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MANIFEST

Welcome to the Manifest; a quasi-weekly summary that cares more about brevity than
grammar, and what is about to or could happen in Seaside than what did or didn’t.
Contributions to future editions are welcome at cmalin@ci.seaside.ca.us .
The Future, This Week – Seaside is a college town. A coastal college town, on a
remarkable chunk of land where you can watch the sun rise over hills protected from
development and watch it set over a National Maritime Sanctuary. And as the sun (and
moon) arcs across the sky, an exceptionally diverse, vibrant and welcoming community
counts their blessings for the work that you are doing RIGHT NOW in providing vision for
the Campustown project.
It’s happening at the Soper Community Center RIGHT NOW. So go (basically, anytime
through Friday night) and give voice to your dreams for Seaside.
[misc. thoughts - mixed uses & price points including affordable housing are very
important / some ugly stuff on the periphery will remain, so create interior beauty &
greenspace / connecting the bay to the monument is key / the planners are working for
the City, so dream big / plan and architecture should look to the future, not the past]
The Past, This Week – 4.6 (ish) billion years ago, some hydrogen and helium got
together to party. That party’s still going and may be powering City Hall next year. The
City Council will consider a $704,820 proposal from Scudder Solar Energy Systems to
install a solar panel array to power City Hall. The annual cost of the project is less than
we’re paying for electricity now, and once it’s paid off, City Hall power is essentially free.
It’s also pretty darn green.
For those who’ve been following this from the start, we’re sliding the panels over from
the west parking lot to cover the police parking lots (with some panels on the roof of
City Hall too). This will reduce visual clutter between City Hall and the Library and serve
to protect / cool the PD fleet. The berm between the two parking areas may go away,
which is something officers have also wanted for security reasons for some time.
Also On The Nov. 2 City Council Agenda
o Creating a Commission on Homelessness and an Environmental Committee
o Second Reading of the Electronic Message Board ordinance
o Study session on Body-worn Cameras for the Police Department (6:00PM ish)
o Some allegiance-pledging, fee waivers and bill-paying
o Some closed session stuff which I really can’t talk about

Cutino Park Plan “C” – It’s attached. It was discussed at a joint City Council, Plan
Commission and Board of Architecture meeting last Thursday and is getting some
tweaks pursuant to the discussion. It’ll come back for more public review in early
December.
Two non-miscellaneous thoughts.
#1 - It won’t be cheap, and we’re going to have to have a phasing plan. Financing five
million dollars (which would be a phase) for twenty-five years is about $300K a year,
which is doable if we believe in and commit to a future with more tax-base.
#2 – Staff was asked to provide a list of alternative sites we considered for the skatepark
and we’ll do so in the next Manifest. Putting the skatepark at Cutino takes advantage of
cost-efficiencies in support structures (restroom, concession stand, parking) serving
other park uses and is expected to be a use which enlivens and populates the park
(which is a fundamental goal of active park design). Concrete skateparks are not
inexpensive, and the idea that building a bigger skatepark at some other location (with
its own restroom / parking / sidewalks etc.) could happen as we are value-engineering
the Cutino Park plan on its way to construction is fraught with practical difficulties.
The rebels who are skaters grow up and become citizens. The ones who understand
they are valued by their community tend to become contributing creatives in their adult
lives. The ones who understand they are not supported by their community tend to go
a little askew. <- personal observation
Short Term Rental Housing Draft #2 – The City Council spent a solid chunk of time on the
first draft of an ordinance regulating short-term rentals at their Oct. 19 meeting.
There’s widely varied opinions on the topic. Respecting the full span of the opinions,
one of the many joys of the gig is listening for common ideas / themes and stitching
them together. Consequently, Draft #2 is attached. It still takes a regulatory approach,
but eases up on some of the parameters (parking) and dispenses with the idea of
“grandfathering” existing rentals or making them pay for some prior activity.
At this point, there’s two principal paths forward. The first is to get Draft #2 scheduled
for a Plan Commission meeting in the future. If we go down this path, the Plan
Commission will hold meetings and add their wisdom to the effort, and then it will come
back to the City Council for final action. The second path is to have Draft #2 come back
to the City Council for another meeting(s), and then send the draft ordinance to the Plan
Commission (after which it will come back to the Council). If any Council member wants
Path 2 rather than Path 1, please advise under Council Reports on Thursday.

Science – Attached is a study that looks at the impact of Airbnb rentals on housing
affordability. If you want to skip the hypotheses and equations … rents and houseprices go up as more dwellings are used as Airbnb’s.
Radar Gun – Both a song by the Bottle Rockets and part of the tool kit of baseball
coaches. So these aren’t official, calibrated figures but they were witnessed by an
unbiased, speed limit enthusiast, sitting in the passenger seat. Thank you, Mr. Haney.
Date: October 27, 2017 Time: 2:18 – 3:18 PM Location: Plumas Ave., west of Waring
Conditions: Normal (sunny, pleasant, curious, in Jeep)
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Average Speed (unless my math is wrong, which is possible since typing I did not double
check is faster than double-checking math on 51 speeds) 21.2 mph
Little known and only somewhat pertinent fact – I wrote a computer program which the
Illinois Department of Transportation used (briefly) to calculate 85th percentile speeds
for establishing speed limits.
* - Ford Mustang GT500, with 662 horsepower
** - Chevrolet Camaro (5th gen, V6 with 335 horsepower)
The reading gets really optional, from here …
About that “costume” …
Had a goldfish in college. Named him (her?) Rover. No room, money or time for a dog,
which would have been my strong preference, so I went with Carassius auratus, and a
dog’s name. Kept her (him?) in a blender on my desk. The blender being more space
efficient than a bowl, and a bit of concept art. (I was in college.) Which, as I look back,
was its own bit of concept art.

Halloween arrives and there’s a lunch/costume party at City Hall. Who am I going to
be? Head to Staples, buy a hundred “Hello, my name is” badges. One hundred
Halloween costumes. For $6.52. What a deal. The concept art continues. Hello, my
name is short term rental. Not as laborious as sourcing last year’s pig farmer costume,
nor as obvious. Timely, though. Rover - Neptune rest his (her?) soul - would be proud.
City Manager. Short term rental. If the joke only amuses me, there are worse ways to
spend $6.52. Joke that’s not a joke that is a joke. Those are the best jokes.
The ironic detachment of Rover, swimming happily about, just one puree button from
doom. The bemused meanderings of a city manager, happily city managering about,
just one too dumb or too truthful comment away from being puree’ed. Don’t read
anything into the blender, Rover. Don’t read too much into the name tag, either.
True story. Every one of the career stops so far set the record for tenure in the position
at the time. Vernon Hills, Douglas County, Davenport. No one had yet served longer in
any of the gigs. Is it because I liked watching organizations and communities
succeed? Is it because I hate moving? As always, beware the false choice.
Most definitely chose the profession. And I’d be lying if I said I’ve never given thought
to how the basic deal is the places use you up, and you get a paycheck every other week
and maybe a pension in exchange. But that’s just the working man’s (woman’s) blues,
and they don’t take hold for long. It’s all a sharing economy, and sharing any excess
capacity for things that matter and last makes any of the other stuff fade into memory’s
blender.
Tomorrow and tomorrow and tomorrow, Bill reminded us. It’s all a short term rental as
the brief candle burns. Burn it brightly and leave your fishbowl better than you found
it.
As always … see you at the charrette (I’ll be the one with green marker stains on my hands)

PROPOSED ORDINANCE NO.
AN ORDINANCE OF THE CITY OF
SEASIDE REGULATING SHORT-TERM
RENTALS
The City Council of the City of Seaside does ordain as follows:
Section 1. FINDINGS. The City Council finds as follows:
WHEREAS, there has been an increase in privately owned residential dwellings being
used as short-term rentals in the City of Seaside; and
WHEREAS, short-term rentals provide a benefit to the City by expanding the
number and type of lodging facilities and will provide increased Transient Occupancy Tax
revenue to the City; and
WHEREAS, increase in short-term rentals has caused concern about possible adverse
impacts to surrounding neighbors and properties including a reduction in affordable housing,
excessive noise, disorderly conduct, traffic congestion, illegal vehicle parking and
accumulation of refuse; and
WHEREAS, to ensure neighborhood compatibility, to facilitate economic growth
within the City and to protect the health, safety and general welfare of the City’s residents,
NOW, THEREFORE, the City Council of the City of Seaside does ordain as follows:
Section 2. PURPOSE.
The purpose of this ordinance is to establish regulations for the use of privately
owned residential dwellings as short-term rentals to minimize any negative impacts
on surrounding properties and to ensure the collection and payment of transient
occupancy taxes.
Section 3. AUTHORITY.
In accordance with the California Constitution, Article XI, Section 7, a City may
make and enforce within its limits all local, police, sanitary and other ordinances
and regulations not in conflict with general laws.
Section 4. DEFINITIONS.
As used in this ordinance, the following terms shall have the following meanings:
A.
City. The City of Seaside.
B.
Short-term Rental. A privately owned residential dwelling, such as, but not
limited to, a single family detached or multiple family attached dwelling,
apartment house, condominium, cooperative apartment, duplex, mobile home
on permanent foundations or a manufactured home on permanent foundations,
or any portion of such dwellings, rented for occupancy for dwelling, lodging

C.
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or sleeping purposes for any period less than thirty consecutive days.
Hosted Short-Term Rental. A dwelling unit where the owner with the majority
interest in the residential property, or an owner holding an equal share interest if
no other owner owns a greater interest, occupies a dwelling unit as his or her
principal residence and offers the dwelling or a habitable portion thereof for
transient occupancy by others.
Non-Hosted Short-Term Rental. A dwelling unit that is offered for transient
occupancy where the owner does not occupy the dwelling unit that is offered for
transient occupancy as his or her principal residence.
Good Neighbor Brochure. A brochure, available from the City, to be given to
guests, which includes a summary of the City’s regulations relating to short-term
rentals.
Guest. The overnight occupant(s) renting the short-term rental for a specified
period and the daytime visitors of the overnight occupants.
Local Contact Person. The person designated by the owner or the owner’s
authorized representative who shall be available twenty-four hours per day,
seven days per week for the purpose of responding within sixty minutes to
complaints related to the short-term rental and taking remedial action to resolve
such complaints.
Operator. The owner or the owner’s authorized representative who is
responsible for compliance with this ordinance.
Owner. The person or entity that holds legal or equitable title to the short-term
rental property.
Responsible Person. A guest of the short-term rental who is at least eighteen
years of age and who is legally responsible for ensuring that all guests of
the short-term rental comply with all applicable laws, rules and regulations
pertaining to the use and occupancy of the short-term rental.
Short-term Rental Permit. An annual permit issued by the City that allows the
use of a privately owned residential dwelling as a short-term rental pursuant to
this ordinance.

Section 5. APPLICABILITY.
This ordinance applies to short-term rentals as defined in Section 4. The following do
not qualify as a privately owned residential dwelling as used herein, and therefore do
not need to obtain a short-term rental permit: any hotel, motel, studio hotel, rooming
house, dormitory, public or private club, bed and breakfast inn, cottage inn, or country
inn; a camping site, recreational vehicle, or park model; a hospital, sanitarium,
medical clinic, convalescent home, rest home, home for aged people, foster home,
halfway house, transitional housing facility, or other similar facility operated for the
care, treatment, or reintegration into society of human beings; any asylum, jail,
prison, orphanage or other facility in which human beings are detained and housed
under legal restraint; any housing owned or controlled by an educational institution and
used exclusively to house students, faculty or other employees with or without their
families, any fraternity or sorority house or similar facility occupied exclusively by
students and employees of such educational institutions and officially recognized and
approved by it; any housing operated or used exclusively for religious, charitable or

educational purposes; any housing owned by a governmental agency and used to house
its employees or for governmental purposes; any camp as defined in the Labor Code or
other housing furnished by an employer exclusively for employees or employees and
their families; and any second unit.

Section 6. SHORT-TERM RENTAL PERMIT.
A.
In addition to any land use entitlement required by City of Seaside, the
owner or operator shall obtain an annual short-term rental permit pursuant to
Sections 6 and 7 herein from the City of Seaside Planning Department before
renting or advertising for rent any short-term rental.
B.
If there is a deed restriction on a property that prohibits the use of a
residential dwelling as a short-term rental, then that deed restriction shall
control.
C.
If there is an affordabilit y restriction on the propert y, the
property may not be used for short-term rental purposes.
D.
An application may be denied if the applicant has had a prior short-term
rental permit revoked for the same dwelling within the past twelve calendar
months.
Section 7. SHORT-TERM RENTAL PERMIT APPLICATION AND FEE.
A.
An owner or operator shall submit to the Planning Department a short-term
rental permit application provided by the City along with a first-time
application fee established annually through the Annual Fee Resolution adopted
by the City Council. The short-term rental permit shall be valid for one year
from the date of issuance.
B.
The number of permits to be issued by the City of Seaside in 2018 and 2019 will
not exceed __100__ hosted short-term rentals nor __100__ non-hosted shortterm rentals.
C.
The City Council will establish the maximum allowable number of hosted and
non-hosted short-term rental permits not less than ___annually___, and in doing
so, will project forward the maximum allowable number of hosted and nonhosted short-term rental permits not less than ___three___ years into the future.
D.
Each applicant property will be subject to a fire and building safety inspection.
E.
An owner of a hosted short-term rental shall submit proof of principal residency.
F.
The annual permit fee shall be established annually through the Annual Fee
Resolution adopted by the City Council.
G.
A short-term rental permit shall be renewed on an annual basis on the
anniversary of the original permit issuance by submitting to the Planning
Department a short-term rental permit application and a renewal application
fee established annually through the Annual Fee Resolution adopted by the City
Council.
H.
Short-term rental permits shall not be issued for dwellings which exceed more
than half the dwellings on a block face, with the initial application date being the
determining factor for permit issuance.
I.
The short-term rental permit shall expire automatically when the short-term

J.

rental changes ownership, and a new initial application and first-time
application fee will be required. A new application and first-time registration
fee shall also be required for any short-term rental that has had its short-term
rental permit revoked or suspended.
The registration fees may be used to cover any City costs for administering or
enforcing this ordinance, including the use of an outside management company
retained for such purpose.

Section 8. SHORT-TERM RENTAL OPERATIONAL REQUIREMENTS.
A.
The owner or operator shall ensure that the short-term rental is used in a
manner that complies with all applicable laws, rules and regulations
pertaining to the use and occupancy of a short-term rental.
B.
The number of short-term renters/guests per property is limited to four persons
per legal bedroom; for example a three bedroom house would be limited to
twelve guests.
C.
The owner, operator or local contact person shall respond within sixty (60)
minutes of being notified that the responsible person or guest of the short-term
rental created unreasonable noise, engaged in disorderly conduct or committed
violations of any applicable law, rule or regulation and halt or prevent the
recurrence of such conduct. The owner, operator or local contact person shall be
subject to all administrative, legal and equitable remedies available to the City for
failing to respond within 60 minutes.
D.
The short-term rental shall be occupied for not less than two (2) days and one
(1) night.
E.
Trash and refuse shall not be left stored within public view, except in proper
containers for purposes of collection by the City’s authorized waste hauler.
F.
A short-term rental shall not change the residential character of the outside
appearance of the residence including color, material, lighting or any advertising
mechanism, including “vacation rental” signs.
G.
Guests of the short-term rental shall comply with City of Seaside Municipal
Chapter 9.12 Regulating Noise, including quiet hours between the hours of 10
PM and 7 AM.
H.
The operator shall post the following information in a prominent location
within the short-term rental:
1. Operator name and number;
2. Local contact person name and number;
3. The telephone number for the Police Department and Code Enforcement;
4. The maximum number of parking spaces available onsite;
5. Trash pick-up day and applicable rules and regulations;
6. A copy of City of Seaside Noise Regulations;
7. A copy of the good neighbor brochure; and
8. Notification that a guest, local contact person, responsible person or
owner may be cited or fined by the City in accordance with this
ordinance.

Section 10. TRANSIENT OCCUPANCY TAX.
A.
The operator shall comply with all the requirements of City of Seaside
Municipal Code, Chapter 3.24 Transient Occupancy Tax. For the purposes of
City of Seaside Municipal Code, Chapter 3.24, a short-term rental shall qualify
as a “hotel.” The City Manager or designee shall be responsible for the
enforcement of the provisions of Chapter 3.24.
B.
25% of the Transient Occupancy Tax collected from short-term rentals shall be
set-aside in the City of Seaside Housing Fund to be used to assist with affordable
housing in accordance with the direction of the City Council.
Section 11. NOTIFICATION AND COMPLAINTS.
A.
Written notice will be provided to all dwellings located within 100 feet of the
short-term rental’s property line that a short-term rental permit was obtained for
the short-term property. Such notification shall also include the operator’s
and local contact person’s contact information.
B.
Complaints related to the operation of the short-term rental including, but not
limited to, unreasonable noise and disorderly conduct shall be initially
directed to the local contact person. If the local contact person is unavailable
or fails to respond, the complaint shall be made to the City of Seaside Police
Department.
C.
Complaints related to the issuance of a short-term rental permits and
compliance with this ordinance shall be directed to the City of Seaside Code
Enforcement Division.
Section 12. ENFORCEMENT, VIOLATIONS, FINES AND PENALTIES.
A. In addition to any other remedies provided by law, violations of this ordinance
shall be enforced as authorized in City of Seaside Municipal Code. Each day a
violation is committed or permitted to continue shall constitute a separate
offense. Violations of this ordinance shall be treated as a public nuisance and strict
liability offense regardless of intent.
B. A violation of any provision of this ordinance by any of the guests, owners or
operators shall constitute grounds to suspend or revoke a short-term rental permit.
Section 13. SEVERABILITY.
If any provision, clause, sentence or paragraph of this ordinance of the application thereof to
any person or circumstances shall be held invalid, such invalidity shall not affect the other
provisions of this ordinance which can be given effect without the invalid provision or
application, and to this end, the provisions of this ordinance are hereby declared to be
severable.
Section 14. EFFECTIVE DATE.
This ordinance shall take effect thirty (30) days after its adoption.
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Introduction

Peer-to-peer markets, also referred to as the sharing economy, are online marketplaces
that facilitate matching between demanders and suppliers of various goods and services. The suppliers in peer-to-peer markets are often small (mostly individuals),
and they supply excess capacity that might otherwise go unutilized—hence the term
“sharing economy.” Proponents of the sharing economy argue that it improves economic efficiency by reducing frictions that cause capacity to go underutilized, and the
explosive growth of sharing platforms (such as Uber for ride-sharing and Airbnb for
home-sharing) testifies to the underlying demand for such markets.1 Critics argue,
however, that much of the growth in the sharing economy has come from skirting
regulations. For example, traditional taxi drivers face more stringent regulations
than Uber drivers, and traditional providers of short-term rentals (i.e., hotels, beds
& breakfasts) are required to pay occupancy tax while Airbnb hosts usually are not.2
Beyond regulatory avoidance, home-sharing in particular has been subject to an
additional source of criticism. Namely, critics argue that home-sharing platforms
like Airbnb raise the cost of living for local renters, while mainly benefitting local
landlords and non-resident tourists.3 It is easy to see the economic argument. By
reducing frictions in the peer-to-peer market for short-term rentals, home-sharing
platforms cause some landlords to switch from supplying the market for long-term
rentals—in which residents are more likely to participate—to supplying the shortterm market—in which non-residents are more likely to participate. Because the
total supply of housing is fixed in the short run, this drives up the rental rate in the
long-term market. Concern over home-sharing’s impact on housing affordability has
garnered significant attention from policymakers, and has motivated many cities to

1

These frictions could include search frictions in matching demanders with suppliers, and information frictions associated with the quality of the good being transacted, or with the trustworthiness
of the buyer or seller. See Einav et al. (2016) for an overview of the economics of peer-to-peer markets, including the specific technological innovations that have facilitated their growth.
2
Some cities have passed laws requiring Airbnb hosts to pay occupancy tax. Enforcement,
however, is difficult because there are often no systems in place for the government to keep track of
who is renting on Airbnb. A key area of contention is whether Airbnb should be required to collect
occupancy tax from its hosts. See The New York Times, "Lodging Taxes and Airbnb Hosts: Who
Pays, and How," June 16, 2015.
3
Another criticism of Airbnb is that the company does not do enough to combat racial discrimination on its platform (see Edelman and Luca (2014); Edelman et al. (2017)), though we will not
address this issue in this paper.
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impose stricter regulations on home-sharing.4
Whether or not home-sharing increases housing costs for local residents is an
empirical question. There are a few reasons why it might not. First, the market for
short-term rentals may be very small compared to the market for long-term rentals.
In this case, even large changes to the short-term market might not have a measurable
effect on the long-term market. The short-term market could be small—even if the
short-term rental rate is high relative to the long-term rate—if landlords prefer more
reliable long-term tenants and a more stable income stream.
Second, the market for short-term rentals could be dominated by housing units
that would have remained vacant in the absence of home-sharing. Owner-occupiers,
those who own the home in which they live, may supply the short-term rental market
with their spare rooms and cohabit with guests, or may supply their entire apartment
during a host’s vacation. These otherwise vacant rentals could also be vacation homes
that would not be rented to long-term tenants because of the restrictiveness of longterm leases. In either case, such owners would not make their homes available to longterm tenants, independently of the existence of a convenient home-sharing platform.
Instead, home-sharing provides them with an income stream for times when their
housing capacity would otherwise be underutilized.
In this paper, we study the effect of home-sharing on the long-term rental market
using data collected from Airbnb, the world’s largest home-sharing platform. We
first develop a simple model of house prices and rental rates when landlords can
choose to allocate housing between long-term residents and short-term visitors. The
effect of a home-sharing platform such as Airbnb is to reduce the frictions associated
with renting on the short-term market. From the model we derive three testable
predictions: 1) Airbnb increases both rental rates and house prices in the long-term
market; 2) the increase in house prices is greater than the increase in rental rates,
thus leading to an increase in the price-to-rent ratio; and 3) the effect on rental rates
is smaller when a greater share of the landlords are owner-occupiers. Intuitively, the
owner-occupancy rate matters because only non-owner-occupiers are on the margin
of substituting their housing units between the long and short-term rental markets.
4

For example, Santa Monica outlaws short-term, non-owner-occupied rentals of less than 30
days, as does New York State for apartments in buildings with three or more residences. San
Francisco passed a 60-day annual hard cap on short-term rentals (which was subsequently vetoed
by the mayor). It is unclear, however, the degree to which these regulations are enforced. We are
aware of only one successful prosecution of an Airbnb host, occurring in Santa Monica in July 2016.
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Owner-occupiers interact with the short-term market only to rent out unused rooms
or to rent while away on vacation, but they do not allocate their housing to long-term
tenants.
To test the model, we collect primary data sources from Airbnb, Zillow, and the
Census Bureau. We construct a panel dataset of Airbnb listings at the zipcodeyear-month level from data collected from public-facing pages on the Airbnb website
between mid-2012 to the end of 2016, covering the entire United States. From Zillow,
a website specializing in residential real estate transactions, we obtain a panel of house
price and rental rate indices, also at the zipcode-year-month level. Zillow provides a
platform for matching landlords with long-term tenants, and thus their price measures
reflect sale prices and rental rates in the market for long-term housing. Finally, we
supplement this data with a rich set of time-varying zipcode characteristics collected
from the Census Bureau’s American Community Survey (ACS), such as the median
household income, population count, share of college graduates, and employment rate.
In the raw correlations, we find that the number of Airbnb listings in zipcode i
in year-month t is positively associated with both house prices and rental rates. In
a baseline OLS regression with no controls, we find that a 10% increase in Airbnb
listings is associated with a 0.84% increase in rental rates and a 1.57% increase in
house prices. Of course, these estimates should not be interpreted as causal, and
may instead be picking up spurious correlations. For example, cities that are growing
in population likely have rising rents, house prices, and numbers of Airbnb listings
at the same time. We therefore exploit the panel nature of our dataset to control
for unobserved zipcode level effects and arbitrary city level time trends. We include
zipcode fixed effects to absorb any permanent differences between zipcodes, while
fixed effects at the Core Based Statistical Area (CBSA)-year-month level control for
any shocks to housing market conditions that are common across zipcodes within a
CBSA.5
We further control for unobserved zipcode-specific, time-varying factors using an
instrumental variable that is plausibly exogenous to local zipcode level shocks to the
housing market. To construct the instrument, we exploit the fact that Airbnb is a
young company that has experienced explosive growth over the past five years. Figure 1 shows worldwide Google search interest in Airbnb from 2008 to 2016. Demand
5

The CBSA is a geographic unit defined by the U.S. Office of Management and Budget that
roughly corresponds to an urban center and the counties that commute to it.
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fundamentals for short-term housing are unlikely to have changed so drastically from
2008 to 2016 as to fully explain the spike in interest, so most of the growth in Airbnb
search interest is likely driven by information diffusion and technological improvements to Airbnb’s platform as it matures as a company. Neither of these should be
correlated with local zipcode level unobserved shocks to the housing market. By itself,
global search interest is not enough for an instrument because we already control for
arbitrary CBSA level time trends. We therefore interact the Google search index for
Airbnb with a measure of how “touristy” a zipcode is in a base year, 2010. We define
“touristy” to be a measure of a zipcode’s attractiveness for tourists and proxy for it
using the number of establishments in the food service and accommodations industry.6 These include eating and drinking places, as well as hotels, bed and breakfasts,
and other forms of short-term lodging. The identifying assumptions of our specification are that: 1) landlords in more touristy zipcodes are more (or less) likely to switch
into the short-term rental market in response to learning about Airbnb than landlords
in less touristy zipcodes;7 and 2) ex-ante levels of touristiness are not systematically
correlated with ex-post unobserved shocks to the housing market at the zipcode level
that are also correlated in time with Google search interest for Airbnb. We discuss
the instrument in more detail in Sections 4 and 5.3. Using this instrumental variable,
we estimate that a 10% increase in Airbnb listings leads to a 0.42% increase in the
rental rate and a 0.76% increase in house prices. These results are consistent with
our model’s predictions that the effects on both rental rate and house prices will be
positive, and that the effect on house prices will be larger.
The model also predicts that the effect of Airbnb will be smaller if the market has
a large share of owner-occupiers. To test this, we repeat the above regressions while
allowing for the effect of Airbnb to depend on the share of owner-occupiers in the
zipcode. We find that the owner-occupancy rate significantly moderates the effect
of Airbnb on the market for long-term housing. Going from a zipcode that is in the
25th percentile of owner-occupancy rate to a zipcode that is in the 75th percentile
of owner-occupancy rate causes the rental rate impact of a 10% increase in Airbnb
listings to go from 0.29% to 0.21%. We find similar results for house prices. These
6

We focus on tourism because Airbnb has historically been frequented more by tourists than
business travelers. Airbnb has said that 90% of its customers are vacationers, but is attempting to
gain market share in the business travel sector.
7
Landlords in more touristy zipcodes could be less likely to switch if competition from incumbent
hotels is more fierce.
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results are consistent with the model and suggest that Airbnb’s impact on the longterm market depends on the number of landlords who are on the margin of switching
between allocating their housing to long-term tenants versus short-term visitors.
Finally, we consider the effect of Airbnb on housing vacancy rates. Because zipcode
level data on vacancies are not available at a monthly—or even yearly—frequency, we
focus on annual vacancy rates at the CBSA level. We find that annual CBSA vacancy
rates have no association with the number of Airbnb listings. However, looking at
type of vacancy we find that the number of Airbnb listings is positively associated
with the share of homes that are vacant for seasonal or recreational use and negatively
associated with the share of homes that are vacant-for-rent and vacant-for-sale. This
is consistent with absentee landlords substituting away from the rental and for-sale
markets for long-term residents, and towards the short-term market, which are likely
then categorized as vacant-seasonal homes.8

Related literature
We are aware of only two other academic papers to directly study the effect of homesharing on housing costs. Lee (2016) provides a descriptive analysis of Airbnb in the
Los Angeles housing market, while Horna and Merantea (2017) use Airbnb listings
data from Boston in 2015 and 2016 to study the effect of Airbnb on rental rates.
They find that a one standard deviation increase in Airbnb density at the censustract-month level is associated with a 0.4% increase in the rental rate. Our estimates
are not directly comparable because we use different regressors, datasets, time periods,
and geographic levels, but the estimates appear to be similar. For example, in our
preferred specification, we find that one standard deviation of higher growth in Airbnb
listings leads to a 0.65% increase in rental rates.
We contribute to the literature concerning the effect of home-sharing on housing
costs in three ways. First, we present a model that organizes our thinking about how
home-sharing is expected to affect housing costs in the long-term market. Second, we
provide direct evidence for the model’s predictions, highlighting especially the role
of the owner-occupancy rate and of the marginal landowner. Third, we present the
first estimates of the effect of home-sharing on housing costs that uses comprehensive
data from across the U.S.
8

Census Bureau methodology classifies a housing unit as vacant even if it is temporarily occupied
by persons who usually live elsewhere.
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Our paper also contributes to the more general literature on peer-to-peer markets.
One part of this literature has focused on the effect of the sharing economy on the
labor market outcomes of the suppliers.9 Another part of this literature focuses on the
competition between traditional suppliers and the small suppliers that are enabled by
sharing platforms.10 In terms of studies on Airbnb, Zervas et al. (2017) estimate the
impact of the sharing economy on hotel revenues. Our paper looks at a somewhat
unique context in this literature, because we focus on the effect of the sharing economy
on the reallocation of goods from one purpose to another, which may cause local
externalities. Local externalities are present here because the suppliers are local
and the demanders are non-local; transactions in the home-sharing market therefore
involve a reallocation of resources from locals to non-locals. Our contribution is
therefore to study this unique type of sharing economy in which public policy may
be especially salient.
The rest of the paper is organized as follows. In Section 2, we present a simple
model of house prices and rental rates where landlords can substitute between supplying the long-term and the short-term market. In Section 3, we describe the data
we collected from Airbnb and present some basic statistics. In Section 4, we describe
our methodology, and in Section 5 we discuss the results. Section 6 concludes.

2

Model

2.1

Basic setup

We consider a housing market with a fixed stock of housing H, which can be allocated
to short-term housing S, or long-term housing L. S + L = H. The rental rate of
short-term housing is Q and the rental rate of long-term housing is R. The two
housing markets are segmented—tenants who need long-term housing cannot rent in
the short-term market and tenants who need short-term housing cannot rent in the
long-term market.11
9

See Hall and Krueger (2017) and Chen et al. (2017) for studies on the incomes and labor market
outcomes for Uber drivers.
10
See Einav et al. (2016) for an overview of the economics of peer-to-peer markets. Horton and
Zeckhauser (2016) study the effects of the sharing economy on decisions to own the underlying goods,
and Gong et al. (2017) study the impact of Uber on car sales.
11
In our view, the primary driver of this market segmentation is the length of lease and tenant
rights. Local residents participating in the long-term rental market will typically sign leases of 6
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For now, we assume that all housing is owned by absentee landlords and will return
to the possibility of owner-occupiers later. Each landlord owns one unit of housing
and decides to rent it on the short-term market or the long-term market, taking rental
rates as given. A landlord will rent on the short-term market if Q − c −  > R, where
c+ is an additional cost of renting on the short-term market, with c being a common
component and  being an idiosyncratic component across landlords.12 The share of
landlords renting in the short-term market is therefore:
f (Q − R − c) = P ( < Q − R − c)

(1)

f is the cumulative distribution function of , and f 0 > 0. The total number of
housing units in the short-term market are:
S = f (Q − R − c)H

(2)

Long-term rental rates are determined in equilibrium by the inverse demand function of long-term tenants:
R = r(L)
(3)
with r0 < 0. Short-term rental rates are determined exogenously by outside markets.13
The market is in steady state, so the house price P is equal to the present value of
discounted cash flows to the landlord:
P =

∞
X

δ t E [R + max {0, Q − R − c − }]

t=0

=

1
[R + g(Q − R − c)]
1−δ

(4)

where g(x) = E[x − | < x]f (x) gives the expected net surplus of being able to rent
in the short-term market relative to the long-term market, and g 0 > 0.
months to a year, and are also granted certain rights and protections by the city. On the other hand,
non-resident visitors participating in the short-term market will usually only rent for a few days and
are not granted the same rights as resident tenants.
12
Renting in the short-term market could be costlier than in the long-term market because the
technology for matching landlords with tenants may be historically more developed in the long-term
market. Landlords may have idiosyncratic preferences over renting in the long-term market vs. the
short-term market if they have different preferences for the stability provided by long-term tenants.
13
For example, they could be determined by elastic tourism demand. Relaxing this assumption
and allowing for price elasticity in the short-term market would not change the qualitative results.
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2.2

The effect of home-sharing

The introduction of a home-sharing platform reduces the cost for landlords to advertise on the short-term market, implying a decline in c. This could happen for a
variety of reasons. By improving the search and matching technology in the shortterm market, the sharing platform may reduce the time it takes to find short-term
tenants. By providing identity verification and a reputation system for user feedback,
the platform may also help reduce information costs.
We consider how an exogenous change to the cost of listing in the short-term
market, c, affects long-term rental rates and house prices. Equilibrium conditions
(1)-(3) imply that:
r0 f 0 H
dR
=
<0
(5)
dc
1 − r0 f 0 H
So, by decreasing the cost of listing in the short-term market, the home-sharing platform has the effect of raising rental rates. The intuition is fairly straightforward: the
home-sharing platform induces some landlords to switch from the long-term market
to the short-term market, reducing supply in the long-term market and raising rental
rates.
For house prices, we can use equation (4) to write:
"

!

1
dR
dR 0
dP
=
− 1+
g
dc
1 − δ dc
dc

#

(6)

1 dR
We note from equation (5) that −1 < dR
< 0, and so dP
< 1−δ
< dR
< 0. The
dc
dc
dc
dc
latter inequality concludes that home-sharing increases house prices and that the
house price response will be greater than the rental rate response. This is because
home-sharing increases the value of homeownership through two channels. First,
it raises the rental rate which is then capitalized into house prices. Yet if this were
home-sharing’s only effect, then the price response and the rental rate response would
be proportional by the discount factor. Instead, the additional increase in the value
of homeownership comes from the enhanced option value of renting in the short-term
market. Because of this second channel, prices will respond even more than rental
rates to the introduction of a home-sharing platform.
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2.3

Owner-occupiers

We now relax the assumption that all homeowners are absentee landlords by also
allowing for owner-occupiers. Let Ha be the number of housing units owned by
absentee landlords and let Ho be the number of housing units owned by owneroccupiers. We still define L as the number of housing units allocated to long-term
residents—including owner-occupiers—and therefore the number of renters is L − Ho .
We assume that Ha is fixed, and that Ho will be determined by equilibrium house
prices and rental rates.14
We allow owner-occupiers to interact with the short-term housing market by assuming that a fraction γ of their housing unit is excess capacity. This excess capacity
can be thought of as the unit’s spare rooms or the time that the owner spends away
from his or her home. Owner-occupiers have the choice to either hold their excess
capacity vacant, or to rent it out on the short-term market. They cannot rent excess
capacity on the long-term market, due to the nature of leases and renter protections.
The benefit to renting excess capacity on the short-term market is Q − c − , where c
and  are again the cost and the idiosyncratic preference for listing on the short-term
market, respectively. If excess capacity remains unused, the owner neither pays a cost
nor derives any benefit from the excess capacity. Owner-occupiers will rent on the
short-term market if Q − c −  > 0, and thus f (Q − c) is the share of owner-occupiers
who rent their excess capacity on the short-term market.
Note that the choice of the owner-occupier is to either rent on the short-term
market, or to hold excess capacity vacant. Thus, participation in the short-term
market by owner-occupiers does not change the overall supply of housing allocated to
the long-term market, L. It also does not change S, which is by definition equal to
H − L (we think of S as the number of units that are permanently allocated towards
short-term housing, as determined by absentee landlords.) The equilibrium supply of
short and long-term housing are therefore:
S = f (Q − R − c)Ha

(7)

L = H − f (Q − R − c)Ha

(8)

14

If Ha is not fixed, then all of the housing stock will be owned by either absentee landlords or
owner-occupiers, depending on which has the higher net present value of owning. In the Appendix,
we numerically solve a model with heterogeneous agents which allows for an endogenous share of
absentee landlords, and show that the qualitative results of this section still hold.
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Rental rates in the long-term market continue to be determined by the inverse
demand curve of residents, r(L). The equilibrium response of rental rates to a change
in c becomes:
dR
r0 f 0 Ha
=
≤0
(9)
dc
1 − r0 f 0 Ha
Equation (9) is similar to equation (5) except that H is replaced with Ha . Equation
(9) therefore makes clear that it is the absentee landlords who affect the rental rate
response to Airbnb, because it is they who are on the margin between substituting
their units between the short and long-term markets. When the share of owneroccupiers is high, the rental rate response to Airbnb will be low. In fact, the response
of rental rates to Airbnb could be zero if all landlords are owner-occupiers.
Since long-term residents are ex-ante homogeneous, an equilibrium with a positive
share of both renters and owner-occupiers requires that house prices make residents
indifferent between renting and owning:
P =

1
[R + γg(Q − c)]
1−δ

(10)

Equation (10) says that the price that residents are willing to pay for a home is
equal to the present value of long-term rents plus the present value of renting excess
capacity to the short-term market. The response of prices to a change in c is:
"

dP
1
dR
=
− γg 0
dc
1 − δ dc

#

(11)

So, again, we see that prices are more responsive to a decrease in c than rental rates.
To summarize the results of this section, we derived three testable implications.
First, rental rates should increase in response to the introduction of a home-sharing
platform. This is because home-sharing causes some landowners to substitute away
from supplying the long-term rental market and into the short-term rental market.
Second, house prices should increase as well, but by an even greater amount than
rents. This is because home-sharing affects house prices through two channels: first
by increasing the rental rate, which then gets capitalized into house prices, and second
by directly increasing the ability for landlords to utilize the home fully. Finally, the
rental rate response will be smaller when there is a greater share of owner-occupiers.
This is because owner-occupiers are not on the margin of substituting between the
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long-term and short-term markets, whereas absentee landlords are.15 We now turn
to testing these predictions in the data.

3

Data and Background on Airbnb

3.1

Background on Airbnb

Recognized by most as the pioneer of the sharing economy, Airbnb is a peer-to-peer
marketplace for short-term rentals, where the suppliers (hosts) offer different kinds
of accommodations (i.e. shared rooms, entire homes, or even yurts and treehouses)
to prospective renters (guests). Airbnb was founded in 2008 and has experienced
dramatic growth, going from just a few hundred hosts in 2008 to over three million
properties supplied by over one million hosts in 150,000 cities and 52 countries in
2017. Over 130 million guests have used Airbnb, and with a market valuation of over
$31B, Airbnb is one of the world’s largest accommodation brands.

3.2

Airbnb listings data

Our main source of data comes directly from the Airbnb website. We collected
consumer-facing information about the complete set of Airbnb properties located
in the United States and about the hosts who offer them. The data collection process spanned a period of approximately five years, from mid-2012 to the end of 2016.
Scrapes were performed at irregular intervals between 2012 to 2014, and at a weekly
interval starting January 2015.
Our scraping algorithm collected all listing information viewable to users of the
website, including the property location, the daily price, the average star rating, a
list of photos, the guest capacity, the number of bedrooms and bathrooms, a list of
amenities such as WiFi and air conditioning, etc., and the list of all reviews from
guests who have stayed at the property.16 Airbnb host information includes the host
15

Another class of homeowners we have yet to discuss is vacation-home owners. Owners of
vacation homes can be treated either as owner-occupiers with high γ (here γ is the amount of time
spent living in their primary residence), or as absentee landlords, depending on how elastic they are
with respect to keeping the home as a vacation property vs. renting it to a long-term tenant. In
either case, the key implications of the model will not change.
16
Airbnb does not reveal the exact street address or coordinates of the property for privacy
reasons; however, the listing’s city, street, and zipcode correspond to the property’s real location.
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name and photograph, a brief profile description, and the year-month in which the
user registered as a host on Airbnb.
Our final dataset contains detailed information about 1,097,697 listings and 682,803
hosts spanning a period of nine years, from 2008 to 2016. Because of Airbnb’s dominance in the home-sharing market, we believe that this data represents the most
comprehensive picture of home-sharing in the U.S. ever constructed for independent
research.17

3.3

Calculating the number of Airbnb listings, 2008-2016

Once we have collected the data, we have to define a measure of Airbnb supply.
This task requires two choices: first, we need to choose the geographic granularity
of our measure; second, we need to define the entry and exit dates of each listing to
the Airbnb platform. Regarding the geographic aggregation, we conduct our main
analysis at the zipcode level for a few reasons. First, it is the lowest level of geography
for which we can reliably assign listings without error (other than user input error).18
Second, neighborhoods are a natural unit of analysis for housing markets because
there is significant heterogeneity in housing markets across neighborhoods within
cities, but comparatively less heterogeneity within neighborhoods. Zipcodes will be
our proxy for neighborhoods. Third, conducting the analysis at the zipcode level
as opposed to the city level helps with identification. This is due to our ability to
compare zipcodes within cities, thus controlling for any unobserved city level factors
that may be unrelated to Airbnb but all affect neighborhoods within a city, such as
a city-wide shock to labor productivity.
The second choice, how to determine the entry and exit date of each listing, comes
less naturally. Unfortunately, due to a change in the way the scraping algorithm
worked, our data does not allow us to identify instantaneous counts of listings until
2015.19 Prior to 2015, if a unique listing identifier appeared multiple times, the scraper
17

To verify the accuracy of our data, we cross-checked our data with data scraped by the website
Insideairbnb.com. We discuss this further in the Appendix.
18
Airbnb does report the latitude and longitude of each property, but only up to a perturbation
of a few hundred meters. So it would be possible, but complicated, to aggregate the listings to finer
geographies with some error.
19
Estimating the number of active listings is a challenge even for Airbnb. Despite the fact that
Airbnb offers an easy way to unlist properties, many times hosts neglect to do so, creating “stale
vacancies” that seem available for rent but in actuality are not. Fradkin (2015), using proprietary
data from Airbnb, estimates that between 21% to 32% of guest requests are rejected due to this
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would replace a listing’s previous data with information from the most recent scrape.
As of 2015, each new scrape was kept as a separate record by including a timestamp
associated with it. Thus, starting with 2015 we are able to see instantaneous snapshots
of all Airbnb listings in the United States at a weekly frequency. Prior to 2015, we
only see the latest information collected for any one listing. Thus, to construct the
number of listings going back in time, we employ a variety of methods, summarized
in Table 1.
Table 1: Methods for Computing the Number of Listings
Listing is considered active ...
Method
Method
Method
Method

1
2
3
4

starting from host join date
for 3 months after host join date, and after every guest review
for 6 months after host join date, and after every guest review
whenever it is discovered in a weekly scrape

Methods 1-3 follow Zervas et al. (2017). Method 1 is our preferred choice to
measure Airbnb supply and will be our main independent variable in all the analyses
presented in this paper. This measure computes a listing’s entry date as the date
its host registered on Airbnb and assumes that listings never exit. The advantage of
using the host join date as the entry date is that for a majority of listings, this is the
most accurate measure of when the listing was first posted. The disadvantage of this
measure is that it is likely to overestimate the listings that are available on Airbnb
(and accepting reservations) at any point it time. However, as discussed in Zervas et
al. (2017), such overestimation would cause biases only if, after controlling for several
zipcode characteristics, it is correlated with the error term.
Aware of the fact that method 1 is an imperfect measure of Airbnb supply, we also
experiment with alternative definitions of Airbnb listings’ entry and exit. Methods
2 and 3 exploit our knowledge of each listing’s review dates to determine whether a
listing is active. The heuristic we use is as follows: a listing enters the market when
the host registers with Airbnb and stays active for m months. We refer to m as the
listing’s Time To Live (TTL). Each time a listing is reviewed the TTL is extended by
m months from the review date. If a listing exceeds the TTL without any reviews, it
effect.
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is considered inactive. A listing becomes active again if it receives a new review. In
our analysis, we test two different TTLs, 3 months and 6 months.
Finally, method 4 exploits the weekly Airbnb scrapes. The weekly scrapes obviate
the need to compute listings’ entry or exit dates; instead, we consider a listing active
in a given month if it appears in any of that month’s scrapes. The advantage of this
approach is that it is the most accurate measure of point-in-time listing counts. The
disadvantage is that it is only available starting in January 2015.
Despite the fact that our different measures of Airbnb supply rely on different
heuristics and data, because of Airbnb’s tremendous growth, all our measures of
Airbnb supply are extremely correlated. The correlation between method 1 and each
other measure is above 0.95 in all cases. In the Appendix, we present robustness checks
of our main results to the different measures of Airbnb supply discussed above, and
show that results are qualitatively unchanged.

3.4

Zillow: rental rates and house prices

Zillow.com is an online real estate company that provides estimates of house and
rental prices for over 110 million homes across the U.S. In addition to giving value
estimates of homes, Zillow provides a set of indexes that track and predict home
values and rental prices at a monthly level and at different geographical granularities.
For house prices, we use the Zillow Home Value Index (ZHVI) which estimates
the median transaction price for the actual stock of homes in a given geographic unit
and point in time. The advantage of using the ZHVI is that it is available at the
zipcode-month level for over 13,000 zipcodes.
For rental rates, we use the Zillow Rent Index (ZRI). Like the ZHVI, Zillow’s
rent index is meant to reflect the median monthly rental rate for the actual stock of
homes in a geographic unit and point in time. Crucially, Zillow’s rent index is based
on rental list prices and is therefore a measure of prevailing rents for new tenants.
This is the relevant comparison for a homeowner deciding whether to place her unit
on the short-term or long-term market. Moreover, because Zillow is not considered a
platform for finding short-term housing, the ZRI should be reflective of rental prices
in the long-term market.
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3.5

Other data sources

We supplement the above data with several additional sources. We use monthly
Google Trends data for the search term “airbnb”, which we download directly from
Google. This index measures how often people worldwide search for the term “airbnb”
on Google, and is normalized to have a value of 100 at the peak month. We use
County Business Patterns data to measure the number of establishments in the food
services and accommodations industry (NAICS code 72) for each zipcode in 2010. We
collect from the American Community Survey (ACS) zipcode level 5-year estimates
of median household income, population, share of 25-60 year olds with bachelors’
degrees or higher, employment rate, and owner-occupancy rate. Finally, we obtain
annual 1-year estimates of housing vacancy rates at the Core Based Statistical Area
(CBSA) level from the same source.

3.6

Summary statistics

Figure 2 shows the geographic distribution of Airbnb listings in June 2011 and June
2016. The map shows significant geographic heterogeneity in Airbnb listings, with
most Airbnb listings occurring in large cities and along the coasts. Moreover, there
exists significant geographic heterogeneity in the growth of Airbnb over time. From
2011 to 2016, the number of Airbnb listings in some zipcodes grew by a factor of 10
or more; in others there was no growth at all. Figure 3 shows the total number of
Airbnb listings over time in our dataset using method 1. From 2012 to 2016, the total
number of Airbnb listings grew by a factor of 10, reaching over 1 million listings in
2016.
Table 2 gives a sense of the size of Airbnb relative to the housing stock at the
zipcode level. Even in 2015, Airbnb remains a very small percentage of the total
housing stock: the number of Airbnb listings is only 0.13% and 1.37% of the housing
stock in the median and 90th percentile zipcodes, respectively. When comparing to
the stock of vacant homes, Airbnb listings in 2015 account for 1.6% of the stock of
vacant homes in the median zipcode and 14% in the 90th percentile zipcode. Perhaps
the most salient comparison—at least from the perspective of a potential renter—is
the number of Airbnb listings relative to the stock of homes listed as vacant and
for rent. This statistic reaches 8.3% in the median zipcode in 2015 and 89% in the
90th percentile zipcode. This implies that in the median zipcode, a local resident
16

looking for a long-term rental unit will find that about 1 in 12 of the potentially
available homes are being placed on Airbnb instead of being made available to longterm residents. Framed in this way, concerns about the effect of Airbnb on the housing
market do not appear unfounded.

4

Methodology

Let Yict be either the price index or the rent index for zipcode i in CBSA c in yearmonth t, and let AirbnbListingsict be the number of Airbnb listings. We assume the
following causal relationship between Yict and AirbnbListingsict :
ln Yict = α + β ln AirbnbListingsict + Xict γ + ict ,

(12)

where Xict is a vector of observed zipcode characteristics, and ict contains unobserved
factors which may causally affect Yict . If the unobserved factors are uncorrelated
with the number of Airbnb listings, conditional on Xict , then we can consistently
estimate β by OLS. However, ict and AirbnbListingsict may be correlated through
unobserved factors at the zipcode, city, and time levels. We allow ict to contain
unobserved zipcode level factors δi , and unobserved time-varying factors at the CBSA
level θct , that affect Yict and are correlated with ln AirbnbListingsict . Writing: ict =
δi + θct + ξict , equation (12) becomes:
ln Yict = α + β ln AirbnbListingsict + Xict γ + δi + θct + ξict

(13)

Even after controlling for unobserved factors at the zipcode and CBSA-year-month
level, there may still be some unobserved zipcode-specific, time-varying factors contained in ξict that are correlated with the number of Airbnb listings. To address this
issue, we construct an instrumental variable which is plausibly uncorrelated with local
monthly shocks to the housing market at the zipcode level, ξict , but likely to affect
the number of Airbnb listings.
Our instrument begins with the worldwide Google Trends search index for the
term “airbnb”, gt , which measures the quantity of Google searches for “airbnb” in
year-month t. Such trends represent a measure of the extent to which awareness of
Airbnb has diffused to the public, including both demanders and suppliers of shortterm rental housing. Figure 1 plots gt from 2008 to 2016, and shows the explosive
17

growth of Airbnb over the time period. Crucially, the search index is not likely to be
reflective of growth in overall tourism demand, because it is unlikely to have changed
so much over this relatively short time period. Moreover, it should not be reflective
of overall growth in the supply of short-term housing, except to the extent that it is
driven by Airbnb.
The CBSA-year-month fixed effects θct already absorb any unobserved variation
at the year-month level. Therefore, to complete our instrument we interact gt with
a measure of how attractive a zipcode is for tourists in base year 2010, hi,2010 . We
measure “touristiness” using the number of establishments in the food services and
accommodations industry (NAICS code 72) in a specific zipcode. Zipcodes with more
restaurants and hotels may be more attractive to tourists because these are services
that tourists need to consume locally—thus, it matters how many of these services
are near the tourist’s place of stay. Alternatively, the larger number of restaurants
and hotels may reflect an underlying local amenity that tourists value.
Our operating assumption is that landlords in more touristy zipcodes are more (or
less) likely to switch from the long-term market to the short-term market in response
to learning about Airbnb. Landlords in more touristy zipcodes may be more likely
to switch because they can book their rooms more frequently, and at higher prices,
than in non-touristy zipcodes. Conversely, landlords in more touristy zipcodes may
be less likely to switch if there is much stronger competition from hotels.
In order for the instrument to be valid, zict = gt × hi,2010 must be uncorrelated
with the zipcode-specific, time-varying shocks to the housing market, ξict . This would
be true if either ex-ante touristiness in 2010 (hi,2010 ) is independent of zipcode level
shocks (ξict ), or growth in worldwide Airbnb searches (gt ) is independent of zipcode
level shocks. To see how our instrument addresses potential confounding factors,
consider changes in zipcode level crime rate as an omitted variable. It is unlikely
that changes to crime rates across all zipcodes are systematically correlated in time
with worldwide Airbnb searches. Even if they were, they would have to correlate in
such a way that the correlation is systematically stronger or weaker in more touristy
zipcodes. Moreover, these biases would have to be systematically present within
all cities in our sample. Of course, we cannot rule this possibility out completely.
However, we discuss the validity of the instrument further in Section 5.3, and present
exercises that suggest the exogeneity assumption is likely satisfied.
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5

Results and Extensions

5.1

The effect of home-sharing on house prices and rents

Table 3 reports the main regression results. Each panel reports the results for a
different dependent variable: the log of the Zillow rent index, the log of the Zillow
house price index, and the log of the price-to-rent ratio. In order to maintain our
measure of touristiness, hi,2010 , as a pre-period variable, only data from 2011 to 2016
are used. This time frame covers all of the period of significant growth in Airbnb. We
also include only data from the 100 largest CBSAs, in terms of 2010 population.20
Column 1 of each panel reports the results from a simple OLS regression of the dependent variable on log listings and no controls. Column 2 includes zipcode and
CBSA-year-month fixed effects, column 3 reports the 2SLS results using the instrumental variable, and column 4 adds time-varying zipcode characteristics as controls.
These characteristics include the median household income, the total population, the
share of 25-60 year olds with bachelors’ degrees or higher, and the employment rate.
Because these measures are not available at a monthly (or even annual) frequency
for zipcodes, we linearly interpolate/extrapolate to the monthly level using the 20072011 and the 2011-2015 ACS 5-year estimates at the zipcode level. Column 4 is our
preferred specification. Based on these results, we estimate that a 10% increase in
Airbnb listings leads to a 0.42% increase in the rental rate, a 0.76% increase in house
prices, and a 0.31% increase in the price-to-rent ratio at the zipcode level. These
findings are consistent with the theoretical model, which predicts that home-sharing
will increase both house prices and rental rates and that such increase is stronger for
house prices.
In terms of the magnitude of the effects, we note that from 2012 to 2016, the
average zipcode experienced an exogenous 6.5% per year increase in Airbnb listings,
as mediated by the instrument.21 Thus, exogenous increases to the number of Airbnb
listings can explain up to 0.27% in annual rent growth and 0.49% in annual house
20

The 100 largest CBSAs constitute the majority of Airbnb listings (over 80%). In the Appendix
we show that our results are robust to the inclusion of more CBSAs.
21
To calculate this, we first compute the predicted number of Airbnb listings from the first-stage
regression using the instrumental variable. We then calculate the average annual change in the
predicted number of listings across zipcodes. The average annual growth in raw Airbnb listings from
2012 to 2016 was 42%, but we do not believe it is appropriate to use this growth rate to explain
house prices and rental rates because some of this growth may be endogenous.
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price growth from 2012 to 2016. These effects are modest, but not trivial: the annual
rent growth from 2012 to 2016 was 2.2% and the annual house price growth was 4.8%.
The magnitudes are also comparable to results estimated for Boston during the period
2015-2016 by Horna and Merantea (2017), who found that a one standard deviation
increase in Airbnb listings increases rental rates by 0.4%. Our results suggest that
one standard deviation growth in Airbnb listings leads to a 0.65% increase in rental
rates.22

5.2

The effect of the owner-occupancy rate

Our theoretical model predicts that the effect of Airbnb on rental rates will be smaller
when the share of owner-occupiers is high. Intuitively, this is because only nonowner-occupiers are on the margin of substituting housing units between the long
and short-term markets. Owner-occupiers instead use Airbnb as a way to earn rents
from excess housing capacity, such as by renting out unused rooms or by renting their
home out while they are away on vacation. We now use the data to explore this
intuition further.
To test this prediction, we re-estimate our specification while allowing for an
interaction term between the number of listings and the owner-occupancy rate.23
The owner-occupancy rate is computed at the zipcode level in each year using ACS
5-year estimates. The regression results are reported in Table 4. The coefficient of
interest, the interaction term, is negative and statistically siginficant, which suggests
that the effect of Airbnb on rental rates is lower when the owner-occupancy rate
is higher. We obtain similar results for house prices. These results are consistent
with the theoretical model. In terms of magnitudes, the effects are economically
significant. The interquartile range in the owner-occupancy rate is about 25% (57%
to 82%). Thus, going from a zipcode that is in the 25th percentile of owner-occupancy
rate to a zipcode that is in the 75th percentile of owner-occupancy rate causes the
rental rate impact of a 10% increase in Airbnb listings to go from 0.29% to 0.21%.
Interestingly, a robust result is that the effect of Airbnb on the price-to-rent ratio
is also weaker in zipcodes with a higher owner-occupancy rate. This was not nec22

The standard deviation in monthly Airbnb growth in our data is 15%.
The owner-occupancy rate itself is also included in the regression. Because there are now two
endogenous regressors, we use gt × hi,2010 and gt × hi,2010 × OORict as instruments, where OORict
is the owner-occupancy rate.
23
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essarily predicted by the model, but could indicate differences in the character of
neighborhoods with high vs. low owner-occupancy rate. For instance, it could be
that zipcodes with a higher owner-occupancy rate have owners who are less likely to
have under-utilized housing capacity.

5.3

Discussion: validity of the instrumental variable

As discussed in Section 4, the instrument based on the Google search index and the
“touristiness” of each zipcode will not be valid if there is some confounding factor
that is both 1) correlated in time with the Google search index for Airbnb, gt , and
2) correlated with differences in touristiness across zipcodes within CBSAs, hi,2010 .
While we cannot rule out the possibility of such a confounding factor, a number of
results suggest that the exogeneity assumption is likely to be satisfied.
First, we note that adding time-varying zipcode level characteristics to the instrumental variables regressions does not affect our results (see columns (3) and (4)
of Tables 3 and 4.) This suggests that the instrument is not highly correlated with
zipcode level population, employment rate, college share, or income. These variables
are fairly basic measurements of zipcode level economic outcomes, and are likely to
be highly correlated with other unobserved factors that affect zipcode level housing
markets. Thus, it is unlikely that the instrument is correlated with other unobserved
zipcode level factors that affect housing markets. This also rules out possible endogeneity concerns related to the possibility that touristy zipcodes may have been
gentrifying faster than non-touristy zipcodes.
Second, we point out that the effect of the owner-occupancy rate in reducing the
impact of Airbnb is consistent across specifications. So, if one wanted to argue that
the effects we estimate are the result of spurious correlation, one would have to find
a confounder that is not only correlated with Google searches for Airbnb and with
zipcode level touristiness, but that also affects zipcodes with high owner-occupancy
rate less than zipcodes with low owner-occupancy rate. Moreover, such confounder
should not be strongly correlated with zipcode level population, employment rate,
college share, or income. We cannot think of any obvious candidates. In fact, the
owner-occupancy rate in standard asset market models of house prices and rental
rates is indeterminate, as residents are indifferent between owning and renting.24
24

See Poterba (1984).
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Changes to the amenity level of a particular neighborhood will be reflected in both
rents and prices, but there is no specific prediction about the owner-occupancy rate.
In contrast, our model of home-sharing has a very clear prediction about the effect
of owner-occupancy rate on the price response to Airbnb, and all of our empirical
results are consistent with this prediction.
Finally, we present two additional exercises to test the validity of the instrument.
First, we test whether there are differential pre-trends in the house prices of zipcodes
of different levels of touristiness in the period before Airbnb became popular. If the
instrument is exogenous, there should be no differential pre-trends. Figure 4 plots the
Zillow house price index for zipcodes in different quartiles of 2010 touristiness, from
2009 to the end of 2016.25 The figure shows there are no differential pre-trends in
the Zillow Home Value Index (ZHVI) for zipcodes in different quartiles of touristiness
until after 2012, which also happens to be when interest in Airbnb began to grow
according to Figure 1. This is true when computing the raw averages for the ZHVI
within quartile (top panel), as well as when computing the average of the residuals
after controlling for zipcode and CBSA-year-month fixed effects (bottom panel). The
lack of differential pre-trends suggests that zipcodes with different levels of touristiness
do not generally have different house price trends, but they only began to diverge after
2012, when Airbnb started to become well known.26
Second, we test whether the instrument is positively correlated with house prices
and rental rates in zipcodes that were never observed to have any Airbnb listings. If
the instrument is valid, then it should only be correlated to house prices and rental
rates through its effect on Airbnb listings. Therefore, in areas with no Airbnb, we
should not see a positive relationship between the instrument and house prices and
rental rates. To test this, we regress the Zillow rent index, house price index, and
price-to-rent ratio on the instrumental variable directly, using only data from zipcodes
in which we never observed any Airbnb listings. Table 5 reports the results of these
regressions and shows that we do not find any statistically significant relationship
between the instrument and house prices/rental rates in zipcodes without Airbnb.
25

We cannot repeat this exercise with rental rates because Zillow rental price data did not begin
until 2011 or 2012 for most zipcodes.
26
Unfortunately, 2012 also happens to be the year that house prices began to recover from the
Great Recession. It is possible that touristy zipcodes have a different recovery pattern than nontouristy zipcodes. However, even if this were the case, it is not clear why the differential recovery
should be uncorrelated with zipcode level demographics, and why it should affect zipcodes with
different owner-occupancy rates differently.
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If anything, we find that there is a negative relationship between the instrument
and house prices/rental rates in zipcodes without Airbnb, though the estimates are
imprecise and the sample size is considerably reduced when considering only such
zipcodes.27 Thus, there does not seem to be any evidence that the instrument would
be positively correlated with house prices/rental rates, except through its effect on
short-term rentals.

5.4

The effect of home-sharing on housing reallocation

We now provide some direct evidence that home-sharing affects rental rates and
house prices through the reallocation of housing stock. To do this, we will investigate
the effect of Airbnb on housing vacancies. Because vacancy data is not available at
the zipcode level at a monthly or annual frequency, we focus on annual CBSA level
vacancies. We regress vacancy rates at the CBSA-year level on the number of Airbnb
listings, year fixed effects, and CBSA fixed effects. Data on vacancies come from
annual ACS 1-year estimates at the CBSA level.28 Table 6 reports the results.
The first thing to note in Table 6 is that the number of Airbnb listings at the CBSA
level appears uncorrelated with the total number of vacancies, once controlling for
CBSA and year fixed effects (column 1). However, when we break the vacancy rate
down by the type of vacancy, we find a positive (though statistically insignificant)
association with the share of homes classified as vacant for seasonal or recreational
use and a negative (and statistically significant) association with the share of homes
that are vacant-for-rent and vacant-for-sale.
It is important to note that the Census Bureau classifies homes as vacant even if
they are temporarily occupied by persons who usually live elsewhere. Thus, homes
allocated permanently to the short-term market are supposed to be classified as vacant, and will likely also be classified as seasonal or recreational homes by their owners
and/or neighbors.29 The positive association of Airbnb with vacant-seasonal homes,
and the negative association with vacant-for-rent and vacant-for-sale homes is there27

If we regress house prices and rental rates on the instrument for zipcodes with Airbnb, we find
a positive and statistically significant relationship.
28
We compute the total number of vacancies as sum of the number of vacant seasonal units,
vacant-for-rent units, and vacant-for-sale units. We ignore vacant units that are for migrant workers,
and we ignore vacant units for which the reason for vacancy is unknown.
29
When a home is vacant, Census workers will interview neighbors about the occupancy characteristics of the home.
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fore consistent with absentee landlords substituting away from the rental and for-sale
markets for long-term residents and allocating instead to the short-term market.

6

Conclusion

Our results suggest that Airbnb growth can explain 0.27% in annual rent growth
and 0.49% in annual house price growth from 2012 to 2016. The increases to rental
rates and house prices occur through two channels. In the first channel, home-sharing
increases rental rates by inducing some landlords to switch from supplying the market
for long-term rentals to supplying the market for short-term rentals. The increase in
rental rates through this channel is then capitalized into house prices. In the second
channel, home-sharing increases house prices directly by enabling homeowners to
generate income from excess housing capacity. This raises the value of owning relative
to renting, and therefore increases the price-to-rent ratio directly.
Our paper contributes to the debate surrounding home-sharing policy. Critics
of home-sharing argue that it raises housing costs for local residents, and we find
evidence confirming this effect. On the other hand, we also find evidence that homesharing increases the value of homes by allowing owners to better utilize excess capacity. In our view, regulations on home-sharing should (at most) seek to limit the
reallocation of housing stock from the long-term to the short-term markets, without
discouraging the use of home-sharing by owner-occupiers. One regulatory approach
could be to only levy occupancy tax on home sharers who rent the entire home for an
extended period of time, or to require a proof of owner-occupancy in order to avoid
paying occupancy tax.
To summarize the state of the literature on home-sharing, researchers have found
that home-sharing 1) raises local rental rates by causing a reallocation of the housing
stock; 2) raises house prices through both the capitalization of rents and the increased ability to use excess capacity; and 3) induces market entry by small suppliers
of short-term housing who compete with traditional suppliers (Zervas et al. (2017)).
More research is needed, however, in order to achieve a more complete welfare analysis of home-sharing. For example, home-sharing may have positive spillover effects
on local businesses if it drives a net increase in tourism demand. On the other hand,
home-sharing may have negative spillover effects if tourists create negative amenities,
such as noise or congestion, for local residents. Moreover, home-sharing introduces
24

an interesting new mechanism for scaling down the local housing supply in response
to negative demand shocks—a mechanism that was not possible when all of the residential housing stock was allocated to the long-term market.
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Figure 1: Google Trends Search Index for Airbnb (Worldwide, 2008-2017)
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Note: Weekly Google Trends index for the single English search term “Airbnb”, from
any searches worldwide. Google Trends data are normalized so that the date with
the highest search volume is given the value of 100.
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Figure 2: Map of Airbnb Listings by Zipcode, 2011-2016

Note: The number of listings is calculated using method 1 in Table 1. Log listings
is set to zero if there are zero listings. Geographic areas without zipcode boundary
information are colored white.
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Figure 3: Total Number of Airbnb Listings (US, 2008-2016)
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Note: The number of listings is calculated using method 1 in Table 1.
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Figure 4: Trends in Zillow Home Value Index by “Tourstiness” of Zipcode
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Note: The top panel plots the ZHVI index, normalized to January 2011=100, averaged
within different groups of zipcodes based on their level of “touristiness” in 2010. Touristiness
is measured as the number of establishments in the food services and accommodations sector
(NAICS code 72) in 2010, and the zipcodes are separated into four equally sized groups.
The bottom panel plots the residuals from a regression of the ZHVI on zipcode fixed effects
and CBSA-month fixed effects.
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Table 2: Size of Airbnb Relative to the Housing Stock (zipcodes, 100 largest CBSAs)

p10
Year 2011
Airbnb Listings
Housing Unites
Airbnb as a Percentage of
Total Housing Units
Renter-occupied Unites
Vacant Units
Vacant-for-rent Units
Year 2015
Airbnb Listings
Housing Unites
Airbnb as a Percentage of
Total Housing Units
Renter-occupied Unites
Vacant Units
Vacant-for-rent Units

p20

p50
0.00
7,438.00

p75

p90

1.83
12,829.00

7.50
18,037.00

0.02
0.09
0.26
1.30

0.10
0.39
1.02
5.58

0.00
1,058.00

0.00
2,812.50

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

0.58
1,089.00

2
2,894.50

7.92
7,582.00

28.50
13,128.00

98.90
18,282.00

0.01
0.05
0.13
0.67

0.05
0.18
0.52
2.45

0.13
0.54
1.60
8.26

0.40
1.66
4.76
27.00

1.37
5.26
14.00
89.00

0.00
0.001
0.01
0.13

Note: This table reports the size of Airbnb relative to the housing stock, by zipcodes for
the 100 largest CBSAs as measured by 2010 population. The number of Airbnb listings is
calculated using method 1 in Table 1. Data on housing stocks, occupancy characteristics,
and vacancies come from ACS zipcode level 5-year estimates. We report data for the year
2015 instead of 2016 because data from the 2016 ACS are not yet available.
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Table 3: The Effect of Airbnb on Rental Rates and House Prices

Panel A
Dep var: ln Rent Index
(1)
ln Airbnb Listings

0.0843***
(0.00213)

(2)

(3)

0.00622*** 0.0442***
(0.000522) (0.00326)

Panel B
Dep var: ln Price Index
(4)
0.0421***
(0.00324)

(1)

(2)

0.157*** 0.00702***
(0.00382) (0.000749)

Panel C
Dep var: ln Price/Rent

(3)

(4)

(1)

(2)

0.0788***
(0.00621)

0.0761***
(0.00619)

0.0737***
(0.00184)

0.000749
(0.000775)

(3)

(4)

0.0309*** 0.0312***
(0.00442) (0.00451)
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ln Median HH Income

0.0261***
(0.00850)

0.0152
(0.0140)

-0.0205
(0.0137)

ln Population

0.0363***
(0.00901)

0.0680***
(0.0152)

0.0284**
(0.0141)

College Share

0.0656***
(0.0195)

0.0696**
(0.0297)

0.00887
(0.0283)

Employment Rate

0.0461**
(0.0204)

0.0323
(0.0341)

-0.00930
(0.0311)

Zipcode FE
CBSA-year-month FE
Instrumental variable

Yes
Yes

Yes
Yes
Yes

Observations
592,439
592,439
592,439
R2
0.128
0.991
0.990
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Yes
Yes
Yes
592,007
0.990

525,241
0.153

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

525,241
0.996

525,241
0.994

524,972
0.994

496,663
0.142

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

496,648
0.979

496,648
0.978

496,451
0.978

Note: The number of Airbnb listings is calculated using method 1 in Table 1. To avoid taking the log of a zero, one is added to the number
of Airbnb listings before taking logs. Because zipcode demographic characteristics are not available at the monthly (or even annual level),
zipcode-month measures for household income, population, college share, and employment rate are interpolated from the 2011 and 2015 ACS
5-year estimates. Clustered standard errors at the zipcode level are reported in parenthesis.

Table 4: The Effect of Airbnb on Rental Rates and House Prices, by Owner-Occupancy Rate

Panel A
Dep var: ln Rent Index

Panel B
Dep var: ln Price Index

Panel C
Dep var: ln Price/Rent

(1)

(2)

(3)

(4)

(1)

(2)

(3)

(4)

(1)

(2)

(3)

(4)

ln Airbnb Listings

0.189***
(0.00622)

0.0198***
(0.00129)

0.0505***
(0.00319)

0.0483***
(0.00321)

0.356***
(0.0116)

0.0293***
(0.00202)

0.0737***
(0.00491)

0.0698***
(0.00491)

0.173***
(0.00583)

0.00762***
(0.00181)

0.0207***
(0.00377)

0.0196***
(0.00384)

... × Owner-Occupancy Rate

-0.111*** -0.0223*** -0.0357*** -0.0336*** -0.217***
(0.0102)
(0.00178)
(0.00364)
(0.00362)
(0.0182)

-0.0357***
(0.00279)

-0.0492***
(0.00567)

-0.0453***
(0.00561)

-0.114***
(0.00884)

-0.0108***
(0.00248)

-0.0106**
(0.00425)

-0.00968**
(0.00426)

0.0113
(0.00926)

0.00463
(0.0144)

-0.0139
(0.0148)

ln Population

0.0588***
(0.00907)

0.121***
(0.0155)

0.0665***
(0.0153)

College Share

0.0694***
(0.0211)

0.0798***
(0.0293)

0.0197
(0.0307)

Employment Rate

0.0681***
(0.0217)

0.119***
(0.0347)

0.0511
(0.0339)
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ln Median HH Income

Zipcode FE
CBSA-year-month FE
Instrumental Variable

Yes
Yes

Observations
492,119
492,119
R2
0.223
0.992
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Yes
Yes
Yes

Yes
Yes
Yes

492,119
0.991

491,759
0.991

437,691
0.251

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

437,691
0.997

437,691
0.996

437,470
0.997

412,565
0.227

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

412,550
0.982

412,550
0.981

412,389
0.981

Note: The number of Airbnb listings is calculated using method 1 in Table 1. To avoid taking the log of a zero, one is added to the
number of Airbnb listings before taking logs. Because zipcode demographic characteristics are not available at the monthly (or even annual
level), zipcode-month measures for household income, population, college share, and employment rate are interpolated from the 2011 and
2015 ACS 5-year estimates. The owner-occupancy rate is calculated as the number of owner-occupied housing units divided by the sum of
owner-occupied units and renter-occupied units, using ACS 5-year estimates. Clustered standard errors at the zipcode level are reported in
parenthesis.

Table 5: IV Validity Check: Correlation Between Instrument and Rents/Prices in Zipcodes Without Airbnb

Panel A
Dep var: ln Rent Index

IV

Panel B
Dep var: ln Price Index

(1)

(2)

(3)

(1)

(2)

6.70e-06
(1.56e-05)

-3.05e-06
(3.40e-06)

-2.85e-06
(3.36e-06)

-3.24e-05
(3.20e-05)

-2.91e-06
(5.06e-06)

(3)

Panel C
Dep var: ln Price/Rent
(1)

-2.83e-06 -5.43e-05***
(5.07e-06)
(1.75e-05)

(2)

(3)

-3.22e-06
(5.32e-06)

-3.06e-06
(5.34e-06)
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ln Median HH Income

-0.00458
(0.0146)

-0.00718
(0.0213)

0.00184
(0.0272)

ln Population

0.0199
(0.0160)

0.0417**
(0.0194)

0.0142
(0.0232)

College Share

0.0552
(0.0396)

0.165***
(0.0465)

0.100
(0.0608)

Employment Rate

0.0356
(0.0384)

-0.0162
(0.0410)

-0.0568
(0.0577)

Zipcode FE
CBSA-year-month FE

Yes
Yes

Yes
Yes

Observations
55,890
55,116
55,116
2
R
0.000
0.979
0.979
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

46,105
0.001

Yes
Yes

Yes
Yes

45,044
0.993

44,972
0.994

39,270
0.008

Yes
Yes

Yes
Yes

38,083
0.964

38,083
0.964

Note: This table reports regression results when dependent variable is regressed on the insrumental variable (Google Trends index for “airbnb”
interacted with the number of food service and accommodations establishments in 2010) directly, for zipcodes that were never observed to
have any Airbnb listings. Because zipcode demographic characteristics are not available at the monthly (or even annual level), zipcode-month
measures for household income, population, college share, and employment rate are interpolated from the 2011 and 2015 ACS 5-year estimates.
Clustered standard errors at the zipcode level are reported in parenthesis.

Table 6: The Effect of Airbnb on Vacancy Rates

(1)
All Vacant Units
ln Airbnb Listings

-5.45e-06
(0.00485)

(2)
(3)
Seasonal Homes Vacant-for-Rent
0.00612
(0.00444)

CBSA FE
Yes
Yes
Year FE
Yes
Yes
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

(4)
Vacant-for-Sale

-0.00462***
(0.00151)

-0.00151**
(0.000752)

Yes
Yes

Yes
Yes

Note: These regressions are at the CBSA-year level. The number of Airbnb listings is
calculated using method 1 in Table 1. To avoid taking the log of a zero, one is added to
the number of Airbnb listings before taking logs. The dependent variable is the number
of vacant units divided by the total number of housing units. Data on vacancies comes
from annual ACS 1-year estimates. Seasonal homes are housing units described as being
for seasonal, recreational, or occassional use. Note that according to Census methodology,
housing units occupied temporarily by persons who usually live elsewhere are classified as
vacant units.
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Appendix
A

Model with Endogenous Owner-Occupiers

The model in Section 2 can be extended to allow the share of owner-occupiers to be
endogenous. However, ex-ante heterogeneity in potential buyers needs to be introduced or else an equilibrium with all three of renters, owner-occupiers, and absentee
landlords would require that equations (4) and (10) both be equal. If they were not,
then either long-term residents will outbid absentee landlords to own all the housing,
or the opposite will happen.
We introduce heterogeneity in the most parsimonious way possible. Consider a
set of N individuals who potentially interact with a local housing market. Each
individual can choose to be a renter, an owner-occupier, an absentee landlord, or
none of the above. Let us normalize the utility for “none of the above” to zero. The
present value of utility that person i gets from being a renter is:
1
R + i,r
1−δ
= ur + i,r

ui,r = U −

Here, U is the present value of amenities that the individual gets from being a resident
1
R is the present value of rents. i,r is an idiosyncratic utility shock
in this market. 1−δ
which is known ex-ante. The present value that person i gets from being an owner is:
ui,o = U − P +

1
γg(Q − c) + i,o
1−δ

= uo + i,o
Here, U is again the present value of amenities, P is the purchase price of housing,
1
and 1−δ
γg(Q − c) is the present value of rents received from selling excess capacity
on the peer-to-peer market. Finally, the present value that person i gets from being
an absentee landlord is:
ui,a = −P +

1
[R + g(Q − R − c)] + i,a
1−δ

= ua + i,a
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For analytical tractability, let the utility shocks i be distributed i.i.d. type 1 extreme
value. The share of individuals that choose option j out of j = {r, o, a} is:
sj =

exp uj
1+

P

k∈{r,o,a}

exp uk

The equilibrium conditions determining R and P are:
(sa + so )N = H
and:
[1 − f (Q − R − c)] sa N = sr N
The first condition is the market clearing condition for the housing market as a whole;
i.e. the number of absentee landlords plus owner-occupiers is equal to the housing
stock. The second condition is the market clearing condition for the long-term rental
market; i.e. the number of renters is equal to the number of absentee landlords
allocating housing to the long-term market.
We leave the derivation of analytical results for this model to future work or
enterprising students. For this Appendix, we will simply present some numerical
results which are consistent with all the key predictions in Section 2. Choosing
N = 10, H = 2, U = $500, 000, δ = 0.95, γ = 0.1, Q = $25, 000, and letting
the distribution of idiosyncratic costs to listing in the short-term market be uniform
from $0 to $100,000, we consider a change of c from ∞ (no home-sharing) to c = 0
(costless home-sharing). Table 7 below shows the results. Consistent with the model,
the introduction of home-sharing under these model parameters results in a modest
increase in both rental rates and house prices, and the increase in house prices is
larger than the increase in rental rate. The qualitative results are robust to different
parameter choices.
Table 7: Simulation Results
c = ∞ c = $50k
Rent
Price

$25,069
$502,773

$25,193
$507,702
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∆
0.49%
0.98%

B

Comparison to Insideairbnb.com Data

To validate the accuracy of our dataset, in this section we compare our Airbnb listing
information with that obtained by Insideairbnb.com, a website that keeps track of
Airbnb data in a few key cities. Data from Insideairbnb have been featured in USA
Today and have been used for policy research by the city of San Francisco. Because
Insideairbnb.com does not collect data all over the U.S., but rather for a handful
of specific cities, we compare data for the city of Los Angeles. The Insideairbnb
scrape of Los Angeles with timestamp July 3, 2016 contains 15,958 listings. Out of
15,958 listings, we are able to exacly match 15,768 listings, or approximately 99% of
the Insideairbnb.com listings (our snapshot data contains a total of 15,808 listings
for the city of Los Angeles for the month of June 2016—the closest period to the
Insidearibnb.com data). Results are similar when comparing to Insideairbnb data for
other cities. Due to the high degree of match between our data and Insideairbnb, we
are reassured of the accuracy of our data.

C

Robustness Checks

In this section, we show that our main results are robust to the alternative methods
of calculating Airbnb supply, as discussed in Section 3. Table 8 replicates the full
specification as in Table 4, with zipcode demographic controls, using the methods for
calculating Airbnb supply listed in Table 1. Columns (1), (2), and (3) of each panel in
Table 8 correspond to methods 2, 3, and 4 of Table 1, respectively. The results when
using methods 2 and 3 are very similar in magnitude to the results using method 1.
The results when using method 4 are somewhat different, but we note that this is
primarily driven by an imprecise estimate of the effect of Airbnb on rents. Otherwise,
the results are qualitatively similar.
In Table 9, we show that our results are robust to the choice of CBSAs to include
in our estimation sample. The main results used the 100 largest CBSAs, but Table 9
shows that the results are not particularly sensitive to this choice.
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Table 8: Robustness Checks: Alternative Methods of Measuring Airbnb Supply

Panel A
Dep var: ln Rent Index

Panel B
Dep var: ln Price Index

Panel C
Dep var: ln Price/Rent
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(1)

(2)

(3)

(1)

(2)

(3)

(1)

(2)

(3)

ln Airbnb Listings

0.0472***
(0.00335)

0.0496***
(0.00351)

-0.00634
(0.0141)

0.0678***
(0.00521)

0.0716***
(0.00545)

0.119***
(0.0234)

0.0179***
(0.00371)

0.0193***
(0.00389)

0.135***
(0.0303)

... × Owner-Occupancy Rate

-0.0318***
(0.00440)

-0.0352***
(0.00440)

-0.0210*
(0.0118)

-0.0422***
(0.00684)

-0.0474***
(0.00684)

-0.131***
(0.0195)

-0.00773
(0.00521)

-0.00945*
(0.00505)

-0.108***
(0.0255)

ln Median HH Income

0.00622
(0.00923)

0.00851
(0.00925)

0.105***
(0.0386)

-0.00236
(0.0144)

8.13e-05
(0.0144)

0.0126
(0.0442)

-0.0164
(0.0148)

-0.0155
(0.0148)

-0.0887
(0.0594)

ln Population

0.0625***
(0.00894)

0.0612***
(0.00902)

-0.0239
(0.0407)

0.127***
(0.0157)

0.125***
(0.0157)

-0.124***
(0.0460)

0.0694***
(0.0153)

0.0686***
(0.0153)

-0.142**
(0.0563)

College Share

0.0637***
(0.0206)

0.0661***
(0.0207)

0.0121
(0.0812)

0.0713**
(0.0292)

0.0737**
(0.0292)

0.0553
(0.0815)

0.0178
(0.0307)

0.0184
(0.0307)

0.0723
(0.113)

Employment Rate

0.0694***
(0.0213)

0.0688***
(0.0215)

0.0950
(0.0926)

0.116***
(0.0343)

0.117***
(0.0345)

-0.0957
(0.0995)

0.0512
(0.0337)

0.0512
(0.0337)

-0.268*
(0.142)

2
Yes
Yes
Yes

3
Yes
Yes
Yes

4
Yes
Yes
Yes

2
Yes
Yes
Yes

3
Yes
Yes
Yes

4
Yes
Yes
Yes

2
Yes
Yes
Yes

3
Yes
Yes
Yes

4
Yes
Yes
Yes

77,868
0.998

437,470
0.996

437,470
0.996

69,099
0.999

412,389
0.981

412,389
0.981

66,781
0.994

Method for Calculating # Listings
Zipcode FE
CBSA-year-month FE
Instrumental Variable

Observations
491,759
491,759
R2
0.991
0.991
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Note: Columns (1), (2), and (3) calculate Airbnb listings according to methods 2, 3 and 4 of Table 1, respectively. To avoid taking the log of a zero, one is added to
the number of Airbnb listings before taking logs. Because zipcode demographic characteristics are not available at the monthly (or even annual level), zipcode-month
measures for household income, population, college share, and employment rate are interpolated from the 2011 and 2015 ACS 5-year estimates. The owner- occupancy
rate is calculated as the number of owner-occupied housing units divided by the sum of owner-occupied units and renter-occupied units, using ACS 5-year estimates.
Standard errors are clustered at the zipcode level.

Table 9: Robustness Checks: Alternative Samples of CBSAs

Panel A
Dep var: ln Rent Index

Panel B
Dep var: ln Price Index

Panel C
Dep var: ln Price/Rent

(1)

(2)

(3)

(1)

(2)

(3)

(1)

(2)

(3)

0.0527***
(0.00376)

0.0483***
(0.00321)

0.0457***
(0.00298)

0.0781***
(0.00570)

0.0698***
(0.00491)

0.0646***
(0.00452)

0.0232***
(0.00437)

0.0196***
(0.00384)

0.0182***
(0.00357)

... × Owner-Occupancy Rate -0.0353***
(0.00397)

-0.0336***
(0.00362)

-0.0319***
(0.00349)

-0.0483***
(0.00611)

-0.0453***
(0.00561)

-0.0434***
(0.00539)

-0.0105**
(0.00459)

-0.00968**
(0.00426)

-0.00969**
(0.00413)

ln Median HH Income

0.0156
(0.0107)

0.0113
(0.00926)

0.00886
(0.00863)

0.0257
(0.0170)

0.00463
(0.0144)

0.00758
(0.0131)

0.00170
(0.0161)

-0.0139
(0.0148)

-0.00897
(0.0137)

ln Population

0.0449***
(0.0105)

0.0588***
(0.00907)

0.0608***
(0.00858)

0.113***
(0.0187)

0.121***
(0.0155)

0.112***
(0.0140)

0.0797***
(0.0177)

0.0665***
(0.0153)

0.0588***
(0.0141)

College Share

0.0640***
(0.0248)

0.0694***
(0.0211)

0.0711***
(0.0195)

0.0629*
(0.0352)

0.0798***
(0.0293)

0.0754***
(0.0268)

0.0211
(0.0354)

0.0197
(0.0307)

0.00775
(0.0285)

Employment Rate

0.0750***
(0.0256)

0.0681***
(0.0217)

0.0672***
(0.0201)

0.117***
(0.0409)

0.119***
(0.0347)

0.102***
(0.0308)

0.0418
(0.0379)

0.0511
(0.0339)

0.0400
(0.0308)

50
Yes
Yes
Yes

150
Yes
Yes
Yes

200
Yes
Yes
Yes

50
Yes
Yes
Yes

150
Yes
Yes
Yes

200
Yes
Yes
Yes

50
Yes
Yes
Yes

150
Yes
Yes
Yes

200
Yes
Yes
Yes

547,202
0.991

351,285
0.996

437,470
0.997

491,466
0.997

332,705
0.982

412,389
0.981

459,122
0.981

ln Airbnb Listings
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Sample: N largest CBSAs
Zipcode FE
CBSA-year-month FE
Instrumental Variable

Observations
388,780
491,759
R2
0.991
0.991
Significance levels: *** p<0.01, ** p<0.05, * p<0.1

Note: The samples in columns (1), (2), and (3) are the 50, 150, and 200 largest CBSAs, respectively (the baseline was 100 CBSAs as reported in Table 4. The number
of Airbnb listings is calculated using method 1 in Table 1. To avoid taking the log of a zero, one is added to the number of Airbnb listings before taking logs. Because
zipcode demographic characteristics are not available at the monthly (or even annual level), zipcode-month measures for household income, population, college share,
and employment rate are interpolated from the 2011 and 2015 ACS 5-year estimates. The owner-occupancy rate is calculated as the number of owner-occupied housing
units divided by the sum of owner-occupied units and renter-occupied units, using ACS 5-year estimates. Standard errors are clustered at the zipcode level.

