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Motivation

→ Entry of Airbnb in the short-term accommodation industry:

+ Benefits consumers through increased variety and lower prices

+ Benefits Airbnb hosts by allowing them to earn profits

− Lowers demand, mark-ups, and profits of hotels

(+/− Externalities on other industries and local communities)

→ Total welfare impact on the industry? How does it vary across space and time?
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This Paper Institutional background

What we do
→ Quantify welfare effects of Airbnb in the

Parisian hospitality industry (2017)

∗ Estimate structural demand and supply
model

∗ Counterfactual simulations: Consumer
surplus, hotel profits, host surplus
with/without Airbnb

Novelty: Geographic dimension

→ Nearby units are closer substitutes

→ Location-specific demand shocks

→ Geographic counterfactuals: Partial bans
(center vs. outer districts)
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Previous Literature: Farronato and Fradkin (2022)

→ Welfare impact of Airbnb across US cities

→ Geographic unit: City

→ Largest impact in periods of high demand:

∗ Hotels close to capacity constraints ⇒ Could set higher prices absent Airbnb

→ We add: local capacity constraints bind more frequently than city-wide constraints
⇒ Ignoring within-city variation likely underestimates the welfare impact of Airbnb (if

competition is localized)

Schaefer & Tran Airbnb, Hotels, and Localized Competition CRESSE, 5 July 2026 3/22



Data

Schaefer & Tran Airbnb, Hotels, and Localized Competition CRESSE, 5 July 2026 4/22



Data Product def. & sample

Descriptives & market size

Descriptive stat tables

→ Sample: Paris, 2017 (252 usable market nights)

→ Daily accommodation-level data from three sources:

∗ Hotel occupancy – INSEE monthly survey (daily occupancy rates)
∗ Hotel prices – web-scraped from Booking.com
∗ Airbnb occupancy & prices – AirDNA

→ Event database: fairs, concerts, sports events → location-specific demand shocks

→ Traffic & Google Trends data → exogenous Airbnb supply & market size

→ Products: Type (Hotel/Airbnb) × Quality (1–5 hotel stars / 1–4 Airbnb tiers) × Location (20
arrondissements)
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Location-Specific Demand Event database

Demand shock validation
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→ City-wide hotel occupancy
reaches high levels only
occasionally

→ District-level constraints bind
much more frequently

→ Significant within-city demand
heterogeneity missed by city-level
analysis
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Model and Identification
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Demand Specification

Utility of consumer i for product j in market t:

Uijt = δjt + µijt + εijt

Mean utility (Ejt: unobserved demand shock):

δjt = γd(j) + λt + φτ(j)·%(j)

+ βh lsjt + βabb lsjt · 1{τ(j)=abb}+ Ejt

Individual heterogeneity (two random coefficients):

µijt = −αi pjt + ν2i distd(j),cc

αi∼ logN (ᾱ, σ2
α), ν2i∼N (ν̄2, σ

2
2)

- γd(j): district fixed effect
- λt: market (night) fixed effect
- φτ(j)·%(j): type–quality fixed effects
- lsjt: capacity-weighted location-specific

demand shifter
- βh, βabb: type-specific coefficients
- pjt: price
- distd(j),cc: distance to city center
- ν2i: heterogeneous location preferences
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Demand Identification Identification intuition

Instrument validity & F-stat

First-stage regressions

Endogeneity: Ejt correlated with prices and
market shares

Instrument for product j in market t:

Zjt =

∑
k∈Rj

Kkt

1 +
∑
k∈Rj

Ekt

→ Kkt: capacity of rival k
→ Ekt: exposure of rival k to closer events
→ We vary Rj by type and quality tier (6 IVs)

Intuition: rivals with high capacity not
absorbed by nearby event demand exert
strong competitive pressure on product j

Validity:
→ Location of large events ⊥ residual

unobserved demand shocks in focal
district d(j)

→ District & market FE plus lsjt absorb
aggregate and event-driven demand

→ First-stage F-stat: 140.11
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Demand Parameters & Elasticities Own-price elasticity map

Cross-price elasticity maps

Fixed effects

Parameter Estimate Std. error

Price (Mean) -3.502 (0.160)
Airbnb cat. 2 2.125 (0.220)
Airbnb cat. 3 3.370 (0.377)
Airbnb cat. 4 5.476 (0.658)
Hotel cat. 1 2.793 (0.288)
Hotel cat. 2 4.415 (0.399)
Hotel cat. 3 6.209 (0.475)
Hotel cat. 4 7.502 (0.639)
Hotel cat. 5 11.658 (1.464)
Location Shock 0.547 (0.070)
Location Shock × Hotel -0.170 (0.069)
Price (Std. dev.) 0.578 (0.115)
Distance City Center (Std. dev.) 10.639 (3.749)

Number of observations 33911

→ Demand is elastic for all type–quality
combinations; more elastic for higher-quality
products

→ Segmentation: Airbnb demand responds
more to hotel prices than to other Airbnb;
hotel demand responds mainly to other hotels

→ Localization: within-district cross-price
elasticities are 3–4× larger than across
districts
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Supply Side Specification Cost estimation methodology

Exogenous Airbnb supply

Hotels: Bertrand-Nash
→ Cost function with capacity constraint:

C(qjt) = cjt qjt

+ 1(qjt > 0.5 kjt)
γd(j),%(j)

3 (qjt − 0.5 kjt)3

+ 1(qjt > 0.99 kjt) κ3 (qjt − 0.99 kjt)3

⇒ FOC gives marginal cost schedule: flat →
quadratic → very steep

→ γd(j),%(j) varies by district × quality; estimated via
2SLS

Airbnb: Price-Takers
→ Host cost cjt ∼ N (µjt, σ2

%(j))
→ Accept guests when cjt ≤ pjt
→ Quantity supplied:

qjt = Kjt · Φ
(
pjt − µjt
σ%(j)

)
→ Estimate µjt and σ%(j) using

location-specific demand shocks as
instruments
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Estimated Cost Functions Model fit: prices Model fit: quantities
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Airbnb estimated mean cost µ̂jt by quality tier

→ Marginal costs are higher for higher-quality hotels and rise sharply once occupancy exceeds ≈50%
(capacity effect)

→ Airbnb’s estimated mean cost also increases with quality tier, with moderate seasonal variation
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Counterfactuals
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Counterfactual Setup

Main scenario: Remove Airbnb from the entire city, compare to observed baseline

Two variants to decompose consumer surplus:

1. Fixed hotel prices: ∆CS from reduced variety only

2. Hotels readjust prices: ∆CS from reduced variety + higher hotel prices

⇒ Difference = price channel

Geographic counterfactuals:

→ Remove Airbnb only from central districts (arr. 1–11)
→ Remove Airbnb only from outer districts (arr. 12–20)

⇒ Quantify spatial heterogeneity in welfare impacts and inform partial regulation
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Overall Welfare Impact of Airbnb Full supply-side breakdown

Component ∆ if Airbnb removed

Consumer surplus −924 M euros
Hotel profits +778 M euros
Airbnb host profits −22 M euros

Net welfare effect −167 M euros

→ ≈50% of Airbnb bookings represent market expansion rather than hotel substitution
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Consumer Surplus: Summary

(1) (2)
No price adjustment With price adjustment

∆E(CS) -5.04 -29.39
∆ Total CS -169,895,531.86 -923,845,383.65

→ Average gain: 29 euros/night per traveler; >80% attributable to price channel
→ Total gain: 924 million euros over sample year
→ Price channel share higher than ≈50% in Farronato and Fradkin (2022): higher Airbnb

penetration in Paris and explicit modeling of localized competition
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Consumer Surplus from Airbnb over Time CS vs. hotel demand

CS: variety channel
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→ Variety channel: stable ≈5
euros/night throughout the year

→ Price channel: ranges from <10
to >80 euros/night

→ Price channel dominates and
drives most of the time-variation
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Geographic Heterogeneity Price change maps Profit change maps

Quantity change maps

+68.9%

+68.1%
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+21.7%
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+18.5%
+79.5%

+130.7%
+245.7%

(b) Profit change (%)

→ Absent Airbnb: hotel prices +6%–69%; hotel profits +14%–715% across districts
→ Outer districts experience much larger effects – Airbnb constrains market power more in the

periphery
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Center vs. Outer Districts CS over time Supply-side table

Price & quantity maps

(1) (2)
Remove Airbnb from Center Remove Airbnb from Outside

∆E(CS) -8.23 -12.23
∆ Total CS -270,903,878.09 -384,896,805.02

→ Removing Airbnb from outer districts: −385M euros in CS; from center only: −271M euros
→ Policy implication: ban in center preserves 71% of total welfare gains (653M of 924M euros) –

allows targeting housing pressures centrally while retaining most consumer benefits
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Conclusion Full backup menu

→ Consumer surplus from Airbnb: ≈29 euros/night per traveler; 924M euros total, >80%
from price channel

→ Hotel profits would increase ≈778M euros absent Airbnb; outer district hotels most
affected (up to 715% profit increase)

→ Net welfare gain from Airbnb ≈167M euros/year – travelers gain, hotels lose, but total
surplus rises

→ Geographic heterogeneity is central:
∗ Airbnb constrains hotel market power most in outer districts, especially during local demand

spikes
∗ Policy: restricting Airbnb only in the center preserves 71% of consumer welfare gains while

potentially alleviating central housing market pressures
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Thank you!

Maximilian Schaefer
Q maximilian.schafer@imt-bs.eu

Kevin Ducbao Tran
Q kevin.tran@bristol.ac.uk
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Backup Menu Main talk

1. Institutional & market background

2. Product definition & sample construction

3. Descriptive evidence (prices, occupancy,
matching)

4. Descriptive statistics tables

5. Event database & demand-shock validation

6. Identification: IV construction & validity

7. Elasticities in detail (maps, all districts)

8. Cost estimation methodology

9. Model fit: prices & quantities

10. Supply side: full breakdown

11. Consumer surplus: full detail

12. Geographic heterogeneity: all maps

13. Center vs. outer: full results



Institutional Background: Paris & Airbnb Main talk Menu

→ Paris: 3rd (2017) then 2nd (2019) most-visited city worldwide (Mastercard Global
Destination Cities Index); 2nd most popular Airbnb destination in Europe in 2017, just
behind London

→ Regulatory timeline:

∗ Oct. 2017: mandatory registration number for entire-home Airbnb listings
∗ 2018: proposed (never enacted) outright ban on Airbnb in the city center
∗ Jan. 2020: cap of 120 rental days/year for entire homes

⇒ Our 2017 sample period predates the strictest regulation, capturing a relatively
unconstrained Airbnb market



Product Definition & Sample Construction Main talk Menu

→ Product = Type (Hotel/Airbnb) × Quality tier × District (20 arrondissements)

→ Hotel price data matched to quantity data by hotel name: 983 of 1,597 hotels matched

→ Dates dropped if price data covers <35% of city-wide rooms → 252 usable nights

→ Quality-district cells require ≥3 hotels (INSEE privacy rule)

→ Airbnb quality: regress prices on listing & time FE, split estimated listing FE into quartiles → 4
quality tiers

→ Up to 180 possible products per market (20 districts × 9 type-quality cells)



Data Aggregation Main talk Menu

→ Products defined as Type–Quality–Location combinations:

Location: 20 arrondissements of Paris

Type: Hotel or Airbnb

Hotel quality: 1 to 5 stars (official classification)
Airbnb quality: 1 to 4 tiers (estimated fixed effects)

Examples: 5-star hotel in the 1st arr., tier-4 Airbnb in the 2nd arr., . . .

→ Market = one night; 252 market days in final sample

→ Quantity data complete; days without sufficient hotel price coverage dropped



Descriptives: Prices and Occupancy Main talk Menu
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→ Hotel prices closely track demand; Airbnb prices far less volatile → hotels are price-setters, Airbnb
hosts are price-takers

→ Airbnb occupancy rises disproportionately when hotels approach capacity – substitution intensifies
on compression nights



Hotel Prices vs. Occupancy Ratio Main talk Menu
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→ Hotel prices rise with occupancy, slope gets steeper as they approach capcity
⇒ Motivates the quadratic marginal cost specification for occupancy ratios above 50%



Market Size Main talk Menu
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→ Market size = combined Google
Trends index for “hotels Paris” +
“Airbnb Paris”

→ Normalized so its average equals
average combined offered rooms;
smoothed via a 4-week trailing
moving average

→ Average market size: 134,000
potential bookings/night (range
107k–165k)



Offered and Occupied Rooms over Time Main talk Menu
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Descriptive Statistics Main talk Menu

Quality Price Rooms Occupied Rooms Offered

Hotels Airbnb Hotels Airbnb Hotels Airbnb

1 85.43 41.23 226.01 4,109.49 345.17 12,721.34
(30.83) (15.81) (194.80) (882.47) (278.17) (1,100.57)

2 97.64 63.67 5,843.27 4,155.29 7,997.14 13,016.21
(26.25) (26.38) (1,084.01) (877.78) (786.28) (1,139.24)

3 128.96 92.12 24,184.41 4,424.84 31,156.13 14,330.40
(34.21) (29.02) (3,619.24) (979.54) (399.57) (1,124.36)

4 188.25 171.36 18,914.88 4,387.33 24,596.47 15,135.65
(56.38) (39.93) (2,832.11) (1,111.94) (528.94) (973.52)

5 482.51 - 4,415.38 - 6,228.55 -
(231.67) - (915.67) - (499.80) -

Averages across markets and products; standard deviations in parentheses. For hotels, prices are calculated

based on dates for which less than 65 percent of prices are missing.



Matched vs. Non-Matched Hotels: Hotel Level Main talk Menu

Star Rating Rooms Occupied Rooms Offered

Share Matched Non-matched Matched Non-matched

1 33.33 45.39 21.08 63.93 31.26
(77.89) (10.52) (102.47) (14.53)

2 26.75 28.69 31.39 38.77 41.73
(33.86) (33.31) (43.36) (41.80)

3 32.26 33.85 36.75 43.37 47.11
(32.44) (39.26) (40.16) (52.17)

4 45.13 59.91 51.63 78.10 65.75
(96.16) (68.56) (125.52) (83.51)

5 32.89 58.18 74.35 82.95 103.65
(39.51) (66.74) (53.78) (95.20)

Averages across markets and hotels; std. dev. in parentheses. Share = % of hotels not matched.



Matched vs. Non-Matched Hotels: Room Level Main talk Menu

Star Rating Rooms Occupied Rooms Offered

Share Matched Non-matched Matched Non-matched

1 19.25 907.73 205.50 1278.78 304.71
(153.63) (34.94) (8.94) (9.13)

2 27.79 4753.02 1859.66 6423.65 2472.21
(895.84) (350.75) (49.79) (46.05)

3 35.84 15900.61 8877.17 20370.08 11378.27
(2579.40) (1397.01) (58.68) (131.76)

4 40.25 11686.96 8061.20 15236.77 10265.54
(1881.30) (1305.69) (522.86) (387.19)

5 35.48 2934.05 1650.19 4182.78 2300.53
(488.89) (321.76) (60.70) (171.71)

Averages across markets; std. dev. in parentheses. Share = % of hotel rooms not matched.



Event Database Construction Main talk Menu

→ Primary sources: UFI Euro Fair Statistics (trade fairs), TimeOut Paris (music/cultural events),
Stade de France box office, Paris Saint-Germain home fixtures

→ For each event: date, location, and estimated attendance (official capacity, or venue-area
extrapolation when unavailable)

Event Start Date End Date Est. Attendance

Paris Fashion Week (Women’s FW) 2017-02-28 2017-03-08 30,000
Roland-Garros (French Open) 2017-05-28 2017-06-11 480,000
Tour de France (Paris Finish) 2017-07-23 2017-07-23 300,000
Bastille Day (Fête Nationale) 2017-07-14 2017-07-14 400,000
Paris Marathon 2017-04-09 2017-04-09 57,000
Journées Européennes du Patrimoine 2017-09-16 2017-09-17 500,000
Nuit Blanche 2017-10-07 2017-10-08 1,000,000
Fête de la Musique 2017-06-21 2017-06-21 250,000

Selected major city-wide events assigned to the city center; full list of 14 events in the paper.



Location-Specific Demand Shifter: Correlation with Occupancy Main talk

Menu
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District Occupancy vs. Demand Shock Main talk Menu
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→ Positive relationship confirms the location-specific demand shifter carries real signal about local
demand



Demand Identification – Detail Main talk Menu

Endogeneity: Ejt correlated with prices and
market shares

Instrument for product j in market t:

Zjt =

∑
k∈Rj

Kkt

1 +
∑
k∈Rj

Ekt

→ Kkt: capacity of rival k
→ Ekt: exposure of rival k to closer events
→ We vary Rj by type and quality tier

Intuition: rivals with high capacity not
absorbed by nearby event demand exert
strong competitive pressure on product j

Relevance:
→ Rival capacity affects prices and market

shares of focal product...
→ ... more so, if rival capacity is not

occupied due to “own” demand shocks

Validity:
→ Location of large events ⊥ residual

unobserved demand shocks in focal
district d(j)



Demand Identification – Location Matters Main talk Menu

- Beyond magnitude, the location of a
shock determines how it affects rival
capacity and thereby prices

- Magnitude is controlled for in the
demand specification (enters consumer
utility via lsjt)

- Identification assumption: location of
observed large demand shocks is
orthogonal to unobserved residual
demand factors affecting prices and
shares in the focal district



Instrument Validity & First-Stage Strength Main talk Menu

→ F-statistic from regressing price on the excluded instruments and mean-utility controls:
140.11

→ Identifying assumption: the location/magnitude of large events near a district’s neighbors
is uncorrelated with residual local demand shocks in the focal district

→ District & market FE plus lsjt absorb aggregate and event-driven demand; residual
variation stems from smaller, idiosyncratic local events (e.g. academic conferences)

→ Hotelling-line intuition: large-event locations are orthogonal to smaller, unobserved
local shocks that determine where residual bookings materialize



First-Stage Regressions: Prices Main talk Menu

Instrument spec. (each incl. lsjt & FE) Hotel price Airbnb price

Zsame
% −1.342 (0.561) 5.970 (0.184)

Zsame
%+1 −0.062 (0.620) 0.965 (0.191)

Zsame
%+2 −1.534 (0.591) −0.819 (0.168)

Zother
%∗ 8.203 (1.604) 1.176 (0.096)

Zother
%∗+1 6.674 (1.007) 1.230 (0.091)

Zother
%∗+2 0.938 (0.778) −0.207 (0.101)

lsjt coefficient (range) 13.6–13.9 −1.22 to −1.39
Observations 14,738 19,173
FE: district, market, quality×type X X

Each column entry is from a separate OLS regression including one instrument plus lsjt and FE.
Heteroskedasticity-robust SEs in parentheses.



First-Stage Regressions: Occupied Rooms Main talk Menu

Instrument spec. (each incl. lsjt & FE) Hotel occ. rooms Airbnb occ. rooms

Zsame
% 8.629 (4.609) −62.662 (2.940)

Zsame
%+1 −26.131 (4.569) −17.536 (2.487)

Zsame
%+2 −76.608 (5.906) −9.393 (3.207)

Zother
%∗ 41.602 (8.617) 5.294 (1.590)

Zother
%∗+1 −2.008 (7.192) −11.694 (1.368)

Zother
%∗+2 −29.721 (7.812) −18.526 (1.592)

lsjt coefficient (range) 215.7–226.7 167.5–170.0
Observations 14,738 19,173
FE: district, market, quality×type X X

Each column entry is from a separate OLS regression including one instrument plus lsjt and FE.
Heteroskedasticity-robust SEs in parentheses.



Own-Price Elasticities by Arrondissement Main talk Menu
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Cross-Price Elasticities w.r.t. Other Arrondissements Main talk Menu

0.01 0.02 0.03 0.04 0.05

(a) 1st arrondissement (central)
0.02 0.04 0.06 0.08

(b) 12th arrondissement (peripheral)

→ Central district: substitution concentrated near city center, decays rapidly with distance
→ Peripheral district: more diffuse substitution including to central districts – location less decisive



Cross-Price Elasticities: All District Pairs Main talk Menu
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Cost Estimation: Methodology Main talk Menu

→ Hotels: rearrange the FOC so the LHS (price + markup term − capacity penalty) is observable
given demand estimates

∗ Regress LHS on product/month/district-trend FE (cjt) and squared excess demand
interacted with district × quality FE (θd(j),%(j))

∗ Instrument the (endogenous) high-occupancy indicator with: log Google-Trends “airbnb
paris”, log Google-Trends “hotel paris”, and lsjt (each × quality × district); 2SLS

→ Airbnb: invert qjt/kjt = Φ
(
pjt−µjt

σ%(j)

)
∗ Regress Φ−1(qjt/kjt) on price × quality (identifies 1/σ%(j)) and FE (identifies −µjt/σ%(j))
∗ Same instruments as hotels; 2SLS



Exogenous Airbnb Supply Main talk Menu
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→ Predict Airbnb listings from a quartic time trend + leisure outgoing traffic (weekend/holiday
excess over weekday baseline)

→ Summer holidays: trend × summer dummy used instead of traffic
→ Captures medium-run/seasonal supply variation plausibly exogenous to short-run local demand
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→ Model matches average prices both cross-sectionally and over time; similar fit for quantities
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Supply Side Effects: Full Breakdown Main talk Menu

Category Baseline ∆ Q ∆ P ∆π

Q P π

Airbnb

1 1,035,592 55.04 2,421,468.94 -1,035,592 -2,421,468.94
2 1,047,132 62.39 2,822,303.06 -1,047,132 -2,822,303.06
3 1,115,059 81.34 4,442,905.07 -1,115,059 -4,442,905.07
4 1,105,607 166.19 11,951,610.13 -1,105,607 -11,951,610.13

Hotel

1 34,580 74.40 1,114,209.54 +10,751 +37.07 +1,849,748.32
2 1,472,505 92.73 47,387,629.94 +388,795 +46.36 +90,003,213.56
3 6,094,471 128.07 299,662,439.29 +1,004,430 +46.83 +350,480,627.68
4 4,766,550 201.90 359,890,967.63 +590,777 +47.24 +271,086,576.74
5 1,112,676 534.63 271,565,430.01 +58,152 +47.29 +64,953,792.74

Total 17,784,172 1,001,258,963.61 -2,250,486 +756,735,671.85

Baseline: observed Q, P , π by category. ∆: change without Airbnb (hotels readjust prices).
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→ Consistent with Farronato and
Fradkin (2022): price channel
largest when hotels near capacity

→ Key difference: local capacity
constraints bind far more
frequently than city-wide ones

→ Geographic dimension therefore
amplifies welfare gains
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Geographic Heterogeneity: Hotel Price Changes Main talk Menu
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→ Absent Airbnb: hotel prices increase 12–80 euros/night (6%–69%) across districts
→ Outer districts experience larger effects – Airbnb constrains market power more in the periphery
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→ Hotel profits increase 14%–715% across districts absent Airbnb
→ Low-to-mid-scale hotels in outer districts gain most; 5-star central hotels least affected
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→ District-level booked-night increases range from 5,000 to 261,000 nights (1.9%–29%)
→ Quantity increases are larger for hotels in less central areas, mirroring the price and profit patterns
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Remove Airbnb from Center
Remove Airbnb from Outside
Overall

→ Center contribution: relatively stable over time
→ Outer district contribution: fluctuates strongly with demand – dominant in high-demand

periods



Center vs. Outer Districts: Supply Side Effects Main talk Menu

Category No Airbnb in center No Airbnb outside

∆ Q ∆ P ∆π ∆ Q ∆ P ∆π

Airbnb

1 -522,521 +1.30 -982,071.65 -65,786 +0.45 +809,104.53
2 -132,826 +1.94 +357,928.49 -638,977 +2.78 -579,125.18
3 -424,236 +2.66 -1,670,103.77 -430,304 +3.19 +633,099.95
4 -784,018 +4.80 -9,231,940.93 -204,827 +4.28 +948,272.15

Hotel

1 +4,098 +5.06 +385,072.05 +6,233 +20.15 +958,196.03
2 +133,385 +8.34 +17,677,028.38 +253,896 +20.19 +40,838,112.92
3 +137,135 +11.40 +75,355,798.26 +573,474 +20.85 +152,836,133.68
4 +122,076 +11.79 +63,677,970.56 +269,334 +21.99 +118,024,857.92
5 +23,218 +18.82 +29,192,717.16 +10,838 +20.03 +29,518,323.94

Total -1,443,689 +174,762,398.55 -226,119 +343,986,975.95

→ No Airbnb outside: hotel prices rise ≈20 euros/night everywhere; hotel profits +344M euros
→ No Airbnb in center: hotel price increases much more muted (5–19 euros/night); profits +175M

euros
→ Removing Airbnb outside also benefits remaining Airbnb hosts (higher market prices), while center

removal hurts them



Hotel Price Changes: Center vs. Outside Scenarios Main talk Menu
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