
Urban Welfare: Tourism in Barcelona

Treb Allen
Dartmouth & NBER

Simon Fuchs
FRB Atlanta∗

Sharat Ganapati
Georgetown & NBER

Rocio Madera
SMU & CESifo

Alberto Graziano Judit Montoriol-Garriga
CaixaBank Research∗

Boston University
September 2023

∗The views expressed herein are those of the authors and not necessarily those of CaixaBank, the Federal Reserve Bank of Atlanta, or the Federal Reserve System.



What is the spatial effect of an economic shock?

� Option 1: Regression based framework, e.g.:

yit = � � shockit + �i + �t + "it

+ “Lets the data speak”; relaxes parametric assumptions (e.g. Frechet).
– No insight into aggregate & welfare effects; ignores GE spatial linkages.

� Option 2: Model based framework: e.g.:

ŷit =
JX

j=1

�ij � ^shockjt � ŷ�jt

+ Incorporates aggregate & welfare effects + GE spatial linkages.
– Relies on model assumptions / simplifications; results can be opaque.
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+ Incorporates aggregate & welfare effects + GE spatial linkages.
– Relies on model assumptions / simplifications; results can be opaque.



What is the spatial effect of an economic shock?

� Option 1: Regression based framework, e.g.:

yit = � � shockit + �i + �t + "it

+ “Lets the data speak”; relaxes parametric assumptions (e.g. Frechet).
– No insight into aggregate & welfare effects; ignores GE spatial linkages.

� Option 2: Model based framework: e.g.:
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This Paper: Option 3

� Regression based approach, designed by theory.
� Welfare effects of (local) shocks with minimal modeling assumptions.
� “Lets the data speak”: Incorporates GE spatial linkages into empirical framework.

� Based on two theoretical insights from simple model:
1. Envelope theorem applied to residents’ consumption & commuting �! Analytical Welfare
2. Perturbation to market clearing �! GE spatial linkages

� Apply methodology to estimate welfare effect of tourism in Barcelona:
� Rich new data on expenditure and income spatial patterns
� Causal (shift-share) identification from variation in tourist timing from RoW

� Show that it outperforms options 1 & 2.
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Outline of Talk

A General Methodology for (small) Urban Shocks

Tourism in Barcelona

Empirical Strategy and Identification

Is Tourism Good for Locals?

Comparison with a Quantitative GE Model

Conclusion



Setup Setup Details

� A city is a set of f1; :::;Ng � N blocks.

� Each n 2 N inhabited by representative resident
� with homothetic preferences.

� Each i 2 N inhabited by representative firm producing differentiated variety
� with CRS technology.

� Residents Blocks are separated by (iceberg) commuting and trade costs.

� Tourists reside in RoW i = 0, produce own (numeraire) variety.

Question
Impact of a (foreign) demand shock ET �

�
ET

1 ; :::;E
T
N
	
on residents f1; :::;Ng welfare?
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Residents

� Representative residentn consumes/commutes to solve:

max
f cni;lnig

un

�
f cnigi2f 0;N g

�

s.t. to budget & labor constraints:
X

i2f 0;N g

pnicni �
X

i2N

wnilni

Hn
�
f lnigi2N

�

increasing & weakly convex

� Tn
�xed labor endowment

� Homothetic demand =) un = vn=G(pn), where incomevn solves:

vn � max
f lnig

X

j2N

wjlnj

s.t. the labor constraint.
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Insight 1: An analytical expression for welfare impact of (small) shocks
Q: What is the �rst order impact of a change in prices and/or wages on the welfare of residents in n?

� Optimization gives indirect utility un = Tn

Wage aggregator
J(wn)

G(pn)
Price aggregator

� Then envelope theorem yields

d lnutility n =
X

i

commutingn! i � @lnwagesi

| {z }
� Spatial Income

�
X

i

spendingn! i � @lnpricesi

| {z }
� Spatial Price Index

(1)

� Extends the insights of e.g. Houthakker (1952), Domar (1961), Hulten (1978),
Deaton (1989), Porto (2006) to an urban setting with commuting.
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Production and Market Clearing

� Representative �rm in location i 2 N combines labor, capital and a speci�c
factor to produce its differentiated variety, with share of � l

i (� k) of income
accruing to labor (capital).

� In equilibrium:
� Firm income is equal to total sales:

yi = piqi =
X

n2N

sinvn + siE
T;

where siET is the demand shock in i.

� Fraction � l
i of �rm income accrues to labor:

X

n2N

wi lni = � l
i

 
X

n2N

sinvn + siE
T

!



Production and Market Clearing

� Representative �rm in location i 2 N combines labor, capital and a speci�c
factor to produce its differentiated variety, with share of � l

i (� k) of income
accruing to labor (capital).

� In equilibrium:
� Firm income is equal to total sales:

yi = piqi =
X

n2N

sinvn + siE
T;

where siET is the demand shock in i.

� Fraction � l
i of �rm income accrues to labor:

X

n2N

wi lni = � l
i

 
X

n2N

sinvn + siE
T

!



Production and Market Clearing

� Representative �rm in location i 2 N combines labor, capital and a speci�c
factor to produce its differentiated variety, with share of � l

i (� k) of income
accruing to labor (capital).

� In equilibrium:
� Firm income is equal to total sales:

yi = piqi =
X

n2N

sinvn + siE
T;

where siET is the demand shock in i.

� Fraction � l
i of �rm income accrues to labor:

X

n2N

wi lni = � l
i

 
X

n2N

sinvn + siE
T

!



Production and Market Clearing

� Representative �rm in location i 2 N combines labor, capital and a speci�c
factor to produce its differentiated variety, with share of � l

i (� k) of income
accruing to labor (capital).

� In equilibrium:
� Firm income is equal to total sales:

yi = piqi =
X

n2N

sinvn + siE
T;

where siET is the demand shock in i.

� Fraction � l
i of �rm income accrues to labor:

X

n2N

wi lni = � l
i

 
X

n2N

sinvn + siE
T

!



Insight 2: An analytical expression for GE propagation of shocks
Q: What is the short-run impact of a change in ET on prices and wages?

� Holding labor & exp. shares �xed and perturbing the market clearing
conditions:

@lnp = �
�
Md lnw + DT@lnET

�

@lnw = � (I � M)� 1 DT@lnET

where � � 1� � k and:

M � (Dy)
� 1 SDvC; S � [sin] ; C � [cnj] ;

Dy � diag (yi) ; Dv � diag (vn) ; DT � diag
�

siET

yi

�

! Short-runGE response tolocal shocks in static framework.
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Intuition for the GE propagation
Consider externaldemand shock ET to a city

location n

sT
i = 1

ET

location i location j
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Insight 2: Analytical expressions for GE propagation of shocks, ctd.
� Solving the system and using a Neumann series expansion:

@lnpi

@lnET
= �

�
1+ [ Mii] +

�
M2

ii

�
+ :::

�
�

siET

yi

�

| {z }
GE HTE of own shock

+ �
X

j6= i

�
[Mij] +

�
M2

ij

�
+ :::

�
�

sjET

yj

�

| {z }
GE spillovers from shocks elsewhere

(2)

� And similarly for residential incomes:

@lnvn

@lnET
= �

X

j2N

cnj

X

k2N

��
M0

jk

�
+ [ Mjk] +

�
M2

jk

�
+ :::

�
�

skET

yk

�
(3)
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Taking stock

� Question: Welfare impact on residents of a demand shock in a spatial network?

� Proposed framework provides analytical expressions for:

� Resident welfare (equation 1)

� GE propagation of demand shocks throughout the city (equations 2 and 3).

� Evaluating the welfare effects of an urban shock requires:
� Consumption share data S � f snig

N;N
n= 1; i= 1

� Income share data C � f cnig
N;N
n= 1; i= 1

� Estimates of key elasticities: f @ln pi; @ln vngN
i= 1 to an exogenous shock @ln ET (next)
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(Within-year) welfare impact of tourism spending on locals?

� Large part of the economy

� 7% of world exports
� 330 million jobs

� Spain: 11% of GDP

� Growing, especially in cities

� BCN: 25% secular" in past 5 yrs

� BCN: 200% seasonal" within year
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� Spain: 11% of GDP

� Growing, especially in cities
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� BCN: 200% seasonal" within year

� Contentious



New Generation of High Resolution Urban Datasets

� Working closely with Caixabank, largest Spanish bank based in Barcelona

� First paper to combine:

1. High resolution bilateral expenditure data.

2. High resolution residential income data.

3. High resolution commuting data.



High Resolution Data on Urban Consumption & Income Networks

Consumption Shares
� Source:Caixabank's account & point-of-sale data (165M+ transactions pa) � 54% of total exp. (HBS)

� Locals: 1095 residential tiles� 1095 cons tiles � 20 sectors � 36 months (1/2017 - 12/2019)

� Tourists: 15countries of origin � 1095 cons tiles � 20 sectors � 36 months

Income Shares
� Source:Caixabank's payrolls from over 400k accounts
� Mean, total, and median income per 1095 residential census tract Comparison: INE

� Combined with mobility patterns imputed from weekday lunches

+ Alternative commuting patterns from cell phone locations (INE)

Housing prices and rental rates
� Idealista ("Spanish Zillow")

� Monthly frequency for neighborhoods (more aggregated than census blocks)
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Two Stylized Facts Towards Welfare Analysis

FACT 1:Tourist spending varies across space and time
! Identi�cation strategy for elasticities

FACT 2: Locals' spending and income spatially determined by residence
! Consumption and Income shares
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Fact 1A: Tourist spending varies across space

Tourist Spending Time Series



FACT 1B: Tourism varies across time within the city
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! Consumption and Income shares



Fact 2: Locals spending and income patterns vary by residence

Cross-Sec. Local Spending Cross-Sec. Income Exp Gravity Commuting Gravity
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From Theory to Estimation

� Recall from equation (1) we have the following welfare expression:

d lnun = @lnvn �
X

j2N

snj@lnpj

� From equations (2) and (3) we have the changes in prices and incomes:

@lnpi = �
X

j2N

X

k� 0

Mk
ij

 
ET

j

yj

!

@lnET
j

@lnvn = �
X

i2N
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X
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From Theory to Estimation

� Recall from equation (1) we have the following welfare expression:

d lnun = @lnvn �
X

j2N

sjn@lnpj

� Equations (2) and (3) in regression form:

lnpit = �
X

j2N

X

k� 0

Mk
ij

 
ET

j0

yit

!

lnET
jt + � i + � t + " it

lnvnt = �
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i2N

cni

X
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Two Empirical Challenges

1. What about non-pecuniary effects?

� Example: Value eating at a restaurant near the beach more than just the food.

� Tourists may change those amenities.

! Solution:Use expenditure share gravity to recover "amenity adjusted" prices.

2. Tourist spending f ln ET
it g may be correlated with other changes in prices and incomes

f " itg

� Example: Both tourists and locals prefer to spend more time near the beach when weather is nice.

! Solution: �shift-share� IV relying on variation in tourist preferences across origins &
timing of visitors (from Fact 1B)
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f " itg

� Example: Both tourists and locals prefer to spend more time near the beach when weather is nice.

! Solution: �shift-share� IV relying on variation in tourist preferences across origins &
timing of visitors (from Fact 1B)



1. Recovering amenity-adjusted prices

� From CES preferences, derive gravity regression, estimate by PPML

� ln � it is the destination �xed effect of a gravity regression:

ln Xnit = ln � nt + ln � it + ( 1� � t) ln � nit + " nit

� � nit is the iceberg friction (calculated from travel time, origin income, and average bilateral
expenditure)

� ln � it denotes attractiveness of i = prices & amenity value

� Low ln � it means either prices are very high or amenity value low

� Amenity-adjusted prices: lnpit = ( 1=(1� �̂ t)) � ln �̂ it
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2. Identi�cation: Shift-Share IV from Het Tourist Pref

� Intuition: Use fact that tourists from different countries visit at different times,
spend money in different places

� Instrument for tourist expenditure with:

BT
it =

X

g2 T

s0
git � ET

gt

� Sharess0
git capture spatial preferences for tourist origin g in baseline

� Shifts ET
gt from changes in total tourist expenditure (elsewhere)

First Stage
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Estimation & Results



Effect of tourism on prices
� Average treatment effect:

lnpit = � 1 lnET
it + � i + � t + " it

� With own & others GE linkages:

lnpit = � 1 lnET
jt + � 2 (1+ [ Mii] + :::)
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Effect of tourism on prices

Dependent Variable: Log Local Price (Amenity-Adjusted)

ATE:

GE (exact sum): GE (exact sum):

No Spatial Spillovers

All Spatial Spillovers Own/Else Spillovers

Local Tourist Spending 0.0536�

-0.0357 -0.0357

(0.0292)

(0.0258) (0.0263)

Tourist Spending Everywhere (GE)

0.3449���

(0.0607)

GELocally

0.3306���

(0.0558)

Spillovers from Elsewhere

0.4184���

(0.1463)

Fixed-effects
Census Tract Yes

Yes Yes

Year-Month Yes

Yes Yes

N 25,379

25,379 25,379

Within R2 0.01481

0.03878 0.04174

Driscoll-Kraay (L=2) standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.

Impact on housing
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Inside GE Propagation
Prices

� Consider different degree
approximations to GE linkages

� GE Exact� Leontief Inverse

- Thinner C.I: Driskoll-Kraay S.E.

- Thicker C.I: Robust S.E.
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Effect of tourism on incomes
� Average treatment effect:

lnvnt = � 1 lnET
nt + � n + � t + "nt

� With own & others GE linkages:
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Effect of tourism on incomes
Dependent Variable: Log Local Earnings

ATE: GE: GE:
No Spatial Spillovers All Spatial Spillovers Own/Else Spillovers

Local Tourist Spending 0.0109 0.0059 0.0059
(0.0065) (0.0045) (0.0044)

Tourist Spending Everywhere (GE) 0.3040��

(0.1464)
GELocally 0.3040��

(0.1462)
Spillovers from Elsewhere 0.3032

(0.2453)

Fixed-effects
Census Tract Yes Yes Yes
Year-Month Yes Yes Yes

N 25,379 25,379 25,379
Within R2 0.00025 0.00116 0.00116

Driscoll-Kraay (L=2) standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.



Inside GE Propagation
Incomes

� Consider different degree
approximations to GE linkages

� GE Exact� Leontief Inverse

- Thinner C.I: Driskoll-Kraay S.E.

- Thicker C.I: Robust S.E.
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Is tourism good for locals?

� Welfare Formula

d lnun =
@lnvn

@lnET
i

� d lnET
i �

X

i

sni �
@lnpi

@lnET
i

� d lnET
i

� sni use baseline averages in 2017

� Predict income and price changes from January to July using our data and IV
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