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Abstract

In digital markets with peer-to-peer reviews, new products encounter the so-called “cold-
start” problem: Little-known products are bought too rarely and remain little known. While
consumers benefit from observing reviews written by others, they do not account for the ben-
efit they generate from trying a new product and revealing the product’s quality to everyone
else. In this paper, we examine the inefficiency linked to social learning on Airbnb, including
its implications for hosts’ price, entry and exit decisions. We estimate a dynamic structural
model of demand and supply for Airbnbs in Manhattan, New York, from 2016 to 2019. We
then introduce a counterfactual tax-subsidy scheme aimed at changing the relative price of
listings with few compared to many reviews, thereby shifting demand and addressing the
cold-start problem. In our main counterfactual, we find that the average price decreases by
around 17% for listings with at most one review, but increases by almost 10% for listings
with more than 15 reviews, which leads to 14% higher demand for the former. Furthermore,
the number of listings with at most one review declines by 18%, although the total number
of listings increases by 5%. Based on our conservative estimates, widening the price gap
between new and established listings leads to a welfare increase amounting to roughly 8.5%
of total host revenue on Airbnb in Manhattan.
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1 Introduction

A key characteristic of digital platforms is their virtually unlimited shelf space, which provides
consumers with an extensive range of products. Amid this abundance, peer-to-peer reviews
have become crucial, allowing consumers to learn from the experiences of previous buyers and
improve their purchasing decisions. For instance, Reimers and Waldfogel (2021) estimate that
the existence of peer-to-peer reviews are ten times more valuable to consumers than traditional
review outlets.

However, reviews are likely to be misallocated. Consumers often hesitate to purchase unre-
viewed products, which might be of poor quality, preferring reviewed alternatives. At the same
time, the marginal review of a little-known product provides more information about its quality
than that of a well-established product. Therefore, its social value is relatively larger, but this is
not reflected in consumer purchase decisions. The lack of exploration results in the “cold-start”
problem (Che and Hörner, 2018; Kremer, Mansour and Perry, 2014), where new products are
discovered at an insufficient rate initially. Many platforms recognize the challenges and signifi-
cance of accumulating initial reviews and seem to believe that addressing the cold-start problem
is beneficial for their platform. For example, Airbnb highlights the importance of low prices for
new listings, suggesting that hosts offer a 20% discount to their very first guests.1 Amazon, on
the other hand, provides the Amazon Vine program, which allows participating sellers to offer
their products for free in exchange for guaranteed reviews from trusted customers on the plat-
form.2 In both examples, the platforms see prices as the lever to divert demand to new listings
and address the cold-start problem.

The existing theoretical literature has establisehd that increasing the speed of learning about
new products enhances overall welfare, though it largely abstracts from the market setting in
which reviews are embedded. Whether the speed of learning is inefficiently low is less clear
when the endogenous decisions of sellers are taken into account. When sellers set prices, and
decide to enter or exit the market, they consider the impact of reviews on their lifetime profit.
For instance, new sellers may lower their prices to increase the likelihood of receiving reviews
and to gain a competitive edge, a strategy akin to learning-by-doing (Cabral and Riordan, 1994,
1997).3 Conversely, the slow accumulation of reviews may discourage new sellers from entering
or remaining in the market (Vellodi, 2022). For established sellers, the cold-start problem may
fortify their market position, making them less likely to exit. At the same time, any interven-
tion aimed at addressing the cold-start problem may distort seller profits which also has direct
implications for seller entry and exit. Consequently, while some seller decisions can alleviate
the welfare implications of the cold-start problem, others may exacerbate it, complicating any
general statements about its existence and impact.

In this paper, we examine if the cold-start problem exists and analyze its impact on con-
sumers, sellers, and overall welfare in an online marketplace, specifically analyzing the Airbnb

1 See https://www.airbnb.ca/resources/hosting-homes/a/how-to-set-a-pricing-strategy-15
2 See https://sell.amazon.com/tools/vine
3 Bergemann and Välimäki (1997, 2000) incorporate endogenous pricing and find that the speed of social learning

is too high, not too low. Vellodi (2022) demonstrates that allowing for endogenous pricing fully alleviates the cold-
start problem in his model with endogenous entry.
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market in Manhattan, New York. Despite the vast theoretical literature on social learning, to our
knowledge, we are the first to estimate a structural model of social learning and assess the wel-
fare loss from the cold-start problem empirically. Specifically, we estimate an empirical model
of the Airbnb market where listing quality is initially unknown, and peer-to-peer reviews re-
sult from past purchases. Using this model, we explore counterfactuals which induce sellers to
change their prices, shifting demand between sellers and allowing to alleviate the welfare loss
from the cold-start problem, i.e., from insufficient social learning. In our main counterfactual,
we find that it is socially optimal to increase the price gap between listings with many compared
to few reviews. This increases welfare by $338,518 per month, corresponding to around 8.5% of
total monthly seller revenue on Airbnb in Manhattan. Consumers are the beneficiaries of our
counterfactual policy, while hosts are worse off overall.

To illustrate the cold-start problem, we begin by analyzing a simple two-period model of
social learning involving only two firms: an incumbent and an entrant, with the quality of the
entrant’s product being a priori unknown. From a social surplus perspective, the entrant’s price
in the first period should be lower than the incumbent’s price. This is not always true in the
Nash equilibrium: entrants charge a higher price if they are expected to be of sufficiently-high
quality. Dynamic pricing considerations increase the price difference between incumbents and
entrants, but the price difference remains insufficiently low if the entrant’s expected quality is
not much lower than the incumbent’s quality. We conclude our simple model by discussing the
implications of incorporating an outside option, as well as seller entry and exit. In particular,
entry and exit incentives introduce concerns of market participation, which are related by the
cold-start problem in a non-trivial way. Our analysis suggests that the existence of the cold-start
problem may not only depend on the prior beliefs about product quality, but is also closely tied
to entry and exit dynamics.

We then introduce our empirical model of the Airbnb market. Airbnb guests make individ-
ually optimal booking choices among the available listings based on their expectation about a
listing’s quality. When deciding which listing to book, guests do not take into account the im-
pact of the review that they might write on future guests. Guests hold prior beliefs that they
update according to Bayes’ rule based on the number of reviews and the rating they observe. On
the supply side, there is a pool of hosts, some of whom are inactive. Active hosts set rental prices
while considering the potential effect on future demand through the accumulation of reviews.
Hosts also make entry and exit decisions; active hosts decide whether to remain active or exit
the market and save the operating cost, while inactive hosts can enter at the beginning of each
period at an entry cost. Given the large number of Airbnb hosts, we approximate the symmetric
Markov equilibrium of this game using the oblivious equilibrium concept introduced by Wein-
traub, Benkard and Van Roy (2008), where hosts assume that the distribution of competitors
remains fixed and equal to the steady state.

We estimate the demand and supply sides of our model separately. To recover the demand
parameters, we employ the Generalized Method of Moments. Our estimates underscore the
significant impact that ratings have on both guest and host behavior. On average, a good re-
view increases a listing’s occupancy rate by 2.6%. For unreviewed listings, this effect is more
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than twice as large. We estimate a mean quality corresponding to 4.15 stars (on a one-to-five-
star scale) in the listing population, whereas the average rating in the data is 4.51 stars. This
discrepancy arises because only high-quality listings tend to survive in the market.

We obtain the supply parameters by using a nested maximum likelihood routine to match
the observed distribution of listing types and reviews. Our estimates indicate that hosts face
substantial entry costs, averaging about half of their lifetime profit. Based on our estimates of
hosts’ operating costs, we calculate an average profit margin of 24.5%. To evaluate model fit,
we use our model and the parameter estimates to simulate data and compare it to our sample.
The rating distribution, rental prices, and occupancy rates in the simulated data align well with
the actual data. However, the model predicts larger exit rates, overestimating the dynamism on
Airbnb. Nonetheless, we demonstrate that reviews influence host and consumer behavior in a
manner broadly consistent with the observed data.

In the counterfactual analysis section of this paper, we induce price adjustments which max-
imize long-run equilibrium welfare. To reduce the dimensionality of the problem, we group
listings based on their number of reviews and employ two-part tariffs consisting of subsidies or
taxes and lump-sum transfers. Subsidies and taxes are uniform within each group but may vary
across groups. Hosts of taxed listings are compensated for the tax burden, and hosts of subsi-
dized listings are charged for the subsidy cost through lump-sum transfers. With our approach,
we effectively compel hosts to set a price that is different from their individually optimal price.
To ensure that the welfare effects we observe are due to changes in the appeal of entrants relative
to incumbents, rather than a change in the appeal of any Airbnb listings relative to the outside
good, we impose a condition that the average tax-subsidy must be zero. In a second counterfac-
tual, inspired by Airbnb’s attempt to influence prices of brand-new listings, we directly search
over the socially optimal prices of listings with no reviews.

In the first counterfactual, we find that the welfare-maximal tax-subsidy scheme involves
that listings with at most five reviews decrease their price, while listings with more than five
reviews increase their price. The largest price changes are observed for listings with at most
one review (-16.6%) and listings with more than 15 reviews (+9.7%). This increase in the price
gap between relatively established and new listings diverts demand towards the newer listings.
Hence our policy increases the speed of social learning. However, socially optimal prices are
also influenced by consideration for host exit and entry decisions. Active incumbent listings
are more valuable to consumers than entrant listings, and our policy reconciles motives of in-
creasing the speed of learning and avoiding market exit by incumbents. Widening the price gap
benefits incumbent hosts because it allows them to charge higher prices. In the new equilibrium,
we observe 18% fewer listings with at most one review but over 50% more listings with more
than 15 reviews. This results in a welfare increase by almost $340,000 per month, an increase
that is mostly driven by an increase in consumer surplus. Not only consumers, but also Airbnb
benefits from the policy, with an 8% increase in its revenue from Airbnb fees. At the same time,
hosts are hurt by the policy overall: they lose more than 8% of their surplus.

While in our first counterfactual, the motive of ensuring market participation of socially
more valuable hosts aligns with the motive of alleviating the cold-start problem, this is not the
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case in our second counterfactual. There, we focus on listings with no reviews and induce only
them to set the socially optimal prices. As a result, we observe an interesting trade-off. Similar
to our first counterfactual, the price for these new listings is lower than in the status quo. Since
new listings are forced to reduce their prices, their profits drop and their incentive to enter
decreases. At the same time, there is no compensating decrease in exit from other hosts. Higher-
type entrants are more valuable, though, hence a social planner would not want to distort their
prices as much and their price decrease is more muted. Overall, this policy leads to rather mild
welfare increase, as reduced entry incentives counteract the gains from social learning.

Our analysis indicates that the cold-start problem may lead to a significant welfare loss on
Airbnb and potentially other markets with similar characteristics, though the extent of the cold-
start problem generally depends on entry and exit dynamics, as well as the prior expectation
of entrants’ quality relative to incumbents’. This paper demonstrates that listings with few re-
views are priced too high relative to the ones with many reviews, resulting in too few bookings.
Consequently, consumers have inefficiently little information about listing quality.

The paper is organized as follows. In Section 2, we discuss the relevant literature. To mo-
tivate the paper, we characterize the cold-start problem in a simple model in Section 3. We
introduce the empirical model in Section 4 and present the data in Section 5. Section 6 and
Section 7 contain the estimation procedure and results for the demand and supply side of the
model respectively. We describe the model fit in Section 8. The description and results of the
counterfactual analysis are found in Section 9. Section 10 concludes.

2 Literature

There is an extensive theoretical literature on social learning (Acemoglu, Makhdoumi, Malekian
and Ozdaglar, 2022; Avery, Resnick and Zeckhauser, 1999; Bergemann and Välimäki, 1996, 1997,
2000; Che and Hörner, 2018; Kremer et al., 2014; Papanastasiou, Bimpikis and Savva, 2018).
Keller, Rady and Cripps (2005), Avery et al. (1999), and Bolton and Harris (1999) model games
of experimentation where players learn from each other, making information a public good.4

Bergemann and Välimäki (1996, 1997, 2000) embed strategic experimentation into a market set-
ting. In Bergemann and Välimäki (1996), competing sellers set low prices to incentivize a single
consumer to experiment. By contrast, Bergemann and Välimäki (1997, 2000) find that, upon
introducing a new product, the learning speed is inefficiently high because experimentation is
expected to increase the vertical differentiation of products. Acemoglu et al. (2022) introduce a
model in which consumers learn about product qualities from online reviews, comparing the
effectiveness of different rating systems in facilitating social learning. We relate to this literature
by estimating an empirical model that features social learning through peer-to-peer reviews.

A separate stream of theoretical literature analyzes the cold-start problem in social learning
from a mechanism design perspective (Che and Hörner, 2018; Kremer et al., 2014; Vellodi, 2022).
In Vellodi (2022), consumers only purchase a firm’s product if its rating is sufficiently high. It

4 Other models of social learning feature agents who ignore the informational externalities of their actions (Baner-
jee, 1992; Bikhchandani, Hirshleifer and Welch, 1992; Smith, Sørensen and Tian, 2021). This literature is distinct in
that it assumes agents have private information.
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takes new firms a long time to reach this threshold rating, leading to their likely market exit
or lack of market entry in the first place. Paradoxically, consumers benefit if product ratings
are censored. The market inefficiency in Vellodi’s model arises from firms’ capacity constraints,
and faster learning allows consumers to benefit from less congestion at highly rated firms. Our
model also features capacity constraints; unlike in Vellodi (2022), products are differentiated
and also high-quality incumbents may exit the market.

Che and Hörner (2018) highlight that exploring ”ex-ante unappealing” products can be ”so-
cially valuable because some of them are ultimately worthy of consumption” (p. 872). A con-
sumer might not try a new product because the private cost of doing so exceeds the social
benefit of learning its quality. In their model, a mechanism designer observes a signal about
a single product’s quality at a rate proportional to the number of consumers who have tried
it. The authors show that the designer can increase welfare by occasionally recommending the
product to consumers, even if the signal does not confirm high quality. Similarly, Kremer et al.
(2014) conclude that a principal, who recommends one of two options with unknown rewards
to sequentially arriving agents, learns the reward of an option if at least one agent chooses it.
They find that the principal optimally recommends the a priori worse option unless the reward
of the other option is sufficiently large. In contrast to these mechanism design solutions to the
cold-start problem, our paper investigates the welfare impact of inducing relatively lower prices
for new products and takes supply-side decisions into account

We contribute to the literature on the cold-start problem by providing novel, empirical re-
sults about the scale and scope of the cold-start problem. Apart from our paper, to our knowl-
edge, only Pallais (2014) assesses the cold-start problem empirically, but in contrast to our pa-
per, Pallais uses an experimental analysis in a labor market context. Pallais demonstrates that
entry-level workers face barriers to labor market entry due to employers’ uncertainty about
their abilities. Firms do not reap all the benefits of ”exploring” new workers instead of hir-
ing seasoned ones. In Pallais’s field experiment, the performance of entry-level workers in the
treatment group is certified, leading to increased welfare. Similarly, in our paper, we estimate a
substantial welfare increase from incentivizing consumers to try new products.

Multiple studies estimate the impact of reviews on sales (Anderson and Magruder, 2012;
Chevalier and Mayzlin, 2006), revenues (Luca, 2016), and exit rates (Cabral and Hortacsu, 2010).
Additionally, several studies attribute substantial consumer surplus gains to online rating sys-
tems (Fang, 2022; Lewis and Zervas, 2016; Reimers and Waldfogel, 2021; Wu, Che, Chan and Lu,
2015). Bao, Fang and Osborne (2024) analyzes how quality disclosure via reviews affects entry
and exit dynamics. We contribute to this literature by confirming the significance of ratings on
Airbnb, demonstrating that unreviewed Airbnb listings are booked less frequently, are cheaper,
and are more likely to be discontinued than reviewed ones.

A large body of empirical literature on Airbnb reviews examines the incentives for guests
(and hosts) to write reviews and the sources of review bias (Fradkin and Holtz, 2022; Fradkin,
Grewal and Holtz, 2021; Proserpio, Xu and Zervas, 2018; Zervas, Proserpio and Byers, 2021).
Fradkin and Holtz (2022) highlight that, since consumers bear the cost of writing a review but do
not receive all the benefits, online reviews are likely under-provided. In their field experiment
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on Airbnb, they incentivize reviews but do not find that this increases demand. Our paper
relates to theirs by investigating guests’ insufficient incentives to book new listings rather than
focusing on the broader issue of review provision.

Airbnb has been the subject of extensive structural, empirical research. Most of these stud-
ies focus on the housing (Almagro and Domınguez-Iino, 2022; Calder-Wang, 2021) or hospitality
(Farronato and Fradkin, 2022) market. Huang (2022) examines pricing behavior on Airbnb and
find that pricing frictions lead to substantial welfare loss, while Decker (2023) models the rat-
ing system as a mechanism designed by Airbnb to persuade consumers to join the platform.
Rossi (2024) explores the role of reviews in motivating sellers to exert effort, and examines how
competition mediates that relationship.

To solve the model, we compute the oblivious equilibrium as developed in Weintraub et al.
(2008) and Weintraub, Benkard and Van Roy (2010) that has been frequently applied in other
studies (Bao et al., 2024; Brancaccio, Kalouptsidi and Papageorgiou, 2020; Frechette, Lizzeri and
Salz, 2019; Xu, 2008). Their model focuses on technological investment. In our application, the
dynamic decision variable is the price, in the spirit of the learning-by-doing literature (Besanko,
Doraszelski and Kryukov, 2014, 2019; Besanko, Doraszelski, Kryukov and Satterthwaite, 2010).

3 The Cold-Start Problem

In this section, we analyze the cold-start problem in a simple model to motivate our counterfac-
tual analysis and provide intuition for our results.

Suppose there are an entrant and an incumbent firm supplying products E and I respectively
at zero marginal cost. Let the success rate or “quality” of product j ∈ {E, I} be denoted by ωj ∈
[0, 1]. The quality ωI of I is publicly known and reflects the probability with which consumption
of I is a “success” and yields utility of one. If it is a “failure”, its utility is zero. The quality ωE

of E is unknown to both consumers and firms, and distributed according to a beta distribution
with parameters a, b > 0.

The model has two periods, i.e., t ∈ {1, 2}. In each period, a risk-neutral Bayesian consumer
arrives to purchase E or I. Crucially, the consumer in t = 1 (consumer 1) is distinct from
the consumer in t = 2 (consumer 2). The prior belief of the consumer 1 about E’s quality is
characterized in Equation (1).

ωE1 ≡ E1[ωE] =
a

a + b
. (1)

If consumer 1 chooses E, she truthfully reports her experience (success/failure) with proba-
bility υr ∈ (0, 1] to consumer 2. Note that consumer 1’s experience follows a Bernoulli distribu-
tion with the success probability equal to ωE. Conditional the consumer 1 writing a review, the
posterior belief ωE2 of consumer 2 about the quality of E is a+1

a+b+1 in case of success and a
a+b+1 if

consumer 1 experienced a failure.
The expected indirect utilities of product j ∈ {E, I} are given in Equation (2). The unit price

of product j is denoted by pj and ϵjt represents the idiosyncratic taste shock.

ujt = ωjt − pjt + ϵjt = νjt + ϵjt, where ϵjt
iid∼ Gumbel(0, π2/6), (2)
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Under the distributional assumption on the taste shocks, consumer t chooses E with prob-
ability qEt = exp (νEt) /(exp(νIt) + exp (νEt)). The cold-start problem arises because v1E does
not account for the fact that the review that may be generated if consumer 1 purchases product
E in expectation benefits consumer 2. All else equal, the probability that product E is purchased
is inefficiently low as a result.

Firms, on the other hand, exist for both periods and take the effect of their pricing decision
in t = 1 on their profit in t = 2 into account. In t = 1, firm j solves the profit maximization
problem in Equation (3). Notice that the firm’s profit in t = 2 depends on pE1 and pI1 as the
prices determine the likelihood that E is bought (and reviewed) in t = 1.

max
pj1

(
qj1 pj1 + δE2

[
qj2 pj2|pE1, pI1

])
(3)

Equation (3) characterizes the prices in the subgame-perfect Nash equilibrium. πi
j2, i ∈

{0, g, b}, denotes firm j’s profit in t = 2 if its product receives no review (0), a good review (g)
or a bad review (b) respectively. Furthermore, ϕ0 = −1, ϕg = ωe

E1 and ϕb = 1 − ωe
E1.

Lemma 1. Suppose that firms compete in Nash-Bertrand fashion. In equilibrium, the entrant firm and
the incumbent firm set prices p∗E1 and p∗I1 respectively, where

p∗E1 =
1

1 − qE1(p∗E1, p∗I1)
− υrδ ∑

i∈{0,g,b}
ϕiπ

i
E2

and p∗I1 =
1

qE1(p∗E1, p∗I1)
+ υrδ ∑

i∈{0,g,b}
ϕiπ

i
I2.

p∗E1 strictly decreases while p∗I1 strictly increases in υr and δ.

The proof of the lemma can be found in Appendix A.1. Notice that both the entrant’s and
the incumbent’s profits are convex in ωE1 and, in expectation, information revelation benefits
both the incumbent and the entrant. Therefore, the entrant lowers its price in t = 1 and raises
the likelihood of a review in t = 2, countering the cold-start problem and speeding up the
revelation of its quality. To the same effect, the incumbent raises its price and further increases
the likelihood that E is reviewed. Lemma 1 implies that the price difference between entrant
and incumbent is larger in absolute terms if social learning plays a larger role (υrδ ↑).

According to Lemma 1, both firms have an incentive to alleviate the cold-start problem,
though if consumer choices are socially efficient remains unclear. Note that even absent any
considerations of their future profit, firms will set different prices than is socially optimal in
the first period; whoever has a higher expected quality will set a higher price, while, as there
is no difference in marginal costs, it is socially optimal that prices are equal across products.
In the Nash equilibrium, social learning increases the absolute difference between entrant and
incumbent prices when E’s quality is expected to be worse than I’s, while the opposite is true
when the entrant is expected to be better. Proposition 1 characterizes the price difference in
the first period which fully alleviates the cold-start problem and shows how it compares to the
first-period price difference in the Nash equilibrium. Denote the difference in expected quality
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as ω̃1 = ωE1 − ωI , the equilibrium price difference as p̃∗1 = p∗E1 − p∗I1 and the socially optimal
price difference as p̃s

1 = ps
E1 − ps

I1.5

Proposition 1. Suppose a social planner sets prices in the first period.

(i) The socially optimal price difference in t = 1 is negative irrespective of ω̃1, i.e.,

p̃s
1 < 0 ∀ ω̃1.

(ii) If ∑i δυrϕi(π
i
I2 − πi

E2) < 1, there exists ̂̃ω1 < 0 such that p̃s
1 < p̃∗1 ∀ω̃1 > ̂̃ω1.

The proof of the proposition is relegated to Appendix A.2. According to Proposition 1(i), the
social planner chooses pE1 to be smaller than pI1 to incentivize consumer 1 to purchase E and
review it, irrespective of the expected quality of E and the quality of I. Furthermore, Propo-
sition 1(ii) specifies when the socially optimal price difference in the first period is lower than
in a Nash equilibrium. To be able to say something meaningful, we need to impose regularity
condition ∑i δυrϕi(π

i
I2 − πi

E2) < 1. This condition makes sure that the information gain from an
additional review is not excessively valuable to the incumbent compared to the entrant. In other
words, the incumbent profits must not be more convex than the entrant profits by an order of
magnitude. Under this condition, we can show that the entrant’s price relative to the incum-
bent’s price is higher in the equilibrium than is socially optimal, as long as consumers believe
that the entrant’s product is not much worse than the incumbent’s product. Hence, the entrant
charges a price that is too high and the market suffers the cold-start problem. In contrast to the
consumers, the entrant and the incumbent are forward-looking. However, they account only
for their own future expected profit but not for the future expected consumer surplus in their
pricing decision.

Proposition 1 illuminates the underlying causes of the cold-start problem. In addition, it
provides the rationale behind our counterfactual analysis, in which we examine the welfare
implications of a tax-subsidy scheme designed to change the price disparity between relatively
new and established products. However, it is important to note that the simple model is lacking
important features which may affect severity or even the existence of the cold-start problem.
Apart from featuring just two products, the simple model does not capture firms’ entry and
exit decisions. Second, there is no outside option available to consumers. Incorporating these
elements in the simple model would prevent us from deriving theoretical results, which is why
we require a structural analysis with the more complex model outlined in the next section.
Beforehand, we offer a brief informal discussion of the consequences of these features:

Endogenous entry and exit Changing relative prices and thereby shifting demand from one
listing to another not only influences the speed of learning, but also impacts per-period profits.
Socially optimal prices are different from individually optimal prices; consequently, if only indi-
vidual firms were forced to adopt the socially optimal price, their profit would decrease. As all

5 The socially optimal price difference in the first period takes into account the Nash equilibrium played in the
second period.
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prices change, the overall effect on individual seller profits become ambiguous. Profit changes
trigger changes in the incentives for firms to enter and exit. However, each firm is not neces-
sarily equally valuable to consumers, hence optimal prices will be affected by considerations
of market participation. In particular, the social planner may exercise caution when imposing
profit reductions on firms that are deemed valuable, which are often incumbents.

Outside option When consumers have the option to choose an outside option, both the price
difference and the price level will matter for social welfare. In a logit model, firms possess market
power arising from heterogenous preferences; thus, reducing the price level generally enhances
market efficiency in any given period. However, a lower price level can adversely affect prof-
its and thereby entry incentives while increasing exit, which harms consumers and negatively
affects welfare, if entry and exit are inefficient. Whether the social planner prefers a higher or
lower price level compared to the Nash equilibrium will depend on the relative importance of
these channels. Note, however, that both these channels are orthogonal to diverting demand
from incumbent to entrant and thus unrelated to social learning and the cold-start problem.

4 Model

In this section, we generalize the model from the previous section and apply it to the context
of Airbnb. We assume that the true quality of each listing is unknown, but reviews serve as
publicly observable signals of quality. As in the simple model, information is symmetric. That
is, Airbnb guests and hosts have the same information and, therefore, have the same beliefs
about listing quality at all times. The time horizon is infinite, and hosts maximize the discounted
sum of future profits through their pricing, entry, and exit decisions.

Indirect utility and demand. – There exists a set I of guests, indexed by i, and a set J of listings,
indexed by j. Let Njt denote the number of reviews and Kjt the number of good reviews of listing
j accumulated up to period t. Guests have unit demand. Let u denote a guest’s indirect utility
of renting listing j ∈ Jt in time period t ∈ {1, ..,+∞}.

u(pjt, xjt) = γ
a + Kjt

a + b + Njt
+ βl(j) + (1 + f )αpjt + ξ jt + ϵjt = ν(pjt, xjt) + ξ jt + ϵjt (4)

γ reflects the utility value of having a successful stay with certainty, βl(j) is the intercept coeffi-
cient, which differs by listing type l(j), and α is the rental price coefficient. pjt is the rental price,
f is the fee Airbnb levies on consumers, the structural error ξ jt captures the unobserved (to the
econometrician) listing characteristics, and ϵjt is an idiosyncratic taste shock. As in Section 3,

a and b govern the prior distribution over listings’ success rates, i.e., ωj
iid∼ Beta(a, b). We al-

low for four different listing types, l ∈ {1, 2, 3, 4}, to account for observed differences in listing
characteristics, such as a listing’s location and amenities. A listing with more desirable charac-
teristics is assigned a higher type. The details about how we construct listing types are found in
Section 5. Notice that a listing’s type and its rating are independent of each other. For example,
there may be a type 1 listing with a bad rating and a type 4 listing with a good rating. The state
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xjt of listing j in t is (Kjt, Njt, l(j)) ∈ X where X = {(K, N, l) ∈ N2
0 ×{1, 2, 3, 4} : K ≤ N, N ≤ N̄}.

N̄ ∈ N+ is the maximal number of reviews our model allows for.
As in Section 3, the taste shocks are independently and identically drawn from a normalized

Gumbel distribution. We also normalize the mean utility of taking the outside option, which
can be interpreted as booking a hotel rather than an Airbnb, to zero. We abstract from guests
arriving sequentially in the run-up to t to make bookings, as this would immensely complicate
characterizing the demand system.6 Rather, in each t, a discrete number of guests arrive simul-
taneously in the market to book accommodation for the duration of the period. Guest arrival
follows a Poisson process with mean µ. In each t, an average number of µ guests arrive in the
market to book one of the listings or take the outside option. Listings are capacity-constrained;
at most, one consumer can rent listing j in t. We show in Appendix A.3 that the number of con-
sumers who want to book listing j is Poisson distributed. Equation (5) characterizes the demand
q for j in t. It equals the probability that at least one of the guests arriving in t wants to book
j. If more than one guest wants to book j in t, we assume that one guest successfully books the
listing while all remaining ones are forced to take the outside option.

q(pjt, xjt, Pt, st) = 1 − exp

(
−µ

exp(ν(pjt, xjt))

1 + exp(ν(pjt, xjt)) + ∑X
x (st(x)− 1x=xjt) exp(ν(Pt(x), x))

)
(5)

st(x) denotes the number of listings in each state x in t. Equation (5) assumes that hosts other
than j set the rental price of their listings according to the pricing policy function Pt(x). Listings
that share the same state have the same price. This will be true in the symmetric equilibrium.
Notice also that Pt(x) does not depend on pjt or the prices of j′ ̸= j. As discussed below, this
follows from the oblivious equilibrium concept we use. Hence, we can simplify the notation
and drop the j subscript in what follows.

State transitions. – If a listing is booked for t, with probability υr ∈ (0, 1), the guest accurately
reports its experience (success, failure) in a review.7 The probability ρ0 that a listing’s state does
not change, either because it is not booked or the guest fails to leave a review, is 1 − υrq. The
listing receives a good review with probability ρg or a bad review with probability ρb, depending
on the listing’s quality prior.

If the review is good, both N and K increase by one in t + 1. If the review is bad, N increases
by one, but K does not. The possible transitions are illustrated in figure Figure 1.

Equation (6) summarizes the transition probabilities. Based on Equation (6) we formulate
the transition matrix T(Pt, st), where Pt = Pt(X) and st = st(X) in Appendix A.4.

6 If consumers arrive sequentially, expected demand does not have a simple, closed-form solution because the
current set of available listings depends on past booking decisions. While it is possible to integrate the different
booking sequences numerically, it is computationally expensive.

7 Note that we assume that reviews are truthful and the probability of leaving a review is exogenous. The incen-
tive of consumers to leave a product review may be manifold and is the subject of analysis in many other scholarly
contributions, such as Fradkin et al. (2021). Modeling this is beyond the scope of this paper.
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(Kt, Nt, l)

(Kt+1, Nj(t+1), l) = (Kt, Nt + 1, l)

bad review

(Kt+1, Nt+1, l) = (Kt, Nt, l)no review

(Kt+1, Nt+1, l) = (Kt + 1, Nt + 1, l)
good review

Figure 1: State transitions.

ρ0(pt, xt, Pt, st) = 1 − υrq(pt, xt, Pt, st)

and ρg(pt, xt, Pt, st, ) = υrq(pt, xt, Pt, st)
a + Kt

a + b + Nt

and ρb(pt, xt, Pt, st) = υrq(pt, xt, Pt, st)

(
1 − a + Kt

a + b + Nt

) (6)

The host’s problem. – There is a finite number of J potential hosts, but not all of them are
active. Each active host operates a single listing.8 An active host makes per-period revenue
π(pt, xt, Pt, st) = (period length in days)q(pt, xt, Pt, st)pt. We do not model a marginal cost of
renting out a listing. Instead, a host incurs operating cost ϕlt, which is a fixed cost. ϕlt reflects
that a host cannot use their apartment themselves for the time it is listed on Airbnb. This holds
irrespective of whether the listing is booked or not. There is also a fixed cost κlt from entering
the market and becoming active as the host must convert their apartment to an Airbnb rental.
The operating and entry costs are random variables that vary over time. ϕlt and κlt follow
exponential distributions with mean ϕ̄l and κ̄l respectively. That is, κlt

iid∼ Exponential(κ̄l) and
ϕlt

iid∼ Exponential(ϕ̄l). As the costs may differ for listings with different characteristics, we
allow their means to vary across listing types.

Timing. – In each t the timing of events is a follows.

1. Active hosts set their prices and receive the per-period revenue.

2. Inactive hosts observe κjt and decide whether to enter at the beginning of t + 1 or not.
They pay κjt if they enter.

3. Active hosts observe ϕjt (the cost of operating the listing in t + 1) and decide whether to
exit at the end of t or not. They pay ϕjt if they do not exit.

4. Review outcomes are determined, and the industry takes on a new state st+1.

Value function. – Having entered, in each t, the active host maximizes the expected dis-
counted profit flow through her exit and pricing decisions.9 We denote the discounted profit

8 90% of hosts in our dataset operate a single listing. The average number of listings per host is 1.10.
9 Notice that we do not allow hosts to invest in quality, as listing quality is assumed to be exogenous. In principle,

hosts could improve their services to guests to get better reviews. We find that ratings are highly correlated across
categories, such as communication, accuracy, cleanliness, check-in, and location. Location-related ratings are likely
exogenous.
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flow from the optimal pricing and exit behavior conditional on staying in the market in the
current period by V(xt, Pt, st), the value function. Notice that V depends on the pricing policy
function Pt(x) and the number of listings st(x) in each state. In equilibrium, all hosts behave
according to a common, stationary strategy. This allows us to drop Pt and st as arguments of
V. We write V recursively in Equation (7). Note that the host shares a common prior with con-
sumers, which precludes any form of price signaling. In practice, this means that the host is as
good as any consumer when judging the quality of its listing.

V(xt) = max
pt

{
π(pt, xt) + Eϕ [max (0, δExt+1 [V(xt+1)|pt, xt]− ϕlt)]

}
(7)

δ ∈ (0, 1) denotes the discount factor. Equation (7) incorporates the host’s decision to exit the
market when the current operating cost exceeds the expected value of remaining in the market.
A host who exits the market cannot re-enter and is replaced with an inactive host.

Exit & entry rates. – Recall that a host exits the market if ϕlt exceeds Ext+1 [V(xt+1)|pt, xt] and
that ϕlt is exponentially distributed. Then, the probability that an active host of a listing in state
xt exits is given by χ(pt, xt).

χ(pt, xt) = exp(−δExt+1 [V(xt+1)|pt, xt]ϕ̄
−1
l ) (8)

If a host has not entered the market, it is inactive. A listing is sure to have no reviews upon entry.
An inactive host, therefore, chooses to enter if κlt ≤ V((0, 0, l)) and remains inactive otherwise.
The entry probability of an inactive host of a type l listing is λl .

λl = 1 − exp(−δV((0, 0, l))κ̄−1
l ) (9)

Using the fact that the operating cost is exponentially distributed, we specify hosts’ exit behav-
ior. We show in Appendix A.7 that the expected operating cost is (1−χ(x))ϕ̄l −Ext+1 [V(xt+1)|pt, xt]χ(x).
We rewrite Equation (7) as follows.

V(xt) = max
pt

{
π(pt, xt) + δExt+1 [V(xt+1)|pt, xt]− (1 − χ(pt, xt))ϕ̄l

}
, (10)

The expanded transition matrix F(Pt, st, χ, λ) extends T to cover transitions from and to ac-
tivity. We define F in Appendix A.4. F allows us to compute the stationary listing distribution s
across states implied by FTs = s.

Equilibrium. – Computing a Markov perfect equilibrium, as Ericson and Pakes (1995) do
in their seminal paper on industry dynamics, is computationally infeasible in our context. In
the Markov perfect equilibrium, the dimension of the state space increases exponentially in
the number of hosts, and so does the cost of computing the Markov perfect equilibrium. It is
prohibitively large for thousands of hosts.

Instead, we compute the oblivious equilibrium introduced in Weintraub et al. (2008).10 The

10 There exist other equilibrium concepts for large dynamic games (Doraszelski and Judd, 2012, 2019; Fershtman
and Pakes, 2012). For these, unlike for the oblivious equilibrium, the size of the state space depends on the number
of players.
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oblivious equilibrium can be interpreted as an approximation of the Markov perfect equilibrium
of a game with a large number of players whose strategic response to a change in a single
player’s behavior is negligible. In the context of Airbnb, a host is unlikely to adjust its rental
price in response to a price change by one of its thousands of competitors. Each host considers
only its own state and the stationary equilibrium listing distribution s when choosing its pricing
strategy P(x). In equilibrium, s∗ is consistent with the hosts’ pricing, exit, and entry behavior.

Let s∗ be the stationary listing distribution that arises from each host behaving according to
P∗. P∗ is the oblivious equilibrium strategy if and only if no host has a strict incentive to deviate
from P∗ to any P′ in strategy set Π if all other hosts behave according to P∗ and s∗ remains
unaffected by the host’s deviation. Equation (11) formalizes this notion. Intuitively, each host
behaves like an atom whose deviation s∗ does not respond to. It is important to realize that
hosts have market power regardless, as listings are differentiated.

V(x|P∗, P∗, s∗) ≥ V(x|P′, P′, s∗) ∀ P′ ∈ Π. (11)

5 Data

Airbnb is the market-leading peer-to-peer platform for short-term accommodation. It enables
hosts to rent their apartment or a room to guests, usually tourists. Since its founding in 2008,
Airbnb has grown to feature more than four million Airbnb hosts worldwide, housing about 33
million guests annually on average.11 Airbnb’s annual revenue of roughly 6 billion US dollars
in 2021 rivals the revenue of large hotel chains. With thousands of active Airbnb listings, New
York City is by far Airbnb’s largest market among US cities. Due to many a priori unknown
listings, the crowd-based rating system of Airbnb is one of its key services to potential guests.
Guests are encouraged to leave a review of the listing on a one-to-five stars scale within two
weeks after concluding their stay, which is then published for other potential guests to see.
The average star rating and the cumulative number of reviews are prominently displayed on
Airbnb’s website.

We use data collected by AirDNA, a data analytics company, on all Airbnb listings in Man-
hattan, New York, between January 2016 and December 2019.12 Figure 2 (left) illustrates the
spatial distribution of listings across Manhattan. During this time, the number of listings is rel-
atively stable, supporting the idea that the market is in a stationary equilibrium (see Figure 2,
right). We chose the timeframe to exclude the period affected by the COVID-19 pandemic. We
have rental prices in USD for each listing and day during the observation period and infor-
mation on whether a listing was available, reserved, or blocked for private use by the host on
a given day. In addition, we observe the number of reviews and the rating on a one-to-five
stars scale for each listing in a roughly bi-monthly frequency.13 Lastly, the dataset includes var-

11 See https://news.airbnb.com/about-us/.
12 See https://www.airdna.co/.
13 The frequency of the ratings and reviews depends on the frequency of the AirDNA scraping. All other vari-

ables are available at the daily level. There are less than two weeks between 40% of review observations. Only 1%
observations lie more than three months apart.
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ious listing attributes and amenities, which we use to define the relevant market. We focus on
listings that offer the entire apartment for rent (as opposed to a single room), include at least
one picture of the place, permit at most two guests and no pets, and feature one bedroom and
one bathroom. We drop observations if they occur before the first booking of a listing because
we suspect that the earliest observation often predates the actual market entry. This way, we
exclude listings that are never booked during their lifespan. We also drop listing-days with
observed prices below the first and above the 99th percentile, corresponding to $65 and $518,
respectively. We account for the cleaning fee hosts typically charge per stay by adding it to the
daily price, divided by the average reservation length of 5.5 days. If we do not observe the
cleaning fee for a listing, we assume it is equal to the average cleaning fee in the data sample.14

Figure 2: Number of listings over time and their location.

To estimate the model, we aggregate the data to four-week periods, or what we refer to as
“months” in the following. This is because inversion of the demand system in the context of
demand estimation precludes occupancy rates of 0% and 100%. After the previously described
cleaning, we have 62,937 listing-month observations.

We construct the number of “good” reviews K as the number of five-star reviews required
to achieve the observed rating if the remaining N − K reviews were “bad” one-star ones. For
example, for a listing with ten reviews and a rating of 3.8 stars, the implied number of good
reviews is 7. We deal with missing information on the number of (good) reviews by filling in
the most recent observed value. To keep a reasonably sized state space, we censor the number
of total reviews at 20, i.e., N̄ = 20. Since the marginal effect of N on the posterior belief becomes
small as N grows large, the change in the posterior mean tends to be minor for N exceeding
20. For example, suppose the prior quality distribution has a mean of 4.15 stars and a variance
of 0.27.15 Figure 3 illustrates how the posterior mean experiences ever smaller changes as the
listing receives either a sequence of good or bad reviews. Adding a good review to a yet unre-

14 This leaves us with 7,586 unique listings and 2,298,598 listing-days, excluding blocked ones.
15 These values correspond to our estimates (see Section 6).
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mean std min 25% 50% 75% max

Rental rate $193.02 $60.13 $70.33 $150.75 $184.78 $270.95 $562.43

Occupancy rate 60.64% 33.57% 0.00% 33.33% 69.23% 100.00% 100.00%

Number of reviews 10.30 8.19 0.00 2.00 9.00 20.00 20.00

Rating 4.51 0.72 1.00 4.40 4.67 5.00 5.00

Monthly exit rate 3.21% 0.80% 1.57% 2.68% 3.21% 4.08% 5.55%

Monthly entry rate 4.40% 1.85% 0.39% 3.17% 4.36% 6.26% 9.83%

Lifespan (in months) 17.67 16.38 1.00 3.00 12.00 39.00 52.00

Table 1: Data summary.

viewed listing improves its expected quality by 4.42%, whereas the expected quality of a listing
with 20 good reviews would only move by 0.19%.

Figure 3: Example posterior changes.

Table 1 summarizes key variables in the data on the listing-month level. The average rental
price is $193.02 in our sample. Rental prices exhibit little variation. The majority of listings
are priced in the $50 range around the average price. On average, Airbnb listings are occupied
60.64% of the time and have been reviewed about nine times (after censoring the number of
reviews). On average 3.21% of hosts leave the market each month and 4.40% have just entered.16

The average lifespan within our sample is 1.3 years, but most listings exist for less than a year.17

At 4.5 stars, the average rating is high. In comparison, at 3.8 stars, the average rating on
TripAdvisor is substantially lower (Zervas et al., 2021). It is a priori unclear if this is mainly
because highly rated listings remain in the market longer or because the listings’ quality is
generally high. Figure 4 shows the rating distribution in our sample. The distribution is left-

16 We use the whole sample with dates before January 2016 and after December 2019 to determine entry and exit.
Rates are relative to the active hosts in the market.

17 Here, the lifespan are the number of months for which we observe a listing in our sample, hence it has a natural
maximum of 4 years.
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Figure 4: Rating distribution in the data.

skewed because most listings are rated four stars or higher. Listings with a lower rating tend
to have fewer reviews. Almost all listings with a 1-star, three-star, or 3.66-star rating have less
than four reviews.

Conditional on the rental price and the reviews, we want listing types to capture as much
heterogeneity in the utility that consumers derive from different listings as possible, both unob-
served and observed. We choose to be parsimonious and distinguish only four types, thereby
limiting the size of the state space and keeping the model tractable. To construct the four listing
types, we regress the occupancy rate on the rental price, K-N fixed effects, month-year fixed
effects, and listing fixed effects. We divide the estimated listing fixed effect coefficients into type
1, type 2, type 3, and type 4, depending on the quartile they fall into. Figure 5 shows how the
type of a listing relates to the fixed effect we estimate for that listing and the listing’s rental price.

Figure 5: Listing type definition.

We report summary statistics for the different types in Table 2. On average, higher types
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feature a higher occupancy rate. While a type 4 listing is, on average, booked 81% of the time,
the average occupancy rate of a type 1 listing is only 35%. The correlation between the type and
the number of reviews is very weak (Pearson correlation coefficient: -0.013). The rating tends
to increase in the type (0.09). As a results, also the rental price is positively correlated with the
listing type (0.08). Higher-type listings also tend to be older. The correlation coefficient of a
listing type and the lifespan is 0.11.

Price Occupancy Reviews Rating Lifespan

type 1 $186.30 34.60% 9.89 4.39 stars 14.6 months

type 2 $192.83 53.47% 10.48 4.48 stars 20.2 months

type 3 $189.45 68.58% 11.04 4.56 stars 21.2 months

type 4 $204.40 80.92% 9.32 4.58 stars 14.7 months

Table 2: Summary: listing types.

We plot the average occupancy rates, rental prices, number of listings, and exit rates depend-
ing on N and K in Figure 6. Occupancy rates tend to be larger for listings with many reviews,
assuming these reviews are good (Figure 6, top left). Listings without reviews, for example,
are around 40% less likely to be booked than listings with 20 good reviews. Similarly for rental
prices, though the relationship is less stark. Listings with 20 good rather than zero review have
a 12% higher price on average.18

Hosts of listings with many reviews and a good rating make more revenue and remain in the
market, whereas they leave the market otherwise. Hence, our dataset contains very few or no
observations for many states associated with small K, while most observations are concentrated
on high-K states (see Figure 6, bottom left). The right-skewed listing distribution of firms over
(good) reviews is driven by a selection effect reminiscent of Jovanovic (1982). High-quality
listings survive, whereas low-quality ones fail and exit. The listing distribution features a “pitch
fork” shape, as most listings either have few or no reviews or – due to right-tail compression
– have the maximum amount. Notably, there are roughly 5.5 times as many reviewed listings
as unreviewed ones. About 39% of reviewed listings have the maximal review count. We also
observe the selection effect in hosts’ exit behavior (see Figure 6, bottom right). Compared to a
reviewed listing, an unreviewed listing is around three times as likely to exit in a given month.

To support the graphical intuitions of Figure 6, we regress various dependent variables on
the rental price, the number of reviews, the number of good reviews, their interaction, listing
types as well as year-month. In this way, our regression results account for differences in time-
invariant listing characteristics and seasonality. They are reported in Table 3. Considering an
average listing with ten reviews and a 4.5 star rating as baseline, a listing with one more review
has a price that is higher by $0.98 if the review is good and a price that is lower by $10.55 if
the review is bad. Comparing the same listings, the occupancy rate increases by about 1.33
percentage points and decreases by 1.08 percentage points after receiving a good and a bad

18 Moreover, prices of entrants are relatively high, higher than the price of a listing with 20 reviews and a 4.6-star
rating.
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Figure 6: Occupancy rate (top left), rental rate (top right), number of listings (bottom left), and
exit rate (bottom right) by number of (good) reviews in the data.

review, respectively. Notice that the occupancy rate barely responds to an increase in the rental
price by $1 – it is a mere 0.1 percentage points lower in response. The exit rate is generally lower
for a listing with an additional review, whether the review is good or bad seems to play a minor
role. This could be the result of the strong selection effect in the dataset.

We do not estimate all the parameters of our model, but we calibrate some of them using
data moments. Recall that a period is a four-week interval. We estimate the four-week review
rate υr, i.e., the number of additional reviews a listing has four weeks after being booked, as
the change in the number of reviews over the number of bookings of listings with less than 20
reviews in our data sample. In this way, we determine that υr is 0.992. Given that the average
reservation length is 5.5 days, the probability that a guest leaves a review after the stay is around
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Dependent variable:

rental rate occ rate exit rate

(1) (2) (3)

rental rate −0.001∗∗∗ -0.0001

(0.000) (0.000)

no of reviews −10.340∗∗∗ −0.002∗∗∗ -0.003∗∗∗

(0.105) (0.004) (0.001)

no of good reviews 11.795∗∗∗ 0.035∗∗∗ -0.001

(0.492) (0.002) (0.001)

no of reviews × −0.024 −0.001∗∗∗ 0.0001∗∗∗

no of good reviews (0.018) (0.000) (0.000)

Type FE Yes Yes Yes

Observations 62,937 62,937 62,937

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Robust standard errors in parenthesis clustered at type level.

Table 3: Rental rate, occupancy rate, exit rate and reviews in the data.
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20%. It is important to note that υr does not depend on the number of (good) reviews, the rental
price, or whether the guest experiences a success or a failure. Each booking is equally likely to
result in a review. At any given time, we observe, on average, 1,210 active listings, of which
735 are booked. We set the mean number of guests arriving in the market to 10,000. Assuming
that one in three consumers looking for accommodation considers Airbnbs, this implies that
Airbnb’s mean market share is 2.1%, consistent with the 2% median market share across 50 US
cities in Farronato and Fradkin (2022). We set the number of potential listings J to 10,000. For
the discount factor δ, we choose 0.995, implying an annualized interest rate of 6.7%. Finally,
Airbnb charges – both in the model and in reality – a commission fee of 14.2%.19 The calibrated
parameters are summarized in Table 4.

Parameter Value

Discount factor δ 0.995

Revenue fee f 0.142

Arrival rate µ 10,000

Review rate υr 0.992

Maximum number of reviews N̄ 20

Maximum number of listings J 10,000

Table 4: Calibrated parameters.

6 Demand Estimation

We estimate the parameters governing demand by the generalized method of moments. Some
listings still have zero bookings in a given month (or, more rarely, are fully booked out), in
which case we have to drop those observations for the demand estimation. This leaves us with
49,214 observations and 7171 unique listings. We invert demand and back out ξ jt to compute
the moment conditions. Equation (12) characterizes the regression equation we estimate.

ln
(− ln(1 − Bjt)

µt

)
− ln

(
1 + ∑Jt

j ln(1 − Bjt)

µt

)
= ν(pjt, xjt) + ξ jt. (12)

We account for seasonality by allowing the arrival rate to vary by month. We compute µt as
µ times the average percent deviation of the total number of Airbnb bookings from the mean in
a given month. For example, in the first four weeks of the year (i.e., in January), the arrival rate
is 22.8% lower than average. Following Ferrari and Cribari-Neto (2004) and Dickstein (2018), we
do not estimate a and b directly, but estimate ψ and ι instead. They are defined in Equation (13).
ψ determines the prior mean, whereas ι is closely related to the variance of the prior distribution.

1
1 + exp(−ψ)

=
a

a + b
and exp(ι) = a + b. (13)

19 See https://www.airbnb.ca/resources/hosting-homes/a/how-much-does-airbnb-charge-hosts-288.
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This alternative formulation facilitates the estimation but also restricts the set of possible so-
lutions. Naturally, the type coefficients and the coefficient of the rental price are identified by
variation in the listing types and the rental price, respectively. The identification of γ, ψ, and ι

comes from within- and between-listing variation in the number of (good) reviews. ι pins down
to what extent an additional review moves the posterior mean away from the prior mean. If ι

is small, the prior belief is precise, and guests make only marginal adjustments to their beliefs
after observing the rating. ψ depends on variation in the rating to be identified. The posterior
mean responds more strongly to reviews if the rating differs greatly from the prior mean. In
particular, the posterior mean increases by more as the rating improves if the prior mean is low.
In this way, the relationship between the rating and the posterior mean allows us to estimate
the prior mean. γ captures the impact of the posterior mean on guests’ booking decisions. If the
reviews have little effect on the occupancy rate of the listings, regardless of their current rating
and review count, γ must be low.

Column (1) in Table 5 shows the estimation results assuming independence of the structural
error regarding the rental price and the number of (good) reviews. Clearly, this assumption may
be violated in reality. First, the four listing types may not fully capture the time-invariant listing
characteristics. In this case, the structural error is correlated with the occupancy rate and the
number of reviews, which result from past bookings. Second, rental prices may be correlated
with time-varying unobserved demand shocks. Third, hosts may exert effort to improve their
listing’s desirability and their incentive to do so may depend on market conditions. Using
suitable instrumental variables, we account for the potential endogeneity of the rental price and
the number of (good) reviews.

We instrument p with the average reservation length of a listing. The reservation length
serves as a proxy for any cost of welcoming new guests (we have to abstract from this cost in the
model). Properties occupied for a longer period by the same guests are less costly to maintain,
which allows the host to charge a lower price. If the average reservation length is unrelated to a
listing’s characteristics, it satisfies the exclusion restriction. We instrument the number of (good)
reviews with the de-meaned five-, six–, seven–, and eight-month lagged occupancy rates, their
squares, and their interaction with the rating. Intuitively, an unexpectedly higher occupancy
rate in the past has no bearing on the present occupancy rate other than through the reviews
that resulted from it. The results of estimating the demand coefficients using instruments are
reported in column (2) in Table 5.

As expected, the standard errors of coefficients that are identified with the instruments are
relatively larger. The coefficient of the posterior mean narrowly fails to be significant on the
10% level. ψ and ι imply a prior mean and variance of 4.15 stars and 0.27, respectively. Figure 7
relates the estimated prior distribution to the rating distribution in the data. Recall that the
rating is an imprecise signal of the true quality and features a larger variance. Also, the rating
is subject to the selection effect; highly rated listings are observed in the data, whereas poorly
rated listings are not.

The magnitude of the rental price coefficient is four times larger in column (2) compared to
column (1), suggesting that the rental price is indeed endogenous in column (1). The estimated
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(1) (2)

prior ψ -0.1810 1.3171**

(0.1463) (0.7421)

ι 1.9633*** 1.6212

(0.1233) (1.1995)

rental rate α -0.0020*** -0.0086***

(0.0001) (0.0015)

types β1 -10.6106*** -10.5354***

(0.1109) (1.7158)

β2 -10.1166*** -9.8218***

(0.1110) (1.7193)

β3 -9.6580*** -9.4401***

(0.1116) (1.7221)

β4 -9.2443*** -8.9099***

(0.1114) (1.7415)

expected quality γ 1.6000** 2.8607

(0.1358) (1.8711)

Observations 49,214 25,824

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Robust standard errors in parenthesis.

Table 5: Demand estimates.

Figure 7: Estimated prior distribution and rating distribution in the data.

rental price coefficient corresponds to an average listing-month price elasticity of -1.04. To com-
pare, Farronato and Fradkin (2022) report an average price elasticity of the demand for Airbnb
and hotel accommodations of -4.27. In Huang (2022), the average price elasticity of demand for
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Airbnb accommodation in San Francisco is -2.51. While our estimated elasticity is somewhat
lower in absolute terms compared to the literature, we believe it is reasonable. It is possible that
our estimate of the price coefficient reflects search frictions; if guests are not aware of all avail-
able listings, they would substitute to other options at a comparatively lower rate in response
to a price increase, leading to relatively low price elasticity.

mean std min 25% 50% 75% max

Own-price elasticity -1.0426 0.7294 -5.4299 -1.4287 -0.9022 -0.4941 -0.0005

Good review semi-elasticity 2.5640 2.7082 0.0041 0.6497 1.3687 3.6880 16.6112

Table 6: Summary of elasticities.

We also compute the semi-elasticity of demand if a listing receives a good review. On aver-
age, the occupancy rate increases by 2.56% in response to a good review. Figure 8 shows that
the demand for listings with fewer reviews is more elastic. Guests who see an additional review
will adjust their expectations of a listing’s quality only slightly if the listing already has many
reviews and the rating is precise. Conversely, observing a review has a much greater impact on
guests’ beliefs if the listing has few or no reviews and there was previously little information
available to assess its quality. Accordingly, the average good review semi-elasticity is 5.80 for
unreviewed listings but a mere 0.68 for listings with 19 reviews. Table 6 provides summary
statistics for the two elasticities we estimate.

Figure 8: Mean good review semi-elasticity conditional on the number of reviews.

The prior distribution parameter estimates, together with the estimates of the expected qual-
ity and the rental price, imply that guests’ willingness to pay is ceteris paribus $11.56 higher per
day for a listing with one review and a 5-star rating compared to an unreviewed listing. By
contrast, an additional good review of a listing with 19 reviews and a four-star rating is worth
only $3.34 per day to guests.

Recall that Airbnb has a low single-digit market share. The type coefficients are estimated
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to be negative and large in magnitude, reflecting that most guests take the outside option (i.e.,
book a hotel) rather than book an Airbnb. Remember that a listing is attributed a higher type
if it has a higher occupancy rate after accounting for the rental price and the number of (good)
reviews. Hence, the type coefficients increase in the type.

7 Supply Estimation

We estimate the cost parameters of the model, denoted by c, conditional on the demand param-
eter estimates θ = {ψ, ι, α, β,1 , β2, β3, β4, γ}, by Maximum Likelihood. The log-likelihood of the
number of listings across states is depicted in Equation (14). s∗(x|c, θ) denotes the number of
listings in state x in the oblivious equilibrium of our model. yjt is a variable indicating the state
of listing j in month t. s∗(x|c, θ) is determined by the demand parameters (as they determine
how frequently listings change states) and the cost parameters (because the listings’ entry and
exit rates depend on them). Conditional on the demand parameters, the operating costs, and
the entry costs are identified by variation in the number of listings across states. We assume that
listings are equally likely to have any of the four types. Hence, the average number of listings
of a certain type outside the market is 2,500 minus the total number of listings of that type in
the market. Denote the set of states associated with type l by Xl

L(c|yjt, θ) =∑
t

{
∑

j

[
∑

x∈X
1(yjt = x) ln(s∗(x|c, θ))

]

+ ∑
l∈{1,2,3,4}

(
J
4
− ∑

x∈Xl

∑
j

1(yjt = x)

)
ln

(
J
4
− ∑

x∈Xl

s∗(x|c, θ)

)} (14)

The maximum likelihood estimation requires us to solve the model and determine s∗ re-
peatedly for different cost parameter candidates. We solve the model in four steps. We start by
formulating the initial guess of the pricing policy function P0(x), the number of listings s0(x) per
state, and the host’s value function V0(x). Initially, half of the hosts are active and half of them
are inactive. All hosts charge a price of $200 and their value function is the present discounted
value of their revenue. The number of listings is identical across states.

Step 1 – Based on the guess, we determine a host’s best response P1(x) if all remaining
hosts adhere to P0(x). We solve for P1(x) using Newton’s method. Specifically, we iterate over
Equation (15), where k is the iteration step and P0

1 = P0(x), until the change in the rental price,
Pk+1

1 − Pk
1 for any state x is less than $0.1.

Pk+1
1 (x) = Pk

1 (x)− v′(x)
v′′(x)

(15)

Functions v′ and v′′ are the respective first- and second-order derivatives of the host’s value
function with respect to the rental price.20

20 The exact expressions can be found in the Appendix A.5.
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Step 2 – Assuming that all hosts set their prices according to P1(x), we compute the occu-
pancy rate q1(x) and transition matrix T1(x). We use them to compute the value function V1(x)
from Equation (10).

Step 3 – We use V1(x) to update the exit rate in state x to χ1(x) and the entry rate for each
type l to λl . Together with the occupancy rates q1, χ1 and λ1 allow us to compute the expanded
transition matrix F1. We use F1 to solve for the new, stationary listing distribution s1, where s1

is given by:

s1 = s1F1 (16)

Step 4 – If the absolute difference between V1(x) and V0(x) or P1 and V0 or s1(x) and s0(x)
for any x exceeds 0.000001, we update the guess to P1(x), s1(x), and V1(x) for all x and repeat
steps 1 to 3. Otherwise, (P1, s1, V1) constitutes the model solution (P∗, s∗, V∗).

Doraszelski and Satterthwaite (2010) establish the existence of a symmetric equilibrium in
pure strategies for a closely related model. Note that the model may have multiple equilibria.
(Doraszelski and Satterthwaite, 2010; Weintraub et al., 2008).

(1)

mean entry cost κ̄1 181,368***

(3,946.58)

κ̄2 264,819***

(5,136.71)

κ̄3 426,997***

(8,345.07)

κ̄4 796,930***

(11,485.67)

mean operating cost ϕ̄1 2,323***

(1.40)

ϕ̄2 3,587***

(2.02)

ϕ̄3 4,345***

(2.79)

ϕ̄4 5,572***

(3.19)

Observations 62,937

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors in parenthesis.

Table 7: Supply estimates.

The estimation results are shown in Table 7. All estimated parameters are highly significant.
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Our estimates imply that hosts on average incur a $3,065 cost upon entry.21 This compares to the
average entrant’s lifetime profit of $5,940 in present discounted value terms. Listings of any two
types are by construction equally likely observed in the market although higher type listings are
more profitable. Hence, the entry costs increase in listing type. Our estimates suggest that the
next higher type requires 30 to 75% higher entry costs. For instance, the entry costs of a type-3
listing are on average $898 or 33% higher than a type-2 listing.

We estimate that on average hosts pay $2,584 in operating costs. To compare, the average
revenue per month is $3,422. This implies an average profit margin of 24.5%. As with entry
costs, higher-type listings incur higher operating costs. Intuitively, higher-type listings are more
desirable to guests but also the host. The host’s opportunity cost of renting out the apartment,
rather than using it herself, is therefore higher. A type-4 listing, for example, costs on average
$3,656 or 173% more to maintain than a type-1 listing. Nonetheless, hosts earn more profit from
higher-type listings. The present discounted values of type-1, type-2, type-3, and type-4 listings
are $5,213, $8,510, $11,481, and $13,235 respectively.

8 Model Fit

We use our estimates to simulate four years worth of data. We compare the simulated data to
the actual data to assess the fit of our model. Table 8 shows key simulated data moments. As
is to be expected, most variables exhibit less variation in the simulated data compared to the
real data. The average rental price is roughly 5% lower than in the actual data. The average
occupancy rate in the simulated data is almost identical to the one in the real data. Nonetheless,
the simulated listings have on average fewer reviews (7) than those in the actual data (10). This
is likely because hosts tend to exit at a relatively higher rate in the simulated data. The average
monthly exit rates are 12.88% and 3.21% in the simulated and actual data respectively. The
average rating in the simulated data is 4.63 stars, which is comparable to the 4.51-star average
rating in the actual data.

mean std min 25% 50% 75% max

Rental rate $182.58 $31.53 $119.31 $160.41 $182.07 $209.10 $248.22

Occupancy rate 60.01% 48.99% 0.00% 0.00% 0.00% 100.00% 100.00%

Number of reviews 7.32 7.60 0.00 1.00 4.00 14.00 20.00

Rating 4.63 0.86 1.0 4.71 5.00 5.00 5.00

(Monthly) exit rate 12.88% 0.33% 0.00% 0.00% 0.00% 0.00% 100.00%

Table 8: Simulated data summary.

Figure 9 compares the rating distribution in the simulated data (“rating (model)”) to the
rating distribution in the actual data (“rating (data)”). The frequency of one-star, three-star,

21 Note that the average incurred entry cost is by many orders of magnitude lower than the average entry cost
draw as firms will only enter and incur the cost if the draw is low enough.
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3 2
3 -star ratings (i.e., ratings comprised of two good reviews and one bad review), and four-

star listings (i.e., ratings comprised of three good reviews and one bad review) are remarkably
similar in the simulated and the actual data. The model predicts more five-star ratings than we
find in the actual data. In the actual data, listings at the high end of the distribution typically
have ratings between four and five stars. We believe that the difference can be explained by the
fact that the number of reviews is censored at 20. Hence, the model allows for little variation in
the ratings close to 5 stars. Ratings in the simulated data are based on at most 20 reviews but
possibly on many more in the actual data. Note that Figure 9 illustrates the selection effect that
underlies the simulated and the actual data. Recall that the mean quality of entrant listings is
estimated to be 4.15 stars. This is lower than the average rating of all active listings, both in the
simulated and actual data. the 25th percentile is also fairly similar in the simulated and actual
data. Less than 25% of listings have a quality of around 4.5 stars or less.

Figure 9: Estimated prior distribution, rating distribution in the data, and model rating distri-
bution.

Recall that we estimate the cost parameters of the model by maximizing the likelihood of
the equilibrium state distribution. According to our model, in equilibrium, there are on average
1,152 active listings, compared to 1,210 in the data. Figure 10 (bottom left) shows that the num-
ber of listings generated by the model for each number of (good) reviews closely matches the
observed data. As in the actual data, around 20% of active listings are unreviewed. The model
predicts that there are few to no poorly rated listings, especially for states associated with a rel-
atively large number of reviews. Highly rated listings, on the other hand, tend to remain in the
market and gather reviews. The model gives rise to a “pitched-fork” shaped distribution which
is consistent with the data. As discussed, the model produces rental prices and occupancy rates
that are comparable to the actual data (Figure 10, top right and top left, respectively).

It is critical for our counterfactual analysis that we get the behavior of rental prices, occu-
pancy rates, and exit rates in the number of (good) reviews right. Due to the selection effect, we
do not have data for many states. For the states we do have data for, the occupancy rate seems
to respond more strongly to the accumulation of reviews compared to the model. Changes in
rental prices, on the other hand, appear to be similar in the data and the model. To validate
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Figure 10: Estimated occupancy rate (top left), rental rate (top right), number of listings (bottom
left), and exit rate (bottom right) by number of (good) reviews.

these observations, we repeated the regressions from Table 3 using the simulated data. The
estimation results are shown in Table 9. Again, we translate these estimates into the impact
of an additional positive review on each outcome variable for a listing with a 4.5-star rating
and ten reviews, which are values close to their averages in the actual data. For ease of com-
parison, we report the prediction using the estimates from Table 3 based on the actual data in
parentheses. For the simulated data, we find that ceteris paribus a good review raises the rental
price of by $1.55 ($0.98), whereas a bad review decreases the rental price by $11.79 ($10.55).
Guests generally expect high listing quality and significantly lower their expectations, when
being confronted with a negative review. The host must drastically reduce the price to maintain
the listing’s appeal.
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Dependent variable:

rental rate occ rate exit rate

(1) (2) (3)

rental rate −0.006∗∗ −0.001

(0.003) (0.002)

no of reviews −10.872∗∗∗ −0.071∗∗∗ 0.071∗∗∗

(0.705) (0.021) (0.026)

no of good reviews 14.497∗∗∗ 0.095∗∗∗ −0.095∗∗∗

(1.079) (0.030) (0.036)

no of reviews × −0.105∗∗∗ −0.001∗∗∗ 0.001∗∗∗

no of good reviews (0.012) (0.000) (0.000)

Type FE Yes Yes Yes

Observations 59,904 59,904 59,904

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors in parenthesis clustered at type level.

Table 9: Reduced form regression results with simulated data.
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Moreover, Table 3 suggests that a good review increases the occupancy rate of the average
host’s listing by 0.3 (1.3) percentage points and a bad review decreases it by 8.1 (1.08) percentage
points, all else equal. Unlike the hosts in our model, actual hosts might not accurately reflect the
rating of their listing in their pricing strategies, as doing so requires solving a complex, dynamic
problem. Figure 10 (bottom right) presents the exit rate in the model equilibrium. As expected,
state associated with few good reviews feature high exit rates. Hosts of listings with a good
rating, on the other hand, are relatively unlikely to leave the market. Directly comparing the
model’s exit rates with the data is challenging, as our dataset includes exit events for only a
few states and for many of these states exit events rarely occur. Our reduced-form estimates
suggest that the rating matters more for hosts’ exit decisions in the model than in the data. All
else equal, the average host is 0.4 (0.2) percentage points less likely to exit the market on any
given day after receiving a good review; the monthly exit rate increases by 7.8 (0.2) percentage
points if the review is bad.

Despite its limitations, our model effectively captures many key aspects of the data. Notably,
the model produces a state distribution similar to the empirical one. Additionally, the direction
and magnitude of the responses of hosts and guests to reviews in the model are broadly con-
sistent with the actual data. Our counterfactual policies aim to increase the rate at which the
quality of new listings is revealed by boosting their occupancy rates. According to our model,
there is significant potential to enhance the performance of new listings. Currently, a new list-
ing’s occupancy rate is typically 8% below the average, and its rental price is $18 lower than the
average. Taken together, new listings generate 17% less revenue than the average listing. Con-
sequently, our model predicts that new listings are around 60% more likely to exit the market in
a given month compared to the average listing. In the actual data, new listings are booked 31%
less frequently and generate 31% less revenue than the average listing. Therefore, we believe
that our counterfactual analysis will yield relatively conservative estimates of the welfare effects
of the policies we examine.

9 Counterfactual analysis

Having estimated the model’s parameters, we use it to explore how rental prices would need
to adjust to ameliorate the cold start problem. Drawing from our theoretical analysis, we are
generally interested in the socially optimal price differences among listings. However, solving
for 924 welfare-maximizing prices is infeasible. Instead, we consider tax-subsidy schemes that
integrate per-booking subsidies or taxes with lump-sum transfers to encourage listings to adjust
their prices relative to one another. We allow per-booking taxes or subsidies to vary according
to the number of reviews while determining the appropriate lump-sum transfer to ensure that
no host experiences a net transfer. This approach effectively compels hosts to modify their
prices, with a similar pressure exerted on firms within the same review interval. Since this
method offers less flexibility than permitting state-specific price adjustments, the welfare effects
of our counterfactual represent a lower bound on the potential welfare gains achievable through
altering relative prices.
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Equation (18) shows the mean utility of a listing in state x, where the subsidy is denoted by
τ. We allow the subsidies to take negative values, in which case we refer to them as taxes.

ν(P(x), x) = γ
a + K(x)

a + b + N(x)
+ β(x) + α((1 + f )P(x)− τ(x)) (17)

Hence, a subsidy (tax) reduces (increases) the effective price consumers pay and makes a
listing more (less) attractive to consumers. To prevent this from merely being a case of trans-
ferring money to (from) the host, we deduct (add) the expected subsidy (tax) as a lump-sum
transfer from (to) per-period profits:

π(P(x), x) = q(x)(1 + f )P(x)− T(x) where T(x) = q(x)τ(x) (18)

We search for the subsidy or tax values that maximize long-run equilibrium welfare. Based
on our analysis in Section 3, it is unclear whether the cold-start problem exists in this market,
but if it does, we expect the optimal tax-subsidy scheme to widen the rental price gap between
new and established listings.

9.1 Welfare

Generally, we determine the tax-subsidy scheme that maximizes social welfare by solving the
model with varying amounts of subsidies and taxes. We calculate the welfare change as the
change in the sum of host and Airbnb revenues, the total operating cost, the total entry cost,
and the compensating variation in response to the policy. Since the policy is revenue-neutral,
we do not need to separately account for the subsidy cost and tax revenue.

The monthly producer profit is characterized in Equation (19), where all variables take their
new oblivious equilibrium values. The first term of Equation (19) captures the hosts’ revenues,
Airbnb fees, tax revenue, and subsidy cost. The second term represents the operating cost. For
a derivation of the expected operating cost, see Appendix A.7.

X

∑
x

s(x) (28q(x)((1 + f )P(x)− τ(x))− ((1 − χ(x))ϕ̄(x)− χ(x)δT(x)V(x))) (19)

Equation (20) describes the total entry cost in equilibrium. The entry cost is the number of
potential entrants times their type-specific, expected cost of entry. the number of potential type-
l entrants equals the total number of listings of that type less the number of type-l listings that
are already active. We derive of the expected entry cost in Appendix A.8.

∑
l

(
J
4
−

Xl

∑
x

s(x)

)
(λl κ̄l − (1 − λl)δV((0, 0, l))) (20)

Recall that each listing-week can only be booked once. Ignoring the capacity constraint of
listings risks overstating the compensating variation of the subsidy. To address this, we as-
sume that if multiple consumers want to book the same listing, only one makes the booking,
while the others must choose the outside option, such as booking a hotel room. As shown by
Williams (1977) and Small and Rosen (1981), if the random taste shocks are independently and
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identically Gumbel distributed and the utility is linear in income, the expected utility of a single
consumer is the natural logarithm of the sum of the mean utilities, ln(1 + ∑X

x s(x)ν(P(x), x)),
plus a constant of integration. If capacities were not constrained, consumer surplus would be
the total market size 28µ times the expected utility. However, since capacities are constrained,
not every guest can book their preferred listing. From Equation (5), we know that under the
capacity constraint, in expectation, q(x) consumers book a particular listing in state x. Con-
versely, the expected number of guests who want to book that listing is − ln(1 − q(x)), which is
greater than q(x). When calculating consumer surplus, we correct for this difference, as shown
in Equation (21).

28

(
µ −

X

∑
x

s(x)(− ln(1 − q(x))− q(x))

)
ln

(
1 +

X

∑
x

s(x)ν(P(x), x)

)
+ constant (21)

We calculate the compensating variation as the change in consumer surplus divided by the
price coefficient α (McFadden, 2012; Small and Rosen, 1981).

9.2 Changing the price difference between new and established listings

In this section, we focus solely on the welfare gain that can be achieved by diverting demand
through changing relative prices between listings depending on their number of reviews. To this
end, we determine review intervals such that taxes or subsidies vary between intervals, but are
uniform within intervals. Specifically, we define intervals in steps of five reviews, except for the
the first five review, which we split into smaller intervals reflecting that the value of information
decreases rapidly for the first reviews. Hence, intervals are [0− 1, 2− 5, 6− 10, 11− 15, 16− 20].
Moreover, we require that taxes and subsidies balance out in the aggregate to avoid changes
in price level driving the welfare effects. As we have discussed in Section 3, a social planner
may choose a different price level from the one arising in the Nash equilibrium to alleviate the
problems of aggregate entry or exit inefficiency and market power which are both orthogonal
to the reallocation of demand among existing listings. Note that this implies that we simplified
the problem from solving for 924 optimal prices to solving for four optimal taxes or subsidies.

Our findings are summarized in Table 10 and Figure 11. We discover that the optimal tax-
subsidy scheme leads to a reduction in prices for listings with five or fewer reviews, while the
prices for listings with more than five reviews increase; the overall change in the average rental
price is minimal. The most significant price decrease, exceeding 16%, occurs for listings with no
or one review, while listings with more than 15 reviews see the highest price increase of nearly
10%. Additionally, the price difference between listings with more than 15 reviews and those
with fewer than two reviews rises by more than $47, an increase by more than 130%.

These price adjustments lead to changes in occupancy rates which increase for lesser-reviewed
listings and decrease for often-reviewed ones. Notably, listings with no or one review experi-
ence an occupancy rate increase of almost 14%, enhancing their chances of receiving additional
reviews. This contributes to their reduced numbers in the new equilibrium, but it is not the sole
factor. The decline in entrant listings results not only from faster learning but also from lower
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per-period profits as a result of lower prices, which decreases both entry rates and market re-
tention, as shown in the bottom right panel of Figure 11.

Conversely, for listings with more than 15 reviews, the price increase appears to enhance
profitability and reduce exit rates, leading to an increase in their numbers. One possible ex-
planation is that a mandatory price increase could enable these incumbents to achieve a more
collusive market outcome. As a results consumers benefit from a wider array of established,
high-quality options, even though their prices are higher. The higher profitability associated
with being an established listing may further incentivize new entrants to ”climb the ladder,”
resulting in a decline in their numbers, while listings with at least 16 reviews increase by over
50%.

Overall, this policy leads to a welfare increase of $338,518 per month. In the status-quo
equilibrium, the monthly total host revenue on Airbnb in Manhattan amounts to almost $4
million, hence the gain correspond to roughly 8.5% of that revenue. Consumers are the main
beneficiaries of the tax-subsidy scheme, gaining more than $350,000 in surplus. In contrast,
hosts experience a significant reduction in their surplus, dropping by over 11%. Airbnb benefits
from an 8% increase in revenue.

total listings within review interval

[0-1] [2-5] [6-10] [11-15] [16-20]

∆ per-period welfare $338,518 – – – – –

(6.5%) – – – – –

∆ per-period consumer surplus $350,846 – – – – –

(8.4%) – – – – –

∆ per-period host surplus -$57,309 – – – – –

(-11.1%) – – – – –

∆ per-period Airbnb revenue $44,981 – – – – –

(8.0%) – – – – –

∆ average rental price $2.8 -$27.6 -$7.0 $4.6 $10.0 $19.6

(1.5%) (-16.6%) (-3.9%) (2.4%) (5.0%) (9.7%)

∆ average occupancy rate 1.6 ppt 8.3 ppt 2.2 ppt -1.1 ppt -2.5 ppt -4.4 ppt

(2.4%) (13.9%) (3.4%) (-1.6%) (-3.6%) (-6.4%)

∆ # listings 53 -66 -28 -2 4 144

(4.6%) (-18.1%) (-9.4%) (-1.4%) (5.6%) (54%)

Note: Percentage changes are indicated relative to prices, number of listings, or occupancy in the status quo.

Table 10: Effects of the socially-optimal price gap between entrants and incumbents.

Consequently, the optimal tax-subsidy scheme encourages some guests to book and review
listings that have very few reviews rather than listings with many reviews. This increases the
availability of information regarding product quality for all consumers and aids in identifying
more high-quality listings. At the same time, changes in prices and booking probabilities also
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impact per-period profits, which subsequently affect entry and exit dynamics. If there is het-
erogeneity in firm value for consumers, this will be reflected in the optimal tax-subsidy scheme
as well; the social planner would want to avoid exit by highly valuable market participants.
In our setting, consumers prioritize preventing the exit of established incumbent listings over
relatively newer listings, which are generally perceived to be of lower quality. This motive re-
inforces the benefits of increasing the price gap between entrants and incumbents: The welfare
loss from the increase in exit rates of new listings is more than compensated by the gain from
fewer exits of established listings.

It is important to note that this aspect is not specific to our approach of redirecting demand
through prices. Any intervention aimed at addressing the social learning externality will affect
profits and has to take this into account. For instance, if we implemented a change in ratings
design to shift demand from incumbents to entrants as in Vellodi (2022), this would similarly not
only affect the speed of social learning, but also trigger price and profits changes with immediate
consequences for entry and exit. This is a channel which is lacking in most theoretical papers
on the cold-start problem.

Still, one might question how much of the welfare effect stems from changes in host profits
versus the increase in learning speed alone. When we calculate welfare under the prices result-
ing from the optimal tax-subsidy scheme, while freezing revenues at their zero-tax level, such
that entry and exit are influenced solely by changes in transition probabilities, the total welfare
effect amounts to $253,810. Consumer surplus, host surplus, and Airbnb revenue changes fol-
low a similar pattern as in Table 10. Hence, the change in profits attributed to roughly 25% of
the welfare gain and plays a significant role when allowing for endogenous entry and exit. Prior
to implementing any intervention, how it may affect profits must be carefully considered.

9.3 Setting optimal prices for listings with no reviews

As mentioned in the introduction, Airbnb appears to recognize the cold-start problem, as it
recommends that new listings provide a price discount for their first guests in order to ”get their
initial booking faster.”22 Consequently, in this counterfactual analysis, we examine the socially
optimal prices for these brand-new listings with no reviews and assess the total welfare gains
Airbnb could realize by encouraging new hosts to fully comply with this pricing suggestion.
Given that there are four types of brand-new listings, we optimize over four distinct prices. At
the same time, we allow the remaining hosts to respond to price changes for new listings, such
that our analysis takes into account the full response of the market.

Our results are summarized in Table 11. Also in this counterfactual, we find that entrant
prices decrease, with larger relative decreases for lower-type listings. However, in contrast
to the previous counterfactual, the total number of listings decrease as well. This is because
lowering entrant prices decreases profits, and thus, their entry incentives, despite their chances
of receiving a review and making higher profits in the future increasing. Moreover, decreasing
entrant prices increases competition on Airbnb and decreases profits for incumbents as well,
if only slightly. This leads to a decrease in host surplus as well as Airbnb revenue by around

22 See https://www.airbnb.ca/resources/hosting-homes/a/how-to-set-a-pricing-strategy-15
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Figure 11: Counterfactual changes in occupancy rate (top left), rental rate (top right), number
of listings (bottom left), and exit rate (bottom right) by number of (good) reviews.

2%, while consumers are the beneficiaries of this policy, with a welfare increase by around 1%.
Overall welfare increases by only $20,646, or 0.5% of total host revenue in the status quo.

When considering the impact of incentivizing social learning on profits and seller participa-
tion in the market, there can be a trade-off between accelerating social learning and maintaining
entry levels or preventing the exit of high-value products. In this counterfactual scenario, while
the benefits of enhancing the speed of social learning remain, it becomes evident that the so-
cial planner may be reluctant to compromise market participation of higher-type listings, and
chooses to distort prices less, by only 8% compared to 15% for low-type listings. Furthermore,
the welfare gains that can be solely obtained from reducing prices for entrants are relatively
modest.
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total listings with no review of type

1 2 3 4

∆ per-period welfare $20,646 – – – –

(0.4%) – – – –

∆ per-period consumer surplus $43,507 – – – –

(1.0%) – – – –

∆ per-period host surplus -$10,712 – – – –

(-2.1%) – – – –

∆ per-period Airbnb revenue -$12,149 – – – –

(-2.2%) – – – –

∆ average rental price -$3.4 -$19.3 -$19.5 -$18.9 -$17.4

(-1.8%) (-14.5%) (-12.1%) (-10.5%) (-8.2%)

∆ average occupancy rate 1.2 ppt 6.4 ppt 7.0 ppt 6.6 ppt 5.6 ppt

(1.7%) (14.3%) (11.5%) (9.8%) (7.5%)

∆ # listings -21 -6 -6 -4 -2

(-1.9%) (-9.1%) (-8.4%) (-7.6%) (6.2%)

Note: Percentage changes are indicated relative to prices, number of listings, or occupancy in the status quo.

Table 11: Effects of socially-optimal prices for listings with no review.

It is also noteworthy that in this counterfactual, although consumer surplus rises, Airbnb’s
revenue declines. This occurs because both market size and prices decrease, yet the benefits
derived from more information on product quality more than offset these losses for consumers.
Therefore, we should not expect that Airbnb’s incentives are necessarily aligned with those of
the social planner.

9.4 Discussion

By implementing a tax-subsidy scheme, we have demonstrated that significant welfare gains
can be achieved by addressing the cold start problem in the Airbnb market. However, it is im-
portant to note that we do not advocate for the implementation of this policy. Market conditions
have evolved since the period of our study from 2016 to 2019. As of September 5th, 2023, the
City of New York has mandated that short-term rentals must register with the Mayor’s Office
of Special Enforcement.23 This measure aims to curb short-term home-sharing and support the
long-term rental market.

Calder-Wang (2021) finds that although Airbnb’s presence generally contributes positively
to welfare, it has the adverse consequence of increasing rents in New York City, thereby making
most households worse off. Our model does not account for housing market effects and they
are not covered by our analysis.

23 See https://www.nyc.gov/site/specialenforcement/registration-law/registration.page.
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The primary objective of our study is to illustrate how the inefficiently slow speed of learn-
ing affects the market and analyze the trade-off involved in interventions aimed at remedying
the problem when taking the supply side into account. The tax policy we analyze serves as
an auxiliary tool to highlight these effects. The general nature of the problem suggests that
virtually any digital market with a review system may suffer from significant welfare losses
due to the too-slow accumulation of reviews, but addressing the cold-start problem involves
understanding the consequences for profits and market participation.

10 Conclusion

In this paper, we aim to analyze the cold-start problem and its interactions with endgenous
supply-side decisions, such as pricing, entry and exit. Specifically, we demonstrate that the
cold-start problem affects Airbnb and that its impact is substantial.

To achieve this, we have developed a model in which Airbnb guests learn from each other’s
experiences through reviews, while hosts use these reviews to inform their pricing, entry, and
exit decisions. Our findings indicate that reviews significantly influence guests’ booking deci-
sions and host profits.

We present counterfactual results aligned with the cold-start problem, showing that long-
term social welfare can be improved by reducing the price of less-reviewed listings. This strat-
egy boosts demand and accelerates the learning process.

Specifically, we find that implementing a tax-subsidy scheme that more than doubles the
price difference between listings with more than 15 and less than 2 reviews leads to a welfare
gain equivalent to roughly 8.5% of Airbnb host revenue. Our estimates suggest that 75% of this
welfare gain is attributed to the accelerated learning process alone. Additionally, we evaluate
a policy that requires low prices for unreviewed listings only and find that while it generates
some improvements, the gains are relatively modest.

We conclude that the cold-start problem represents a significant challenge, and addressing
it could lead to substantial gains for Airbnb and potentially other digital platforms. We recom-
mend that this issue be considered in the design of platforms and regulations of markets that
feature social learning more broadly.
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Appendix

A.1 Proof of Lemma 1

In t = 1, firm j maximizes

pj1qj1 + υrδqE1ωe
E1π

g
j2 + υrδqE1(1 − ωe

E1)π
b
j2 + (1 − υrδqE1)π

0
j2.

The necessary and sufficient conditions for a maximum are as follows.

qj1 − p∗j1qj1(1 − qj1) + υrδqE1(1 − qE1)
∂(−pE1 + pI1)

∂pj1
∑

i∈{0,g,b}
ϕiπ

i
j2 = 0 (FOC)

qj1(1 − qj1)(p∗j1(1 − qj1)− 1) + υrδqE1(1 − qE1)
2
(

∂(−pE1 + pI1)

∂pj1

)2

∑
i∈{0,g,b}

ϕiπ
i
j2 < 0 (SOC)

Rearranging the FOC yields p∗j1.

p∗j1 =
1

1 − q∗j1
+

∂(−pE1 + pI1)

∂pj1
∑

i∈{0,g,b}
υrδϕiπ

i
j2 (22)

Substituting p∗j1 into the SOC reveals that the sufficient condition for a maximum is satisfied.
In t = 2, j maximizes pi

j2qi
j2. It is straightforward to verify that p∗j2 = 1/(1 − qj2). Hence,

πi
E2 = qi

E2/(1 − qi
E2) which is increasing and convex in ωe

E2.

∂

∂ωe
E2

(
qE2

1 − qE2

)
=

qE2(1 − qE2)
2 + q2

E2(1 − qE2)

(1 − qE2)2 =
qE2

1 − qE2
> 0

∂2

∂(ωe
E2)

2

(
qE2

1 − qE2

)
=

qE2

1 − qE2
> 0

By Jensen’s inequality ∑i∈{0,g,b} ϕiπ
i
E2 is larger than zero.

ωe
E1πE2

(
a + 1

a + b + 1

)
+ (1 − ωe

E1)πE2

(
a

a + b + 1

)
− πE2 (ω

e
E1)

> πE2

(
ωe

E1
a + 1

a + b + 1
+ (1 − ωe

E1)
a

a + b + 1

)
− πE2(ω

e
E1) = 0

Notice that ∂p∗E1/∂υr < 0 and ∂p∗E1/∂δ < 0. As qIt = 1 − qEt, πi
I2 = (πi

E2)
−1 and πI2 is

decreasing and convex in ωe
E2. Again, by Jensen’s inequality ∑i∈{0,g,b} ϕiπ

i
I2 is larger than zero

and ∂p∗I1/∂υr > 0, as well as ∂p∗I1/∂δ > 0.

A.2 Proof of Proposition 1

Part (i) The social planner solves the following maximization problem.
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max
p̃1

(cs1 + πE1 + πI1 + E2[cs2 + πE2 + πI2|pE1, pI1])

We write πE1 + πI1 as pI1 + qE1 p̃1. For brevity, denote ln (1 + exp (ω̃2 − p̃2)) by u2, where ω̃2

and p̃2 are the difference in second-stage quality expectations and Nash-equilibrium prices,
respectively.

Before proceeding with the FOC, we establish two helpful facts:

1. u2 is increasing and convex in wE2:

∂u2

∂w2E
=

1
(1 + exp (ω̃2 − p̃2)

exp (ω̃2 − p̃2) = qE2 > 0

∂2u2

∂w2
2E

= qE2(1 − qE2) > 0

2. πE2 + πI2 is convex in wE2:

πE2 + πI2 = exp (ω̃2 − p̃2) +
1

exp (ω̃2 − p̃2)

∂(πE2 + πI2)

∂w2E
= exp (ω̃2 − p̃2)−

1
exp (ω̃2 − p̃2)

∂2(πE2 + πI2)

∂w2
2E

= exp (ω̃2 − p̃2) +
1

exp (ω̃2 − p̃2)
> 0

The necessary and sufficient conditions for a maximum are as follows.

−qE1(1 − qE1) p̃s
1 + qE1 − qE1 − qE1(1 − qE1) ∑

i∈{0,g,b}
υrδϕi

(
ui

2 + πi
E2 + πi

I2

)
= 0 (FOC)

−qE1(1 − qE1) + qE1 (1 − qE1) (2qE1 − 1) p̃s
1 − q (1 − qE1) (2qE1 − 1) ∑
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υrδϕi

(
ui

2 + πi
E2 + πi

I2
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Rearranging the FOC yields p̃s
1.

p̃s
1 =− ∑

i∈{0,g,b}
υrδϕi

(
ui

2 + πi
E2 + πi

I2

)
(23)

From facts 1. and 2. and Jensen’s inequality, it follows that p̃s
1 < 0. It easy to see that the SOC is

satisfied at the socially optimal price difference, i

Part (ii) From Equation (22) and Equation (23), we know:

p̃s
1 < p̃∗1 ⇐⇒ −∑

i
υrδϕiui

2 <
1

1 − q∗E1(ω̃1)
− 1

q∗E1(ω̃1)
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= exp (ω̃1 − p̃∗1(ω̃1))−
1

exp
(
ω̃1 − p̃∗1(ω̃1)

) (24)

We will show this part of the proposition in two steps: First, we show that the above inequality
is satisfied at ω̃1 = 0. Second we show that, as ω̃1 increases, the increase in p̃s

1 is smaller than
the increase in p̃∗1 for all ω̃1, as long as ∑i δυrϕi(π

i
I2 − πi

E2) < 1.

Step 1: At ω̃1 = 0, p̃s
1 < p̃∗1 : p̃∗1 is given implicitly by the difference in Equation (22) for entrant

and incumbent:

p̃∗1(ω̃1) = exp (ω̃1 − p̃∗1(ω̃1))−
1

exp
(
ω̃1 − p̃∗1(ω̃1)

) − ∑
i

δυrϕi(π
i
E2 + πi

I2) (25)

Notice that for any ωE1, Equation (24) implies that, if ω̃1 = 0, p̃∗1 < 0. Therefore,

exp (− p̃∗1(0))−
1

exp
(
− p̃∗1(0)

) > 0 > −∑
i

υrδϕiui
2.

Step 2: dp̃s
1

dω̃1
<

dp̃∗1
dω̃1

iff ∑i δυrϕi(π
i
I2 − πi

E2) < 1: Since ∂ω̃1
∂ωI1

= −1, we consider a marginal
decrease in ωI1 here:

d(−∑i υrδϕiui
2)

dωI1
= ∑

i
υrδϕiqi∗

E2

(
1 +

dp̃∗2
dωI2

)
> 0 since − 1 <

dp̃∗2
dωI2

< 0.

Hence, the LHS of inequality (24) is decreasing as ωI1 decreases or ω̃1 increases.

d
(

exp (ω̃1 − p̃∗1(ω̃1))− 1
exp(ω̃1− p̃∗1(ω̃1))

)
dωI1

= −
(

exp (ω̃1 − p̃∗1(ω̃1)) +
1

exp
(
ω̃1 − p̃∗1(ω̃1)

))(1 +
dp̃1

dω̃1I

)

As long as −1 < dp̃1
dω̃1I

, the RHS of inequality (24) increases as ωI1 decreases or ω̃1 increases.

Using the Implicit Function Theorem on Equation (25), we can derive dp̃1
dω̃1I

:

dp̃1

dω̃1I
= −

exp (ω̃1 − p̃1(ω̃1)) +
1

exp(ω̃1− p̃1(ω̃1))
+ ∑i δυrϕi(π

i
I2 − πi

E2)

exp (ω̃2 − p̃1(ω̃1)) +
1

exp(ω̃1− p̃1(ω̃1))
+ 1

Hence, dp̃1
dω̃1I

> −1 iff ∑i δυrϕi(π
i
I2 − πi

E2) < 1.

A.3 Poisson process of bookings

Let the probability that a single consumer wants to book listing j at time t by σjt. We show that
the expected number of arriving consumers who wish to book the listing is µσjt. Recall from
Equation (4) that the ϵs are Gumbel distributed such that σjt takes the usual logit form.

σjt =
exp(ν(pjt, xjt))

1 + exp(ν(pjt, xjt)) + ∑X
x (st(x)− 1x=xjt) exp(ν(Pt(x), x))

(26)
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The probability that m of M consumers wish to book the listing is binomial distributed with
probability σjt. (

M
m

)
σm

jt (1 − σjt)
M−m (27)

Knowing that M is Poisson distributed with mean µ, we integrate over M.

∞

∑
M=m

(
M
m

)
σm

jt (1 − σjt)
M−m µM exp(−µ)

M!
(28)

=
σm

jt exp(−µ)

m!

∞

∑
M=m

(1 − σjt)
M−mµM

(M − m)!
(29)

=
(σjtµ)

m exp(−µ)

m!

∞

∑
M−m=0

((1 − σjt)µ)
M−m

(M − m)!
(30)

=
(σjtµ)

m exp(−µ)

m!
exp((1 − σjt)µ) (31)

The last step follows from the definition of the exponential function, exp(x) = ∑∞
x

xn

n! .
(σ(x)µ)m exp(−σ(x)µ)

m! is the probability density function of a Poisson distribution with mean σ(x)µ.
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A.4 Transition matrix

Conditional on Pt, st, and l, transition matrix T is given by the following matrix.

(Kt, Nt)\(Kt+1, Nt+1) (0, 0) (0, 1) (1, 1) (0, 2) (1, 2) (2, 2) ... (N̄, N̄)

(0, 0) ρ0(0, 0) ρb(0, 0) ρg(0, 0) 0 0 0 ... 0

(0, 1) 0 ρ0(0, 1) 0 ρb(0, 1) ρg(0, 1) 0 ... 0

(1, 1) 0 0 ρ0(1, 1) 0 ρb(1, 1) ρg(1, 1) ... 0

(0, 2) 0 0 0 ρ0(0, 2) 0 0 ... 0

(1, 2) 0 0 0 0 ρ0(1, 2) 0 ... 0

(2, 2) 0 0 0 0 0 ρ0(2, 2) ... 0

... ... ... ... ... ... ... ...

(N̄, N̄) 0 0 0 0 0 0 ... 1

Conditional on Pt, st, and l expanded transition matrix F is given by the following matrix.

(Kt, Nt)\(Kt+1, Nt+1) (0, 0) (0, 1) (1, 1) (0, 2) (1, 2) (2, 2) ... (N̄, N̄) inactive

(0, 0) (1−χ(0, 0))ρ0(0, 0) (1−χ(0, 0))ρb(0, 0) (1−χ(0)ρg(0, 0) 0 0 0 ... 0 χ(0, 0)

(0, 1) 0 (1−χ(0, 1))ρ0(0, 1) 0 (1−χ(0, 1))ρb(0, 1) (1−χ(0, 1))ρg(0, 1) 0 ... 0 χ(0, 1)

(1, 1) 0 0 (1−χ(1, 1))ρ0(1, 1) 0 (1−χ(1, 1))ρb(1, 1) (1−χ(1, 1))ρg(1, 1) ... 0 χ(1, 1)

(0, 2) 0 0 0 (1−χ(0, 2))ρ0(0, 2) 0 0 ... 0 χ(0, 2)

(1, 2) 0 0 0 0 (1−χ(1, 2))ρ0(1, 2) 0 ... 0 χ(1, 2)

(2, 2) 0 0 0 0 0 (1−χ(0, 2))ρ0(0, 2) ... 0 χ(0, 2)

... ... ... ... ... ... ... ... ...

(N̄, N̄) 0 0 0 0 0 0 ... 1 − χ(N̄, N̄) χ(N̄, N̄)

inactive λ 0 0 0 0 0 ... 0 1 − λ
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A.5 First- and second-order derivatives of the value function

v′(x) =28(q0(P0(x), x) + q′0(pt, x)P0(x)) + (1 − χ0(P0(x), x))δT′
0(P0(x), x)V0(x)

v′′(x) =28(2q′0(pt, x) + q′′0 (P0(x), x)P0(x)) + (1 − χ0(P0(x), x))δT′′
0 (P0(x), x)V0(x)− χ′

0(P0(x), x)δT′
0(P0(x), x)V0(x),

(32)

χ0(x) = exp(−T0(x)V0(x)ϕ̄−1
l ) is the exit rate in state x and T0(x) are the transition probabilities.

A.6 Elasticities

Let the probability that a single consumer wants to book a listing j by σjt.

σ(x) =
exp(ν(P∗(x), x))

1 + ∑X
x s∗(x) exp(ν(P∗(x), x))

(33)

The own-price elasticity of listing j at time t is given by the following expression.

− 100
exp(−µσ(x))

1 − exp(−µσ(x))
µσ(x)(1 − σ(x))αP∗(x) (34)

The semi-elasticity of demand with respect to a good review of listing j at time t is given by
the following expression.

− exp(−µσ(K + 1, N + 1, l)) + exp(−µσ(K, N, l))
1 − exp(−µσ(K, N, l))

(35)

A.7 Expected operating cost

The expected operating cost is given by the following expression.

E[ϕl |ϕl ≤ δT(x)V(x)](1 − χ(x)) =ϕ̄l − E[ϕl |ϕl > δT(x)V(x)]χ(x)

=ϕ̄l − (ϕ̄l + δT(x)V(x))χ(x)

=(1 − χ(x))ϕ̄l − δT(x)V(x)χ(x)

A.8 Expected entry cost

The expected cost of entry is given by the following expression.

Eκ[κ|κ ≤ δEl [V((0, 0, l))]] =
κ̄ − Pr(κ > δEl [V((0, 0, l))]Eκ[κ|κ > δEl [V((0, 0, l))]]

Pr(κ ≤ δEl [V((0, 0, l))])

=κ̄ −
exp

(
−δEl [V((0, 0, l))]κ̄−1) δEl [V((0, 0, l))]
1 − exp (−δEl [V((0, 0, l))]κ̄−1)

=κ̄

(
1 +

υa − λ

λ
ln
(

1 − λ

υa

))
(36)
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