerably higher for
superhosts, while their average daily rate is higher or sufficiently similar. Table 2 also
shows the overall rating (average number of stars), the average number of reviews received
by superhosts and non-superhosts, and the number of photos. Consistently with the
superhosts’ requirements, the average values of these two variables are systematically
higher for superhosts. In addition, superhosts include more photos in their listings than
non-superhosts.

In order to control for specific characteristics of the rentals, we run standard OLS

regressions for each of the four cities. We set as dependent variables the average daily rate

5For most rentals, the last date of data collection is July 2016 (once we restrict the dataset as described
below, these rentals represent 63.6% in Amsterdam, 80.9% in Rome; 63% in San F., and 64% in Miami).

"In terms of listing type, entire homes or apartments represent 80.5% of observations in Amsterdam,
67.1% in Rome, 54.3% in San Francisco, and 70.3% in Miami. In terms of property type, apartments
represent 81.3% of observations in Amsterdam, 73.9% in Rome, 52.2% in San Francisco, and 65.5% in
Miami. In the restricted sample, all hosts have one unique property.

8 Alternatively, we keep rentals with at least 30 reservation days in the past year. In that case the
correlation of the daily and occupancy rates and revenue with superhost status and/or overall rating is
stronger.

9Considering the same sample before excluding rentals with less than 10 bookings in the past year, we
have 8.3% of superhosts in Amsterdam (out of 10610 obs.), 9.6% in Rome (out of 6720 obs.), 10.4% (out
of 4247 obs.) in San Francisco and 6.0% (out of 10251 obs.) in Miami.

0The daily rate and revenue are computed in U.S. dollars for the four cities.
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Table 2: Superhosts and non-superhosts (> 10 bkngs)

SH Non-SH Diff. SH Non-SH  Diff.
(mean) (mean) (mean) (mean)
Amsterdam San Francisco
avge. daily rate  168.2 162.4 5.8% 235.0 227.1 7.85
occupancy rate 0.69 0.64 0.05*** 0.74 0.68 0.06***
nr bookings 30.2 25.6 4.69*** 39.4 30.4 8.9%**
ann. revenue 19061 15323  3738*** 36902 27730 9172
overall rating 4.85 4.59 0.27*** 4.86 4.63 0.23***
nr reviews 39.0 24.5 14.5%** 55.2 34.5 20.7%**
nr photos 20.6 17.8 2.8%** 19.9 17.1 2.8%**
obs. 711 4001 4712 366 1691 2057
Rome Miami

avge. daily rate  139.0 138.7 0.3 175.2 191.1 -16.0**
occupancy rate 0.66 0.56 0.11%** 0.67 0.58 0.08***
nr bookings 43.8 33.2 10.6*** 32.6 26.2 6.4***
ann. revenue 22784 16146  6639*** 24666 20642  4025***
overall rating 4.83 4.47 0.34*** 4.83 4.47 0.36***
nr reviews 55.7 34.2 21.5%%* 36.7 21.9 14.8%**
nr photos 29.0 25.5 3.5%** 25.7 22.3 3.4***
obs. 579 3577 4156 436 3823 4259

*» < 0.05, **p < 0.01, ***p < 0.001
Source: Authors’ calculations from AIRDNA data

(in log), the occupancy rate, and the revenue (in log) in the last reporting month. Notice
that the revenue is not mechanically implied by the occupancy rate and the average daily
rate because it also depends on the number of bookings and the number of reservation
days per booking. Our aim is to test whether the coefficients associated with superhost
status and/or overall rating are statistically significant. In the regressions we include the
following individual characteristics: size of the apartment (maximum number of guests),
number of photos in the listing, number of reviews, dummies for the reporting month and
for the neighborhood and city where rentals are located.!’ Airbnb’ hosts can enable the
“instant book” option that allows guests to directly book a rental through the platform
(which checks for availability for the required dates) without prior contact with the host.
Since this option may allow hosts to post higher prices and get more bookings similarly as
the superhost status, we include it in the regression. We control for type of cancellation
policy (strict, moderate or flexible). We include the average daily rate as independent

variable in the regression for occupancy rate, for consistency with our setup where sellers

HSince number of bedrooms, number of bathrooms, and maximum number of guests are highly corre-
lated, we only keep the latter. All standard errors are clustered at the neighborhood level (the city level
for Miami).
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post prices thereby affecting their probability of sale. Finally, we include the number of

days blocked from accepting reservations for the considered month.

Table 3: Amsterdam. Dependent variable: average daily rate (> 10 bkngs)

(1)

(2)

(3)

superhost 0.0465%** 0.0650*** 0.0616***
(0.0112) (0.0116) (0.0103)
overall rating 0.0528* 0.0614** 0.0764***
(0.0198) (0.0182) (0.0152)
max guests 0.145*** 0.145*** 0.142***
(0.00885) (0.00878) (0.00889)
nr photos 0.00523***  0.00581*** 0.00519***
(0.000578)  (0.000499) (0.000466)
nr reviews -0.00138*** -0.00149***
(0.000120) (0.000114)
blocked days -0.00196** -0.00154**
(0.000564) (0.000489)
instant-book 0.0863***
(0.0195)
cancel. policy: flexible -0.0831***
(0.0171)
cancel. policy: moderate -0.0514**
(0.0137)
constant 4.369*** 4.370"** 4.346***
(0.161) (0.154) (0.137)
Obs. 4622 4622 4622
Adj. R? 0.298 0.315 0.329

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Average daily rate: log, last month.

*p<0.05, " p<0.01, "™ p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data

With these regressions, we confirm that the superhost status and the overall rating
are closely linked to hosts’ pricing decisions and their probability of receiving trips. As
shown in tables 3-5, the coefficients for superhost status and overall rating are statistically
significant for Amsterdam (in the regression with revenue as the dependent variable, super-
host status and overall rating become statistically significant once we control for blocked
days).!? The size of the apartment, the instant-book option, and the number of photos

included in the listing have statistically significant positive coefficients (the number of

12The tables for the other cities are presented in the appendix. In all cases, coefficients for superhost
status and/or overall rating are statistically significant.
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Table 4: Amsterdam.

Dependent variable: occupancy rate (> 10 bkngs)

(1) (2) (3)
superhost 0.0390** 0.0261* 0.0254*
(0.0109) (0.0107) (0.0110)
overall rating 0.0957*** 0.0695*** 0.0735***
(0.0181) (0.0166) (0.0170)
max guests 0.0135** 0.0127* 0.0133**
(0.00409) (0.00397) (0.00388)
nr photos 0.000942 0.000874 0.000797
(0.000467)  (0.000450) (0.000450)
avge daily rate (log) -0.232%** -0.217*** -0.219***
(0.0111) (0.0115) (0.0127)
nr reviews 0.000527*** 0.000487***
(0.0000884) (0.0000752)
blocked days 0.00645*** 0.00651***
(0.000607) (0.000581)
instant-book 0.0264*
(0.0126)
cancel. policy: flexible -0.0121
(0.00989)
cancel. policy: moderate 0.0247*
(0.00959)
constant 1.184* 1.139*** 1.119***
(0.156) (0.147) (0.151)
Obs. 4622 4622 4622
Adj. R? 0.137 0.181 0.185

These are OLS regressions. Robust standard errors in parentheses. Each regression

controls for reporting month. Occupancy rate: last month.

* p<0.05, " p<0.01, "™ p < 0.001. Reference category for cancel. policy: strict.

Source: Authors’ calculations from AIRDNA data
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Table 5: Amsterdam. Dependent variable: revenue (> 10 bkngs)

(1) (2) 3)
superhost 0.0439 0.0953*** 0.0918***
(0.0285) (0.0202) (0.0203)
overall rating -0.00652 0.206*** 0.214***
(0.0338) (0.0504) (0.0483)
max guests 0.119*** 0.105*** 0.105***
(0.0112) (0.00810) (0.00790)
nr photos 0.00716***  0.00500*** 0.00453***
(0.00127)  (0.000855) (0.000865)
nr reviews -0.000192 -0.000291
(0.000248) (0.000242)
blocked days -0.0546** -0.0545%**
(0.00186) (0.00185)
instant-book 0.0519*
(0.0242)
cancel. policy: flexible -0.0793**
(0.0258)
cancel. policy: moderate 0.0354
(0.0176)
constant 6.211*** 5.995*** 5.966***
(0.256) (0.335) (0.319)
Obs. 4622 4622 4622
Adj. R? 0.180 0.497 0.499

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Revenue: log, last month.

* p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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photos non-significant only on occupancy rate). The coefficient on the number of reviews
is negative and statistically significant in the regression on the average daily rate although
it is economically small. In the data, hosts with similar characteristics that have a high
number of reviews typically also have a high number of bookings. Hence we see hosts with
many reviews as those that go for quantity rather than price. This presumably generates
the negative correlation between the number of reviews and the price, that arises because
we cannot control for this unobservable strategic component in hosts’ behavior. Having
a strict cancellation policy is associated with higher prices, as opposed to moderate and
flexible cancellation policies. As expected, the coefficient for the price is negative in the
regression on the occupancy rate. From table 5, being superhost and having a good rating
is associated with a higher revenue. Economically, the correlation is large. All other things

being equal, being superhost is associated with earning a revenue that is typically more
than 9% higher.

5 Conclusion

We have constructed a search model of experience goods in order to understand the impact
of ratings on the dynamic pricing decisions of firms. We showed that unrated firms are
willing to charge a low price in order to attain a rating. If the rating is good, the firm
raises its price to reflect the higher quality of its product. Despite the higher price, rated
sellers have higher numbers of sales. Thus, the value of a rating to a high quality seller is
that it gets to charge a higher price and sell more of its products. A novel aspect of our
work is that we are able to show that a ratings system is welfare improving. We then test
the theoretical predictions of our model by studying the Airbnb hosts across 4 major cities.
We show that highly rated hosts charge higher rental rates for their units yet have more
bookings than a similar but unrated rental unit. Possible extensions in future research
include studying richer rating settings such as double-sided ratings systems, where ratings

are posted both by sellers and buyers.
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Appendix

Proof of Proposition 1. In the first part of the proof, we prove the existence and
uniqueness of the rating equilibrium for x > & with £ < 1. In the second part of the proof,
we show that in this rating equilibrium welfare decreases with k.

Equilibrium tightnesses solve (17)-(20), which we restate here for ease of reference:

k—agm[1+(a1—aoo)/4]2/4—xa00/4:0 (24)
m — noox =0 (25)
1o [1+ (a1 — aoo) /4]° — 100 = 0 (26)

Recall that (24) is the free-entry condition by sellers, (25) is the buyers’ indifference
condition between market 00 and market 1, and (26) is the buyers’ indifference condition
between market 0 and market 00. From (25), tightnesses #; and 6y move in the same
direction. Thus, 6; (Ayo) is an increasing function of yy. We can then express everything

in terms of 6y and 6y as follows

Ak /z — ag (00) {1 + [a1 (61 (B00)) — oo (B00)] /4}> — 0o (Boo) = 0 (27)
10 (60) {1 + o1 (61 (B00)) — oo (Bo0)] /43> — 00 (Bo0) = 0 (28)

Equations (27) and (28) define both a relationship between 6y and 6y. To prove the
existence and uniqueness of a solution for fgy and 0y, we proceed as follows. First, we show
that equation in (27) defines 6y as a monotonically decreasing function of 8yy. Second, we
show that equation (28) defines fy as a monotonically increasing function of 6yp. Third,
we show that the curve defined in equation (27) has a greater intercept value of 6y (for
Boo = 0) than the curve defined in equation (28). We then conclude that the two curves
have a unique intersection for 6y, 89 > 0.

Denote the slope of the function 6y (6pp) implicit in (27) as dfy/dfyy and the slope of
the function gy (6po) implicit in (28) as dbo / dboo. By using the implicit function theorem,
we totally differentiate (27) to obtain

d@o _ —2AO&U [O/l (d91/d000) — aéo] /4 — a60
dboo —al A2

where A =1+ (a1 — agp) /4 and 1 < A < 5/4 since o > agp. Rearranging, this equation

can be rewritten as

dfg . 7140500/1 (d@l/dgoo) /2 + 0660 (1 - Aa0/2)
d900 N Oé6A2

. (29)
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In (29), the denominator and the numerator are both positive. It follows that dfy/dfpo < 0
for all fgg in (29); hence (27) defines 6y as a monotonically decreasing function in .

Next, consider equation (28), that we rewrite as follows
oo [1 + (Oél — aoo) /4]2 — agobo = 0. (30)
We totally differentiate (30) to get

(:ZAGO _ _Oé(]A2 + 3900050 [05/1 (d@l/dgoo) — 0560] — a6090
dboo 000 A% — aoo .

(31)

The denominator at the right-hand side of (31) can be rewritten as 6y (a6A2 — ago/ 900) =
Boo (Oz6A2 — 7700)' Using (28), this expression can be further rewritten as 6o A2 (af, — /o)
which is negative given our assumptions on the function «; (6;). Thus, to prove that
dfo/dfgo > 0, we need to show that the numerator at the right-hand side of (31) is posi-
tive. To compute df/dfyg, we first rewrite (25) as

a1 ool

01 oo

=0.

It follows that

r.0
A _ b1 "o ~1 (32)
dfoo foo a0 1 .
a1

We confirm that df;/dfyy > 0 since afyfo0 — apo < 0 and o} — a1 < 0. Using (25) and
(32), the numerator at the right-hand side of (31) becomes

_ a0
/ Qoo / 2 /
50{0 alallﬁ - 9000{00 + O[QA - 010090. (33)
—

Consider the last term in (33), cpA2—afyfo. Use (28) to rewrite it as 6y (oo — Boocrlyy) /oo
which is positive. Consider the term in brackets. Notice that 04;91' /a; < 1 always holds
since «; is concave. If a}0;/«; is weakly increasing in 6;, it follows that 1 — af000/c00 >
1—a}01 /a1, and ofyyboo < )6, since apo < aq. In this case the term in brackets is unam-
biguously positive. If o/6;/a; is instead decreasing in 6;, notice that, for z — 1, oo — 64
and hence the term is brackets tends to zero. Therefore, since «; is a continuous function,
if = is sufficiently high the overall expression in (33) is positive. We conclude that for z
sufficiently high the numerator in (31) is always positive and therefore dby / dfoo > 0.

Since dfy/dbpp < 0 while dbo / dboo > 0, we need to show that the intercept value of
0y that solves (27) for pp — 0 is greater than the intercept value of 6y that solves (28)
for Opp — 0. This will ensure that the curves defined in (27) and (28) intersect for some
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000,00 > 0. Notice that when 0pp = 0 then agg = 0 and 1gp = 1, which given (25) implies
that 71 =z < 1 and hence a; > 0.
When 6pp = 0, (27) gives

4k /x
{1+ [on (07" ()] /4}”

(675} (90) = (34)

while (28) gives
1

T {1+ o (7 @) /4

Consider three cases regarding the value of x and k; i.e., x = 4k, x > 4k and 2k < x <

mo (6o) (35)

4k (notice that any equilibrium requires = > 2k). First consider the right-hand sides in
(34) and (35) for 4k/x = 1 and the maximum value of z; i.e., x — 1. In this case, when
foo = 0, it follows that ngg = 1 = 1, so that 6; = 0pp = 0 and thus «; = 0. Hence the
right-hand side in (34) becomes equal to 1, which implies that the value of 6y that solves
(34) is 6p — oo. Similarly, the right-hand side in (35) becomes equal to 1 which implies
that the value of fy that solves (35) is 8y = 0. Therefore, for the extreme case x — 1, the
intercept value of y that solves (27) is greater than the intercept value of 6y that solves
(28) for Opp — 0. It follows that for z < 1 sufficiently high, when 6y9 = 0 then 7; satisfies
n1 < moo = 1 and is sufficiently high, hence 6 is sufficiently low, and «a; is sufficiently low
as well. Therefore the denominators in the right-hand sides of (34) and (35) are relatively
small, and so the right-hand sides in (34) and (35) are relatively big, which ensures that
the value of 0y that solves (34) (or (27) for g9 = 0) is greater than the value of 6y that
solves (35) (or (28) for 6pp = 0). We deduce that there is some & such that if x > 2 then
the value of 6y that solves (34) is higher than the value of 6 that solves (35), and a unique
solution for 6y, gy > 0 exists. Second, consider the case 4k < z. For x — 1, the value of
6y that solves (35) is 8y = 0 as in the previous case, while the value of 6y that solves (34)
is 0g > 0. Therefore, similarly as for 4k = x, there is some Z such that if x > & then the
value of 0y that solves (34) is higher than the value of §y that solves (35), and a unique
solution 6y, fyg > exists. Finally, consider the case 4k > x > 2k. In this case, there is no
value of fy that yields ap < 1 for z — 1 and 6pp = 0 in (35): k is big relative to z, so even
if x =1 (and also if 2 < 1), there is no 6y that makes sellers enter if yyp = 0. Hence there
must be some 6pp > 0 such that ap =1 (and so 8y — oo) and the free-entry condition (27)
holds. In the buyers’ indifference condition (28), however, when 6y — oo we have that
no = 0 and hence it must be that 6yy also approaches infinity. Therefore the two curves
defined by (27) and (28) must intersect for 6y, 0pp > 0, and hence an equilibrium solution
0o, 000 > 0 exists.

In what follows we show that an increase in k decreases buyers’ expected utility (sell-
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ers’ free entry condition ensures that sellers’ expected utility is always zero). Totally
differentiate (27) with respect to k

4 , 2d0o , A dby , AN dbyo
Z a2 2 1— o
— = apA + |apa] 5 dog + oy a0 Ik (36)

where again A = 1+ (a1 — ago) /4. Equation (36) shows that at least one of the two
derivatives dfy/dk and dfyy/dk must be positive.
Rewrite (26) as follows

2
040900 <1 + 04140(00> — 060090 =0

Totally differentiate with respect to k to obtain

db A do db
(016900142 — Oégo) dik‘o + |:O[0A2 + oz0000§ <0/1d‘9010 — a60> — 900[60:| 2700 _ 0 (37)

Combining (36) and (37), we obtain

4 a1
dbpo x \ Oooy
ke )2 (14215000 ) o Loy (38)
@o 4 13955 — %00 (2 1) ol + Yo (a0 _ o
Boc, 2 Bool] 00 T 80 \ Boo 00

On the right-hand side in (38), the numerator is positive, thus if the denominator is

also positive then dfyy/dk > 0. Notice that the denominator is positive if

/1 dbq /

(ap)? A ) Gg — Ay ag / Qg /
0 00 0 — =1 Oy | — — >0 39
00 90046 2 * 0o 90046 aOO + 0 900 O‘OO ( )

To show that (39) holds, recall that existence and uniqueness of the equilibrium re-
quired that the overall term in (33) or equivalently the numerator on the right-hand side
of (31) to be positive. By subtracting the numerator on the right-hand side of (31) from
the term on the left-hand side of (39) and rearranging, we obtain the following condition

for the denominator on the right-hand side in (38) to be positive

A, dby A
aogo/lm + agg (1 - a02> >0 (40)
which holds since apA/2 < 1. It follows that in the defined equilibrium dfy/dk > 0,
which implies that buyers’ expected utility of searching in market 00 decreases with k:
since 6y increases gy decreases with k, while pgg = x/2 does not change with k. Since

buyers’ expected utility must be the same across markets in equilibrium, buyers’ expected
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utility of searching in the three markets decreases with k.
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Table 6: Rome. Dependent variable: average daily rate (> 10 bkngs)

(1) (2) (3)

superhost 0.00240 0.0273 0.0284

(0.0224)  (0.0212) (0.0214)
overall rating 0.0947%** 0.100*** 0.100***

(0.0159) (0.0162) (0.0166)
max guests 0.117*** 0.112*** 0.112***

(0.00641) (0.00617) (0.00616)
nr photos 0.00255***  0.00296*** 0.00282***

(0.000465)  (0.000467) (0.000472)

nr reviews -0.00149*** -0.00154***
(0.000145) (0.000150)

blocked days 0.000450 0.000482
(0.000694) (0.000696)

instant-book 0.0170
(0.00840)

cancel. policy: flexible -0.0333
(0.0161)

cancel. policy: moderate -0.0182
(0.00985)

constant 3.802*** 3.832%** 3.840***
(0.103) (0.106) (0.112)

Obs. 3961 3961 3961

Adj. R? 0.380 0.402 0.403

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Average daily rate: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 7: Rome. Dependent variable: occupancy rate (> 10 bkngs)

0 @ )
superhost 0.0647*** 0.0426*** 0.0442%**
(0.00906) (0.00888) (0.00858)
overall rating 0.120*** 0.104*** 0.104***
(0.0142) (0.0140) (0.0141)
max guests -0.00180 -0.00138 -0.00101
(0.00427) (0.00416) (0.00419)
nr photos 0.00221**  0.00179*** 0.00167***
(0.000358)  (0.000336) (0.000354)
avge daily rate (log) -0.219*** -0.188*** -0.190***
(0.0209) (0.0193) (0.0193)
nr reviews 0.00148*** 0.00144***
(0.0000908) (0.0000922)
blocked days 0.00662*** 0.00668***
(0.000677) (0.000690)
instant-book 0.0264**
(0.00843)
cancel. policy: flexible -0.0156
(0.00987)
cancel. policy: moderate -0.00116
(0.0103)
constant 0.875*** 0.711% 0.719**
(0.109) (0.0985) (0.0981)
Obs. 3961 3961 3961
Adj. R? 0.259 0.308 0.310

These are OLS regressions. Robust standard errors in parentheses. FEach regression
controls for reporting month. Occupancy rate: last month.

* p<0.05, " p<0.01, ™ p<0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 8: Rome. Dependent variable: revenue (> 10 bkngs)

(1) (2) (3)

superhost 0.139*** 0.0966*** 0.0991***

(0.0313) (0.0234) (0.0228)
overall rating 0.280*** 0.312%** 0.312%**

(0.0436) (0.0416) (0.0412)
max guests 0.0572***  0.0702*** 0.0700***

(0.00867)  (0.00884) (0.00874)
nr photos 0.00605***  0.00526*** 0.00498***

(0.000649)  (0.000512) (0.000558)

nr reviews 0.00163*** 0.00153***
(0.000242) (0.000254)

blocked days -0.0401*** -0.0400***
(0.00143) (0.00144)
instant-book 0.0401
(0.0211)
cancel. policy: flexible -0.0666*
(0.0277)
cancel. policy: moderate -0.0317
(0.0286)
constant 4.929*** 5.000*** 5.015%**
(0.332) (0.336) (0.340)
Obs. 3961 3961 3961
Adj. R? 0.323 0.424 0.425

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Revenue: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 9: San Francisco. Dependent variable: average daily rate (> 10 bkngs)

0 @ )
superhost 0.0162 0.0286 0.0304
(0.0202) (0.0200) (0.0199)
overall rating 0.274*** 0.275%* 0.281%**
(0.0350) (0.0349) (0.0340)
max guests 0.126*** 0.125*** 0.122***
(0.00629) (0.00612) (0.00602)
nr photos 0.00519***  0.00581*** 0.00552***
(0.000820)  (0.000792) (0.000791)
nr reviews -0.000760*** -0.000803***
(0.000195) (0.000186)
blocked days -0.000923 -0.00100
(0.00104) (0.00106)
instant-book -0.000428
(0.0228)
cancel. policy: flexible -0.0862**
(0.0317)
cancel. policy: moderate -0.0521**
(0.0177)
constant 3.388*** 3.414*** 3.426***
(0.175) (0.172) (0.166)
Obs. 1985 1985 1985
Adj. R? 0.370 0.374 0.378

These are OLS regressions. Robust standard errors in parentheses. Each regression

controls for reporting month. Average daily rate: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 10: San Francisco Dependent variable: occupancy rate (> 10 bkngs)

0 @ )
superhost 0.0463** 0.0284 0.0278
(0.0171) (0.0177) (0.0178)
overall rating 0.0962*** 0.0684* 0.0758**
(0.0279) (0.0274) (0.0265)
max guests 0.000932 0.00346 0.00242
(0.00451) (0.00398) (0.00378)
nr photos 0.00115 0.000310 0.000271
(0.000707)  (0.000645) (0.000660)
avge daily rate (log) -0.156*** -0.144*** -0.143***
(0.0206) (0.0186) (0.0182)
nr reviews 0.00121*** 0.00116***
(0.000150) (0.000141)
blocked days 0.00897*** 0.00908***
(0.000798) (0.000824)
instant-book 0.0511**
(0.0166)
cancel. policy: flexible -0.00397
(0.0170)
cancel. policy: moderate 0.0160
(0.0124)
constant 0.908*** 0.850*** 0.802***
(0.163) (0.150) (0.149)
Obs. 1985 1985 1985
Adj. R2 0.122 0.204 0.208

These are OLS regressions. Robust standard errors in parentheses. FEach regression
controls for reporting month. Occupancy rate: last month.

* p<0.05, " p<0.01, ™ p<0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 11: San Francisco. Dependent variable: revenue (> 10 bkngs)

(1) (2) (3)
superhost 0.125* 0.0818 0.0810
(0.0526) (0.0433) (0.0429)
overall rating 0.181* 0.339*** 0.360***
(0.0747) (0.0735) (0.0685)
max guests 0.103*** 0.0948*** 0.0900***
(0.00845) (0.00938) (0.00956)
nr photos 0.00814***  0.00530** 0.00485**
(0.00207) (0.00178) (0.00177)
nr reviews 0.00168*** 0.00149***
(0.000436) (0.000406)
blocked days -0.0506*** -0.0506***
(0.00263) (0.00268)
instant-book 0.102*
(0.0448)
cancel. policy: flexible -0.127**
(0.0407)
cancel. policy: moderate -0.00526
(0.0282)
constant 5.931%** 5.698*** 5.627***
(0.438) (0.425) (0.404)
Obs. 1985 1985 1985
Adj. R? 0.248 0.475 0.478

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Revenue: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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Table 12: Miami. Dependent variable: average daily rate (> 10 bkngs)

0 @ )
superhost 0.0141 0.0417* 0.0452*
(0.0176) (0.0169) (0.0186)
overall rating 0.0863*** 0.0894*** 0.0920***
(0.0110) (0.0108) (0.0113)
max guests 0.138*** 0.133*** 0.131***
(0.0168) (0.0156) (0.0160)
nr photos 0.00412***  0.00463*** 0.00446***
(0.000400)  (0.000341) (0.000325)
nr reviews -0.00266*** -0.00270***
(0.000151) (0.000149)
blocked days -0.000823 -0.000829
(0.00113) (0.00118)
instant-book 0.00723
(0.0293)
cancel. policy: flexible -0.0465**
(0.0138)
cancel. policy: moderate -0.0651**
(0.0197)
Constant 4.340%** 4.378%** 4.384***
(0.138) (0.132) (0.136)
Obs. 4029 4029 4029
Adj. R? 0.341 0.364 0.366

These are OLS regressions. Robust standard errors in parentheses. Each regression

controls for reporting month. Average daily rate: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data

35



Table 13: Miami. Dependent variable: occupancy rate (> 10 bkngs)

0 @ )
superhost 0.0584*** 0.0304** 0.0304**
(0.00904)  (0.00807) (0.00824)
overall rating 0.0460***  0.0368*** 0.0402***
(0.00705)  (0.00695) (0.00717)
max guests 0.0156* 0.0162* 0.0157*
(0.00662)  (0.00630) (0.00700)
nr photos 0.00140***  0.000846* 0.000763
(0.000269) (0.000348) (0.000380)
avge daily rate (log) -0.244*  -0.211% -0.213**
(0.0243) (0.0211) (0.0233)
nr reviews 0.00252*** 0.00244***
(0.000162) (0.000149)
blocked days 0.0104*** 0.0104***
(0.000889) (0.000897)
instant-book 0.0650***
(0.00653)
cancel. policy: flexible 0.00377
(0.00478)
cancel. policy: moderate -0.0102
(0.00883)
constant 1.321% 1.105%* 1.090***
(0.0960) (0.0780) (0.0812)
Obs. 4029 4029 4029
Adj. R? 0.139 0.227 0.236

These are OLS regressions. Robust standard errors in parentheses. FEach regression

controls for reporting month. Occupancy rate: last month.

* p<0.05, " p<0.01, ™ p<0.001. Reference category for cancel. policy: strict.

Source: Authors’ calculations from AIRDNA data
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Table 14: Miami. Dependent variable: revenue(> 10 bkngs)

0 @ )
superhost 0.147*** 0.105*** 0.105**
(0.0257) (0.0249) (0.0337)
overall rating 0.165*** 0.173*** 0.181***
(0.0240) (0.0275) (0.0294)
max guests 0.0944*** 0.104*** 0.102***
(0.0162)  (0.0201) (0.0214)
nr photos 0.00601***  0.00487*** 0.00457***
(0.00123) (0.00116) (0.00120)
nr reviews 0.00454*** 0.00433***
(0.000568) (0.000541)
blocked days -0.0354*** -0.0354***
(0.00247) (0.00250)
instant-book 0.159***
(0.0181)
cancel. policy: flexible -0.0263
(0.0370)
cancel. policy: moderate -0.0400
(0.0217)
constant 5.466*** 5.547*** 5.504***
(0.411) (0.304) (0.300)
Obs. 4029 4029 4029
Adj. R? 0.121 0.219 0.226

These are OLS regressions. Robust standard errors in parentheses. Each regression
controls for reporting month. Revenue: log, last month.

*p<0.05, " p<0.01, " p < 0.001. Reference category for cancel. policy: strict.
Source: Authors’ calculations from AIRDNA data
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