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Abstract

Conventional hedonic techniques for estimatingwhkie of local amenities rely on the assumptiont tha
households move freely among locations. We shawwhihen moving is costly, the variation in housing
prices and wages across locations may no longkrctahe value of differences in local amenitiese W
develop an alternative discrete-choice approachmtifmlels the household location decision direcityd

we apply it to the case of air quality in U.S. medreas in 1990 and 2000. Because air pollutidikesy to

be correlated with unobservable local charactessuch as economic activity, we instrument for air
quality using the contribution of distant souraesotcal pollution — excluding emissions from losalrces,
which are most likely to be correlated with locanditions. Our model yields an estimated elastioity
willingness to pay with respect to air quality of38 to 0.42. These estimates imply that the median
household would pay $149 to $185 (in constant 1B824 dollars) for a one-unit reduction in average
ambient concentrations of particulate matter. €hestimates are three times greater than the nahrgin
willingness to pay estimated by a conventional mézlanodel using the same data. Our results arestob
to a range of covariates, instrumenting strategisl functional form assumptions. The findings also
confirm the importance of instrumenting for localgollution.

Keywords Particulate matter, valuation of air quality, eadgedonic models, migration costs, residential
sorting, discrete choice models
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1 Introduction

Since Rosen’s (1974) seminal paper, economists hagd hedonic techniques to estimate the
value of a wide range of amenities, including claamn school quality, and lower crime rates. Theaq)
attraction of the approach is that it uses obsebaddhvior in housing and labor markets to infervalkeie
of non-market goods. On the standard assumptiahiridividuals choose the residential locationg tha
maximize their utility, marginal rates of substitut between local amenities and other goods wiliagq
the price ratio. Hence the marginal willingnessptry for those amenities can be measured by their
implicit prices, as reflected in housing prices amages. The broad avail of this approach, alond wit
considerable practical interest in the estimateprdvides, explains the continuing interest among
economists in the theory and identification of h@danodels-

This paper addresses a crucial but often overlo@sstimption in hedonic models, and shows
how that assumption may lead to biased estimatesilliigness to pay for local amenities. Hedonic
models typically assume that people can move fraglgng locations when they buy homes and choose
jobs. If so, wages and rents must adjust to reftecimplicit prices of local amenities; hencelliwgness
to pay can be inferred from variation in housinicgs and income. The key assumption of perfect
mobility, however, ignores an important featurettad real world: migration is costly. Moving to am
city entails not only out-of-pocket costs, but (fuaore important) psychic costs of leaving behind’'s
family and cultural roots. Data on residential icks suggests that such costs are significant.leThab
relates birth location to residential locationslhiows that great majority of U.S. household headgle in
the region of their birth. A similar pattern holdsthe state level. This strong revealed prefardor
staying close to home belies the assumption thatlential choices reflect a simple tradeoff between
local attributes and prevailing rents and wagésnigration costs enter into residential locatiatigions,
they should be considered by analysts measuringaiue of local amenities.

How will migration costs affect estimates of willmess to pay? Consider an exogenous
improvement in air quality in a particular cityn tesponse, we would expect housing prices toamsk
wages to fall until a new equilibrium is reachdéimigration is costless, these changes will fuldlect
the value of the cleaner air. But if migrationcisstly, the change in housing prices and wages bwist
smaller: the benefit someone gets from moving ® dlty must now compensate her not only for the
higher rents and lower income, but also for tha obsnoving. To see the intuition, consider someon
born in Detroit who would willingly pay $100 forehgain in air quality that she would get from mayin

to an otherwise identical neighborhood in Tucséfrthe disutility of moving to the new city is $46he



will move only if the difference in housing pricé@set of income) is less than $60. Hence the chamge
housing prices and wages that accompanies a clamgequality will understatewillingness to pay for
clean air. Notice also that the extent of the usta¢éement depends on the size of migration cetdtive
to the benefits from the amenity — a point to whighwill return below.

Beyond the theoretical questions of identificatimmd estimation, numerical estimates of the
value of local public goods are of great practicé¢rest. Again consider the example of air gualit
whose protection motivates a range of governmehtips that impose substantial costs on firms and
consumers. A comprehensive survey of cross-sedtibedonic property value studies found wide
dispersion in estimated willingness to pay, withngnanstances of negligible or even negative estat
(Smith and Huang 1995). If those low estimateg@liable, the costs of stringent air pollutionukdion
may outweigh the benefits. On the other hand,enad that such estimates understate the valuear cl
air would bolster the case for government policy.

In this paper, we show how migration costs camierporated into a hedonic analysis. We start
by incorporating migration into the canonical wamggtonic model proposed by Roback (1982). If
moving is costly, then the sum of the derivativebausing prices and wages with respect to the #ynen
— the standard hedonic measure of marginal willésgrto pay — will no longer equal the implicit priaf
the amenity. The more costly is migration relatisethe marginal benefits of an improvement in the
amenity, the greater will be the bias from ignonmnigjration costs in the analysis.

To allow for costly mobility, we employ a differeampirical strategy. The starting point for our
analysis is the household location decision, rathan the first order condition implied by a traatial
hedonic model. This approach allows us to incamigration costs (as the implicit disutility of
moving various distances from one’s birth statedatly into the household optimization problem.

We apply our method to the case of air quality ecffirally, ambient concentrations of particular
matter (“PM10") in metropolitan areas throughout th.S., for the years 1990 and 2000. We study air
pollution in general, and PM10 in particular, fonamber of reasons. First, an estimate of the @omm
value of improvements in air quality is of centralportance to the U.S. Environmental Protection
Agency in the regulation of air pollution under tkdean Air Act and its subsequent amendments.
Second, air quality improved significantly over tdecade studied, providing useful panel variation.
Third, migration costs are likely to be large refatto the potential gains of changing locations tfee

sake of air quality; hence ignoring such cost#ily to produce substantial bias in estimates giPNor

! The study of the theory and identification of heidamarkets in competitive settings dates backdseR (1974). The topic has
recently seen a resurgence with methodological rsabg Ekeland, Heckman and Nesheim (2004), Heckrivatzkin, and
Nesheim (2005), and Bajari and Benkard (2001).



air quality? Fourth, a long literature, dating back to Ridkerd Henning (1967) and Harrison and
Rubinfeld (1978), has used hedonic methods to vailuguality (see Smith and Huang (1995) for a meta
analysis). Finally, particulate matter is a ndtutaoice of pollutant: it is the standard measufraio
pollution used in the literature, and an increaddogly of evidence suggests that it is by far thestmo
important local air pollutant in terms of healtlfieets.

Our empirical analysis proceeds in two stagesstfive use a discrete-choice model to infer the
utility associated with living in various metropg@aln areas. We then regress these metro-aregatiin
air pollution concentrations in order to recovee thllingness to pay for air quality. This secatdge is
analogous to the traditional hedonic approach, lwitegresses housing prices on air pollution. An
identification problem thus arises that is endetitedonic analyses. As Chay and Greenstone (2005)
point out, local air quality is likely to be coratéd with unobserved local economic factors thso al
affect housing prices. If so, naive estimates itiingness to pay will be biased downward — helpiag
explain the low estimates reported in the exislitegature.

We employ a novel instrumental variables approactieial with this endogeneity problem. The
intuition behind our approach is simple. Althoulgital emissions (correlated with local economic
activity) are the major determinant of local aimfity, pollution also wafts in from distant source$he
tall stacks of electric power plants spew partitailmatter and other pollutants high into the atrhesp,
where they travel great distances before affeagirmgind-level air quality. Distant emissions, hoegv
are likely to be uncorrelated with local economitivdaty — a conjecture that is confirmed by the adat
Hence pollution from distant sources provides aimatinstrument for local air pollution. We comeut
this instrument using a detailed source-receptdrixyaeveloped for the U.S. EPA, that relates ainiss
from nearly 6,000 sources to particulate matteceatrations in each county in the U.S.

Our results demonstrate the importance of accogiitinendogeneity and incorporating mobility
costs. As a preliminary step, we estimate a fiadt wage-hedonic model. Instrumenting for air
pollution greatly increases the magnitude of thereded coefficient on particulate matter concerdra
in a regression of housing prices on local ameniti€he elasticity of housing prices with respecit
pollution estimated by instrumental variables i560to -0.63. Income is essentially unaffectedaby
pollution. Since housing accounts for approxiryatme-fifth of a household’s total expendituresda
the hedonic approach assumes that the entire vhlioeal amenities is incorporated into housingesi

and income, this estimate corresponds to an algspictotal willingness to pay of -0.10 to -0.13.

2 As a likely contrast, consider the case of houlsishsorting across school districts within a sifgiBA in response to changes
in school quality. Here we would expect that miigna costs would be low, and that households wdaddhighly motivated,
leading to an expectation that the bias may beguntall.



These initial results provide a benchmark for asiggsthe results of our residential sorting
model. In line with intuition, the estimated valokclean air rises considerably when migrationsase
taken into account. In our full model, the elastiof total willingness to pay with respect to aillution
is estimated to be between -0.34 and -0.43. ltadtérms, these elasticities correspond to makgina
willingness to pay between $149 and $185. By caispa, the marginal willingness to pay estimated
from the conventional hedonic model is $55. Ineotiwvords, the value of clean air implied by our
residential sorting model is roughly three timesager than that found by applying the standard iedo
approach to the same data. Importantly, we shavdbr parameter estimates are robust to a range of
alternative specifications.

These results suggest that migration costs are largpugh (relative to the benefits from air
quality) that only a third of the total economidu& of the improvements in air quality over the 099
was reflected in housing prices. These resultg r@portant implications for policy, suggestingttttze
economic benefits of regulations that reduced qalete matter emissions are substantially largen th
found in previous studies.

The remainder of the paper proceeds as followse fidxt section demonstrates the difficulties
that mobility costs pose for the standard wage-hidanodel, and then develops the alternative
econometric approach we use in this paper. Se8tidascribes the data we use to identify both nsodel

Section 4 details our empirical specification, &w®ittion 5 presents our results. Section 6 conslude

2 Econometric models for valuing local amenities

2.1 Incorporating mobility costs into the traditia hedonic model

Consider the following variant of Roback's (1982)dual, incorporating mobility costs. We present the
simplest possible version of this model in orded@monstrate the basic intuition. At the end & th
section, we argue that extending the model to nitakmre realistic will only exacerbate the diffities
introduced by mobility costs.

As in Roback's model, all individuals simultanegqusihoose their location along with
consumption of a composite commmod@yand a non-traded good (“housingd) Each locatiorn is
characterized by a quanti¥ of a location-specific amenity (“air quality”)n laddition, there is a moving
costM; associated with settling in cify Following Roback, we assume that individualsehalentical
preferences and abilities. To keep the model raplsi as possible, we suppose that all individueds a
born in the same place, and that moving costs ammm@otonic function of the amenity level. For
example, we might imagine that everyone is bora aentral location, and that other cities are ayedrin
concentric rings with amenities improving as onevemoutward. While heroic, these assumptions are

useful in conveying the basic intuition; we disctiss consequences of more general assumptions below



Each individual chooses her locatipnalong with consumption of andH, to maximize her

utility subject to a budget constraint:

(1) max,U(C,H;X;,M;) st. C+

H=1.
{C,H,xj} .

i

wherel; is income in location; ; is the price of housing in locatignand the price of the composite
commodity is normalized to unity. In equilibriuraah individual must be indifferent among locatioifis;

not, she would prefer to move. Hence indirecttytillenoted/, is constant:

(2 V(I X ,M)°V.

v M
The individual's problem is to trade off local anties against wages and rents (which affect the
budget constraint and determine the individual'sistomption of commodityC). Taking the total

derivative of equation (2) and using Roy’s Identity substitute forH =-V,/V,, we arrive at the

following equation for the implicit amenity prige :

3 pepd.dl Vydu

dX dX Vv, dx

Hencep is the marginal willingness to pay: more precis¢he change in income that would exactly
compensate the individual for a marginal changéhe amenity at her chosen location. The first two
terms on the right-hand side of equation (3) aesfémiliar terms from Roback’s analysis. If malyilis
costless {Yu = 0), or mobility costs are constamtM = 0), then the model is identical to Roback’s. In
those cases, the implicit price of the ameditgan be measured as the extra cost of housing ntiieus
compensating wage increase.

When mobility costs are positive and vary with lib@a, the familiar equation no longer holds.
Suppose that the amenity increases with distarmee @. In this caseyy < 0 (since mobility is costly)
anddM/dX > 0. Thus the true value of a marginal change inatnenity, given by, is greater than the
sum of the housing price and wage effects. Inelyi, when it is more costly to move to locationishw
better amenities, the housing and labor marketsagibear to undervalue those amenities: in order to
induce anyone to move to the more attractive I@;alents must be lower (or wages higher) than they

would in a world without mobility costs.



Even this simple model poses difficulties for enual analysis. If moving costs could be
directly observed, thedM/dX could be estimated much as the housing pdcé&¥X) and incomedl/dX)
gradients are, and the implicit prigé could be inferred. BuM is likely to be unobservable, since it
represents the disutility of moving to an unfanmiliglace far from home. Moreover, the restrictive
assumptions we have made so far amount to the dasst scenario for the traditional model. For
example, suppose that individuals are born in gffe locations. Then the indifference conditiof (2
need no longer hold for all individuals in all loicams, invalidating the total differential approatitat
determines the key marginal conditions given byagign (3). Or suppose that mobility costs do rautyv
systematically with location; then there is no lengny reason to expect that the implicit price intes
equal across locations, which is the central idi@nty assumption of the hedonic model. We conclude

that when mobility costs are likely to be signifitaa different empirical strategy is necessary.

2.2 A model of residential sorting
To surmount these difficulties, we develop a sttt approach that explicitly models the location
decision as taking place prior to the consumptibhausing and the composite commodity. Essentially,
we push the analysis back a step, examining thieyutiaximization problem in (1) rather than simply
analyzing the equilibrium condition implicit in (3)Estimation proceeds in two steps. First, wekpa
discrete-choice model of the household locationisime. Doing so allows us to estimate city-specifi
fixed effects that represent the composite utitifyocal attributes. Second, we regress thesenattd
fixed effects on local amenities, using instrumengaiables to correct for likely endogeneity.

We start by assuming the following utility functidor individual i living in locationj and

consuming quantitie§; andH; of the numeraire good and housing, respectively:

M + : +

(4) Ui’j:CiCHiHXj Xg ) b

As before,X; denotes the local amenity of interest (here, aiality). M;; measures the long-run
(dis)utility of migration associated with movingpfni’s birth location to destinatiop This formulation
is meant to capture mobility constraints, broadéfined. Unobservable attributes of locatijoare
captured in ;. Finally, i; represents an individual-specific idiosyncratienpmnent of utility that is
assumed independent of mobility costs and cityadtaristics.

Individuals maximize their utility subject to theidget constraint in equation (1). Incorporating

that budget constraint into the utility functionfferentiating with respect tbl;, and rearranging yields:



I
6) W= o
Tobyt by

Equation (5) states that housing expenditure adesdona constant fraction of income, given y( 4 +
c). For the sake of exposition, we assume théhe price of housing services in locatjpiis known; in
the empirical analysis we will estimate it from ttheta, as described in Section 4 below.

Substituting foH” in (4) and using the budget constraint yields tieérect utility function:

pin j+ xInX+ 5+

© V=11t j e

where | ° -+ . Marginal willingness to pay (MWTP) for the amignk; equals the marginal rate

by i
of substitution betweeiX; and income: i.e., for individual MWTP =b—x—".

I j

Note that while the

coefficient on the amenityy, is constant across individuals, MWTP varies wittome.
The analysis so far assumes that incdme known for every individual in every region. In
practice, of course, we must estimate what incoroaldvhave been in regions not chosen. Thus we
r |

decompose income into a predicted mean and anyioatic error term: i.e.); ; =1; ; + "i,;j. (In

Section 4, we describe how we estimate income fiteendata.) Substituting this into equation (6) and
taking logs yields:

(1) V= Inl +M+ |+
where

(8) j=- nlin

and

9) u;° b eil,j +h;



; comprises all of the utility-relevant attributes lafcation j that are constant across individuals.
Meanwhile, ; is an error term that summarizes individuglidiosyncratic preferences for locatipn

Each individual chooses her location to maximize dtdity. We assume that the idiosyncratic
city preferences, i.e., the{}, are independently and identically distributedtygse | extreme value. This
implies that the share of the population choosimdivte in city j is given by a logit specification. In

practice, it is convenient to divide the right-haside of equation (7) by;, the marginal utility of income.
Let tildes denote variables multiplied by l1/e.g., = . Hence the probability that individu&l

settles in locatiof can be written

(Inli'j +Mi,j + J)

(10)  P(NnV, ;2 InVi; " 1t j)=—

o (Nfig+Mig+ o)

g=1

The parameter ° 1/ , is a logit scaling parameter. We estimate equdoh by maximum likelihood.

We recover the{~ }as parameters in the logit estimation. These-gpicific fixed effects
represent the indirect utility (somewhat loosellge t“quality of life”) from residing in each city,
independent of mobility costs or income. In thesssl stage of estimation, we regress the estin{a~t}ed

on local air pollution concentrations and othermlaamenities. From equation (8), we have

(11) j:- H|I’l j+ XIan"'

j .

- X.
Notice that b, = MWTPR”~ L . Thus the coefficient on ¥ in equation (11) provides an estimate

i *

i

of the negative of the elasticity of willingnesspay with respect to air quality.

2.3 Relationship between the two approaches

The discrete-choice model just outlined is clogelated to the Roback model. In the latter settaih
individuals are identical (i.e.,; 0) and indifferent among locations, hen¢és constant. Taking the
total derivative of equation (6) and setting it aljto zero yields (after some algebra and treatjrige

another element of; with a coefficient equal to 1):



(12) id_V:_|ﬂ+d_M+_x_ Hdln =0
VdX | dX dX X dX
(13) p*z_X|:H*d__ﬂ_V_Md_M

| dX dx Vv, dX

which is identical to equation (3). Nonethelesg identifying assumptions of the two models ang/ve
different. The Roback model uses individuals’ ifefiénce among locations to derive the result in
equation (13). Since in that model individuals &guheir marginal rate of substitution with thepliwit
amenity price, estimating the elements of (13) am®to inferring the marginal willingness to pay.

In contrast, our discrete-choice model relies aralimn decisions to reveal preferences about
local amenities. In our model, individuals sort amgdocations on the basis of idiosyncratic tasses]
thus have strict preferences over location. If wewilling to assume that a city's appeal is a Wwisd
sum of the city's characteristics, and that theghtsi are constant among individuals, then we cantity
the underlying marginal willingness to pay directipm an equation such as (11). These additional
assumptions represent the cost of our approacle behefit is that it readily allows us to incorpera
mobility costs. As we showed above, the presencamobility costs complicates inference in the
traditional hedonic model. In the empirical anayhat follows, we confirm that allowing for moibyl
costs makes a large difference in the estimatadevall clean air.

Our discrete-choice model also highlights the aastf how the size of a city should be used in
inferring the value of local amenities. City siglays only an indirect role (i.e., through equiilibm
housing prices and incomes) in the conventionalealz@donic model. In contrast, our approach — by

relying on residential location to reveal preferse- infers higher utility for places chosen byaayér

share of individuals. All else equal, bigger @timust have larger estimated values~pf If big cities

are bigbecauseof the observable amenities they offer, then #ngdr estimated city fixed effects convey
useful information about how people value locadliladites. On the other hand, city size might ety
individuals’ utility directly (e.g., positively tlmugh agglomeration effects or negatively via cotigas
costs). If city size is also correlated with logahenities (e.g., larger cities have more manufagju
facilities and thus poorer air quality), then oimigtit will introduce bias. Accordingly, in our gnical

analysis we report results from specifications waitldl without population included as a covariate.

2.4 Identification
Two final econometric issues must be addressedtimating equation the second stage of our model,

given by equation (11). First, the price of hogsservices, j, varies with observable characteristics of



city j, and is likely correlated with unobserved locahtteristics in;. We solve this (minor) problem

eri

by moving ~H In ; to the left-hand side of the regression equatibiote thatEH = , the share of

*

ij
income devoted to housing. We set this paramejigaildo its median value in our sample, which &°0.

Second, amenity levels are likely correlated watbal unobservable attributes. In our case of air
guality, local economic activity is likely to be gitively correlated with local air pollution as wak local
rents and wages. As a consequence, naive estimatiequation (11) by OLS is likely to yield biased
parameter estimates. To address this potentiatsai bias, previous research has attempted katésa
component of air pollution that is orthogonal tmeomic activity. In a recent paper, for examplaag
and Greenstone (2005) use discontinuities impiicithe Clean Air Act to isolate a source of pseudo-
random variation in regulatory intensity acrossikimocations.

Following Chay and Greenstone, we combine two egias to deal with this potential

correlation. First, we estimate equation (11)iist fdifferences, using panel data from 1990 ar@D20

itow Inj= x Xif

(14) J

where, for example, ° 5000- 1990; @nd ; is the time varying component of the unobservaI?I.e

Note that we have move(fH In ; to the left-hand side of the regression equatibaking first

differences eliminates any bias due to correlatimtween persistent air pollution and permanent
unobserved city characteristics — for example, aceotration of highly polluting manufacturing

industries, or perennial traffic congestion. Hoegwne might still worry about potential corredati

between i

andDX;.* Hence we also need to find an instrument fopailution.

We develop a novel instrument that exploits theggaehy of particulate matter formation and
transmission. Pollution travels long distancestipalates emitted from Midwestern power plants, fo
example, contribute substantially to air pollutionthe Northeast and Mid-Atlantic. At the samedim
such emissions are likely to be uncorrelated withging prices or local economic activity. Drawing

this intuition, we instrument for changes in loidt pollution using changes in particulate matter

3 The estimate of 0.2 corresponds to the sharecoiie spent on housing in our sample of individimaie microcensus data,
using a 30-year fixed mortgage rate of 9%, whicthesaverage of the values in 1990 and 2000. trempirical analysis, we
show that our results are robust to other choi€é¢isi® parameter.

4 Suppose, for example, thﬂj includes the effects of an economic recessioro@ationj. If reduced economic activity is

correlated with reductions in PM pollution from te&d economic activity, the estimate@( may be biased upward

10



originating from distant sources. In particula; the years 1990 and 1999, we compute the paateul
matter in locatiorj that is attributable to all sources located attl@@skilometers from that location, and
use the difference between the two measures asnsuiument for the change in air pollution. We
describe the construction of the instrument initl@teSection 3. The key step is the use of a tpto-
county source-receptor (S-R) matrix developed Ffar U.S. Environmental Protection Agency. This
matrix relates emissions from nearly 6,000 soutbesughout the U.S. to pollution concentrationshe
3,080 receptor counties. By excluding sourcesiwighchosen radius, we can construct a measuteof t
pollution concentration for a given city that isréutable to distant sources.

Figure 1 illustrates our instrumenting strategyhe Tigure depicts the computed contributions of
emissions from counties more than 80 kilometersyawdocal air quality in the Raleigh-Durham (NC)
MSA. Darker shading represents source countids gviéater contributions to the ambient concentnatio
of particulate matter. Because the prevailing wiid the United States blow from west to east, the
greatest sources of pollution are counties to testwf Raleigh-Durham. As might be expected, two
urban counties in North Carolina contribute the trdlution: Mecklenburg County to the southwest
(whose seat is the city of Charlotte) and Forsyblr@y to the west (Winston-Salem). However, thedth
most significant contributor to ambient particulatatter concentrations in the Raleigh area is pe&0
km away in western Tennessee: the enormous ceal-flohnsonville power plant operated by the

Tennessee Valley Authority.

3 Data

3.1 Primary data sources

The data used for this analysis come from severaices, all publicly available. For the discretwice
model of residential location decisions, as welthesregressions used to estimate individual incante

the price of housing services at the MSA level,dr@w on the one and five percent micro data samples
of the 1990 and 2000 U.S. Population Censusesgctgply. The census data describe attributebef t
household head along with the household’s compositiThe data set we use for our analysis consists
random samples of 10,000 household heads in easchnfe are under the age of 35 and reside in one of
242 metropolitan statistical areas. We treat thaskhold head as the decision-maker, and focus on
his/her attributes, along with those of the dwellin which the household resides. Migration vaeab
are calculated from data describing the househdtdise of birth and the location of each MSA. We
exclude household heads over 35 years old to erisatdocation decisions are driven by current loca
attributes. The 242 MSAs that comprise our chaee include the larger U.S. cities, and contains
approximately 86 percent of the total U.S. metrapol population in both 1990 and 2000. Appendix

Table Al describes the key census variables ustiianalysis.
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To estimate willingness to pay for air quality, wequire data on pollution, local economic
activity, and a range of local amenities. We déscthe construction of our air pollution measuses
instruments in detail below. Information on inconmopulation, and employment comes from the
Regional Economic Information System database misiet by the Bureau of Economic Analysis. Data
on other local amenities are taken from variousi@® of the County and City Data Book and Biaces
Rated Almana¢Savageau and Boyer 1993; Savageau and D’Agoa@if6)’ Table 2 presents summary

statistics and a full description of the variahlesd in the analysis.

3.2 Air quality measures

Our measure of air pollution is the ambient coneitn of particulate mattér.Particulate matter refers
to airborne small particles, fine solids, and ael®shat form as a result of activities as diveasethe
fossil fuel combustion, mining, agriculture, comstion and demolition, and driving on unpaved roads
While most of the particles resulting from theseqgassses are relatively large in size (i.e., appnasely
1/7" the diameter of a human hair), smaller partickesult from chemical processes that occur when
sulfur dioxide, nitrogen oxides, and volatile organreact with other compounds in the atmosphéiee
result is an array of pollutants, collectively knows “PM10” (because they are all smaller than 10

micrometers in size), that carry with them seribealth consequencés.

5 Data from the REIS and CCDB are at the countylleWd/e aggregate up to the metro-area level usiregsame MSA
definitions as we use in the pollution data (basedSA designations in 1990). Doing so ensuresdbadefinitions of MSAs
remain constant in both years, even as the off@&@isus designations changed.

®In an ideal world, we would estimate our modebdimer measures of ambient air pollution as weltthsas sulfur dioxide (S

or ground-level ozone @ However, we are unaware of any fine-grainedre®ueceptor matrix for other pollutants
comparable to the PM10 S-R matrix we use here.s prevents us from implementing our instrumentaiatdes strategy for
other pollutants; our empirical results confirm thgortance of doing so. A consolation is that PMd far and away the most
important air pollutant in terms of human healtfeets. Moreover, it is the pollutant that has best commonly studied in the
previous literature (albeit under its previous guid “Total Suspended Particulates,” or TSP.) Wm#o the extent that PM10
concentrations are correlated with other imporfailutants, our results will apply more broadlyuc8 correlation is probably
more likely for SQ (which results from similar anthropogenic procesaed transported similar distances) than fgruthose
creation depends on poorly understood interacti@teeen manmade N@missions and biogenic volatile organic compounds.
7 Beginning with the Harvard Six City Study (Docketyal., 1993), thousands of analyses have fouridusehealth effects from
atmospheric particulate matter. These are mostredor the young and the elderly — especially ¢hasffering from asthma
(Lin et al., 2002; Norris et al., 1999; Slaughterk, 2003; Tolbert et al., 2000). Fine partichesre been shown to enter the
bloodstream, increasing the risk of heart attackksirokes (Hong et al., 2002; Tsai et al., 2008liti et al., 2003). Studies
have also found evidence of lung tissue inflamnmafi@hio et al., 2000), reduced lung function inldtén (Gauderman et al.,
2002), increased risk of lung cancer (Pope e28D2), and even the possibility of heritable dissgSamet et al., 2004).
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We estimate ambient pollution concentrations farthe®ISA in 1990 and 1999 using data on
emissions of particulates and sulfur dioxide (aprsor to PM10§. The data are taken from the National
Emissions Inventory maintained by the EPA. To gtate emissions into concentrations of particulate
matter, we use the PM10 module of the Source-Recd®-R) Matrix Model, described in Latimer
(1996) and Abt (2000). This model, used by EPA and its contractors tonese the health effects of
particulate emissions, draws on an atmospheric moaled the Climatological Regional Dispersion
Model (CRDM). The great advantage of this S-R ira# its fine-grained resolution: it is a souree-t
county matrix of transfer coefficients, where dslr) contains the transfer coefficient relating emission
of a particular pollutant in source courstyo PM10 concentrations in receptor countyThe full matrix
for each pollutant includes a transfer coefficiefitsam 5903 sources to 3080 receptor counties. The
coefficients account for “area sources” in eacB@80 counties (stationary sources of pollutiongoell
to be individually identified — e.g., constructisites); 565 individually identified major point goes
(e.g., tall stacks at electric power plants); ansicellaneous smaller point sources grouped at dboatg
level in 2228 counties (e.g., shorter stacks atufaturing facilities).

With these matrices in hand, generating estimatdd@d(Pconcentrations in each county for each
year is simply a matter of matrix algebra. B&t' andS°°?denote the (1 x 5903) vectors of emissions of

PMand S°?denote

particular matter and sulfur dioxide, respectivéitgm all sources in yedr and let
the corresponding S-R matrices. Then the estimagetbr of county-level PM10 concentrations in year
is PM, = S§™ PM 4 gS92 S92 e calculate the metro-area concentration \®raajing across the
constituent counties in each MSA. These computedentrations provide our measures of air pollution
in a given location in a given year. They représeerage ambient concentrations of particulateenat
throughout the year, based on actual emissionp@wailing meteorological patterfs.

Figures 2 and 3 illustrate our pollution data, dépg computed PM10 concentrations in 1999 for
each of the 242 MSAs in our data. Darker shadomysespond to greater concentrations of particulate
matter. The western and eastern United Statedegieted separately, but the same shading gradient

used. Note that ambient concentrations of pagteslgenerally increase from west to east, mirgaitie

8 We use data for 1999 rather than 2000 becaus¥atienal Emissions Inventory is collected at thyeer intervals.

° We thank Wayne Gray and his co-authors for gerslymharing the S-R matrix with us. The discussibthe matrix is based
in part on the discussion in Shadbegian, Gray,Modyan (2004).

10 wWe use the predicted measures for two reasorss; firey do not depend on the placement of pasticair monitors or
idiosyncratic weather events and wind patters; mseécdhey lend themselves well to our instrumentatiables strategy.
Importantly, our computed measures of air quality positively correlated with EPA data based onqaiality monitors, with
correlations significantly different from zeromk 0.001.
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underlying weather patterns. Thus the cities ef\tfiest Coast have relatively low levels of partibes

on the whole, while the nation’s highest conceidret occur in Atlanta and New York.

3.3 Instrumental variables approach

To create our instruments, only a slight twist éded. First, we calculate distances from theeceanft
each source county (or the actual location of psinirces) to the center of each receptor cotinGiven
some distanc®, we then computeM,°= S™ "™ + 592 592 ‘where ™ (for example)s the S-R
matrix for particulate emissions, with the transfeefficient in cell §,r) replaced by a zero if the distance
from sources to countyr is less thaD. In the empirical analysis, we use a distancP ef 80 km (50
miles). Since the regressor is the change in #teral logarithm of PM10 concentrations (i.elnPM),

we use as the basis for our instrument the correipg change in the estimated logarithm of the

contribution of distant sources, i.e.Jn PM&° In(PM&o) - In(PME,

The validity of this approach depends on the ortimadjity of distant pollution and local
economic activity. One potential concern in thistext might be regional variation in how distansU
sources affect local air pollution. Because prawgiwinds blow from west to east, the contributioh
distant sources to local air pollution increasethansame direction. For example, the relativeoirtgnce
of distant sources is likely to be very differentSyracuse than in San Diego. If cities in a givegion
also experience common economic shocks, our insimumay fail the exclusion restriction. To solve
this problem, we take two important steps. Fingt,condition the full analysis on a set of nine §€len
regional dummies. Second, in creating our instmis)eve interact our estimates of “distant pollntie

i.e., the vector INPM® — with dummy variables for the nine census regiesed in the analysis. Thus
our instrument for PMis PM2° PM8“ R whereR is aJ” 9 matrix with cellR(j,r) equal to 1 if

city j is in regionr, and zero otherwise. This approach is a conseevane. Having conditioned on
region, our model must identify the effects of aollution entirely off of intra-regional effects.
Moreover, as we show in the empirical analysis, msults are robust to using the “unconditional”
instrument — that is, the measure of distant diupon alone, without regional interactions.

Table 3 presents evidence supporting our instruimgrstrategy. The table reports correlations
between three measures of air pollution and obbérwaharacteristics at the metro-area level. Vésqmt
three measures of pollution: estimated pollutiamnfrall sources (i.eRPM); the estimated contribution to
air pollution from sources greater than 50 km dis@e., PM*%; and the estimated contribution from

sources greater than 80 km distant (RM?®%. Note that the first of these is our measure of amibair

1 For MSAs with multiple counties, we apply the diste exclusion for each source uniformly for alimiies within the MSA,

based on the distance of the nearest county iM8# to the particular source.
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quality, while the third is the basis of our instrent. We consider correlations between these messu
of air quality and local economic activity, as measl by the number of manufacturing establishments,
total employment, and total income. We report @ations for the years 1990 and 1999, and for the
change between those years. For our instrumemtseport correlations with and without conditioning
on the census region. Numbers in boldface arefiwigntly different from zero at the 5% level.

The first column of the table shows correlatiorstween local economic activity and the
computed MSA PM10 concentration. Local pollutiondalocal economic activity are strongly and
positively correlated in the levels. This confirthe intuition that a naive regression of housiriggs (or
city fixed effects) on local air quality is likelip yield biased results. Note that we find a Sjrdnut
negativecorrelation in the differences, for total employrmand income. This result is driven by falling
PM10 concentrations and growing economic activityaur of the largest cities in the U.S. (New York,
Los Angeles, Chicago, and Houston).

The cells in the next four columns and the bott@na rows report correlations between local
economic activity and variations on our instrumeAs shown in the far right-hand column, our prignar
instrument (based on pollution from sources morantBOkm away and conditional on region) is
essentially uncorrelated with manufacturing essdintients, employment, or income. These near-zero
correlations suggests that the portion of PM10 eatration due to sources outside 80km is uncogeélat
with local economic activity and thus is a reasd@abstrument. The correlations are somewhat farge
(but still insignificant) for the less restrictiestrument that excludes sources within 50 kilomsete

Table 3 illustrates as well the importance of ctinding the analysis on regional dummies;
compare the correlations in columns (4) (withogliwaeal controls) and (5) (with regional controldpf
course, the ultimate source of concern is the tirom between our instrument anchobservable
characteristics of metropolitan regions. Nonetbgldable 3 provides as much support for our aghroa

as observable data might be expected to provide.

4 Econometric specification

Several steps are needed to implement the resifientiting model outlined in Section 2. First, mast
estimate housing prices and incomes in each latatiext, we must choose a representation of mpbili
costs. We can then use a logit model of locatiboige to estimate the city-specific fixed effects.
Finally, we regress those fixed effects on loc#iilaites. We discuss the details of each steurin. t
Throughout this analysis, we us¢o index household$,to index locations (MSAs), andto index the
year (1990 or 2000). We will often pool data friwwth years. Note that while the set of metropolita

areas is the same in each year, the sebe$eholdss not.
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One approach to housing prices would be to takagmnegate measure of housing prices — for
example, the median value of a home in each MSAweév¥er, such an approach raises potentially serious
problems of aggregation bias. In particular, hamees might rise because of unobserved changés in
quality of the housing stock, rather than change®déal amenities. If these changes in housinglgup
are correlated with local amenities, an endogerpitplem arise¥’

We employ a different approach that takes explcitount of the characteristics of individual
homes. Le®P;;; denote the value of the home owned by househoidocationj appearing in yeat,
which we define as the value of the house (for avameupied housing) or monthly rent (for rentaltahi
We modelP;;; as a function of the characteristics of the dwglligiven by a vectoh;;, and a scaling

parameter j; specific to cityj and yeat:

H
N Wity

(15) P e

ijt =r

j.t
i+ IS @ dummy variable that equals 1 if househaldns its home and 0 otherwise; thiysmeasures the

premium on owned housing. Taking logs, equatid) flecomes:

(16) In Fi),j,t =In AT +/j,tVVi,t +hi,t t+eH

ijts

Along with housing characteristics, the parametergield an index of “housing services” each period,

defined asH,, =exp(,, ,). Hence the parametef; measures the effective “price of housing services

in a particular location and a particular year.c&gse we control for the bundle of housing seryittesse
prices provide a consistent measure of the trugef housing across metropolitan areas with differ
housing stocks. We can readily estimate theseepras the MSA and time specific intercepts in a
regression of equation (16), using the census mhéteodescribed in Section 3.

Next, consider income. We do not observe the ircdinat a given individual would earn in
every location, but only what he earns in his chasg. In the micro-data used for estimation, kewer,
household heads with similar characteristics aedtaied among locations. Hence we can impute the
income each individual would earn in every locatibp estimating a series of location-specific

regressions of incomes on a set of individual laites:

12 Chay and Greenstone (2005) use median home mridhe county level as their dependent variabldseiionic estimation,
controlling for the potential bias by including @ange of county-level characteristics of the housitagket. As they argue, their
instrumental variables strategy should also hetpieate the bias.
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Intl,;, = aO,j,l + aWHITE,j,lWHITE,l + aMALE,j,lMALE,l + aAGE>60,j,lAGE> 60|t +

Lt

(17) 8y1sor0m; s HSDROP. + @,56ra01: HSGRAD, + agoyecor SOMECOLL, +
aCOLLGRADj,lCOLLGRAD,I + aPl,j,tP(RB’ RD | ED) + aPZ,j,t[P(RB’ RD | ED)]2 + eil,j,l

The termsa,, ; P(R;,R, |ED) anda,, [P(R;,R, | ED)]* are semi-parametric controls for non-random

sorting of individuals across locations, followibghl (2002). P(R;, R, | ED) is given by:

(1) P(R.RIED= HSDRQP P(R  HSDROP HSGRAD P(RIR HSGRAD
SOMECOLLx P(R, R| SOMECONL+ COLLGRAD R(R,|R COLLGRAD

and measures the observed percentage of individ#isducation levelED, born in regiorRg, that are
found to be living in regioR,. This correction therefore requires that our datdude individuals of
each education type migrating from every regiorevery region — a condition that is satisfied in the

census data for our nine-by-nine regional grid. &g8mate the income equation (17) using the census

microdata. We use the results to generate pretictemel,  .*°

Next, consider mobility costs. Table 1 sugges#s Households tend to settle close to where the

household head was born. We capture this feafuteaata with a flexible migration cost matrix:

(19) |\7|’.’j’t ° fu(d,; )= mads , + m,d™

i i it

+ P

it

where d®

°, =1 if locationj is outside individual’s birth state ( = O otherwise}™, = 1 if location] is

outside individuali's birth region as defined in Table 1 ( = 0 othex®)i anddszI =1 if locationj is
outside individuali’s macro-region ( = 0 otherwis&). We normalize migration costs to zero if the
household head does not leave his birth state.

We now turn to estimation of the parameter ve¢fey, “x;, "ro, , }. ON the assumption that

preferences are stable over time, we can estimaiagie set of behavioral parameters (the mobility

13 Note that, in fittingfj ..+ one omits the Dahl correction terms describetthénnext paragraph of the text. These serve anly t

give the error in equation (15) the needed propefor unbiased OLS estimation.
4 There are four macro-regions defined by the LC&hsus Bureau: (1) Northeast, (2) Midwest, (3) Boit) West.
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parameters in and the scaling parameter for both years 1990 and 2000. We do this by ipgolhe

data over the two years, and calculating a sinkddithood function:

Gijt

e5 (In |Ai,j‘t + ﬁédfj ot ’_h?ldisjl,t + ’ﬁ?zdi?jz,t + ‘;j,t)

~ o~ A
20) L(m, my, my,,s, )=000

J A _ _ - ~
i = e (0 Ty g + TGS+ FradiTeo + ol + )

k=1

wherec;; is an indicator function that equals one if houwdeh observed in yearchooses locatioj) and

zero otherwisé>®

Recall that theg ~j't} represent composite city-level attributes. PB&f;; denote the air pollution

(PM10) concentration in locatignand period, computed as described in Section 3. Note ttgttdni
values ofPM;; correspond to worse air quality, so thE;;IM < if@ndividuals are willing to pay for better

air quality. LetZj; denote a vector of other observable city attribut€he equation to be estimated in the

second stage is thus (updating equation (14))

1) ;402 In ;= oy INPM;+ Z, ,+ .

J

We estimate equation (21) by instrumental varighisgg In PME?J- as our instrument for InPMj .

The covariates irZ;; include a range of local characteristics of metht@o areas, including local
economic activity, crime, local government tax agbenditure data, and rankings of MSAs in various

categories of quality of life such as health cavision, arts, and transportation infrastructure.

5 Estimation Results

5.1 Housing price and income regressions

Results from the housing price regressions degttlitbequation (16) are reported in Table A2 forleac
year. Results are as expected. Bigger, newerelogisld more housing services, as do houses garlar

plots and with complete kitchen and plumbing féieifi. An inspection of the most and least expensiv

15 |n practice, when the choice set is large (asiit iour application), estimating the full vectorby maximum likelihood can be

computationally prohibitive. Berry (1994) providesomputational algorithm whereby these valuesmapeited indirectly.
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cities in the U.S. in terms of the price of houss®yvices corresponds to conventional wisdom. The
average price of housing services (in logs) risesf3.72 in 1990 to 4.48 in 2000, while the premiom
owned housing rises from 5.27 to 5.41. All estiesadre statistically significant at the usual level
Table A3 summarizes the results from the MSA-spedificome regressions described in

equation (17). Men earn more than women; whites swre than minorities; and income increases with
education. Income falls significantly for thosesoage 60, reflecting retirement patterns. Thenprms

for white and male, along with the age penalty datinish between 1990 and 2000. In the case®f th
age penalty, this fall may reflect growing partatipn in the labor market after age 60. Over thae

time period, the premium for college educationgjsehile that for a high school diploma falls.

5.2 Estimates from the conventional model
As a benchmark for comparison with our residerg@ting model, we estimate a conventional hedonic
model without mobility costs. We estimate the miadigh and without instruments for air pollutiors a
preliminary assessment of the severity of the drabthe success of our instrumenting strategy.

Recall that in the conventional model with costleggration, the implicit price of local amenities
— and hence marginal willingness to pay — can timated as the sum of the housing price and income
gradients with respect to a given amenity. Acaagtli, we regress the log of per capita income inAMS
(denotedY;) and the price of housing services(the MSA-specific intercept from the housing price
regressions) on particulate matter concentratieht and the matrix of regional dummids. We

estimate these equations in first differences:

(22) In Y;= pyy INPM;+ Z; ; + gyR; +uf

(23) In j: PM, InPMJ+ Z] Z+ R, Rj+uj

Table 4 reports OLS and IV estimates of the coeffits on PM10 concentrations, i.ep)y y and

PM, 1" Both OLS estimates are negative and significadifferent from zero. Taken at face value,

16 Note that there is an arbitrary normalization némf the[fjt values: raising the utility of all locations bycanstant amount

leaves location decisions unchanged. Wecz;gtequal to zero for the Houston, TX MSA.

17 For the housing price regression, the covariateké specifications reported in columns (2) anda¢é4 the same as in the main
results from the residential sorting model (referTable 6). For the income regression, the empétmate and number of
manufacturing establishments are omitted becawseate simultaneously determined with wages aratisal
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these coefficients imply thdtoth housing prices and wages rise when air quality awes. The former
effect is consistent with expectations, but notléteer.

The effects of instrumenting for air pollution segt that the OLS estimates are indeed biased.
The estimated elasticity of housing prices withpees to air pollution more than doubles in magretud
going from -0.30 in the OLS regression to -0.63the IV estimates. Meanwhile, the effect of air
pollution on per capita income vanishes. We ignbeeresults from the income equation in computing
MWTP.® This is a conservative approach: since the estisnare negative, excluding them inflates the
estimates of MWTP from the conventional model. sTéibses the gap between those estimates and those

from our discrete choice model below, leading usrtderstate the importance of migration costs.

5.3 Estimates from the residential sorting model

Table 5 reports parameter estimates from the diegge residential choice equation (20). Estimates
highly statistically significant and have the exjgelcsigns. There is a significant utility cost.8H)
associated with leaving one’s birth state. Coststioue to rise with leaving one’s birth region and
macro-region, but at a declining rate (i.e., -5&81 -6.46, respectively). The estimate of the sgali
parameter is 0.67. The results of primary interest from fhist stage, of course, are the MSA-level
fixed effects. These are summarized in Table 2¢chn be illustrated by some examples. Controliorg

population, the three least attractive metropoléa@as in the year 2000 (those with the most negjati

values of j) were New Bedford, MA; Danbury, CT; and Detroit].MCities near the median included

Memphis, TN (#116 out of 242) and Hartford, CT (BL2 Portland, OR and Providence, RI ranked
among the top five?

These estimated MSA-level fixed effects are usethaslependent variables in the second-stage
estimation of equation (21). Table 6 reports asfdr a range of specifications. Columns (1) &2d
present OLS estimates; columns (3)-(5) report tedtdm instrumental variables estimation. To aecto
for the potential role played by city size, we ¢ the logarithm of population as a covariatehia t
specifications reported in columns (2) and (5).

The estimated coefficients onIn(PM) are presented in the first row of the table. Skhe
coefficients represent the elasticity of willingeeso pay (WTP) with respect to air pollution

concentrations. As in the housing price regressiffable 4), OLS yields statistically significant

18 Chay and Greenstone (2005) report a similar figdiamd likewise ignore the income estimates in agimg MWTP.

¥ In the raw rankings, city size makes a big differe, as we discussed above in Section 2.3. \Wtthontrolling for

population, the cities with the highest estimat(as[;?t are Los Angeles, Chicago, and New York. Of coucemtrolling for

population has a much smaller effect on the chémge 1990 to 2000.
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estimates with the expected sign. Once againpgadson with the IV results reveals strong evideot
endogeneity bias. When we instrument for air gimhy the estimated elasticity nearly triples in
magnitude: the OLS estimates are -0.13 to -0.1@ewuie 1V estimates range from -0.34 to -0.42.

Note that these WTP elasticities are not directlijnparable to the elasticities of housing prices
reported in Table 4. The estimates from the cotiweal model represent the percent change in hgusin
expenditures associated with a one percent changi pollution. In contrast, the elasticitiesiesited
by the residential sorting model incorporate ndy @manges in housing prices, but also foregonerire
and the disutility from moving. Thus the relativeagnitudes of the raw parameter estimates in the
conventional model are misleading; in dollar teraswe shall see below, the results from the ratizle
sorting model are more than three times as largheasesults from the conventional approach. Hence
including mobility costs matters greatly for outiemtes.

For some perspective on what these estimates imphsider a concrete example. In 1990, the
computed PM10 concentration in the New Haven-MeritsSA was 62.2 g/n’. In the same year, the
computed PM10 concentration in the Raleigh-Durhamag@! Hill MSA was 44.0 g/m® — roughly 30%
lower than in New Haven, or almost exactly one dsad deviation away. (The standard deviation of
PM10 in the sample is 18.8 igy/n’.) The estimated elasticity in the full specificatis -0.34 (Table 6,
column 5), implying that the increase in air qualihoving from New Haven to Durham would
correspond to increase in willingness to pay of 10®er-capita income in 1990 in New Haven was
$23,558 (in current dollars). Hence the air gyddenefits of moving from New Haven to Durham were
worth roughly $2,360 in foregone consumption.

The estimated coefficients on other local amenitietuded in the regressions (the covariates in
Z)) vary in significance, but most have the expecigdssin the IV estimates. Metropolitan areas with
higher government expenditure per capita are saamifly more appealing; the fraction of revenusedi
by property taxes also has a positive effect. Anmg#h better health care attract more residerdte that
a positive value for (Health ranking corresponds to a worsening of health care (dmise for the arts
and transport variables). Culture and transpantatire also valued, although the estimates areeicig®.

In the specification of column (4), the size of tliwal economy (as measured by manufacturing
establishments) is positively and significantlyreteited with the appeal of an area, but the effantshes
when population is included (the two variables sm@ngly correlated). Our other measure of local
economic activity (i.e., employment as a fractidnttee total population) turns out to be insignifita
Importantly, the inclusion of metropolitan area i&dteristics in general has only a small effecttlom
estimated coefficient omInPM. This robustness provides additional support dar instrumental

variables strategy. Finally, the coefficient orpplation is highly significant, in line with expetions.
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Controlling for population reduces the magnitudetttd estimated impact of air quality by just under
20%. Thus the specifications with and without dapan define the range of willingness to pay.

The coefficients on these covariates allow the adaton of elasticities with respect to local
amenities other than air quality. For example, iedian value of the health care ranking (acrosk bo
years) is 145.5. Thus the estimated coefficienDdi01 on (Health) from the full specification implies
that a one percent increase in a city’s health carking translated into a 0.15% increase in its
attractiveness, as measured by willingness to painilarly, the elasticity of willingness to pay thi
respect to government spending (at the sample meafial.34, in thousands of dollars) is 0.23. By
comparison, the WTP elasticity with respect tocpiality is larger but of the same general magnitude
Alternatively, we can estimate the percentage emmen willingness to pay that resulted from theliae
change in local amenities in the data. For goveminexpenditures, the median change was 0.22,
corresponding to a 4% increase in WTP. The meclemge in PM concentration was a reduction of 5.7

g/m® — which translates into a 5% increase in WTP. sTtne median improvement in air quality was
comparable, in quality-of-life terms, to the mediaarease in per-capita government expenditure.

Table 7 presents estimated WTP elasticities fromarage of other empirical specifications.
Panels(b) and (c) represent variation in the dependent variablepdrticular, they assume a higher or
lower share of expenditures devoted to housinge rElsults change very little. The parameter estima
are also robust to the precise design of the inni. The results are very close to the base whea
we employ the unconditional instrument (iBIpPM®, without regional interactions; see pard)( The
parameter estimates are slightly smaller when weausss restrictive exclusion distance of 50 kédters
in constructing the instrument (i.@INPM% see paneld)). Indeed, this is exactly as we should expect,
since the smaller exclusion distance renders tteument and the regressor more alike.

Finally, consider the choice of functional forrm the bottom panel of the table, we report results
when the change in PM10 concentration enters lipgaather than in logs). The main effect is to
amplify the importance of the covariates. Withauntrolling for MSA characteristics and other
amenities, the estimated elasticity is close to ithéhe corresponding base specification. Withac@tes
included, however, the log-linear specification Ilgse a much higher estimated elasticity. This is
presumably explained by the greater weight that ldgelinear specification gives to outliers — in
particular, to a handful of large cities that expeced large drops in computed PM10 concentrations.

Based on the evidence presented in Table 7, weluaaahat our base specification is a

reasonable one, and that our conclusions are rabtisé choice of empirical strategy in the secstage.
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5.4 Marginal willingness to pay
In our residential sorting modefp,\,| measures the elasticity of willingness to pay wéhkpect to PM10

concentrations; thus we can recover an estimataavginal willingness to pay for air quality, in ¢l

terms, by multiplying- b,,, by household income and dividing by the PM10 cotregion. To calculate

a comparable MWTP for the conventional wage-hedomiclel, we must first account for the share of
expenditure in housing. Since the wage-hedonic endadnores mobility costs, it assumes that
individuals’ entire willingness to pay is captur@d housing prices and incomes. To translate the
estimates of housing price elasticities into wiless to pay, therefore, we must first multiply the
coefficients from the conventional hedonic model the share of income devoted to housing
expenditures, or 0.2. Multiplying the resultingicity of willingness to pay by income, and dinigl by

the PM10 concentration, yields estimated MWTP, @ssin the residential sorting mod@l.

Table 8 reports the results of these computatiosislg the median values of household income
($15,679) and PM10 concentration (36.0) in our dan@s our measures of income and air pollution,
respectively. Thus the reported figures for MW EPresent the median household’s willingness to pay
for a 1 ng/m?® reduction in ambient PM10 concentrations, exprégseonstant 1982-1984 doll&r's.For
reference, we have also included the elasticititisnated from the regressions (expressed in tefrag o
quality rather than air pollution).

The results provide striking evidence of the intaoce of accounting for endogeneity and
mobility costs. When we instrument for air polartiin the full model, the estimated MWTP more than
doubles, increasing from $69 to $149. Incorpomatimobility costs matters even more. The marginal
willingness to pay estimated by our residentiatisgrmodel is much larger than the comparable egém
from the conventional hedonic model: MWTP increasem $55 to $149 in comparable specifications
(compare columns (3) and (4) of Table 8). We alsesent MWTP for the IV specifications with other
sets of covariates (columns (3) and (4) in Table®)e estimated elasticity of 0.38 from the speatfon
without MSA covariates implies a MWTP of $165. Whieral attributes other than population are
included, estimated MWTP rises to $185.

20 An alternative approach, more directly in linelwiheory (see, e.g., eqn (3)) is to calculate MW@difthe conventional model
by multiplying the estimated coefficients in Talleby the price of housing divided by PM10 conceitra (to recover an
estimate of the derivative of housing prices withpect to air pollution) and then multiply by thenble of housing services! .
Of course, this amounts to essentially the samegthand when we carry out those calculations, usieglian values, we get
nearly identical estimates of WTP.

21 Measurement in 1982-1984 dollars facilitates canispa with the numbers reported by Smith and HUA®95) and Chay and
Greenstone (2005).
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Thus a broad statement of our results is that ne din estimated MWTP for air quality ranging
from $149 to $185, in constant 1982-1984 dollavs,af household whose head earns the median income
of $15,679. These estimates are large relativbagrevious hedonics literature. Chay and Greaest
(2005), for example, report an elasticity of hoggimices with respect to particulate matter conegions
of -0.20 to -0.35 — half as large as our convemidredonic estimates, and roughly one-sixth the efz
the elasticities estimated by our residential agrthodel.

The discrepancy is even larger in dollar valuesir @odel identifies marginal willingness to pay
in terms of foregone consumption of housing sesv/ie@d other goods. As a result, our estimates
correspond t@annual marginal willingness to pay — equivalently, thdlwgness to pay for a one-unit
improvement in air quality that lasts for one yedrhe comparable estimates in Chay and Greenstone
correspond to a marginal willingness to pay of §#2a reduction in PM10 concentrations — one-sdvent
the size of our lower estimate. Moreover, the estimates by Chay and Greensteme themselves much
larger than the previous literature. Part of tiecrepancy between their estimates and our estimate
using the conventional hedonic approach can beamed by rising willingness to pay between the X970
and 1990s due to rising incomes; Smith and HuargpH) report finding such an effect in their
comparative analysis of the previous literaturerddwer, our MWTP estimates likely capture the affec
of other pollutants whose concentrations are cated with PM10.

The internal comparison between our estimates tfmmwvage-hedonic model and the residential
sorting model remains striking. Incorporating nlitpicosts yields estimates of marginal willingness
pay that are more than three times as large asiast from a conventional model. In other words,
assuming that migration is costless would resulumderstating willingness to pay for air quality by

roughly two-thirds.

6 Conclusions

This paper argues that mobility constraints hinitier use of conventional wage-hedonic techniques to
estimate household willingness to pay for local aites such as clean air. We develop and impleraent
discrete-choice model that uses data on residepdiierns, along with a flexible model of migration
costs, to infer the utility of living in individuahetropolitan areas across the U.S. We then etitha
marginal willingness to pay for a reduction in pailution, as measured by the ambient concentraitfon

particulate matter (PM10), using the contributidrlistant sources to local air pollution as annmstent.

22 | ke the literature before them, Chay and Greamstipame their results in terms of total suspenutaticulates (TSP), which
was the preferred measure of particulate pollugdor to 1987. In order to convert our WTP estiesato results in terms of
TSP, one should divide our measures by approximat&p.
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Our results suggest that the conventional appro@gmoring mobility costs) substantially
understates the true willingness to pay for airligua Our estimates imply that the median houséhol
would pay $149 to $185 for a one-unit reductiofPM10 concentrations, in constant 1982-1984 dollars.
These estimates are three times as large as ttesponding estimate of marginal willingness to frayn
a conventional hedonic model estimated using theesdata. Instrumenting for local air pollution raak
a large difference in both models — confirming findings of Chay and Greenstone (2005).

These findings highlight the potential importance imcorporating mobility constraints into
hedonic models. We suspect that the consequeffiégsasing mobility costs will be greater, the larg
are those costs relative to the benefits at st&l@. example, while households value clean air, &egv
likely to leave behind their hometowns and familmsrely for the sake of modest reductions in air
pollution. More generally, mobility costs are mdikely to constrain choices among metropolitanaare
rather than among neighborhoods within a metrogolérea.

The adverse health impacts of air pollution hawented a wide array of legislative responses at
both the state and federal levels over the lastytlyears. Evaluated according to simple critgrie.,
emissions reductions and cost-effectiveness), thedicies are generally considered to have been
successful. Even so, studies find that over 8lianilAmericans face unhealthy short-term exposaore t
PM, while 66 million live with chronically high exjsure (American Lung Association, 2004). This is
cause for concern, particularly in light of curréeqislative efforts that would reduce the capaoityhe
EPA to regulate certain pollution sources (i.ew mower plants). While most of these legislatifferts
arise out of concern for the cost of compliancenviaPA regulations, little is known about the sif¢he
benefits. This complicates careful evaluation Hase efficiency criteria. The present study sutgésat

the true value of clean air may be substantialbatgr than has been recognized.
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Table 1 — Regional Mobility Patterns
Percent birth region by residence region as ofy/éae 2000 (U.S. Census data)

RESIDENCE IN 2000
. West West
New M|d—_ East North North South East South South Mountain Pacific
England Atlantic Central Atlantic Central
Central Central
New
65.02 5.87 2.35 0.94 12.68 0.47 1.88 3.05 7.75
England
Mid- 4.03 63.34 455 1.03 18.04 0.22 2.13 2.49 4.18
Atlantic
5
G | Fatiorth | g 59 1.60 73.42 2.83 0.84 2.0 2.78 2.94 3.90
Y entral
% West
= North 0.36 1.77 7.80 57.62 7.27 1.24 5.85 8.51 9.57
o Central
South 0.99 3.59 450 0.84 79.47 2.82 2.67 1.60 3.51
Atlantic
East South 1.72 1.29 7.08 0.86 15.45 63.73 4.94 1.29 3.65
Central
West
South 0.47 1.54 2.13 1.42 6.51 2.49 77.75 3.31 4.38
Central
Mountain 0.89 1.11 3.54 2.43 3.54 1.11 5.09 69.03 13.27
Pacific 0.86 1.61 3.42 1.52 5.13 1.14 2.75 7.69 75.88

Notes: Rows indicate birth regions; columns denote aurresidence. For example, the upper-left-handiregicates that 65.02% of household heads bofew England were
living in the region during the 2000 Census. Regiare assigned according to Census definitiongioRal Definitions: (1)New EnglandCT, ME, MA, NH, RI, VT), (2)
Middle Atlantic(NJ, NY, PA), (3)East North Centra(IL, IN, Ml, OH, WI), (4) West North CentraflA, KS, MN, MO,NE, SD, ND), (55outh AtlantiqDE, DC, FL, GA, MD,
NC, SC, VA, WV), (6)East South CentrgAL, KY, MS, TN), (7) West South Centrd AR, LA, OK, TX), (8) Mountain(AZ, CO, ID, MT, NV, NM, UT), and (9Pacific (AK,
CA, HI, OR, WA).



Table 2: Summary statistics

1990 2000 Change

Variable name Description Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.  Source
Y Per capita income ($000s) 14.022 2643 16.244 3620 2222 1.386 (2)
In p In{Price of housing services) = 3722 0430 4.480 0.337 0.758 0.269 (1)
g MSA-level fixed effect s -0.006 1.291 -0.004 1.307 0.002 0.230 (1)
Pid PM10 concentration (ug/m3) 4221 2115 33.87 15.11 -8.35 10.08 (1)
Employment Fraction of population employed 0.565 0.086 0.591 0.091 0.026 0.029 (2)
NManuf. est Number of manufacturing establishments b 1078 2121 1080 1878 17 389 (3)
Crime Crime rate per capita £ 0.350 0.260 0.289 0217 -0.061 0173 (3)
Prop tax Fraction of local tax revenue from property taxes ¢ 0.754 0.166 0.741 0.162 -0.012 0.059 (3)
Govt exp Local government expenditure per cap. ($000) d 1.444 0.350 2.398 0593 0.954 0.408 (3)
White Fraction of population that is white 0838 0.103 0.790 0113 -0.045 0.029 (3)
Health Health ranking 153.20 91.05 14820 8969 -5.00 4312 (4)
Arts Arts ranking 149.71 89.32 146.35 89.84 -3.37 52.77 (4)
Transport Transportation ranking 146.31 28.42 14143 88.44 -4.88 69.75 (4}
Population Population {millions) 0.715 1.123 0.810 1.237 0.097 0.166 (3}

MNotes: a: The price of housing services is shown in logs fo facilitate comparison with the MSA-level fixed effects.

b: Manufacturing establishments data is for years 1987 and 1997.

¢: Crime rate is FBI crime rate in per capita terms, for years 1990 and 1999. d: Property tax and government expenditure data is for 1986-87 and 1996-97.
Sources are (1) estimates from current study, as described in text; (2) Regional Economic Information System (REIS);

(3) County and City Data Books | (4) Places Rated Almanac . All monetary values are expressed in constant 1982-1984 dollars.
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Table 3: Correlations between air quality measures and local characteristics

MSA PM10 Pollution from Pollution from
concentration sources > 50 km sources > 80km
Unconditional Unconditional Conditional on Unconditional Conditional on
region region
(1 (2) (2) (4) (5)
1990 0.504 0.314 0.449 0.205
MSA PM10 concentration 1999 0.590 0.360 0.555 0.258
change 0.515 0.379 0.414 0.223
1990 0.546 0.015 -0.076 0.016 -0.045
Manufacturing establishments 1999 0.334 -0.072 -0.116 -0.058 -0.081
change 0.592 0.222 0.044 0.244 0.058
1990 0.577 -0.014 -0.067 -0.009 -0.035
Employment 1999 0.388 -0.093 -0.111 -0.078 -0.077
change -0.343 0.079 -0.002 0.121 0.035
1990 0.586 0.014 -0.053 0.006 -0.035
[ncome 1999 0.382 -0.074 -0.098 -0.070 -0.078
change -0.656 -0.138 -0.078 -0.085 -0.015

Notes: Each cell contains the correlation between the corresponding MSA characteristic (listed in the left-hand column) and the measure of

air quality (listed in the top row). The air quality measures are: predicted concentration of PM10 in the MSA (1.e., the dependent variable in the regressions);
the predicted pollution contributed by sources more than 50 km distant, both unconditionally and conditional on regional dummies; and
the predicted pollution contributed by sources more than 80 km distant, again without and with conditioning on region. The latter is the main instrument
used in the analysis.) Boldface denotes correlations that are significantly different from zero at the 5% level.
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Table 4: Results from conventional wage-hedonic regressions

OLS v
Dependent variable (1) (2) (3) (4)
Alnp -0.232 ** -0.292 *** -0.497 =+ -0.634 ***
(0.097) (0.098) (0.179) (0.185)
AlnY -0.073 *** -0.074 *** -0.035 -0.006
(0.022) (0.023) (0.041) (0.043)
MSA covariates no yes no yes
Regional dummies yes yes yes yes

Notes: This table presents results from conventional wage-hedonic regressions. The cells contain the coefficients on Aln(PM10),
of housing services (first pair of rows) and per capita income (Second pair) with respect to increases in air pollution.

Columns (1) and (2) present results from OLS regressions; columns (3)-(4) present results using estimated PM10 from sources
farther than 80km as an instrument. Standard errors are in parentneses; * denotes significance at 10%; ** at 5%; = at 1%.



Table 5 — First Stage Maximum Likelihood Parameter Estimates
Niggo = Naggo = 10,000

Variable Parameter | Coefficient t-statistic

Migration cost

state  [g -4.31 -32.69
region  fpq -1.271 17.13
macro-region a‘H'RE -0.878 -18.61

Logit scale parameter g 0673 4836




Table 6: Results from second-stage regressions.

Dependent variable oLs v
A8+ 0.25AIn(p) (1) (2) (3) (4) (5)

Aln(PM) -01277 -0.1587 ** -0.3782 * -0.4245 »=* -0.3414 ™
(0.0887) (0.0802) (0.1641) (0.1624) (0.1498)
A(Crime) 0.0149 0.0115 0.0357
(0.0992) (0.1091) (0.1014)

A(Prop tax) 0.5330 * 0.5883 * 0.5145 *

(0.2783) (0.3013) (0.2799)

A(Govt. exp) 0.1665 *** 0.1951 »*=* 0.1690 ***
(0.0574) (0.0624) (0.0581)
A(White) -0.0955 -0.1959 -0.0500
(0.5780) (0.6305) (0.5856)

A(Health) -0.0009 *** -0.0010 *** -0.0010 **
(0.0004) (0.0004) (0.0004)
A(Arts) -0.0001 -0.0003 -0.0001
(0.0003) (0.0003) (0.0003)
Af{Transport) -0.0001 -0.0002 -0.0002
(0.0002) (0.0002) (0.0002)
A(Employment) -0.5452 -0.9092 -0.4735
(0.5809) (0.6293) (0.5898)
Aln(Manuf. est) 0.0345 0.4030 = 0.0297
(0.1289) (0.1204) (0.1304)

Aln{Papulation) 1.2182 *** 1.2223 =
(0.2171) (0.2196)
Constant -0.0301 -0.0854 -0.1297 -0.0722 -0.1496
(0.0742) (0.0790) (0.0931) (0.09863) (0.0914)

Regional dummies vyes yes yes yes yes

R-squared 0.08 0.32 0.05 0.19 0.31
Observations 242 242 242 242 242

MNotes: Standard errors in parentheses. Asterisks denote significance at * 10% level, ** 5% level; *** 1% level.
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Table 7: Robustness

No All MSA
covariates covariates

(1 2

Dependent variable:

A8 + (share)*Aln(p)

(a) Base specification

Aln(Pi) -0.378 ** -0.341 **
(0.164) 0.150

(b) High share of income devoted to housing { = 0.25)
Aln(PhA) -0.403 ™ -0.373 =
(0.167) (0.153)

(c) Low share of income devoted to housing (= 0.15)
Aln(Pi) -0.353 ** -0.310 **
(0.161) (0.147)

(d) Unconditional instrument (no regional interactions)
Aln(PhA) -0.418 ** -0.372 **
(0.176) (0.163)

(e) Instrument using 50-km exclusion distance
Aln(Pi) -0.261 ** -0.258 **
(0.127) (0.118)

(f) Log-linear specification
APM -0.459 ** -0.685 ***
(0.214) (0.259)

Motes: This table presents estimated coefficients on measures of air quality under a range of specifications

The columns correspond to specifications with and without MSA covariates (including population).

The top panel reproduces results from the main specification presented in Table 6. The second and third panels show results

using high {0.25) and low {0.15) values of housing expenditure as a share of income; the base case is 0.2. Panel (d)

the instrument is simply the predicted pollution from sources farther than 80km, without regional interactions. Panel (&)

reports results when the instruments are pollution from sources farther than 50km (rather than 80km), interacted with region.

The bottom panel uses the same instruments as in the base specification, but measures air pollution (and the

corresponding instruments) in levels rather than logs. In the log-linear specification, the estimated coefficients represent income
shares; the elasticities presented in the table are those coeflicients multiplied by the median value of PM10 in the dataset (36.0 pg/m3).
Standard errors are in parentheses; asterisks denote significance at the * 10% level;, ™ 5% level; and *** 1% level.



Table 8: Estimated marginal willingness to pay for air quality

Hedenics Residential sorting
OLS v oLS v
Full Full Full Full Mo control for
specification{ specification( specification{  specification{ No covariates population
Measure 1) 2) 3) 4) (5) (6)
WTP elasticity 0.06 0.13 0.16 0.24 0.38 0.42
MWTP $25.40 $55.20 $69.10 $148.70 $164.72 $184.89

Notes: “"Hedonics® coefficients are taken from the wage-hedonic model summarized in Table 4 (columns 2 and 4).

“Residential sorting” coefficients are from Table 6; columns 3-6 above correspond to columns 2, 5, 3, and 4 in Table B, respectively.
Marginal willingness-to-pay (MWTP) is calculated by multiplying the regression coefficients by the median household income

in constant 1982-84 dollars ($15,679) and dividing by the median PM10 concentration in the sample (36.0 pg/m3).

Figures for the wage-hedenic model exclude the estimated effects of PM10 on income,

which were insignificant in the IV model. All estimates are in constant 1982-1984 dollars.
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Figure 1
Contribution to PM10 Concentration in Raleigh-DurhISA
From Sources at Least 80 km Away
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Figure 2
Computed PM10 Concentrations in the Eastern UrState$®

2 PM10 concentrations are computed with actual dotissdata and county-to-county source-receptoriratr
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Figure 3
Computed PM10 Concentrations in the Western Urtitetie$’

24PM10 concentrations are computed with actual dotissdata and county-to-county source-receptoriratr
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Appendix

Table Al — Data Summary

Variable Mean Description

HSDROP 0.175 High school dropout

HS 0.249 High school graduate

SOMECOLL 0.291 Completed some college (not four yegree)
COLL 0.286 College graduate

WHITE 0.770 Race = White

BLACK 0.125 Race = Black

ASIAN 0.038 Race = Asian (Chinese, Japanese, other AsiBacific Islander)
OTHER 0.063 American Indian and other racial categories
AGE 49.36 Age of the household head

MALE 0.651 Sex of the household head (1 = MALE, 0 = FENEAL
INCTOT 42305 Total income from employment

ROOM2 0.047 2 rooms in dwelling

ROOM3 0.096 3 rooms in dwelling

ROOMA4 0.148 4 rooms in dwelling

ROOM5 0.192 5 rooms in dwelling

ROOM6 0.194 6 rooms in dwelling

ROOM7 0.128 7 rooms in dwelling

ROOMS8 0.088 8 rooms in dwelling

ROOM9 0.086 9+ rooms in dwelling

BED?2 0.130 1 bedroom dwelling

BED3 0.268 2 bedroom dwelling

BED4 0.385 3 bedroom dwelling

BED5 0.151 4 bedroom dwelling

BED6 0.035 5+ bedroom dwelling

YR1 0.018 0-1 year-old dwelling

YR2 0.070 2-5 year-old dwelling

YR3 0.070 6-10 year-old dwelling

YR4 0.157 11-20 year-old dwelling

YR5 0.176 21-30 year-old dwelling

YR6 0.147 31-40 year-old dwelling

YR7 0.138 41-50 year-old dwelling

UNITS2 0.001 Boat, tent, van, other

UNITS3 0.590 1 family house, detached

UNITS4 0.066 1 family house, attached

UNITS5 0.046 2 family building

UNITS6 0.048 3-4 family building

UNITS7 0.045 5-9 family building

UNITS8 0.043 10-19 family building

UNITS9 0.035 20-49 family building

UNITS10 0.058 50+ family building

ACRE1 9 0.104 Acreage of property 1-9 acres

ACRE10 0.024 Acreage of property 10+ acres

NOKITCH 0.007 Dwelling does not contain complete kitchacilities
NOPLUMB 0.005 Dwelling does not contain complete plumgfiacilities
OWNER 0.661 Dwelling owned

RENTER 0.339 Dwelling Rented

MSA ID Metropolitan Statistical Area identification mier
BLP Birth state
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Table A2 — Housing Services Index Parameters

1990 (N=638159)

2000 (N=3674433)

Estimate t-statistic Estimate t-statistic
CONSTANT 4.035 477.04 4,982 1504.54
ROOM2 0.033 2.50 0.096 19.17
ROOMS3 0.058 4.04 0.115 22.18
ROOM4 0.123 8.32 0.126 23.28
ROOM5 0.217 14.51 0.208 37.57
ROOMG6 0.362 23.85 0.347 61.66
ROOM7 0.524 34.16 0.495 86.81
ROOMS8 0.665 42.73 0.634 109.32
ROOM9 0.857 54.55 0.855 145.26
BED2 0.056 4.54 0.029 6.56
BED3 0.124 9.41 0.107 22.67
BED4 0.135 10.01 0.155 31.90
BED5 0.162 11.68 0.221 43.95
BED6 0.168 11.42 0.281 51.12
YR1 0.534 79.52 0.479 161.47
YR2 0.514 139.19 0.428 238.24
YR3 0.384 104.74 0.363 206.21
YR4 0.287 97.37 0.250 179.26
YR5 0.209 69.61 0.129 97.76
YR6 0.138 45.88 0.092 67.54
YR7 0.056 15.93 0.064 47.10
UNITS2 1.018 103.35 -0.449 -34.18
UNITS3 1.154 261.36 0.748 460.14
UNITS4 1.027 186.73 0.628 281.46
UNITS5 1.283 217.15 0.873 344.37
UNITS6 1.310 220.37 0.891 356.72
UNITS7 1.297 217.80 0.886 351.96
UNITSS8 1.347 224.03 0.917 348.26
UNITS9 1.304 204.79 0.842 302.06
UNITS10 1.267 203.63 0.873 351.96
ACRE1 9 0.086 28.99 0.164 120.88
ACRE10 0.124 24.75 0.252 88.90
NOKITCH -0.091 -7.53 -0.041 -7.38
NOPLUMB -0.448 -36.09 -0.258 -44.53
R’ 0.942 0.926
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Table A3 — Summary of Income Regressions

1990 2000

Average Standard Average Standard

Variable Parameter Deviation of Parameter Deviation of
Estimate Estimates Estimate Estimates

Constant 8.586 0.368 8.982 0.259
MALE 0.621 0.121 0.549 0.098
AGE>60 -0.072 0.142 -0.039 0.149
WHITE 0.303 0.228 0.266 0.133
HS 0.368 0.120 0.352 0.114
SOMECOLL 0.515 0.175 0.537 0.164
COLLGRAD 0.949 0.185 1.009 0.158
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