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ONLINE APPENDIX

APPENDIX A: MEASURES OF AIRBNB SUPPLY

In this appendix, we demonstrate how to properly measure Airbnb supply.
Figure displays four measures of the size of Airbnb plotted over time: active
listings, two measures of available listings, and booked listings. Active listings on
a given day are those listings that are available to be booked for the same day or
any future date. Available listings (unadjusted) are listings that are either booked
for the day or listed as available to be booked on the same day. And booked
listings are listings that have been booked for the day. This figure displays three
important facts. First, the share of active or available listings that are booked
varies greatly over time. The booking rate is especially high during periods of high
demand such as New Year’s Eve and the summer. What we will show in Section
m is that this is the result of a highly elastic peer supply. Second, the gap
between active listings and available listings is increasing over time, suggesting
that over time more and more listings active on the website are not in fact available
for rent to travelers — the share of active listings that are listed as available or
booked on the day of stay drops from 77% in the first month of data to 65% in
the last month of data. Therefore, the meaning of an active listing does not stay
constant over the entire period of our study@

The third and most relevant fact from Figure is that the number of unad-
justed available listings actually decreases during periods of high demand, most
notably on New Year’s Eve. The main reason for this is that calendar updating
behavior responds to room demand. Many hosts do not pro-actively take the
effort to block a date on their calendar when they are unavailable (see Fradkin
(2019) for evidence). However, when they receive a request to book a room, they
often reject the guest and update their calendar accordingly. Since a larger share
of listings receives inquiries during high demand periods, the calendar is also more
accurate during those times. Therefore, the naively calculated availability mea-
sure suffers from endogeneity and is even counter-cyclical — high when demand is
low, and low when demand is high.

Since we need a measure of the size of Airbnb that stays stable over time, we
create an adjusted measure of available listings. This measure includes any rooms
which were listed as available for a given date or were sent an inquiry for a given
date and later became unavailable. Therefore, it does not suffer from the problem
of demand-induced calendar updating. It does overstate the “true” number of
available rooms in the market, but as long as it overestimates true availability

390ur definition of active listings does not correspond to the definition of active listings used in financial
filings by Airbnb.
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consistently over time we consider it to be the best measure of Airbnb size. Figure
displays our proposed measure (red line) against the naive measure of available
listings (blue line). The new measure does not suffer from drops in availability
during high demand periods. Throughout the paper and the appendices we use
the adjusted number of available listings as the size of Airbnb supply, and we
simply call them available listings.

Figure Al. : Measures of Airbnb Supply
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Note: This figure plots four measures of the size of Airbnb. An active listing is defined as a listing available
to be booked or booked for any future date. An (unadjusted) available listing is one that is either booked
or has an open calendar slot on the date of stay. Available listings augment the unadjusted measure
with listings that were contacted for a particular date of stay and were later updated to be unavailable
for that date. A booked listing is one that has been booked for that date. The y-axis is normalized by
the maximum number of active listings during our sample period to protect the company’s proprietary
data.
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APPENDIX B: THEORETICAL FRAMEWORK AND PROOFS

We present a theoretical model for understanding market structure with ded-
icated supply (hotels) and flexible supply (peer hosts) in the accommodation
industry. It is a version of the model presented in Section mwith more general
demand and cost specifications, but with only one type of hotels and one type of
Airbnb hosts. We prove existence and uniqueness of the equilibrium under certain
conditions, as well as some comparative statics predictions that are corroborated
by the stylized facts from Section

In our model, hosting services can be provided by dedicated and flexible sellers,
who offer differentiated products. The model has a short and long-run compo-
nent. The short-run equilibrium consists of daily prices and rooms sold of each
accommodation type as a function of the overall demand level and the respective
capacities of dedicated and flexible suppliers. We assume hotels are competing
against a fringe of flexible sellers. The long-run component determines the entry
condition of flexible sellers as a function of fixed hotel capacity and the distribu-
tion of demand states.

THE SHORT-RUN

We start with the short-run equilibrium representing daily market outcomes.
We simplify the exposition by assuming that there is one single hotel and one
undifferentiated type of Airbnb listings. Let h denote the hotel and a denote
Airbnb. Further, let K} denote the mass of existing dedicated capacity (number
of available hotel rooms), and K, the existing flexible capacity (available Airbnb
rooms). Demand state, s, is drawn from a distribution F'(.), which can be inter-
preted as the distribution of demand states over the course of a year. Hotel rooms
and Airbnb rooms are differentiated products. We denote p;(Q;, Q;) the inverse
demand function for product ¢, which depends on the quantity for product i,
product j, and demand state s. We assume that products ¢ and j are substitutes,
so p;(Qi,Qj) is decreasing in both @; and @);, and the prices of both products
are increasing in the demand state.

The short-run sequence of events is as follows. Capacities K} and K, are given,
demand state s is realized, the hotel sets quantities and at the same time Airbnb
sellers choose whether to host at the prevailing prices. We assume that the hotel
faces marginal cost ¢, to book one room for one night, and it sets its quantity to
maximize profits subject to its capacity constraint:

J\é%:v Qn (P5,(Qn> Qa) — cn)

(B1)
s.t. Qn < Ky,

Flexible sellers have unit capacity and variable marginal costs of renting their

room. We assume that marginal costs of peers are randomly drawn from a known

distribution G(.).
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When choosing whether to rent out their room for a night, flexible producers
take prices as given, and sell their unit if and only if the market clearing price
is greater than their cost. The choices of individual hosts are aggregated to
determine the total number of flexible rooms rented:

(B2) Qa = KaG (pr(Qha Qa)) )

where K, is the mass of peer hosts, and G (p3(Qhr, Qq)) is the share of hosts with
costs lower than pg(Qn, Qa)-

The market equilibrium consists of prices and quantities for hotel rooms and
peer rooms that equate flexible and dedicated room demand with flexible and
dedicated supply. For the proofs about the short-run equilibrium, we remove the
superscript s, and denote hotel profits IT = Qp, (pr(Qr, Qa) — ¢h)-

The result of existence and uniqueness of the equilibrium is based on|Friedman
(1971) and|Friedman| (1977), and is equivalent to the stability requirement in Bu-
low, Geanakoplos and Klemperer|(1985). Also see[Shapiro|(1989) for an overview
of equilibrium in Cournot models.

PROPOSITION 1: There is a unique equilibrium if the hotel’s profit function is
twice continuously differentiable, the hotel’s marginal revenue curve does not rise
with its own or its competitors’ output, and

0211 P 9211 Opa
— 2 1 > .
00 Kag(pa)aQ > thaQaKag(pa)th

Proof. Equilibrium is given by the intersection of the hotel and peer hosts’ reac-
tion curves (Fig. , determined by Equations and Under the condition
in the proposition, both reaction curves are downward sloping, and we can prove
that the hotel’s reaction curve always has a slope smaller than the slope of the
reaction curve of peer hosts. This ensures that the curves intersect at most once,
either along one of the axes — where one type of supply sells zero rooms — or at
an interior point where both suppliers sell rooms.

We first consider the case in which hotel capacity is not binding. The reaction
curves are given by the following system of equilibrium equations:

8H(Qh7 Qa)
oQn
K,G (pa(Q}w Qa)) - Qa = 0.

=0
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Figure B1. : Equilibrium Quantities
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Note: The figure plots the reaction curves, or best response functions, of the hotel and peer hosts. The
hotel’s reaction curve (solid line) is determined by the first order condition of its profit maximization
problem, unless the optimum quantity is the maximum hotel capacity — vertical part of the solid line.
The peer hosts’ reaction curve (one of the four dotted lines) is determined by the equilibrium condition
KoG(pa) = Qa, where peer hosts take prices as given. Depending on the position of the peer hosts’
reaction curve relative to the hotel’s curve, the equilibrium is one of the four points denoted by A, B, C,
or D.

Totally differentiating the system of equations leads to

011 9711
(B3) TQIQfZQh + man =0
Opa Ipa .
(B4 Kag(on) gdQn + (Kuala) g~ 1) dQu =

Equation implies that the hotel’s reaction curve has slope equal to 38; =

— g;r; %, while equation implies that peer hosts’ reaction curve has slope
h @

equal to Zgz = —Kag(pa)gg‘;/(Kag(pa)gg‘: — 1).

The numerator and the denominator in both slopes are negative. For the slope
of the hotel’s reaction curve, this is because we have constant marginal costs
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and the hotel’s marginal revenue curve does not increase with its own or its

competitors’ output. For the slope of the peer hosts’ reaction curve, it is because

for normal goods we have 8682 < 0, and substitutatibility implies 6852 <0.

The slope of the hotel’s reaction curve is smaller than the slope of its competi-
tors’ reaction curve whenever —2’272 anfgIQa < —Kag(pa) 58=/ [Ka,g(pa,);’g: —1]. Re-
ordering, the condition is equivalent to the condition in the proposition.

We now consider the case in which hotel capacity is binding, so K —Qp = 0. In
this case the hotel’s reaction curve is vertical and crosses the x-axis (0 demand for
Airbnb) at K. Regardless of whether the hotel’s reaction curve hits its maximum
room capacity before crossing the x-axis, the reaction curves of the hotel and of
peer hosts will cross at most once at an interior point.

The unique equilibrium can be characterized as one of four options, as Fig.
shows. If the hotel’s reaction curve is always below the reaction curve of
peer hosts, the equilibrium will be along the y-axis, where the hotel sells no
rooms. If the hotel’s reaction curve is always above peer hosts’ reaction curve,
the equilibrium will be along the x-axis, where peers sell no rooms. Otherwise
the equilibrium will be at the crossing point of the two reaction curves, where
both suppliers sell some rooms, and the hotel can be either capacity-constrained
or unconstrained. [ |

The short-run model offers some comparative statics predictions. Under stan-
dard conditions, hotel profits per available room, as well as both prices and occu-
pancy rates, are lower if K is higher. The separate effect of an increase in K, on
hotel prices is higher if hotel capacity constraints are more often binding, but the
opposite is true for the effect on occupancy. Intuitively, this occurs because the
increase in flexible capacity affects hotels through a reduction in their residual
demand, and when hotels are capacity constrained, their supply curve is vertical.
A marginal downward shift in residual demand will have no effect on quantity
and a large effect on price if supply is perfectly inelastic (Figure. We present
the propositions and the proofs below.

PROPOSITION 2: Hotel profits and quantities weakly decrease in K,. Hotel

. . . . 2 2
prices decrease in K, if and only if %gggh — BQGT%% > 0.
h a a

Proof. In order to prove Proposition |2] it is useful to separately consider mar-
kets where the hotel capacity constraint binds and markets where it does not.
In markets where the hotel constraint binds the two equilibrium conditions are
Qn = Kp, and Q, = K,G (pa(Qh, Qa)). By totally differentiating the system of
equilibrium equations we find the total derivatives of the hotel’s and peer hosts’
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quantities with respect to peer hosts’ capacity:

2] e

Figure B2. : Predictions on the Effect of Peer Supply on Hotels

(a) Unconstrained Equilibrium (b) Constrained Equilibrium
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Note: The figures plot the supply and demand curve for hotel rooms in two scenarios. The hotel supply
curve is drawn holding constant the price of peer rooms p,, varying the demand state d, and letting the
hotel set the price to maximize its profits as in Equation The left panel displays an unconstrained
equilibrium, while the right panel displays an equilibrium where the hotel capacity constraint is binding.
Peer entry represents a downward shift in demand for hotel rooms. This downward shift will affect hotel
quantity relatively more when the hotel supply curve is more elastic. The opposite is true for the effect
on hotel prices, which is higher in the capacity-constrained equilibrium.

In markets where the hotel constraint does not bind the two equilibrium condi-
tions are 9(@n, Qa) /op, = 0 and Q, = K,G (pa(Qh, Qa)). By totally differentiating
the system of equilibrium equations we find the total derivatives of the hotel’s
and peer hosts’ quantities with respect to peer hosts’ capacity:

2
aQn 1" G@a)aciéiza
(B7) dK - 0211 Opa
a Q3 [Kag(pa)aQ 1} thaQ Kag(pa)m
2
aQu " ~Gla) g3
(B8) [dK } T m 9pa 9211 dpa
a Q2 [Kag(pa)aQ 1} 901004 Kag(pa)th

We start by proving that hotel quantities are a decreasing function of flexible ca-
pacity in both constrained and unconstrained equilibria. Since in the constrained
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equilibrium the hotel quantity is fixed at its maximum capacity, its derivative
with respect to flexible capacity is zero (equation . We simply need to prove
that the derivative in equation is negative. Again, this is directly implied by
the conditions for existence and uniqueness of the equilibrium from Proposition
Indeed, the numerator is negative because hotel’s marginal revenues are decreas-
ing in peer hosts’ quantity. The denominator is positive because of the condition
in Proposition

So far, we have proved that an increase in flexible capacity decreases hotel
quantities by showing that leTZ < 0 whether or not the hotel is operating at
capacity. Now we prove that an increase in flexible capacity also decreases hotel
profits. An increase in K, affects hotel profits IT = Qp(pr — ¢p) through changes

in @y and Qg:

dil — OII dQy n oIl dQ,
dK, 0QndK, 0Qq.dK,
Regardless of whether the hotel capacity constraint is binding, the first term in

the summation is zero. If the hotel’s capacity constraint is binding, it is because
fllQTZ = 0 from equation If the hotel’s capacity constraint is not binding, it

is because the hotel’s first order condition holds with equality, so % = 0. The

second term in the summation has the same sign as 2 since dQu
0Qa dKq

regardless of whether the hotel’s capacity constraint is binding (equations

and . Since 5’971'[ = Qh% is negative because hotel and flexible rooms are
substifutes, so is the derivative of hotel profits with respect to flexible capacity.

is positive

We are left with proving that an increase in flexible capacity also decreases

: 0% dpn _ _ 0% Opn . :
hotel prices whenever 902 900~ 90,0Qa D0, > 0. An increase in K, affects hotel

prices through changes in Q) and Qg:

dpn _ Opy, dQp, N Opy, dQ,
iK,  0Q,dK, | 00, dK,

In the case where the hotel capacity constraint is binding, the quantity derivatives
with respect to K, are given by equations [B5]and [B6] So the derivative of hotel
. . . . . . d’i _ G(pa)aph/aQa
prices with respect to flexible capacity simplifies to K. = T Raglpa)Preon. =T’
which is always negative. In the case where the hotel capacity constraint is not
binding, the quantity derivatives with respect to K, are given by equations
and After substitution, the derivative of hotel prices with respect to flexible

capacity becomes

dpn _ G(pa) O dpn, O dpy,

dK, o211 Opa 211 e | 0QLOQ, O 0Q? 0Q,
@[KagO?a)aga—l}—mKag(pa)ﬁ QndQ. 9Qn  0Q%9Q

The first ratio is always positive, so hotel prices decrease with flexible capacity

if and only if g%%(%ﬁ: — agnga% > 0, which is the condition stated in the
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proposition. |

PROPOSITION 3: The reduction in hotel rooms sold when flexible capacity in-
creases is larger when hotel capacity constraints do not bind. The reduction in
hotel prices when flexible capacity increases is larger when hotel capacity con-
straints bind.

The first part of proposition [3[is a trivial comparison of equation which is
always zero, and equation [B7| which is never positive, and strictly negative when
hotel’s marginal revenue is strictly decreasing in competitors’ quantity.

For the second part of the proposition, when hotel prices are a decreasing func-

i i i dpn 1€ _ Opn [dQa |© dpn 1"
tion of flexible capacity we want to prove that [d% = 83 [ 7= < [d%} =

u
Opn. [th] + 2 Bph [Z{@Tﬂ . Substituting equations @ and gives

0Qy | dKq
[3) oI 3] 9211
~ -G (pa) 90, C(Pa) 5,00, ~ 50.5(Pe) 5z
Ipa = '
Kag(pa) g =1 2 [Kag(pa) 9 — 1) — 5dobby Kag(pa) 35

After some algebra the inequality simplifies to K,g(pa) (g% ggz — gg; ggi ) _

Op : . Opn Opa Opn Opa
ﬁ > 0, which is always true because ﬁ 90, ﬁ 50, = 0 when hotel’s and

peer hosts’ rooms are substitutable and because gQ <0. |

THE LONG-RUN

In the long-run, entry of flexible suppliers, i.e. K,, is endogenous. We as-
sume that Kj, is fixed[*'| We now let the price of each room option be a func-
tion of room quantities and the demand state, p;(Qn, @Qa) and p; (Qpn, Q). Re-
call that we assume that both prices are an increasing function of the demand
state and a decreasing function of both quantities. We simplify notation by
writing p; and pj. We define the expected daily benefit of joining Airbnb as

o = [, Ec(maz{0,p; — c})dF(s), and the one-time cost of joining as C, ran-
domly drawn for each potential host. The expression E. (max{0,p5 — c}) denotes
the expected per-period profit of a flexible seller given demand state s, where the
expectation is taken over the distribution of marginal costs. We also let T denote

40When marginal costs are constant, substitutability between hotel’s and peer hosts’ rooms is defined

equivalently as gga < 0or 6Q’L > 0 (and analogously for hotel prices and peer hosts’ quantities).
Applying the implicit function theorem to the demand system pp (Qp, Qa)—pn = 0 and pa(Qn, Qa)—pn =
Opn Opa _ OPh Opa

0 implies that the two are equivalent definitions of substitutability if and only if 0. 50 ~ 90 0T > 0.

410ur model does not allow hotels to adjust dedicated capacity K}, in response to peer entry. Over
many years, peer entry could partially crowd out dedicated sellers. Since our data only spans the first
few years of Airbnb diffusion and hotel construction projects take between 3 and 5 years to complete, we
are unable to empirically capture hotels’ capacity adjustments. Exploring the entry and exit decisions
of dedicated producers would be a valuable extension of our work.
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the number of days a peer host will be available to host on Airbnb after joining
the platform, so that the net benefit is Tv, — C. We let K, denote the mass
of potential hosts who find it profitable to join Airbnb, i.e. all those hosts with
C <Tu,.

A peer-to-peer platform enables the entry of flexible sellers. Flexible sellers
decide whether to join the peer-to-peer platform and start producing as a function
of expected demand and expected marginal costs.

PROPOSITION 4:  Entry of flexible sellers is larger (K, increases) if the dis-
tribution of peers’ marginal costs ¢ decreases in the sense of first-order stochastic
dominance. K, increases if K, decreases. K, increases if F(s) increases in the
sense of first order stochastic dominance. K, also increases in response to a
mean-preserving spread in F(s) if peer hosts’ prices are a convez function of s.

It is intuitive that if the distribution of flexible marginal costs ¢ shifts to the
left, E. [max{0,ps — c}] weakly increases in every demand state, so v, increases
and more flexible sellers enter.

It is also straightforward to see that if F'(s) shifts to the right, E. [max{0, p5 — c}]
will not change for any demand state, but higher demand states are more likely
SO v, increases, inducing more flexible entry.

Proving that a reduction in Kj induces more flexible entry requires a little
more explanation. Assume K} decreases on the margin. For demand states for
which K} was not binding, the decrease in hotel capacity has no effect, so p; does
not change for s lower than a certain threshold. For demand states in which K}
was binding the two equilibrium conditions are @, = Kj, and Q, = K,G(p3).
We proved above (for Propositions and [3) that an increase in flexible capacity
decreases both hotel and peer prices. An analogous proof is valid for a change in
hotel capacity. So for high demand states a decrease in hotel capacity increases
flexible prices. So far we showed that in unconstrained demand states flexible
prices do not change if K} decreases, while in constrained demand states they
increase. This is a shift in the distribution of flexible prices in the sense of first
order stochastic dominance. So j}éﬂh < 0 and a decrease in hotel capacity induces
more flexible entry.

Finally, a mean-preserving spread of F'(s) induces more entry of flexible sell-
ers if p; is a convex function of 5@ The utility function for demand state s,
E.[max{0,p — c}], is a convex function of p;, so the result is a direct implication
of Jensen’s inequality. Intuitively, flexible sellers lose nothing from low demand
periods since they can choose not to host, and gain high profits in periods of high
demand. In order to verify whether p; is a convex function of s, as before we to-
tally differentiate the system of equilibrium equations @, = K,G(p;) and % =0

(which is Qp = K}, if hotels are capacity-constrained) with respect to the demand

state and the quantity variables. We then note that % = ag SZ + gg‘z df?sh + gg‘z dfs" .

42Note that the sufficient condition that p$ is a convex function of s does not hold in general since it
depends on both the shape of the demand curves as well as the distribution of peer costs.
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When the hotel is not capacity constrained, the total derivative is equal to
_9pg 821, 9pg _o%m

dps ds W 9Qp 0Qp0s . . .
;; L= 5% b P TR while when the hotel is capacity con-
@ [Kag(pi) 3Qaq 71] *mK(zg(pZ) Q)
. . . . . dps — Bpg .
strained the total derivative simplifies to ¢ = ——25+—. Convexity of p§
Kag(ps) aQ‘Z -1

in s requires that %S’ is non-decreasing in s, which depends on the shape of the

demand curves and the distribution of peer costs. |
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APPENDIX C: COMPUTATIONAL DETAILS AND SENSITIVITY ANALYSIS

In this section we describe our computational procedure to estimate the model
and compute the equilibrium, as well as a sensitivity analysis of our demand
estimates presented in Table

To estimate the demand model, we use the PyBLP package (Conlon and Gort-
maker| (2020)) with some minor modifications to allow for our substitution mo-
ment. We use the KNITRO solver with a tolerance of 10™° and the product rule
of degree 7 to estimate the main specification. The estimates are robust to a
variety of starting points. We use a 1-step procedure in order to set the relative
weight on the substitution moment relative to the market share moments@

We use several strategies for conducting sensitivity analysis. The first strategy is
to compute estimates from our model using alternative values of the substitution
moment (Equation @ This would be useful if one were concerned that our
estimate of the substitution to the outside option, which we set at 32% given
Airbnb survey data, was biased. We choose two comparison values, one value
that implies that an additional 10% of Airbnb travelers would substitute towards
the outside option if Airbnb did not exist and another value that implies that 10%
fewer Airbnb travelers would choose the outside option. We report the results in
Table With less substitution to the outside option, the random coefficient on
the inside option would increase, as expected. Similarly, with more substitution
to the outside option, the random coefficient on the inside option would decrease.
As the table shows, changes in the substitution moments affect the estimates of
other parameters such as price sensitivity, albeit less.

We can do a similar analysis to measure how our instruments help us iden-
tify the linear coefficient on price. To do so, we estimate the logit specification
without consumer preference heterogeneity in four ways: with all our instruments
combined, with each type of instrument separately, and without any instruments.
The results from these estimates are displayed in Figure Each set of instru-
ments yield negative estimates for the price coefficient, in sharp contrast to the
non-IV estimate, but the magnitude and precision vary. The price estimate from
using all instruments jointly lies in the middle of the range of the IV estimates
and is more precisely estimated than any of them.

Andrews, Gentzkow and Shapiro| (2017) propose an approach to evaluate the
sensitivity of our estimates to assumptions based on local perturbations. To
measure sensitivity, we compute the sensitivity matrix A = —(G*W*G)~'1G*+W
where G is the Jacobian of the moments with respect to the non-linear parameters
and W is the weighing matrix. There are two types of moments. The first set,
standard in |Berry, Levinsohn and Pakes| (1995), includes the linear IV moments

43The weighing matrix is block diagonal, with (Z’ZA)*1 in the top left and the substitution moments
in the bottom right. Z is the set of instruments, with the fixed effects for month-city-tier and day of
week partialed out. PyBLP does this by using the Python package ‘pyhdfe’ to run a regression of each
column on the fixed effects and producing the residuals. This is a computational trick used to increase
the speed of computation when there are many fixed effects.
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Equation . The second set includes the substitution moment from Equation

We multiply A by (Z’Z)~! for the linear IV moments and by 1/N, where N is
the number of markets, for the substitution moment.

We report this sensitivity measure in Figure denoted as ‘Raw.” We follow
Andrews, Gentzkow and Shapiro| (2017) in scaling the raw estimates by the in-
verse of the standard deviation of Z for each instrument. For the substitution
moment, we scale it so that the sensitivity represents the response to an increase
of .1 in the share of Airbnb travelers who would substitute to the outside option
if Airbnb did not exist. All of the moments help to identify the non-linear pa-
rameters, as expected. We see that the implied change in the random coefficient
on the constant due to a change in the substitution moment is within an order of
magnitude of the changes we observed by re-estimating the model with different
values of the substitution moment. We also see that the price coefficient is highly
sensitive to the ratio of the Google Search Trends to capacity.

Finally, we describe some details to compute the equilibrium with our parameter
estimates under different scenarios. We use a trust region reflective algorithm
within the fsolve function in Matlab. We find a price vector that solves a system
of hotel and Airbnb equations. The hotel equations, one per hotel tier, come
from their first order conditions (Equation [6). The Airbnb equations, one per
Airbnb options, come from the equilibrium condition in Equation which allows
us to find the price that rationalizes a particular number of booked listings. For
a candidate price vector, we first find demand, which allows us to compute the
markup in Equation@and Airbnb rooms sold in Equation The algorithm then
minimizes the difference between the candidate price vector and the prices implied
by the supply equations. We use the baseline prices as our initial starting values.
When the sum of the absolute price deviations across all options is bigger than
le-7 we try two more starting values: one with prices that are 6.7% higher than
the baseline prices, and the other with prices that are 13.3% higher. Out of these
attempts, we select the solution with the lowest sum of absolute price deviations
across all options.
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Figure C1. : Sensitivity of Logit Estimates to Instruments
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Note: The figure plots the estimated price coefficients and the 95% confidence intervals for the demand
model without consumer preference heterogeneity under five instrumentation options: using all our
instruments, using only the Google search trends divided by room capacity, using only room capacity
interacted with accommodation option fixed effects, using only tax rates, and using no instruments for
price. ‘All’ refers to the logit specification in the paper, which is shown in column 2 of Table
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Table C1—: Estimates of Selected Demand Parameters - Varying Substitution to
Outside Option Moment

Share to OO = .32 Share to OO = .22 Share to OO = .42
Parameter Estimate Std. Error Estimate Std. Error Estimate Std. Error

Log Google Trend 2.355 0.281 2.646 0.585 2.151 0.156
Price -0.031 0.002 -0.029 0.003 -0.031 0.002
Std. Deviation on 1.725 1.060 2.902 2.617 0.789 0.756
Inside Option
Std. Deviation on 0.004 0.004 0.002 0.007 0.004 0.004
Price

Note: This table displays the estimates and standard errors for selected parameters in travelers’ utility.
The first reproduces the estimates in column 1 of Table which assume that 32% of Airbnb book-
ings would have gone to the outside option if Airbnb did not exist. The second column assumes the
substitution to the outside option is instead 22% and the third column assumes the substituion to be
42%.



16 THE AMERICAN ECONOMIC REVIEW ONLINE APPENDIX

Table C2—: Sensitivity of Random Coefficient to Estimation Moments

Moment Raw - Scaled - Raw -  Scaled -

Moment Constant  Constant  Price Price
Survey Moment 57.31 5.73 -0.63 -0.06
Google Trend / Capacity -0.00 -10.70 0.00 0.27
Tax Rate -0.02 -2.07 -0.00 -0.06
Active: Luxury 25.94 0.37 -6.60 -0.09
Active: Airbnb Midscale -307.06 -2.17 -4.89 -0.03
Active: Airbnb Economy -289.37 -2.67 -1.67 -0.02
Active: Upper Upscale 2.81 0.03 -6.37 -0.08
Active: Upscale -60.51 -0.36 -13.86 -0.08
Active: Upper Midscale -119.58 -1.53 -5.26 -0.07
Active: Midscale 20.03 0.89 -1.02 -0.05
Active: Economy 31.16 0.62 1.50 0.03
Active: Airbnb Luxury -107.59 -0.36 -23.68 -0.08
Active: Airbnb Upscale -235.12 -1.45 -8.49 -0.05
Log Google Trend -1.44 -17.43 0.00 0.05
Austin/TX Hotel X Time -37.90 -4.01 -0.66 -0.07
Austin/TX Airbnb X Time -14.72 -2.77 -0.08 -0.02
Boston/MA Hotel X Time -55.08 -5.82 0.43 0.05
Boston/MA Airbnb X Time -5.72 -1.05 -0.21 -0.04
Los Angeles/Long Beach/CA Hotel X Time -80.13 -8.47 1.06 0.11
Los Angeles/Long Beach/CA Airbnb X Time -13.35 -1.74 -0.30 -0.04
Miami/Hialeah/FL Hotel X Time -14.26 -1.51 -0.42 -0.04
Miami/Hialeah/FL Airbnb X Time 1.28 0.18 -0.41 -0.06
New York/NY Hotel X Time -12.47 -1.32 -0.98 -0.10
New York/NY Airbnb X Time -22.84 -2.96 -0.36 -0.05
Oakland/CA Hotel X Time -71.75 -7.59 0.36 0.04
Oakland/CA Airbnb X Time -10.19 -2.48 -0.04 -0.01
Portland/OR Hotel X Time -92.35 -9.77 0.82 0.09
Portland/OR Airbnb X Time -20.15 -3.77 0.02 0.00
San Francisco/San Mateo/CA Hotel X Time -16.85 -1.78 -0.26 -0.03
San Francisco/San Mateo/CA Airbnb X Time 14.02 1.82 -0.79 -0.10
San Jose/Santa Cruz/CA Hotel X Time -33.18 -3.51 -0.33 -0.03
San Jose/Santa Cruz/CA Airbnb X Time -3.46 -0.81 -0.19 -0.04
Seattle/ WA Hotel X Time -69.64 -7.36 0.41 0.04
Seattle/WA Airbnb X Time -9.98 -2.19 -0.08 -0.02

Note: This table displays the sensitivity values of|[Andrews, Gentzkow and Shapiro|(2017) for our substi-
tution moment and for the instruments residualized by the fixed effects included in the demand model.
The column ‘Scaled’ scales the values of ‘Raw’. This is scaled by .1 in the case of the survey moment,
which represents a change of .1 in the substitution to the outside option. It is scaled by the standard
deviation of the residualized instruments for the other rows.



ONLINE APPENDIX THE WELFARE EFFECTS OF PEER ENTRY 17

APPENDIX D: THE ROLE OF LOCATION IN DETERMINING MEAN UTILITIES

In this section we describe some results regarding the importance of location
in determining the value consumers place on each accommodation type. In order
to measure the ‘quality’ of a location, we measure its distance to visitor centers
in a city. The implicit assumption is that visitor centers are located close to
points of interest for leisure travelers. For each city, we find up to three top
listed visitor centers according to searches on Google for ‘visitor centers’ in that
city. Separately for each listing and hotel we calculate its distance from the
closest visitor center. Finally, we aggregate the data to the tier level by taking
a weighted average across all options within that accommodation category. Note
that for hotels, since we do not have sales at the hotel level, we weigh each hotel
by the number of available listings. For Airbnb, since we compute this distance
before aggregating, we weigh listings by transactions.

We report two main findings. First, the willingness to pay of travelers for Airbnb
options is decreasing in their distance from the closest visitor center. F igure
plots the average willingness to pay in December of 2014 against the average
distance in miles. We see that better Airbnb options (‘Airbnb Luxury’) have a
higher willingness to pay and a lower distance to visitor centers. There are several
outliers, which are listings in San Jose and Santa Cruz, likely caused by the fact
that leisure travel demand in this market comes from rural locations rather than
urban areas. To measure the correlation, we can run a simple linear regression
where the outcome variable is willingness to pay and the explanatory variable
is distance to the closest visitor center. We find a negative and statistically
significant relationship (Table . Each additional mile is associated with a
$4.17 decrease in willingness to pay.

Our second finding is that hotels are often further from visitor centers than
Airbnb listings. In Figure we plot the average distance between hotels and
the closest visitor center (triangles) as well as the average distance between Airbnb
options and the closest visitor center (circles). We find that hotel options are often
much further away from the visitor center than booked Airbnb options, although
this varies by city and hotel type. Higher quality hotel options are located closer
to the visitor center. Part of the difference in location is explained by the different
weights (available versus booked rooms), but most of it is likely explained by the
fact that many hotels cater to business travelers, who may want to stay close to
airports, and in business districts that are not always close to tourist attractions.
At the same time, luxury hotels are more likely to serve leisure travelers and are
therefore located close to the most desirable places for visitors in a city.
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Figure D1. : Willingness to Pay and Proximity to Tourist Attractions
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Note: The figure plots the estimated willingness to pay for an option against the average distance between
booked listings and the closest visitor center. Options for San Jose/Santa Cruz are highlighted in red as
outliers.

Table D1—: Willingness to Pay and Proximity to Tourist Attractions

+ lem + lem WTP
+ lem Constant + lem -16.050
+ lem + lem (15.848)
+ lem Mean Distance (miles) + lem -4.174%*
+ lem + lem (1.613)
+ lem N + lem 40

+ lem R2 + lem 0.130

Note: This table displays a regression of the willingness to pay for each Airbnb option on the average
distance to the closest visitor center.
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Note: The figure plots the average distance to the closest visitor center for each accommodation option

and city.
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APPENDIX E: ADDITIONAL FIGURES AND TABLES

Figure E1. : Hotel Rooms
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Note: The figure plots hotel room capacity over time for the top 10 cities. In contrast to the growth of
Airbnb (Figure7 the number of hotel rooms has been relatively stable over this time period.
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Figure E2. : Predictors of Peer Production
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Note: The figures plot the size of Airbnb against proxies for accommodation costs and demand charac-
teristics. The size of Airbnb is measured as the average share of available rooms in the last quarter of
2015. Panel (a) focuses on the share of undevelopable area developed by , which measures the
share of a city that is undevelopable due to geographic constraints, like steep mountains or the ocean.
Panel (b) uses the Wharton Residential Land Use Regulation Index, which measures the stringency of the
local regulatory environment for housing development, which we consider to be similar for commercial
buildings. Panel (c) plots Airbnb share against the growth rate in incoming air passengers to an MSA
between June 2011 and June 2012. Panel (d) uses the standard deviation of air travelers from 2011
monthly data on arriving passengers at major US airports. Panel (e) proxies for peers’ marginal costs
with the share of unmarried adults in the Metropolitan Statistical Area (MSA) and Panel (f) with the
share of children. Finally, Panel (g) plots the size of Airbnb against the ratio of median rent to household
income in the MSA in 2010. The fitted lines weigh each city equally.




22 THE AMERICAN ECONOMIC REVIEW ONLINE APPENDIX

Table E1—: Descriptive Statistics of Predictors of Airbnb Penetration

Statistic N Mean St. Dev. 25 Pct Median 75 Pct
WRLURI 50 0.30 0.84 —0.36 0.20 0.85
Share of Undevelopable Area 46 0.30 0.24 0.09 0.23 0.43
Percent Never Married 48 0.33 0.03 0.31 0.33 0.36
Share of Children 48 0.31 0.02 0.30 0.31 0.32
Rent to Income Ratio 50 0.18 0.03 0.15 0.17 0.20
Std Dev of Google Trend 50 12.05 4.22 9.62 11.51 13.70
Std Dev of Incoming Passengers (’0,000s) 50 6.62 6.31 1.80 3.93 10.82
Passengers’ Growth 50 0.02 0.06 —0.02 0.01 0.04

Note: The table shows descriptive statistics on market characteristics for the 50 cities in our sample. The
WRLURI and Saiz’s share of undevelopable area are proxies for constraints to hotel supply (see|Gyourko,
Saiz and Summers| (2008) and|Saiz|(2010)). The share of children and unmarried adults proxy for hosting
costs of Airbnb hosts, and are retrieved from the Census Bureau (https://www.census.gov/data.html).
The standard deviation of Google trends and incoming passengers, computed in 2011, are two measures
of demand volatility and are obtained from Google Trends (https://trends.google.com) and Sabre Travel
Solutions, the largest global distribution systems provider for air bookings in the US. The growth in
airline passengers is computed from Sabre data for 2012 relative to 2011.
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Table E2—: The Supply Elasticity of Hotels and Peer Hosts — First Stage Esti-
mates

log(Hotel Price) log(Airbnb Price) log(Airbnb Available
Listings + 1)

(1) 2) (3)
log(Incoming Air Passengers) 0.479%** 0.38 -0.09%**
(0.041) (1.142) (0.014)
log(Incoming Google Searches) 0.117%%* 0.062 -0.009
(0.025) (0.785) (0.009)
log(Hotel Rooms + 1) -0.252%
(0.134)
log(Airbnb Active Listings + 1) 0.11 0.962%***
(0.807) (0.015)
Observations 90,900 84,959 84,959
R? 0.854 0.578 0.999

Note: First stage results of Table Column (1) is the first stage of column (1) from Table[3] Columns
(2) and (3) are the first stage of column (2). Standard errors are clustered at the city level. *p<0.1;
**p<0.05; ***p<0.01. In both cases, we reject the hypotheses of under and weak identification, and reject
that the joint set of instruments is not valid. For the first column, the Kleibergen-Paap LM statistic is
10.6 (p-value of 0.0049), the Kleibergen-Paap Wald F statistic is 109.5, and the Hansen J statistic is 0.11
(p-value of 0.7443). For the second and third column jointly, the Kleibergen-Paap LM statistic is 16.4
(p-value of 0.0003), the Kleibergen-Paap Wald F statistic is 44.44, and the Hansen J statistic is 0.995
(p-value of 0.3185).
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Table E3—: The Supply Elasticity of Hotels and Peer Hosts — OLS

Log(Hotel Rooms Log(Airbnb
Boooked + 1) Rooms Booked + 1)
(1) (2)
log(Hotel Rooms + 1) 0.628"**
(0.187)
log(Hotel Price) 1.063***
(0.058)
log(Airbnb Available Listings + 1) 0.696™**
(0.050)
log(Airbnb Price) 0.689"**
(0.071)
City FE Yes Yes
Year-Month FE Yes Yes
Day of Week FE Yes Yes
Observations 91,250 85,146
R? 0.956 0.950

Note: OLS regression results of Equation Otherwise the table is identical to Table The number of
observations is higher than in Table because of our instrumentation strategy that uses lagged values.
Standard errors are clustered at the city level. *p<0.1; **p<0.05; ***p<0.01.
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Table E4—: Hotel Revenues and Airbnb Entry — First Stage Estimates

log(Airbnb Available log(Airbnb Available Listings + 1)*

Listings + 1) Inelastic Housing Supply
(1) (2)
log(Airbnb Active Listings + 1) 0.943%%* 0.001
(0.023) (0.022)
log(Airbnb Active Listings + 1)* 0.066** 1.007***
Inelastic Housing Supply (0.026) (0.31)
log(Incoming Air Passengers) -0.084%** -0.04
(0.012) (0.35)
log(Incoming Google Searches) -0.017* -0.003
(0.009) (0.143)
log(Hotel Rooms + 1) -0.063 0.069
(0.299) (0.537)
log(Hotel Rooms + 1)* 0.047 -0.126
Inelastic Housing Supply (0.317) (2.825)
Observations 90,900 90,900
R? 0.999 1

Note: First stage results of Table All columns in Tablehave the same first stage regressions. Standard
errors are clustered at the city level. *p<0.1; **p<0.05; ***p<0.01. With a Kleibergen-Paap LM statistic
of 27.2 and Wald F statistic of 1,802.3, we reject the hypotheses of under and weak identification.
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Table E5—: Hotel Revenues and Airbnb Entry — OLS

Log(RevPAR) Occupancy Rate  Log(Price)

(1) (2) (3)
log(Incoming Air Passengers) 1.103*** 0.370"** 0.481"**
(0.063) (0.041) (0.040)
log(Google Search Trend) 0.246™** 0.077"** 0.109***
(0.042) (0.012) (0.024)
log(Hotel Rooms + 1) —0.933"** —0.520"** —0.088
(0.326) (0.138) (0.168)
log(Hotel Rooms + 1)* —0.562 0.021 —0.660"*
Inelastic Housing Supply (0.371) (0.168) (0.287)
log(Airbnb Available Listings + 1) 0.022 —0.004 0.027**
(0.023) (0.009) (0.012)
log(Airbnb Available Listings + 1)* —0.086""* —0.011 —0.074™**
Inelastic Housing Supply (0.032) (0.012) (0.023)
City FE Yes Yes Yes
Year-Quarter FE Yes Yes Yes
Day of Week FE Yes Yes Yes
Observations 90,900 90,900 90,900
R? 0.740 0.592 0.856

Note: OLS regression results of Equation Otherwise the table is identical to Table Standard errors
are clustered at the city level. *p<0.1; **p<0.05; ***p<0.01.
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Table E6—: Hotel Revenues and Airbnb Entry — Heterogeneity by Hotel Tier

Log(Price)
(1) ©) (3) (4)

log(Incoming Air Passengers) 0.650™** 0.498"** 0.446™** 0.425"**

(0.071) (0.039) (0.038) (0.034)
log(Google Search Trend) 0.144*** 0.096™** 0.114*** 0.113***

(0.051) (0.021) (0.024) (0.020)
log(Hotel Rooms + 1) —0.019 —0.097 —0.195 0.049

(0.503) (0.155) (0.211) (0.346)
log(Hotel Rooms + 1)* —0.563 —0.742*** —0.573 —0.809"
Inelastic Housing Supply (0.541) (0.242) (0.405) (0.461)
log(Airbnb Available Listings + 1) 0.090"** 0.020 0.023* 0.017

(0.029) (0.012) (0.012) (0.011)
log(Airbnb Available Listings 4+ 1)* —0.076™" —0.063""* —0.065"" —0.072""*
Inelastic Housing Supply (0.037) (0.023) (0.033) (0.023)
Hotel Tier Luxury Upscale Midscale Economy
City FE Yes Yes Yes Yes
Year-Quarter FE Yes Yes Yes Yes
Day of Week FE Yes Yes Yes Yes
Observations 58,176 90,900 90,900 89,082
R? 0.796 0.739 0.814 0.913

Note: The table shows the estimates of Equationsplit by hotel tiers. Otherwise the table is identical
to the last column in Table|4] The number of observations varies because not every geography and time
period has luxury or economy hotels. Standard errors are clustered at the city level. *p<0.1; **p<0.05;
>k %k

p<0.01.
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Table E7—: Hotel Revenues and Airbnb Entry — Different Measures of Airbnb

ONLINE APPENDIX

Log(Price)
(1) (2) () (4)
log(Incoming Air Passengers) 0.482*** 0.466™** 0.481*** 0.378"**
(0.040) (0.039) (0.040) (0.036)
log(Google Search Trend) 0.108"** 0.110*** 0.109*** 0.095"**
(0.024) (0.024) (0.024) (0.022)
log(Hotel Rooms + 1) —0.094 —0.064 —0.088 —0.012
(0.171) (0.174) (0.168) (0.157)
log(Hotel Rooms + 1)* —0.604"" —0.803"" —0.660"" —0.348
Inelastic Housing Supply (0.282) (0.359) (0.287) (0.378)
log(Active Listings + 1) 0.020"*
(0.010)
log(Active Listings + 1)* —0.053"*
Inelastic Housing Supply (0.022)
log(Available Listings Raw + 1) —0.001
(0.016)
log(Available Listings Raw + 1)* —0.098"**
Inelastic Housing Supply (0.029)
log(Available Listings + 1) 0.027*
(0.012)
log(Available Listings + 1)* —0.074***
Inelastic Housing Supply (0.023)
log(Booked Listings + 1) 0.060***
(0.009)
log(Booked Listings + 1)* 0.028
Inelastic Housing Supply (0.018)
City FE Yes Yes Yes Yes
Year-Quarter FE Yes Yes Yes Yes
Day of Week FE Yes Yes Yes Yes
Observations 90,900 90,900 90,900 90,900
R? 0.856 0.858 0.856 0.867

Note: The table shows results of OLS estimates of Equation where the size of Airbnb is measured as
the number of active listings (column 1), the number of available listings unadjusted for demand-induced

calendar updates (column 2), the adjusted number of available listi
booked listings (column 4). Otherwise the table is identical to Table

ngs

i(column 3), and the number of
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THE WELFARE EFFECTS OF PEER ENTRY

Table E10—: Hotel Cost Estimates - IV versus OLS

Hotels’ Cost Function

(1) (2)
~v(Austin) 13.127*** 3.610"*"
(0.429) (0.067)
~v(Boston) 9.874*** 3.474***
(0.285) (0.052)
v(LA) 9.228*** 2,747
(0.430) (0.078)
~(Miami) 21587 7.915"**
(0.483) (0.104)
~(NY) 10.399"** 4618
(0.246) (0.055)
v(Oakland) 7.920""* 2.390"**
(0.421) (0.065)
~v(Portland) 9.120*** 3.067"
(0.299) (0.074)
Y(SF) 8.469""* 3.863""
(0.268) (0.059)
~v(SanJose) 13.651*** 3.491"**
(0.711) (0.082)
~(Seattle) 7.930"** 3.194™**
(0.227) (0.056)
~v(UpperUpscale) —5.980*"* —1.848***
(0.233) (0.043)
~v(Upscale) —5.124*** —1.214***
(0.282) (0.054)
~v(Upper Midscale) —3.457* —0.526""*
(0.395) (0.078)
~y(Midscale) 1.960"** 0.310™**
(0.655) (0.109)
~v(Economy) 3.210"** 1.670***
(0.839) (0.161)
Regression Type v OLS
Observations 54,660 54,660
R? 0.786 0.902

31

Note: This table displays the coefficient estimates for yn, = Yn + Yin(n) from Equation where m
denotes the city and h denotes the hotel tier. City estimates correspond to Luxury hotels. Column
(1) displays IV estimates where (qp, — Vkpy) is instrumented for with the Google Search trends, while
column (2) shows OLS estimates.
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Table E11—: Hotel Cost Estimates - Linear Component

Market Luxury Upscale Upper Midscale Midscale Economy
Austin 221.53 103.82 100.71 86.93 54.16
Boston 240.04 137.65 122.03 107.44 90.31
Los Angeles 331.62 136.61 117.12 101.37 85.98
Miami 309.17 115.02 98.04 103.71 100.23
New York 371.49 179.75 155.30 136.20 143.97
Oakland 153.16 129.43 114.19 94.67 79.39
Portland 155.94 122.05 101.55 86.87 70.83
San Francisco 269.50 159.17 151.16 117.24 110.92
San Jose 178.65 121.50 128.67 117.22 93.43
Seattle 164.15 130.86 111.63 90.90 70.04

Note: This table displays the average 2014 costs of hotels across cities and tiers that are implied by our
structural estimates. The costs shown here are the linear part of the hotel cost functions from Equation

[

Table E12—: Hotel Cost Estimates - Increasing Component

Market Luxury Upscale Upper Midscale Midscale Economy
Austin 13.13 8.00 9.67 15.09 16.34
Boston 9.87 4.75 6.42 11.83 13.08
Los Angeles 9.23 4.10 5.77 11.19 12.44
Miami 21.59 16.46 18.13 23.55 24.80
New York 10.40 5.27 6.94 12.36 13.61
Oakland 7.92 2.80 4.46 9.88 11.13
Portland 9.12 4.00 5.66 11.08 12.33
San Francisco 8.47 3.35 5.01 10.43 11.68
San Jose 13.65 8.53 10.19 15.61 16.86
Seattle 7.93 2.81 4.47 9.89 11.14

Note: This table displays the costs of hotels across cities and tiers that are implied by our structural
estimates. The costs shown here are the increasing part of the hotel cost functions from Equation @



ONLINE APPENDIX

THE WELFARE EFFECTS OF PEER ENTRY

38

Table E13—: Peer Hosts Cost Estimates - IV versus OLS

Peer Hosts’ Cost Function

(1) (2)
B(AirbnbLuxury) 0.017*** 0.007***
(0.0004) (0.0001)
B(AirbnbUpscale) 0.024*** 0.010***
(0.001) (0.0002)
B(AirbnbMidscale) 0.032*** 0.014™**
(0.001) (0.0002)
B(AirbnbEconomy) 0.037"** 0.023"**
(0.001) (0.0004)
Regression Type v OLS
Observations 28,801 28,801
R? 0.416 0.689

Note: This table displays the coefficient estimates for 3, from Equation|[11| where a denotes the Airbnb
option. Column (1) displays IV estimates where the price is instrumented for with the Google Search

trends, while column (2) shows OLS estimates.

Table E14—: Peer Hosts Mean Costs and Standard Deviation of Costs by City

Mean Cost
Airbnb Economy  Airbnb Midscale Airbnb Upscale Airbnb Luxury
Austin 93.63 118.89 154.15 219.80
Boston 81.44 107.04 131.88 182.25
Los Angeles 85.70 110.54 135.57 184.48
Miami 100.01 129.55 165.83 232.79
New York 92.35 123.52 157.29 197.70
Oakland 71.47 93.61 110.80 146.34
Portland 69.75 84.20 100.10 129.07
San Francisco 97.48 127.99 158.49 191.27
San Jose 78.09 102.26 120.47 155.43
Seattle 76.49 95.56 118.56 158.92
Standard Deviation 26.84 30.86 41.43 58.84

Note: This table dis
estimates (Equation
option type.

pla;

s the mean costs for Airbnb options by city in 2014 implied by our structural
The last line displays the estimated standard deviation of costs within each
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Table E15—: In and Out of Sample Model Fit

Average Share Avg. Deviation Avg. Absolute Deviation
In Sample Out of Sample In Sample Out of Sample
Overall 0.06 -0.006 -0.007* 0.019 0.022*
Luxury 0.05 -0.015 -0.014 0.031 0.037*
Upper Upscale 0.13 -0.009 -0.01 0.053 0.065*
Upscale 0.11 -0.005 0.005* 0.032 0.04*
Upper Midscale 0.08 -0.005 -0.002* 0.015 0.018"
Midscale 0.04 -0.006 -0.011* 0.01 0.014*
Economy 0.11 -0.005 -0.019* 0.022 0.029*
Airbnb Luxury 0.01 -0.002 -0.004* 0.004 0.007*
Airbnb Upscale 0.00 -0.002 -0.004* 0.003 0.005*
Airbnb Midscale 0.00 -0.002 -0.004" 0.002 0.005*
Airbnb Economy 0.00 -0.002 -0.004" 0.002 0.004*
Austin 0.07 -0.007 -0.008 0.023 0.026™
Boston 0.06 -0.005 -0.006 0.019 0.023*
Los Angeles 0.05 -0.005 -0.005 0.013 0.017*
Miami 0.05 -0.006 -0.013* 0.017 0.023*
New York 0.06 -0.005 -0.006 0.02 0.027*
Oakland 0.06 -0.006 -0.004 0.021 0.02
Portland 0.06 -0.005 -0.003* 0.015 0.017*
San Francisco 0.05 -0.006 -0.011* 0.021 0.025*
San Jose 0.06 -0.006 -0.006 0.026 0.028"
Seattle 0.06 -0.006 -0.005 0.017 0.02*

Note: This table displays the average market share across the markets and accommodation options (first
column) and how well our model can replicate these market shares. To do this we simulate each market
200 times. For each simulation, we randomly draw a demand shock from the iid shocks implied by our
model estimates and we compute simulated market shares for each accommodation option in a given
market. We then compute the average deviation from the realized market share as well as the average
absolute deviation. We do this separately for the first and second half of 2015. The first half of 2015
is considered “in sample” because it is used in the estimation, while the second half is “out of sample.”
The first row implies that the average market share is 0.06, and the average deviation from the realized
market share is -0.006 for the first half of 2015 and -0.007 for the second half. This means that on average
we are underestimating market shares by about 10%. The average absolute deviation in sample is 0.019,
while out of sample it is 0.022. This means that on average our implied market shares are off by a third
approximately. The stars denote whether the difference between in sample and out of sample deviations
is significant at the 5% confidence level.
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Table E16—: Change in Consumer Surplus By Markets

City Airbnb Rooms Change in CS (Million)
Sold (Baseline)  Unconstr. No Airbnb +  Airbnb + Double
(Thousands) Airbnb  Lodg. Tax  Quotas  Airbnb
Austin 149 -5.12 -9.65 -2.51 -3.17 4.51
Boston 210 -6.96 -14.04 -2.45 -6.17 5.78
Los Angeles 772 -26.04 -43.51 -9.14 -21.28 18.00
Miami 273 -9.41 -15.26 -3.51 -6.89 5.94
New York 1,776 -58.86 -141.25 -31.56 -79.65 61.86
Oakland 113 -3.81 -6.77 -0.93 -2.93 2.79
Portland 166 -5.67 -9.02 -0.68 -3.89 3.93
San Francisco 635 -21.51 -47.64 -10.83 -25.89 20.08
San Jose 115 -3.88 -6.51 -0.96 -3.30 2.85
Seattle 175 -5.98 -11.03 -2.24 -3.96 4.69
All 4,381 -147.23 -304.70 -64.79 -157.12 130.43
Non-Compression 3,218 -107.99 -183.26 -41.09 -143.38 76.95
Compression 1,163 -39.24 -121.44 -23.70 -13.74 53.48

Note: This table displays the change in consumer surplus from five alternative scenarios, two scenarios
without Airbnb and three scenarios with Airbnb and regulation. The table splits the consumer surplus
results of Table@by city and compression nights.
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Table E19—: Airbnb Bookings: Market Expansion versus Business Stealing

City Share New Bookings
o Unconstrained No
Airbnb

Austin 0.29 0.49
Boston 0.33 0.60
Los Angeles 0.32 0.51
Miami 0.33 0.51
New York 0.33 0.70
Oakland 0.32 0.55
Portland 0.32 0.49
San Francisco 0.33 0.69
San Jose 0.33 0.51
Seattle 0.33 0.57
All 0.33 0.62
Non-Compression Nights 0.33 0.53
Compression Nights 0.31 0.87

Note: This table shows the share of Airbnb bookings in the ‘Baseline’ scenario that would not have been
hotel bookings in the two counterfactual scenarios without Airbnb. This represents the share of Airbnb
bookings constituting market expansion. The two counterfactual scenarios are defined as in Table@ All
calculations are for 2014.
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