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Abstract

Estimating the demand for non-marketed goods such as school quality poses challenging
endogeneity and selection problems. To address these, this paper develops a comprehensive new
approach for recovering the full distribution of preferences for school and neighborhood attributes
from observed household choices. The framework has three key features: it recovers structural
preference parameters, allowing for a great deal of preference heterogeneity; it deals with the non-
random sorting of households across neighborhoods by modeling the sorting process directly, in a
manner consistent with equilibrium considerations; and it allows this sorting to be influenced by
unobservable choice characteristics, while overcoming significant endogeneity problems using a
boundary fixed effects approach. We estimate the model using rich data on a large metropolitan
area, drawn from a restricted version of the Census. The new estimates, the most reliable yet to
appear in the literature, indicate that on average households are willing to pay an additional one
percent in house prices when the average performance of the local school is increased by 5
percent, and also that there is considerable preference heterogeneity. Using our equilibrium
framework to explore the general equilibrium implications of these new estimates, we show that
the estimated heterogeneity gives rise to substantial variation in the capitalization of school quality
in housing prices throughout the metropolitan region. Further, the full capitalization of school
quality into housing prices is typically 70-75 percent greater than the direct effect, as the result of
a social multiplier. Focusing on the direct effect only, the prior literature has neglected this

" significant general equilibrium mechanism, whereby increases in school quality also raise housing
prices by attracting households with more education and income to the corresponding
neighborhood.
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1 INTRODUCTION

Economists have long been interested in estimating the demand for non-marketed goods
such as school quality, and for good reason. From a policy perspective, recovering an accurate
household valuation of school quality allows the direct benefit of education reforms to be
quantified. More broadly, estimates of a wider range of underlying preference parameters play an
important role in understanding the way that households sort in the housing market, which in tum
determines the pattern of residential segregation and the matching of households to schools.
Building on a large body of theoretical work studying the effects of household sorting on
equilibrium in the housing market,' researchers have used equilibrium models more recently to
simulate policy changes, notably choice-based education reforms, identifying important general
equilibrium effects as houscholds re-sort that do not appear in partial equilibrium.” But
parameters in this body of research have typically been chosen through calibration or more
arbitrarily. Based on direct estimation of demand parameters, more reliable and coherent sets of
preference estimates can be used, with the potential to improve our understanding of policy
reforms and the workings of the urban economy more generally.

Despite their usefulness, recovering demand parameters from observed choices in the
housing market poses considerable challenges for estimation. Most obviously, data requirements
are high, and even in the richest datasets, it is not possible to characterize fully the factors that
make certain houses and neighborhoods particularly desirable — there will invariably be a
component that is unobserved to the econometrician. Given that households sort on a non-
random basis, in part influenced by these unobservable choice characteristics, important
endogeneity problems arise as relevant choice characteristics that result from the sorting process,
such as neighborhood sociodemographic composition, will be correlated with these
unobservables. Underlying household preferences themselves are likely to be heterogeneous,
depending on a wide range of household characteristics — their education, income, race, family
structure, and more. Recovering mean preferences may be of limited value.

Of the two most prominent approaches to estimating demand in the literature, hedonic

price regressions relate housing prices to housing and neighborhood attributes including school

' Much of the intuition for how household sorting affects the equilibrium in the housing market and
consequently the matching of households with schools derives from a long line of theoretical work in local
public finance. Important contributions to this literature date back to the work of Tiebout (1956) and
include more recent research by Epple and Zelenitz (1981), Epple, Filimon, and Romer (1984, 1993),
Benabou (1993, 1996), Fernandez and Rogerson (1996), and Nechyba (1997).

? Direct analyses of choice-based education reforms have been conducted by Epple and Romano (1998),
Nechyba (1999, 2000, 2001), and Fernandez and Rogerson (2003), among others.



characteristics, while traditional discrete choice models estimate preferences by attempting to
match the location decisions of the households in the data.™* An attractive feature of the recent
price regression literature has been its focus on addressing the likely correlation of school quality
with unobserved housing and neighborhood quality, making use of a boundary fixed effects
strategy.” However, it is difficult to determine how the estimates of a hedonic price regression
relate to the fundamental preferences in the population, both because the equilibrium price
function need not correspond to mean preferences [see Tinbergen (1956) and Rosen (1974)] and
because this approach provides no clear way of estimating heterogeneous preferences.

While dealing with heterogeneity in preferences in a straightforward fashion, the discrete
choice literature in urban and public economics has traditionally assumed away any systematic,
unobserved differences in the quality of houses and neighborhoods. Thus when housing prices
are included in the indirect utility function, the positive correlation of price with unobserved
housing and neighborhood quality has been routinely ignored, leading to a severe understatement
of price elasticities and to biases in the estimation of other taste parameters.5 Moreover, the likely
correlation of test scores with unobserved neighborhood quality has not been adequately
addressed in the discrete choice literature.

The current paper makes two primary contributions. First, building on the strengths of
the two main approaches in the literature, it sets out a new framework for estimating household
preferences over a broad range of housing and neighborhood characteristics, some of which are
determined by the way that households sort in the housing market. Here, we bring together in a
unified framework the treatment of heterogeneity and selection that has been the focus of the
discrete choice literature with the treatment of the correlation of school quality with unobserved
neighborhood quality that has been the focus of recent work in the hedonic price regression

literature, The framework generalizes the traditional discrete choice approach, allowing for

3 This framework was first introduced for the study of housing markets by McFadden (1978). Examples
related to estimating preferences for school quality include Quigley (1985), Nechyba and Strauss (1998),
Bayer (1999), and Barrow (1999).

* Hedonic demand models studied by Rosen (1974), Epple (1987), Bajari and Benkhard (2002), and
Heckman, Matzkin, and Nesheim (2003) among others provide another approach to estimating demand for
non-marketed goods and attributes. These models have not been employed to date to estimate demand for
schooling, although Nesheim (2003) proposes such an empirical exercise. The fundamental difference
between hedonic demand and discrete choice models as applied to location choice problems relates to
whether households are assumed to be able to select the level of consumption of each element of the bundle
of attributes determined by the location decision in order to satisfy the first order condition associated with
that element or whether households are constrained to choose among the set of choices (bundles) that exist
in the data.

5 See, for example, Black (1999), Clapp and Ross (2002), Kain, Staiger, and Samms (2003).



unobserved housing and neighborhood quality and adding a market clearing condition that
equilibrates the market. The second contribution is to estimate the model using the richest data
available, to obtain a broad range of underlying preference estimates that account the
measurement difficulties already referred to. With these estimates in hand, we are then able to
use our equilibrium framework to explore their general equilibrium implications, drawing
attention to important effects neglected in the prior literature.

The framework nests both of the main approaches as direct restrictions. It is
straightforward to show that when households have homogeneous preferences, estimation reduces
to a hedonic price regression, with the unobserved quality term in the discrete choice utility
function corresponding one-to-one with the error term in the price regression. When households
have heterogeneous preferences, estimation proceeds in two stages. The first is a standard
maximum likelihood estimation, which returns parameters that characterize heterogeneity in
preferences. The second stage, which provides the estimates of mean preferences, consists of an
adjusted price regression, where the adjustment (estimated in the first stage) essentially accounts
for which individual in the distribution of tastes sets the price of a given attribute.

Consider, for example, the price of a house with a view of the Golden Gate Bridge. If
such a view were extremely rare, the difference in price between houses with versus without a
view would reflect the marginal willingness-to-pay (MWTP) of a household with a relatively
strong taste for a view; consequently the equilibrium price of these houses would be exceedingly
high relative to the MWTP of the mean household. In this case, the adjustment term estimated in
the first stage of the analysis would decrease the price of houses with a view so that the adjusted
price regression would accurately return mean preferences.

That the second stage of the estimation procedure is a modified price regression puts the
analysis on a familiar footing relative to the hedonic price regression literature. It makes clear
that the use of house price variation that provides the basis for identifying demand via hedonic
price regressions also provides the fundamental basis for the recovery of mean preferences in the
broader equilibrium choice model. It also makes the application of strategies for handling the
endogeneity of school quality developed in the context of hedonic price regressions
straightforward in this more general context. In particular, we incorporate the strategy developed
in Black (1999), which uses sample of houses in close proximity to boundaries between school

attendance zones, including boundary fixed effects in the analysis, thereby comparing the prices

§ Recent papers by Bayer (1999), Bajari and Kahn (2002), and Bayer, McMillan,and Rueben (2002) include
a term that captures the unobserved (to the econometrician) quality of houses in neighborhoods in the
utility specification and address the endogeneity of price in this context.



of houses in similar neighborhoods but which fall on opposite sides of a boundary determining
where children attend school.

The estimates provided in this paper are the first to appear in the literature addressing
both the correlation of school quality and neighborhood sociodemographic characteristics with
unobserved neighborhood quality. One difficulty that arises in the standard use of boundary fixed
effects for isolating exogenous changes in school quality (and one that we demonstrate for our
data) is that households sort with respect to these boundaries, with more highly educated and
higher income households generally choosing the better school quality side of a boundary.
Consequently, it is important to continue to control for neighborhood sociodemographic
characteristics even when boundary fixed effects are employed. This sorting with respect to the
boundaries also turns out to be an attractive feature of the data for dealing with the correlation of
neighborhood sociodemographic characteristics and unobserved neighborhood quality.” By
controlling for any unobserved aspects of housing and neighborhood quality that are constant
across the boundaries, the use of boundary fixed effects absorbs much of the variation between
sociodemographic composition and unobserved neighborhood quality, thereby providing
estimates of demand for neighborhood sociodemographics that deal with this difficult
endogeneity problem.

We estimate a number of specifications of the model in order to provide a direct
comparison of preference estimates under different assumptions. Here, we benefit from using
newly available, restricted-access Census microdata that provide the precise residential location
of nearly a quarter of a million households in the San Francisco Bay Area. These Census data
provide detailed information on a 1-in-7 sample of households, including each household
member’s race, education, income, age, immigration status, employment status, and job location
and each household’s residential and employment locations at the level of a Census block (a
Census area with approximately 100 residents). Using these new Census data as a centerpiece,
we have assembled an extensive data set characterizing the housing market in the San Francisco
Bay Area, combining housing, employment, and neighborhood sociodemographic data drawn
from the Census with neighborhood-level data on schools, air quality, climate, crime, topography,
land use, and urban density.

The new estimates, the most reliable yet to appear in the literature, indicate that on

average households are willing to pay an additional one percent in house price when the average

7 Addressing this correlation is very difficult as one generally requires an instrument that is correlated with
a neighborhood’s sociodemographic distribution but not its unobserved quality and, to our knowledge,
Bayer McMillan, and Rueben (2002) is the only paper in the literature that attempts to deal with this
endogeneity problem.




performance of the local school is increased by 5 percent. The estimates also indicate
considerable heterogeneity in preferences for school quality, with the presence of children,
increased income and education significantly raising a household’s willingness to pay for school
quality. The inclusion of boundary fixed effects in the analysis significantly reduces the
estimated willingness-to-pay measures for more educated, higher-income, and white neighbors.
These reductions are exactly what one would expect if these variables in part proxy for
unobserved housing and neighborhood quality. Despite these reductions, neighborhood
composition continues to play a central role in driving the location decisions and there is
substantial variation in preferences for neighborhood composition across the population.

Given the estimates of the full model, the real power of our equilibrium framework is that
it provides a natural device for exploring the general equilibrium implications of the estimates we
obtain, It offers both a complete characterization of the heterogeneity in preferences for schools
and neighborhoods as well as a way of understanding how these aggregate to determine the
equilibrium in the housing market. We show that the estimated heterogeneity gives rise to
substantial variation in the capitalization of school quality in housing prices throughout the
metropolitan region. Further, the full capitalization of school quality into housing prices is
typically 70-75 percent greater than the direct effect, as the result of a social multiplier. Focusing
on the direct effect only, the vast prior literature on capitalization has neglected this significant
general equilibrium mechanism,® whereby increases in school quality also raise housing prices by
attracting households with more education and income to the corresponding neighborhoods.

The rest of the paper is organized as follows: the next section sets out the model. Section
3 discusses estimation issues. The unique data used to estimate the model are described in
Section 4. Estimation results are presented in Section 5, and results of general equilibrium

simulations in Section 6. Section 7 concludes.

2 AN EQUILIBRIUM MODEL OF AN URBAN HOUSING MARKET

This section of the paper develops an equilibrium model of a self-contained, urban
housing market. The model consists of two key elements: the household residential location
decision problem and a market clearing condition. We model the residential location decision of
cach housechold as a discrete choice of a single residence. The utility function specification is

based on the random utility model developed in McFadden (1978) and the specification of Berry,

Levinsohn, and Pakes (1995), which includes choice-specific unobservable characteristics. Let




X, represent the observable characteristics of housing choice 4 including characteristics of the
house itself (e.g., size, age, and type), its tenure status (rented vs. owned), and the characteristics
of its neighborhood (e.g., sociodemographic composition, school, crime, and topography). Let p,
denote the price of housing choice . Each household chooses its residence /# to maximize its

indirect utility function 4%

(D Azgx Vi =ayX, ~a,p, +&, + 8,

The error structure of the indirect utility is divided into a correlated component associated with
each house that is valued the same by all households, &, and an individual-specific term, &5 A
useful interpretation of &, is that it captures the unobserved quality of each house, including any
unobserved quality associated with its neighborhood.

Each household’s valuation of choice characteristics is allowed to vary with its own
characteristics, Z, including education, income, race, employment status, and household
composition.  Specifically, each parameter associated with housing and neighborhood
characteristics and price, &, for j € {X p}, is allowed to vary with a household’s own

characteristics,

R
@ di=ay+ ) a,Zl,

r=1

and equation (2) describes household i’s preference for choice characteristic ;.
Given the household’s problem described in equations (1)-(2), household i chooses house
h if the utility that it receives from this choice exceeds the utility that it receives from all other

possible house choices - that is, when
GB) ViV = Wi+g>Wite = g-g>W -W, ¥ k=h

where W, includes all of the non-idiosyncratic components of the utility function V. As the

inequalities depicted in (3) imply, the probability that a household chooses any particular choice

¥ This has a long history of study in the literature. See, for example, Oates (1969), Kain and Quigley
(1975), Hayes and Taylor (1996), Bogart and Cromwell (2000), Black (1999), Figlio and Lucas (2000),
Clapp and Ross (2002), and Kane, Staiger, and Samms (2003).



depends in general on the characteristics of the full set of possible house choices. Thus the
probability P’y that household i chooses housing choice /# can be written as a function of the full

vectors of house/neighborhood characteristics (both observed and unobserved) and prices {X, p,

&)
@ P =fi(Z.X,p.8)

as well as the household’s own characteristics Z'.°
Equilibrium'"

We assume that each household observed in our sample represents a continuum of
households with the same observable characteristics, letting the measure of this continuum be .
When the set of draws {&}} for each household observed in the data is interpreted as unobserved
heterogeneity in preferences for each house, this assumption is equivalent to working with the
choice probabilities defined in equation (4) when deriving the conditions required for
equilibrium. These choice probabilities depict the distribution of location decisions that would
result for the continuum of households with a given set of observed characteristics as each
household responds to its particular unobserved preferences.'

Aggregating the probabilities in equation (4) over all households yields the predicted

number of households that choose each house 4, N, :
5) N,=pe) B

where again u represents the measure of the continuum of households with the same observable

characteristics as household i. In order for the housing market to clear, the number of households

® The h subscript on the function f simply indicates that we are writing the probability that household i
chooses house A, not that the form of the function itself varies with A.

19 For more details on the assumptions underlying the equilibrium concept used in this analysis see Bayer,
McMillan, and Rueben (2002), which extends the equilibrium analysis to include social interactions. For
clarity of exposition, we ignore such interactions in presenting the model and equilibrium properties in this

paper.
"""The equilibrium concept developed here treats the supply of housing as fixed. This is done for
expositional simplicity. A more generic housing supply function could be incorporated in the analysis.

12 This assumption concerning the distribution of households requires an analogous assumption about the
set of housing choices observed in the sample. In particular, we assume that each house observed in the




choosing each house # must equal the measure of the continuum of houses that each observed

house represents:

6 N,=u Yh = > B =1, Vh

That the probabilities add to one for each house simply implies that supply must equal demand
for each type of housing in each location. So, while it might seem strange to require equation (6)
to hold for a particular house observed in the sample, the market clearing condition makes more
sense given the interpretation that each house observed in the sample represents a continuum of
like houses."*

It is a straightforward extension of the central proof in Berry (1994) to show that a unique
vector of housing prices clears the market."” Writing this market-clearing vector of prices as

p(Z, X, &), the probability that household i chooses house 4 can be written:
M B=4EXrEX8.8)

where the notation p’(Z, X, £) indicates that the set of market-clearing prices is generally a
function of the full matrix of the household {Z} and house and neighborhood characteristics {X,
&} that are treated as the primitives of the sorting model. We define an equilibrium as any set of
choice probabilities in equation (7) along with the vector prices, p’, such that the market clearing
condition shown in equation (6) holds. Since a unique set of prices clears the housing market,
the sorting equilibrium will also be unique when the model does not include any social

interactions.'®

3 ESTIMATION

sample represents a particular type of housing in a particular location, and that the continuum of such
identical houses also has measure .

1 Note that the measure # drops out of the market-clearing condition depicted in equation (6) and,
consequently, simply serves as a rhetorical device for understanding the use of the continuous choice
probabilities shown in equation (4) rather than the actual discrete choices of the individuals observed in the
data in defining equilibrium,

“ It is important to stress that the market clearing assumption is not required for estimation.

'* See Bayer, McMillan, and Rueben (2002) for related proofs.

' Again for a more detailed discussion of the equilibrium definition and properties with social interactions
see Bayer, McMillan, and Rueben (2002).




Estimation with Homogeneous Preferences

Before turning to issues involved with the identification and estimation of the full model,
it is helpful to examine a restricted version of the model. In particular, consider a specification of
the utility function in which all households share the same value for each house up to an

idiosyncratic error term:
® Up=aux Xy —ay,p, +¢, &,

where &' is i.i.d. across households and choices. In this case, the probability function shown in
equation (4) is identical for all households. Consequently, the market clearing condition implies

that prices adjust so that the non-idiosyncratic utility provided by each alternative is identical:
©)  anXy-a,pi & =K D p=y X+ )&,

Equation (9) is a standard hedonic price regression. This equivalence makes clear that a hedonic
price regression returns the mean valuation of housing and neighborhood attributes when the
underlying assumptions of the sorting model specified above (which include the assumption of a
fixed stock of housing) are combined with the additional assumption that households have

identical preferences for houses and locations."”

Estimation with Heterogeneous Preferences
We now describe the estimation of the sorting model when houscholds have

18

heterogeneous preferences. We begin by introducing some notation that simplifies the

exposition. In particular, we rewrite the indirect utility function as:
(]0) Vih:d,‘FI[jh‘*'rS‘.h.
where:

(11) 0y = oy X, — &y, Dy + &,

7 This condition holds no matter what assumption is made concerning the distribution of the idiosyncratic
error term and in the absence of such idiosyncratic preferences.

10




K K
(12) Ay =[ZakXZ;cJXh _(ZakpZ;chh
k=1 k=1

In equation (12), & indexes household characteristics and &, captures the portion of the utility
provided by housing choice # that is common to all households. When the household
characteristics included in the model are constructed to have mean zero, &, is the mean indirect
utility provided by housing choice #. The unobservable component of &, &, captures the portion
of unobsefved preferences for housing choice 4 that is correlated across households, while &'
represents unobserved preferences over and above this shared component.

The estimation of the model begins by maximizing the probability that each household
chooses its observed housing choice. In particular, for any combination of the heterogeneous
parameters in 4 and mean indirect utilities, &, the model predicts the probability that each
household i chooses house 4. When &' is assume to be drawn from the type 1 extreme value

distribution, for example, this probability can be written:

(13) Phi _exp(J, +/Z§,)

Zexp(cfk + /‘l"k )
k

Maximizing the probability that each household makes its correct housing choice, conditioning
on the full set of observed household characteristics Z' and choice characteristics {X;, ps}, gives

rise to the following log-likelihood function:
(14 €= >"I,In(7)
i h

where I', is an indicator variable that equals 1 if household i chooses house # in the data and 0
otherwise. The first step of the estimation procedure consists of searching over the parameters in
A and vector of mean indirect utilities to maximize £ .

Notice, however, that the set of observed residential choices provides no information that
distinguishes the components of 8. Given the estimate of § obtained from fitting the observed

individual location decisions, equation (11) provides an estimating equation that bears more than

'® Complete details of the estimation procedure including methods for simplifying the computation and the
asymptotic properties of the estimator can be found in Bayer, McMillan, and Rueben (2002).

11




a passing resemblance to the hedonic price regression shown in equation (9). In particular,

moving price to the left-hand side of equation (11) yields:
(A5)  pu+ Yo, G4 =" Xi+ Vo &

Consequently, in the presence of heterogeneous preferences, the mean indirect utility &, estimated
in the first stage of the estimation procedure provides an adjustment to the hedonic price equation
so that the price regression accurately returns mean preferences.

In the context of our model, therefore, equation (15) provides the intuition for why the
equilibrium price function differs from the mean marginal willingness-to-pay when households
have heterogeneous preferences. Figure 1 provides this intuition in graphical form for a simple
example in which households value a single, discrete characteristic of a house, such as a view of
the Golden Gate Bridge.' If such a view were extremely rare, as represented by H; in Figure 1,
the difference in price between houses with versus without a view would reflect the marginal
willingness-to-pay (MWTP) of a household with a relatively strong taste for a view, as indicated
by p,” in Figure 1. If such a view were plentiful, however, the price of the view would generally
reflect the MWTP of someone much lower in the distribution of tastes for a view, as indicated by
p2. In the first case, the price of these houses would be exceedingly high relative to the marginal
willingness-to-pay of the mean household, which is indicated by p),’, while in the second case,
the price of a view in equilibrium would more closely resemble mean MWTP. In essence, the
equilibrium model controls for which individual in the distribution of tastes sets the price of a
given attribute given the supply of that attribute. This provides an adjustment that reflects the
difference between this household’s valuation and that of the mean household so that the adjusted
hedonic price regression accurately reflects mean preferences. In the first case, the mean indirect
utility is negative, which effectively reduces the left-hand side of equation (15) so that it reflects

% Without incorporating the

what the mean household would be willing to pay for a view.
adjustment for the difference in mean utilities in these two cases, a hedonic price regression
would clearly return different estimates in the two scenarios.

The second stage of the estimation procedure involves estimating equation (15). In

general, both p, and &, are endogenous variables and consequently we describe an instrumental

1% For this example, we ignore the idiosyncratic preference term for expositional simplicity.
* Notice that the coefficient on ¢, in equation (15) essentially converts utility to prices for the mean
household.

12




variables estimator below. Before describing this IV estimator, we first relate equation (14) back
to the two fundamental sources of variation in the data that we described in the introduction.

Intuitively two sources of variation in the observed housing data help to identify
differences in preferences across households: (i) choice variation — the characteristics and price
of houses chosen versus not chosen by households of a particular type and (ii) within-type price
variation — the variation in price and housing/neighborhood characteristics among the set of
houses chosen by a particular type of households. While this latter form of variation seemingly
provides a natural way to learn about the trade-offs that households of a particular type make on
average, equation (15) makes clear that using this form of variation while at the same time
1gnoring the underlying choice variation gives rise to an important form of selection bias.

To see this more clearly, consider a simple example with two types of households: ¢; and
t;. Letting the interaction terms in the utility specification above represent the additional
preferences of households of type ¢, versus type t;, &, simply represents the indirect utility
provided by housing choice h to households of type #,. With utility defined in this way, houses
chosen more often by households of type ¢ naturally must have relatively high values of ¢,. In
light of this fact, consider estimating a hedonic price regression using only the set of houses
chosen by households of type ¢ (i.e., using only within-type price variation). As equation (15)
makes clear, this is essentially a case of sample selection on the dependent variable. Because the
set of houses used in such an estimation have relatively high values of &, on average, these
observations necessarily have relatively low values of p, conditional on the observed choice
characteristics X;. In this way, a hedonic price regression estimated using only houses chosen by
households of a particular type naturally introduces a negative correlation between X, and &,
leading to a downward bias in the estimation of the willingness of households of this type to pay
for observable housing and neighborhood characteristics X;. In essence, the first stage of the
estimation procedure outlined above provides the adjustment to the hedonic price regression so
that it accurately returns the preferences of the baseline household category (type # in our
example or mean utility when household characteristics are constructed so as to have mean zero).

This simple example makes clear two issues related to the estimate of heterogeneous
preferences. First, it is necessary to use choice variation in order to properly estimate
heterogeneous preferences — i.e., the use of type-specific price variation alone leads to biased
preference estimates. Second, while the estimation of discrete choice models superficially
appears to be based entirely on choice variation, when traditional discrete choice models are

augmented to allow for terms that capture the unobserved quality of altematives, the estimation of

13




the full model does indeed use the same form of price variation that forms the basis for hedonic

price regressions, as illustrated by the second-stage regression equation shown in (15).

The Correlation of School Quality with Unobserved Neighborhood Quality

In attempting to estimate preferences for school quality, an important endogeneity issue
has been raised in the literature by Black (1999), Clapp and Ross (2002), and Kane et al. (2003)
among others. These authors point out that the quality of local schools is likely to be positively
correlated with unobserved housing and neighborhood quality. While each of these authors make
this point in the context of a hedonic price regression, the same point holds in the context of our
broader sorting model, in which &, represents unobserved housing/neighborhood quality. In this
context, assuming that school quality is uncorrelated with &, is likely to overstate willingness-to-
pay for school quality, misattributing preferences for unobserved house and neighborhood quality
as tastes for schools quality. To address this issue, we follow the identification strategy
developed in Black (1999). Using a sample of houses near school attendance zone boundaries,
Black estimates a hedonic price regression that includes boundary fixed effects. By including
boundary fixed effects, this strategy essentially compares the prices of houses in otherwise similar
neighborhoods, but that fall on opposite sides of a boundary determining where students will
attend school. Any differences in prices not associated with housing characteristics are then
interpreted as the marginal willingness-to-pay for school quality.

In order to incorporate boundary fixed effects in the estimation, we assign each house to a
region 7. When a house is close to a boundary between two school districts, it will fall into a
boundary region and when a house is more centrally located within a school district, it will fall
into a central region. Letting y be a region fixed effect for the region r to which house A

belongs, we can re-write the utility function shown in equation (1) as:

(16)  Max Vi=aiX,—-alp, +y, +& +&

Having accounted for a region fixed effect, & now represents the unobserved quality associated
with the particular housing unit # within region 7.

In extending this identification strategy to the broader sorting model, an additional issue
concerns the treatment of houses not near a school district boundary. In essence, while we seek

to use only the variation in the data at the boundaries to estimate preferences for school quality,

14




the logic of the choice model developed in Section 2 requires the use of all houses in the choice

set. Notice, however, that given the specification of equation (16), equations (11)-(12) become

(17) o, =y, X, — QP t VY, +&,

sy i =(ZaHZ£JXh —[Z%Z;Jph

k=1

That is, the boundary fixed effect appears only in the choice-specific constant regression. Thus,
the first stage of the estimation procedure remains unchanged, returning estimates of the
interaction parameters and the choice-specific constants. In the second stage of the estimation
procedure, (i.e., the estimation of equation (17)), we use only an appropriately weighted sample
of houses in boundary versus central regions. In this way, the estimation of the interaction
(heterogeneity) parameters in the utility function shown in equation (18) is based on the full
sample of houses, while the estimation of the mean preference parameters (those in equation (17))
is based only on across-boundary variation in prices. And, when preferences are restricted to be
homogeneous, our equilibrium model reduces to the analysis in Black (1999).

It is worth emphasizing that the utility specification shown in equation (17) as well as in
the original specification allows household characteristics to affect the coefficient on price. So
households with more income, for example, are allowed to have a greater marginal willingness-
to-pay for unobserved housing and neighborhood quality. This specification thus allows for the
proper estimation of heterogeneity in preferences for school quality even in circumstances where
school quality is correlated with unobservable housing and neighborhood attributes valued more
strongly by some households versus others. If, for example, high-income households have
relatively strong preferences for both good schools and homes with a view of the San Francisco
Bay, our baseline analysis will properly estimate the relative preferences of high-income
households for school quality, as long as the coefficient governing the interaction of household
income and price captures the fact that higher income households have a greater willingness to
pay for unobserved quality (the view of the Bay).

We employ the boundary fixed approach methodology because it provides an attractive
way of controlling for much of the correlation between unobserved housing/neighborhood quality
and school quality. There are important reasons to expect, however, that such boundary fixed
effects do not control for all of this correlation First, school district boundaries may influence

more than the school that a child attends, influencing who children and parents interact with more
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generally. To address this issue, in the analysis below we control for the sociodemographic
charactenistics of the households that reside on the same side of the boundary. A second reason to
expect that boundary fixed effects do not control completely for unobserved
housing/neighborhood quality is the fact that housing and school quality are both likely to be
normal goods. Consequently, for both their own consumption and for the future re-sale value of
their homes, home-owners on the better school quality side of a boundary are likely more likely
to invest in improving the quality of their housing unit. This introduces a positive bias between
housing and school quality that is very difficult to address given the fact that many of these
improvements are likely to be unobserved in the data.?' In sum, while the use of boundary fixed
effects should control for much of the correlation of school quality with unobserved housing and
neighborhood quality, we still expect the estimated preferences for school quality to be slightly

overstated.

4 DATA

Having laid out many of the issues conceming the equilibrium model of sorting,
estimation, and identification, we now describe the data used in our analysis as well as some
empirical issues related to these data. Our analysis is facilitated by access to restricted Census
microdata for 1990. These restricted Census data provide the detailed individual, household, and
housing variables found in the public-use version of the Census, but unlike the public-use data,
also include information on the location of individual residences and workplaces at a very
disaggregate level of geography. In particular, while the public-use data specify the PUMA (a
Census region with approximately 100,000 individuals) in which a household lives, the restricted
data specify the Census block (a Census region with approximately 100 individuals), thereby
identifying the local neighborhood that each individual inhabits as well as the characteristics of
each neighborhood far more accurately than has been previously possible with such a large-scale
data set.

We use data from six contiguous counties in the San Francisco Bay Area: Alameda,
Contra Costa, Marin, San Mateo, San Francisco, and Santa Clara. We focus on this area for two
main reasons, First, it is reasonably self-contained. Examination of Bay Area commuting
patterns in 1990 reveals that a very small proportion of commutes originating within these six
counties ended up at work locations outside the area; and similarly, a relatively small number of

commutes to jobs within the six counties originated outside the area. And second, the area is

2 We do, however, show evidence below that the observed housing and neighborhood characteristics are
not all that different on the high versus low side of the school district boundaries used in the analysis.
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sizeable along a number of dimensions, including over 1,100 Census tracts, and almost 39,500
Census blocks, the smallest unit of aggregation in the data. The sample cdnsists of about 650,000
people in just under 244,000 households. The Census provides a wealth of data on the
individuals in the sample — race, age, educational attainment, income from various sources,
household size and structure, occupation, and employment location.?

The Census data also provide a variety of housing characteristics; whether the unit is
owned or rented, the corresponding rent or owner-reported value, property tax payment, number
of rooms, number of bedrooms, type of structure, and the age of the building. In constructing
neighborhood characteristics, we begin by characterizing the stock of housing in the
neighborhood surrounding each house. Using the Census data, we also construct neighborhood
racial, education and income distributions based on the households within the same Census block
group, a Census region containing approximately 500 housing units. We merge additional data
describing local conditions with each house record, constructing variables related to crime rates,
land use, local schools, topography, and urban density. For each of these measures, a detailed
description of the process by which the original data were assigned to each house is provided in a
Data Appendix. The list of the principal housing and neighborhood variables used in the

analysis, along with means and standard deviations is given in the first column of Table 1.

Refining the House Price Variables Provided in Census

For a variety of reasons, the house price variables reported in the Census are ill suited for
our analysis. House values are self-reported and top-coded, and rents may reflect substantial
tenure discounts. Moreover, because we have implicitly defined the model and developed its
equilibrium properties in terms of a single price variable for both owner-occupied and rental
properties, we must relate house values to rents in some way.” Consequently, we make four
adjustments to the housing price variables reported in the Census aiming to get a single measure

for each unit that reflects what its monthly rent would be at current market prices. We describe

2 Throughout our analysis, we treat the household as the decision-making agent and characterize each
household’s race as the race of the ‘householder’ — typically the household’s primary earner. We assign
households to one of four mutually exclusive categories of race/ethnicity: Hispanic, non-Hispanic Asian,
non-Hispanic Black, and non-Hispanic White.

* This requirement may seem more restrictive than it actually is. Note that we treat ownership status as a
fixed feature of a housing unit in the analysis - whether a household rents or owns is endogenously
determined within the model by its house choice. We allow households to have heterogeneous preferences
for home-ownership (a positive interaction between household wealth and ownership, for example, will
imply that wealthier households are more likely to own their housing unit, as we find below) and other
house characteristics. Thus the use of a single house price variable does not impose any serious restrictions
on the model.
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the reasoning behind each adjustment briefly here, leaving a detailed description of the
methodology for the Data Appendix.

Because house values are self-reported, it is difficult to ascertain whether these prices
represent the current market value of the property, especially if the owner purchased the house
many years earlier. Fortunately, the Census also contains other information that helps us to
examine this issue and correct house values accordingly. In particular, the Census asks owners to
report a continuous measure of their annual property tax payment. The rules associated with
Proposition 13 imply that the vast majority of property tax payments in California should
represent exactly one percent of the transaction price of the house at the time the current owner
bought the property or the value of the house in 1978. Thus, by combining information about
property tax payments and the year that the owner bought the house (also provided in the Census
in relatively small ranges), we are able to construct a measure of the rate of appreciation implied
by each household’s self-reported house value. We use this information to modify house values
for those individuals who appear to be reporting values much closer to the original transaction
price rather than current market value.

A second deficiency of the house values reported in the Census is that they are top-coded
at $500,000, a top-code that is often binding in California. Again, because the property tax
payment variable is continuous and not top-coded, it provides information useful in
distinguishing the values of the upper tail of the distribution.

The third adjustment that we make concerns rents. While rents are presumably not
subject to the same degree of misreporting as house values, it is still the case that renters who
have occupied a unit for a long period of time generally receive some form of tenure discount. In
some cases, this tenure discount may arise from explicit rent control, but implicit tenure discounts
generally occur in rental markets even when the property is not subject to formal rent control. In
order to get a more accurate measure of the market rent for each rental unit, we utilize a series of
local hedonic price regressions in order to estimate the discount associated with different
durations of tenure in each of over 40 sub-regions within the Bay Area.

Finally, we construct a single price vector for all houses, whether rented or owned. In
order to make owner- and renter-occupied housing prices as comparable as possible, we seek to
determine the implied current annual rent for the owner-occupied housing units in our sample.
Because the implied relationship between house values and current rents depends on expectations
about the growth rate of future rents in the market, we estimate a series of hedonic price
regressions for each of over 40 sub-regions of the Bay Area housing market. These regressions

return an estimate of the ratio of house values to rents for each of these sub-regions and we use
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these ratios to convert house values to a measure of current monthly rent. Again, the procedure is

described in detail in the Data Appendix.

School Characteristics

While we have an exact assignment of Census blocks to school districts, we have only
been able to attain precise maps that describe the way that city blocks are assigned to schools in
1990 for Alameda County. In the absence of information about within-district school attendance
areas, we employ four alternative approaches for linking each house to a school. The crudest
procedure assigns average school district characteristics to every house falling in the school
district. A refinement on this makes use of distance-weighted averages. For a house in a given
Census block group, we calculate the distance between that Census block group and each school
in the school district. We then construct weighted averages of each school characteristic,
weighting by the reciprocal of the distance-squared as well as enrollment. As a third approach we
simply assign each house to the closest school within the appropriate school district. In our
fourth and preferred approach, we adjust this closest school assignment procedure to ensure that
the predicted enrollment of each school as calculated by summing over the school-aged children
in each Census block group assigned to a school equals the actual enrollment of that school. We
describe this procedure in detail in the Data Appendix. In practice, all four methods of defining
school characteristics yielded very similar results, with the estimates based on school district
averages revealing a small amount of aggregation bias. To keep the exposition of the results
manageable below, we simply report results for the fourth method described here.

As our measure of school quality, we use the average test score for each school, averaged
over two years. Averaging over two years helps to reduce any year-to-year noise in the measure.
When variables that characterize the sociodemographic composition of the school or surrounding
neighborhood are included in the analysis, the estimated coefficient on average test score picks up
what households are willing to pay for an improvement in average student performance at a
school holding the sociodemographic composition constant. While the average test score is an
imperfect measure of school quality, it has the advantage of being easily observed by both parents
and researchers and consequently has been used in most analyses that attempt to measure demand

for school quality.

Boundary Fixed Effects
A number of empirical issues arise in incorporating boundary fixed effects into our

analysis. The first issue concerns the choice of jurisdiction for which the boundaries are defined.
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While Black (1999) uses school attendance zones within a school district, in the analysis
presented in this paper we use boundaries between school districts in the Bay Area.”* A central
feature of local governance in California helps to eliminate some of the problems that naturally
arise with the use of school district boundaries, as Proposition 13 ensures that the vast majority of
school districts within California are subject to a uniform effective property tax rate of one
percent. A second issue concerns the width of the boundaries. While a narrow band makes the
assumption that unobserved neighborhood quality is the same on opposite sides of the boundary
more accurate, a wider band allows the use of more data. We experimented with a variety of
distances and report the results for 0.25 miles, as these were far more precise due to the larger
sample size.

Table 1 displays descriptive statistics for various samples related to the boundaries. The
first two columns report means and standard deviations for the full sample; the third column
reports means for the sample of houses within 0.25 miles of a school district boundary, the fourth
and fifth columns report means on the high versus low average test score side of the school
district boundary; the sixth column reports weighted means for the sample of houses within 0.25
miles of a school district boundary (we describe the weight below).

Comparing the first column to the third column of the table, it is immediately obvious
that the houses near school district boundaries are not fully representative of those in the Bay
Area as a whole. Houses near boundaries tend to be slightly more expensive, more often owner-
occupied, and larger in neighborhoods that are less dense and have lower crime rates than the
sample as a whole. To address this problem, we create sample weights for the houses near the
boundary according to the following procedure: Using a logistic regression, we first regress a
dummy variable indicating whether a house is in a boundary region on the vector of housing and
neighborhood attributes. Fitted values from this regression provide an estimate of the likelihood
that a house is in the boundary region given its attributes. We use the inverse of this fitted value
as a sample weight in subsequent regression analysis conducted on the sample of houses near the
boundary. Column 6 of Table 1 shows the resulting weighted means. As the numbers clearly
demonstrate, using these weights makes the sample near the boundary much more representative
of the full sample, column 6 typically being closer to column 1 than column 3.

The principal issue arising from Table 1 concerns differences across school district
boundaries, which are displayed in columns 4 and 5. Comparing the average characteristics of

houses with 0.25 miles of the boundary on the high versus low school quality side reveals that

2 This difference implies that our results are not directly comparable to Black (1999). It is important to
keep this distinction in mind throughout our discussion of the boundary fixed effects.
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houses on the high school quality side cost $53 more per month and are assigned to schools with
a 43-point average test score increase. The difference is highly statistically significant. The
standard deviation of the test score measure is 74, so this translates into a raw mean marginal
willingness to pay for a one standard deviation increase in school quality of approximately $91 in
monthly rent or $24,100 in house value.”> The remaining differences in average housing
characteristics on opposite sides of the school district boundary are fairly small (relative to the
overall standard deviation of each variable), but the effect of these differences on housing prices,
however, is generally in the direction of increasing prices on the high school quality side. Houses
on the high school quality side of the boundary are more often owner-occupied and have slightly
lower crime rates.

More significantly, houses on the high school quality side of the boundary are more
likely to be inhabited by white households and households with more education and income.
These across-boundary differences in sociodemographic composition are exactly what one would
expect if household sort on the basis of preferences for school quality, thereby leading those with
stronger tastes or increased ability to pay for school quality to choose the higher school quality
side of the boundary. In proceeding to the empirical analysis below, we draw two main
conclusions from Table 1: first, that the use of boundary fixed effects is likely to control for much
of the correlation of school quality with unobserved features of housing and neighborhood quality
unrelated to household sorting; second, there appears to be a significant amount of sorting with
respect to school district boundaries on the basis of race, education, and income. This sorting
suggests that an exogenous change in school quality both increases housing prices and changes
the sociodemographic composition of the corresponding neighborhood. Because this latter effect
is also likely to affect housing prices, the direct effect of school quality on prices is likely to be
much lower than the $91 per month for a one standard deviation increase in school quality

obtained from a simple examination of the average price difference across boundaries.

5 RESULTS
Hedonic Price Regressions
We begin our primary empirical analysis by presenting results of a series of hedonic price

regressions. As described in Section 2, these regressions correspond to estimating the equilibrium

% As described above, we construct a single price vector for all houses, whether rented or owned. Because
the implied relationship between house values and current rents depends on expectations about the growth
rate of future rents in the market, we estimate a series of hedonic price regressions for each of over 40 sub-
regions of the Bay Area housing market. These regressions return an estimate of the ratio of house values
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model of sorting under the assumption that households have homogeneous preferences. We
begin with these hedonic price regressions for two reasons. First, they allow us to explore a
number of alternative assumptions about the use of boundary fixed effects, the sample, and the
effect of including various additional controls in a setting where it is easy to compare results
across models. Second, these regressions facilitate comparison to the results of the prior
literature, Black (1999) in particular,

Table 2 presents the results from six hedonic price regressions. The dependent variable
in these regressions is our constructed monthly house price measure, which equals monthly rent
for renter-occupied units and an imputed monthly rent for owner-occupied units (see Section 4 for
more details). Results are reported for the full sample and for sample of houses within 0.25 miles
of school district boundaries, with and without including fixed effects. For each of these three
specifications, results are reported for a specification that does and does not include the five
neighborhood sociodemographic variables used in our earlier analysis: average income, percent
of households with a college degree, percent Asian, percent Black, and percent Hispanic, each
measured at the Census block group level.

No clear bias emerges when the sample is reduced to only those houses near a school
district boundary. When neighborhood sociodemographic characteristics are excluded, for
example, the implied marginal willingness-to-pay for a one standard deviation increase in school
quality moves from $146 in monthly rent ($38,500 in house value) to $145 in monthly rent
($38,200 in house value), when the sample is restricted to houses near a boundary. The estimated
mean MWTP for a one standard deviation in school quality declines to $101 ($26,700) when the
boundary fixed effects are included in the analysis. This more or less mirrors the raw MWTP of
$91 ($24,100) calculated using the descriptive statistics in Table 1. Thus, controlling for a host of
fixed housing and neighborhood characteristics does very little to this estimate. Including
neighborhood sociodemographic characteristics in the analysis, however, dramatically reduces
the estimated MWTP for school quality to $28 in monthly rent ($7,400 in house value), and this
estimate is not sensitive to whether boundary fixed effects are included or not.

When sociodemographic variables are included in the analysis, the interpretation of the
coefficient on average test score represents the effect of an increase in test score holding
sociodemographic composition constant. Conversely, the coefficients on the sociodemographic
variables pick up the valuation of these characteristics holding average test score constant - in

other words, the value of these characteristics unrelated to their effect on average test score. One

to rents for each of these sub-regions and we use the average of these ratios for the Bay Area, 264.1, to
convert monthly rent to house value for the purposes of reporting results at the mean.
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concern is that the average test score used in the analysis may be a noisy measure of student
performance and, consequently, that neighborhood sociodemographic differences partially
capture unobserved differences in school quality as well. To address this issue, we compare the
results presented above, which average a school’s average test score over two years to results
based on a test score for only the first year of these two years of data. We find no difference in
the estimate when the test score is based on a one- versus two-year average.”®

That the estimated mean MWTP for a one standard deviation increase in school quality of
$28 in monthly rent or $7,400 in house value is relatively small may relate to the fundamental
informational problem that households face in attempting to distinguish the quality of a school.
The ability of households to glean from average test score data the quality of a school as opposed
to increased performance due directly to its sociodemographic composition may be very difficult
indeed; empirical researchers know that to do this well requires an immense amount of data.
Consequently, to the extent that households have trouble measuring school quality, one would not
expect them to value it much when making their residential location decision. Put another way,
to the extent that houscholds instead use the posted average test score or the sociodemographic
composition of the neighborhood as proxies for school quality when making their location
decision, the location decision will be driven much more heavily by neighborhood
sociodemographic variables rather than by school quality itself.

To facilitate comparison, the estimates reported in the previous paragraph can be put into
the same terms employed by Black (1999), who reports the average percentage increase in house
price associated with a 5 percent increase in average test score, evaluated at the mean. Because
we use a different definition of boundary fixed effects than in the Black study, we find it sensible
to only compare the final estimates for the hedonic price regressions that include both
neighborhood sociodemographic characteristics and boundary fixed effects. In particular, our
final estimate implies that a 5 percent increase in average test score would increase house prices
at the mean by approximately 0.9 percent or $2,700 in house value as opposed to 1.7 percent or
$3,100 in house value as found in Black (1999).”” These numbers seem similar enough to us to

be plausible given the broad differences in the sample and study area used in these analyses.?

?6 Kane, Staiger and Samms (2003) point out that the change in average test scores form year to year
exhibits a great deal of noise unrelated to actual school quality. Not surprisingly, the level exhibits far less
noise.

*" The estimate of 1.7 percent is based on the specification reported in Column 4 of Table V in Black
(1999), which includes neighborhood sociodemographic characteristics measured at the Census block
group level. It is worth noting that Black’s handling of neighborhood sociodemographic composition may
be somewhat problematic due to the use of school attendance zone boundaries. Because houses on both
sides of attendance zone boundaries often fall into the same Census block group, the neighborhood
sociodemographic variables will be identical by construction for many boundaries in Black’s analysis. This
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One final important result from Table 2 relates to the estimated coefficients on the five
neighborhood sociodemographic variables, with and without including boundary fixed effects.
One of the central issues in estimating models of location choice (whether hedonic or discrete
choice) concerns the correlation of neighborhood sociodemographic characteristics with
unobserved housing and neighborhood quality. For example, houses with a view of the San
Francisco Bay should tend to command higher prices and draw higher-income households to the
neighborhood. Thus, if the view is unobserved in the data, the hedonic price regression will tend
to attribute the additional price associated with these houses to the average income of the
neighborhood. The boundary fixed approach used here provides a convenient way of controlling
for fixed neighborhood unobservable characteristics such as a view of the Bay. At the same time,
because there is significant sorting (as shown in Table 1) with respect to the boundaries
themselves, the neighborhood sociodemographic composition of the Census block groups on one
side of the boundary versus the other can be quite different.

Comparing the coefficients on the neighborhood sociodemographic characteristics with
and without the inclusion of boundary fixed effects (columns 5 and 6 of Table 2) yields exactly
what one would expect if the boundary fixed effects control for unobserved components
neighborhood quality unrelated to the sorting of households across the boundary. In particular
controlling for fixed effects reduces the coefficient on percent Black from —$114 to -$41;
increases the coefficient on percent Hispanic from $147 to $240; changes the sign of the
coefficient on percent Asian from $-76 to $201; reduces the coefficient on the percent of
households with a college degree from $192 to $92; and reduces the coefficient on average
neighborhood income (/$10,000) from $111 to $101. Thus, while the boundary fixed effects do
not seem to be effective in controlling for differences in the sociodemographic composition

across neighborhoods, they do seem to be effective in controlling for more fixed aspects of

will make it impossible to evaluate whether there is significant sorting with respect to school attendance
zone boundaries based on Census block group data,

% There are many potential differences, of course, between the study areas and samples used in the
analysis: Black uses owner-occupied homes in suburban Boston, Massachusetts, while we use both owner-
and renter-occupied housing for the full San Francisco Bay Area. One might expect, and this is also
implied by the estimates from heterogeneous preferences model reported below, that suburban home-
owners are simply willing to pay more for school quality than other households in a metropolitan region.
Another intriguing potential explanation for the difference relates to California’s school finance system,
which gives school districts almost no control over the property tax rate or the level of education
expenditures. While this lack of fiscal control on the part of local jurisdictions lends more credence to the
use of school district boundaries in our analysis, it also suggests that schools in California (which are
restricted to roughly equal levels of expenditures per student) may not differ much in ways that affect a
school’s quality as perceived by parents other than through differences in peer composition. Thus, the
variation in school quality unrelated to a school’s sociodemographic composition may be much greater in
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unobserved neighborhood quality, and thus provide a way of properly estimating preferences for
neighborhood sociodemographic characteristics in the presence of an important endogeneity

problem,

Estimates of Model with Heterogeneous Preferences

We now turn to estimates of the model with heterogeneous preferences. Table 3 reports
estimates of the interaction parameters for a specification that does not include the variables that
characterize neighborhood sociodemographic composition. As the table suggests, this
specification simultaneously controls for the effect of each of a series of household characteristics
(income, education, race, work status, age, and household structure) on a household’s marginal
willingness-to-pay for each of a series of housing and neighborhood attributes. While the
numbers reported in Table 3 are not directly interpretable in dollar terms (we make this
conversion in Table 8 below), the estimates of the coefficients reveal significantly positive
interactions of household income, education, and the age of the householder with school quality
and significantly negative interactions with school quality if a household has children or is Asian,
Black, or Hispanic versus White. The remaining pattern of signs and magnitudes in the table are
what one would expect in every important case, with, for example, utility declining rapidly in
commuting distance and the interaction of income and price revealing a positive income elasticity
of demand for housing, especially for home-ownership and larger houses.

Table 4 extends the analysis of Table 3 by including a series of neighborhood
sociodemographic  characteristics. The inclusion of variables characterizing the
sociodemographic composition reduces the magnitude of the interaction of income with school
quality by 60%, of education with school quality by almost 75%, and of Black and Hispanic with
school quality by 80-90%. These reductions are not surprising in the presence of strong sorting
social interactions. If, for example, more highly educated households want to live together and
each have a relatively high taste for school quality, households will stratify on the basis of
education in equilibrium, with more highly educated households living in better quality school
districts. If one did not account for the fact that part of the corresponding higher prices in these
neighborhoods was due to the willingness of these households to pay to live with other highly
educated households, one would expect to severely overstate the preference of highly educated

households for school quality, as in Table 3. The results for household structure also appear more

Massachusetts and consequently, a 5 percent increase in average test score holding neighborhood
sociodemographics constant could amount to a more meaningful increase.
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reasonable in the specification of Table 4 versus Table 3, as households with children now have a

significantly positive interaction with school quality rather than a significantly negative one.

Signing the Bias in the Hedonic Price Regression

Having estimated the vector of mean indirect utilities in the first stage of the estimation
procedure, the second stage of the estimation procedure outlined above concemns the estimation of
the mean preferences parameters shown in equation (11), which is re-written in equation (15).
For general forms of the utility function, both housing price, p;, and mean utility, &, will be
correlated with the unobserved housing/neighborhood quality, &, in equilibrium. In this case, the
estimation of equation (11) requires an additional variable that is correlated with P» but not with
unobserved housing/neighborhood quality, &,

Before constructing an appropriate instrumental variable, however, it is important to
point out that we can sign the direction of the bias in the hedonic price regression simply under

the assumption that price enters indirect utility negatively (ay, > 0). Re-writing equation (15) as:

19  p, =a°%o,, X = Vo On + Jay, S

it is immediately obvious that the hedonic price regression includes a negative function of the
mean indirect utility that a house provides in the error term. Thus, to the extent that an included
regressor is positively correlated with the vector of mean indirect utilities, the hedonic price
coefficient is biased downwards and, consequently, understates mean preferences for the attribute
in question. Table 5 shows the partial correlation of key choice attributes with & for various
specifications of the sample and inclusion of boundary fixed effects. In each case, the reported
partial correlation conditions on the full set of covariates used in the hedonic price regression
including neighborhood sociodemographic characteristics. Focusing on the final column, which
includes the boundary fixed effects, the negative correlation between & And most of the
variables, especially the percentage of a block group that is Black and the average income of a
block group, implies that a hedonic price regression will tend to overstate mean preferences for
these characteristics. The correlation of & with average test is only slightly negative and,
consequently, we expect the mean MWTP for average test score that we estimate using the
heterogeneous preferences model to be slightly smaller than that estimated via the hedonic price
regression. The one partial correlation that is positive in the final column of Table 5 is that with

the percentage of the block group that has a college degree or more. Consequently, this
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coefficient will increase in moving from the hedonic price regression to the estimated mean

preferences obtained from the equilibrium choice model.

Forming an Instrument for Price

To estimate equation (11) we need an instrument for price. The type of instrument that
we propose rises naturally out of the sorting model when households value only the features of
their own house and attributes of the surrounding neighborhood — where the size of this
neighborhood potentially could be quite large. That is, as long as households do not value the
features of housing and neighborhoods beyond some threshold distance from their own home
when making their residential location decision, the exogenous attributes of houses and
neighborhoods that are positioned beyond this threshold make suitable instruments for housing
price. In developing this type of instrument, we exploit an inherent feature of the sorting process
— that the overall demand for houses in a particular neighborhood is affected by not only the
features of the neighborhood itself, but also by the way these features relate to the broader
landscape of houses and neighborhoods in the region. Thus we assume that the exogenous
attributes of houses and neighborhoods a sizeable distance away from a house influence the
equilibrium in the housing market, thereby affecting prices, but have no direct effect on utility.

In practice, the precision of the estimation is improved significantly when the logic of
this IV strategy is used to construct a single instrument for price that approximates the optimal
instrument. The optimal instrument for p, in the choice-specific constant regression (equation

(11)) is given by:

20) E(a%ao ]=E(p,, 1)

that is, the expected value of p, conditional on the information set €2, which contains the full
distribution of exogenous choice (X;) and individual characteristics (Z). Notice that this
instrument implicitly incorporates the impact of the full distribution of the set of choices in
exogenous characteristic space as well as information on the full distribution of observable
household characteristics into a single instrument for price.

For computational purposes, we use a well-defined instrument that maintains the inherent
logic of this optimal instrument while being straightforward to compute. This ‘quasi-’ optimal
instrument is based on the predicted vector of market-clearing prices calculated for an initial

estimate of the parameter values with the vector of unobserved characteristics & set identically
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equal to 0 and using only the exogenous features of locations. This condition corresponds to
using the prediction at the mean instead of the expected value. Operationally, the estimation

proceeds as follows:

1. Include a full set of variables in the model that accounts for housing and neighborhood
attributes in the region that households value directly when making their location
decision — for the analysis conducted below we assume households care about the
housing stock and land use within five miles of their house.

2. Using a conjecture of the model’s parameters, setting &=0 for all 4, and including only
exogenous choice characteristics in X, calculate the vector of housing prices that clears

the market, ﬁ-(Xh,Zi). In practice, we make a reasonable conjecture on the price

coefficient and then simply run equation (15) via OLS. In calculating the vector of
market clearing prices, we use only variables that describe housing and land use - not
those related to neighborhood sociodemographic composition, tests scores, or crime.

3. Using p" as an instrument for p, estimate the choice-specific constant regression.”’

Like the optimal instrument, the instrument that we propose provides a measure of the
way that the full landscape of possible choices affects the demand for each house/neighborhood.
In essence, this instrument extracts additional information from €2 than that which is contained in
the vectors of choice characteristics X already appearing in estimating equation (11). In the
regressions reported below, we include a full set of controls for the characteristics of the house
itself and its neighborhood as well as five variables that described land use®® and six variables that
describe the housing stock® in each of 1, 2, 3, 4, and 5 mile rings around the house. In sum, the
additional information embedded in our instrument derives from the exogenous features of the
housing stock and land use in a region beyond five miles from the house in question.
Importantly, this information 1s collapsed into a single instrument that uses this information in a
concise manner that is consistent with the logic of the sorting model.

Table 6 reports first stage price regressions analogous to the hedonic price regression
reported in Table 2 with the inclusion of the optimal price instrument. In each specification, the

optimal price instrument is strongly predictive of price, over and above the set of variables

* In practice, we repeat Steps 2 and 3 of this procedure using the estimated parameters from step 3 to
construct a new price instrument in step 2 for the next iteration. While this iterative process is not
necessary to ensure consistency, it does ensure that the final estimates are not sensitive to our initial
conjecture of the coefficient on price. For this reason, we believe that this iterative procedure is likely to be
more efficient than applying the procedure once, but do not have a proof of this.

3 percent industrial; Percent commercial; Percent residential; Percent open space; Percent other.

! Percent owner-occupied single family homes with 7 rooms or more; Percent owner-occupied single
family homes with less than 7 rooms; Percent renter-occupied single family homes; Percent renter-occupied
units in large apartment buildings; Percent of units in small apartment buildings; Percent other.
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included in X, increasing the R’ of each regression by approximately 2-4 percentage points. So
the price instrument, which is derived entirely from the exogenous characteristics of the
alternatives and the distribution of household characteristics in the population, adds significantly

to the predictive power of these regressions.™

Estimates of the Adjusted Hedonic Price Regression

Using the optimal price instrument as an instrument for price, we report in Appendix
Table 1 the results of six specifications of the mean indirect utility regression that correspond to
the six specifications reported in Table 2. For these regressions, we use the estimated J vector
from the specification shown in Table 3 when sociodemographic characteristics are excluded and
in Table 4 when they are included. To facilitate comparison with the hedonic price regressions,
Table 7 reports the implied measures of the mean willingness to pay for school quality that result
from these size specifications. These estimates are generated by dividing the coefficient
associated with each choice characteristic in the & regressions by the coefficient on price.
Standard errors are calculated using the delta method.

As the first two rows of Table 7 make clear, the estimated mean MWTP for a one
standard deviation increase in school quality as estimated by the equilibrium model with
heterogeneous preferences is generally slightly less than the estimate obtained from a hedonic
price regression (the equilibrium model with homogeneous preferences).® For the specification
that excludes both boundary fixed effects and neighborhood sociodemographic characteristics,
the mean MTWP for a one standard deviation increase in school quality estimated using the
model with heterogeneity is $123 in monthly rent as compared to the $145 estimate obtained
using the standard hedonic price regression. When only boundary fixed effects are included, the
estimated mean MWTP is $82 as compared with $101 in the hedonic price regression. And,
finally, when neighborhood sociodemographic characteristics are included in the model the
estimated mean MWTP falls from $28 in monthly rent (37,400 in house value) as estimated in the
hedonic price regression approach to $20 ($5,300) when boundary fixed effects are excluded and
$26 ($6,900) when they are included in the analysis.

As in the hedonic price regressions, the inclusion of boundary fixed effects influences the

estimates of the coefficients on the neighborhood sociodemographic variables in a pattermn that

%2 As a side note, it is also important to point out that the coefficients on the other characteristics do not
have much meaning as they represent the effect of these characteristics on price controlling for the
estimated market-clearing price given only the exogenous attributes of the set of alternatives.

* This is as expected given the negative partial correlations between & and average test score shown in
table 5.

29




suggests that the boundary fixed effects control well for unobserved neighborhood differences not
affected by the household sorting. In this case controlling for fixed effects reduces the magnitude
of the mean MWTP associated with percent Black from -$319 to —$267; increases the estimate
on percent Hispanic from $18 to $139; changes the sign of the coefficient on percent Asian from
$-96 to $155; reduces the coefficient on the percent of households with a college degree from
$206 to $138; and reduces the coefficient on average neighborhood (/10,000) from $96 to $88.
Again, because school quality is positively correlated with average neighborhood income and
education and the percentage of white households, the inclusion of boundary fixed effects, by
lowering the implied MWTP measures associated with these neighborhood sociodemographic
variables, actually has the effect of increasing the estimate of the mean MWTP for school quality.

Comparing the hedonic price regressions reported in Table 2 to the mean MWTP
estimates derived from the heterogeneous preferences model in Table 7, it is worth exploring why
a difference arises between these specifications for certain housing and neighborhood attributes
and not others. Comparing results of our preferred specification (column 6), which includes both
boundary fixed effects and neighborhood sociodemographic characteristics, reveals that the
estimates related to housing characteristics, school quality, and crime tend to be slightly
overstated in the hedonic price regression, while those related to neighborhood sociodemographic
composition and race in particular change dramatically. Here, the analysis of Figure 1 is helpful
in understanding why this is the case. Consider, for example, the estimated mean coefficient on
Percent Black, which is -$267 in the heterogeneous preferences model as opposed to only -$41
for the hedonic price regression. For simplicity, assume that neighborhoods are completely
segregated, so that the equilibrium price of a Black neighborhood is driven by the MWTP of the
Black household with the least MWTP for a Black neighborhood (or, alternatively, the White
household with the greatest MWTP). Here, the hedonic price regression returns the MWTP of
the household on the margin between choosing a Black versus White household, which in this
case is substantially greater than the MWTP of the mean household, which is estimated in the
heterogeneous preferences specification. Put another way, a much lower differential in price
between Black and White neighborhoods is required to equilibrate the housing market than would
be required to make the mean household indifferent between these neighborhoods.

The case of school quality is also worth discussing in more detail. Because the Bay Area
contains over 700 schools, the equilibrium difference in housing prices between each of the
neighborhoods associated with each school is more appropriately characterized by Figure 2,
which again simplifies the problem to one dimension of choice characteristic space. In this case,

the equilibrium difference in price between each pair of schools ranked according to quality is the
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MWTP of the household on the corresponding boundary between schools. These equilibrium
prices are represent by the p;” terms on the vertical axis. If there are roughly an equal number of
students in each school, averaging the equilibrium price over all of the houses in the sample
corresponds roughly to the mean MWTP and, consequently, there is only a slight difference
between the estimates returned from the model with heterogeneous preferences and the hedonic
price regression.

Thus, in general, when we can view the choice problem as single-dimensional, one would
expect the hedonic price regression to diverge from mean preferences for choice characteristics
(especially those in fixed or limited supply) for which the preferences of the marginal household
differ systematically from those of the mean household in the population. Which household is on
the margin depends explicitly on the set of alternatives and the attributes available in the market
as well as on the distribution of households and their preferences. Consequently, the valuation of
attributes returned by the hedonic price regression will depend on these distributions, especially
for certain types of attributes. It is important to stress that the heterogeneous preferences model
that we use here explicitly accounts for the distribution of characteristics in the population as well
as in the set of alternatives.

Finally, the change from the hedonic regression for the percentage of neighbors with a
college degree is also interesting to examine. In this case, the estimated mean MWTP is greater
than the corresponding coefficient in the hedonic price regression. This suggests that the mean
household would generally want to increase its consumption of college-educated neighbors at the
equilibrium price. In practice, however, because college-educated households themselves
demand more housing and neighborhood attributes, this may be difficult to do without also
increasing the consumption of these other goods. Consequently, because the single residential
location decision determines a full bundle of goods, households may not be able to perfectly
satisfy their preferences for any particular element of this bundle even if they are willing to pay
the implied marginal price for that element, especially when the elements of a bundle are
correlated — in this case, increased percent college educated often implies increases in other

housing and neighborhood attributes.**

Heterogeneity in Willingness-to-Pay
Table 8 reports the implied estimates of the heterogeneity in MWTP for school quality

and neighborhood sociodemographic characteristics across houscholds with different
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characteristics for our preferred specification, which includes both neighborhood
sociodemographic characteristics and boundary fixed effects. Focusing first on the heterogeneity
in tastes of school quality, a household’s willingness-to-pay increases with income, the presence
of children, education, employment, and age. Black households have a significantly lower
willingness to pay for school quality relative to White households, although this may result in part
from unobservable difference in, for example, wealth that are not included in this analysis.

The presence of children increases demand for house size and school quality, but
decreases demand for owner-occupied and newer housing, both of which might proxy in part for
housing quality. That the presence of children generally decreases demand for housing quality is
most likely due to the fact that disposable mcome declines as a result of having children. The
increased demand for house size and school quality is especially noteworthy given this decline in
disposable income. More income and education increases demand for all aspects of housing and
school quality as well as for more educated and higher income neighbors. College-educated
households in particular have a strong preference to live near other college-educated households.

Finally, Table 8 reveals strong, segregating racial interactions, with households of each
race preferring to live near others of the same race. The $97 estimate listed in the fourth row and
fifth column of the table, for example, implies that Black versus White households are willing to
pay $97 more per month to live in a neighborhood that has 10 percent more Black versus White
households. It is important to point out that this is a difference between the positive MWTP of
Black households for this change and the negative MWTP of White households. It is also
important to point out that these interactions pick up any direct preferences for living near others
of the same race (e.g., a recent immigrant from China may want to interact with neighbors who
also have immigrated from China) as well as any unobservable neighborhood or housing
amenities valued more strongly by households of this group (e.g., recent immigrants from China
may have similar tastes for shops, restaurants, and other neighborhood amenities). As discussed
above, it is these strong, segregating racial interactions that cause the large difference between the
estimates on the neighborhood racial characteristics in the hedonic price regressions and the mean

MWTP estimates derived from the broader choice model.

6 SIMULATIONS
While the framework developed in this paper is useful as a way of reliably estimating the

distribution of preferences for school quality and neighborhood soctodemographic composition,

* The fact that households are selecting a bundle of goods and that the set of available bundles may not
span important subspaces of the consequent multi-dimensional attribute space is the main argument for
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the real power of the equilibrium framework developed above comes after the model is estimated.
At that stage, it can be used as a tool for exploring a series of economic and policy questions
related to the equilibrium in the housing market. In this section, we illustrate the power of the
equilibrium framework by exploring the capitalization of an exogenous change in the average test
score for each school throughout the metropolitan region. For each school, we calculate both a
‘partial equilibrium’ increase in house value that accompanies a rise in school quality holding
neighborhood sociodemographic measures constant and a ‘general equilibrium’ increase that
accounts for the way that neighborhood sociodemographic characteristics would change in
moving to a new sorting equilibrium. The differences between the partial and general
equilibrium estimates inform us as to the importance of a social multiplier in the overall elasticity
of demand faced by each school. Such a social multiplier arises because the exogenous change in
school quality induces higher income and more educated to sort into the corresponding

neighborhood, thereby leading to a further increase in house prices.

Simulation Derails

Each of the simulations that we conduct begins by raising the average test score of a
given school by one standard deviation (74 points). In this counterfactual environment, we
calculate a new equilibrium for the model. The conditions required for an equilibrium consist of
a set of location decisions for each household and a set of housing prices such that (i) each
household’s decision is optimal given the decisions of all other houscholds, and (ii) the set of
housing prices clears the market. The basic structure of the simulations consists of a loop within
a loop. The outer loop calculates the sociodemographic composition of each neighborhood, given
a set of prices and an initial sociodemographic composition of each neighborhood. The inner
loop calculates the unique set of prices that clears the housing market given an initial
sociodemographic composition for each neighborhood. Thus for any change in the primitives of
the model, we first calculate a new set of prices that clears the market; as discussed in Section 2,
Berry (1994) ensures that there is a unique set of market clearing prices. Using these new prices
and the initial sociodemographic composition of each neighborhood, we then calculate the
probability that each household makes each housing choice, and aggregating these choices to the
neighborhood level, calculate the predicted sociodemographic composition of each neighborhood.
We then replace the initial neighborhood sociodemographic measures with these new measures
and start the loop again — i.e., calculate a new set of market clearing prices with these updated

neighborhood sociodemographic measures. We continue this process until the neighborhood

using a discrete choice versus hedonic model of demand.
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sociodemographic measures converge. The set of household location decisions corresponding to
these new measures along with the vector of housing prices that clears the market then represents
the new equilibrium.”

It is important to point out that because the model itself does not perfectly predict the

housing choices that individuals make, the neighborhood sociodemographic measures initially

predicted by model, Z :REDICT , will not match the actual sociodemographic characteristics of cach

neighborhood, ZnACTUAL. Consequently, before calculating the new equilibrium for any

simulation we first solve for the initial prediction error associated with each neighborhood n:
(21) O = ZACTUAL _ ZPREDICT
n n n

In solving for the new equilibrium, we add this initial prediction error @, to the sociodemographic
measures calculated in each iteration before substituting these measures back into the utility

function.

Adjusting Crime Rates and Average Test Scores

Because some neighborhood attributes, such as crime rates and average test scores,
depend in part on the sociodemographic composition of the neighborhood, it is natural to expect
these neighborhood characteristics to adjust as part of the movement to a new sorting equilibrium.
Getting precise measures of the impact of neighborhood sociodemographic characteristics on
crime rates and test scores is, of course, an exceedingly difficult exercise, as selection problems
abound. For example, an OLS regression of crime rates on neighborhood sociodemographic
characteristics almost certainly overstates the role of these characteristics in producing crime as it
ignores the fact that households sort non-randomly across neighborhoods. As a result, we take an
approach that seeks to provide bounds for the characteristics of the new equilibrium that results
for each of our simulations. For one bound, we calculate a new equilibrium without allowing
crime rates and average test scores to adjust with the changing neighborhood and school
sociodemographic compositions. For the other bound, we calculate a new equilibrium, adjusting

crime rates and average test scores according the adjustments implied by an OLS regression of

* While this procedure always converges to an equilibrium, the model does not guarantee that this
equilibrium is generically unique. In all of the calculations presented in this paper, we report results that
start from the initial equilibrium and follow the procedure summarized here. In general, the counterfactual
simulations conducted do not change the overall economic environment very much at all, and
consequently, we believe that this procedure yields reasonable results.
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the crime rate and average test score on neighborhood and school sociodemographic composition.
These simple production functions are shown in Appendix Table 2, with all of the variables
constructed to have mean zero and standard deviation one. The first bound will understate the
impact of sociodemographic shifts on the implied crime rate and average test score in each
neighborhood, while the second bound will tend to overstate the impact of these
sociodemographic shifts. As the results below indicate, these bounds provide a tight range for the

predictions from our simulations.

Partial and General Equilibrium Capitalization

Table 9 reports the distribution of average house price changes in the neighborhood
corresponding to each school throughout the Bay Area that result from increasing the average test
score of that school by 74 points (1 standard deviation).® The partial equilibrium results reveal a
mean capitalization estimate of $27.10 per month ($7,200 in house value) and a median estimate
of $26.40 per month. Not surprisingly, these numbers closely resemble the estimated mean
MWTP in our preferred specification of $26 per month and in the hedonic price regression of $28
per month, Thus, the hedonic price regression comes close to measuring the mean partial
equilibrium capitalization of a marginal change in school quality. The general equilibrium results
reveal a mean capitalization estimate of $46-48 per month ($12,100-$12,600 in house value) and
a similar median estimate. Thus, the full general equilibrium capitalization of school quality is
70-75 percent greater than the direct (partial equilibrium) effect of school quality on housing
prices.

The table also shows changes in socio-demographics for the neighborhoods where test
scores rose.’’ Increasing test scores leads to an increase in the proportion of high-income
households in the neighborhood and a reduction in the proportion of poor households. The
change is magnified comparing the general equilibrium change to that in partial equilibrium,
where the socio-demographics are constrained not to fully adjust. For instance, while the change
in the proportion of high income households rises by 0.8 percentage points in partial equilibrium,
it rise by 1.3 percentage points in general equilibrium. In line with this, a one standard deviation
increase in its test score would raise average incomes in a school’s vicinity by an average of
$1050 in partial equilibrium, and over $1770 in general equilibrium. A similar pattern is apparent
for education: the proportion of highly educated households in the neighborhood rises, with the

effect being more pronounced in general equilibrium. And in terms of race, the proportion of

% In each simulation, average house prices in the Bay Area as a whole are constrained to equal the pre-
simulation level,
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white households rises — by over one percentage point in general equilibrium — while the
proportion of black households falls — by over 0.8 percentage points.

The other significant feature of these simulation results is the heterogeneity in
capitalization across the metropolitan area. In general equilibrium, the price increase
accompanying a one standard deviation increase in school quality is roughly twice as large at the
90" percentile ($56.80-$59.10) than at the 10™ percentile ($28.80-$29.64). These numbers,
which reflect both the underlying heterogeneity in the population in preferences for neighborhood
sociodemographic characteristics as well as school quality, again emphasize the importance of
using the broader heterogeneous preferences model when exploring questions related to demand

for school quality.

7 CONCLUSION

This paper has set out a new approach for recovering underlying preferences for school
and neighborhood attributes that addresses a series of challenging selection and endogeneity
problems. The framework itself builds on the strengths of both the hedonic price and traditional
discrete choice approaches, and we show that it nests both of these as direct restrictions. It has
several appealing features: first, the approach allows for a great deal of heterogeneity in
household preferences. Then, to account for non-random sorting, it models the household
location choice decision directly, allowing household choices to be influenced by choice-specific
unobservables. Because certain neighborhood characteristics determined through the sorting
process are likely to be correlated with these unobservables, we account for the endogeneity of
these characteristics using a boundary fixed effects approach. This allows us to obtain consistent
estimates of preferences for both school and neighborhood attributes.

Estimating our equilibrium model makes significant data requirements. We need to
know the household characteristics of a very large set of houscholds drawn from a large
metropolitan area, the actual housing choices they make, and detailed information about the local
neighborhoods they live in. In this regard, we are fortunate to have access to newly available
restricted Census data that allow us to construct a unique data set well-suited to the study of
household location choices. Using these data, we estimated the model to obtain a large set of
preferences parameters - the most reliable yet to appear in the literature. And we used the
equilibrium model to explore the general equilibrium consequences of these estimates, drawing
attention to the operation of an important social multiplier neglected in the prior capitalization

literature.

37 This part of the table has not yet been disclosed from the Census Data Center.
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The estimates of the equilibrium model of sorting also serve as a platform for analyzing a
number of demand-related applications in the future, i.e., in addition to the analysis of
capitalization presented in this paper. The estimated model provides a well-defined
characterization of the relative importance of schooling versus other housing, neighborhood, and
geographic factors in driving the location decisions of the heterogeneous households of a major
metropolitan area. This combination is extremely powerful for conducting economic and policy
research involving the interplay of household mobility/stratification and schools, making it
possible, for example, to calculate the elasticity of neighborhood house prices and rents as well as
the sociodemographic composition of the local neighborhood and school with respect to school
quality for each school in the metropolitan region. These ‘demand’ elasticities provide a series of
measure of the competitiveness of a school’s local environment and can be used to explore many
aspects of the interplay between household mobility and school competition. Moreover, a
slightly extended version of the model provides a way of calculating the strength of preferences
for school quality (on the basis of both observed and unobserved characteristics) among the
households that select into a particular school. This permits the researcher to control directly for
the non-random sorting of households across schools and school districts which leads to a form of
selection bias (often referred to as Tiebout bias in the local public finance literature) in the
estimation of education production functions, voting models, or other models that condition

implicitly on the set of households in a particular school or jurisdiction.
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Figure 1: Demand for a View of the Golden Gate Bridge
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Table 2: Hedonlc Price Regressions

Without Neighborhood Scoiodemographics With Neighborhood Scoiodemographics

Sample full sarnple  within .25 mile of boundaries full sample  within .25 mile of boundaries
Boundary Fixed Effects No No Yes No No Yes
Observations 242,100 27,958 27,958 242,100 27,958 27,958
0] 2 @ 1G] (3 6
average test score (in standard deviations  145.62 144,96 - 101517 : _328143;-
57 (3.85) A$15) i (5788) -
1 if unit owned 151.59 124.67 140.84 123.91
(3.12) (8.77) (8.47) (8.16)
number of rooms 153.00 155,79 143.40 121.15
(0.79) (2.24) (2.20) (2.16)
1 if built in 19805 12928 91.28 130.12 89.48 92.79 109.41
(3.89) (11.01) (11.22) (3.7 (10.36) (11.01)
1 if built in 19608 or 1970s 22.98 8.82 93.30 4.13 4.33 6.96
(2.85) (8.20) (8.05) (2.69) (7.74) (8.20)
elevation (/100) 31.80 3.50 48.34 253 -17.42 13.29
(0.79) (2.53) (3.25) (0.76) (2.43) (4.85)
population density -78.26 -15527 -145.41 46.14 61.17 33.54
(4.29) (15.63) (18.97) (4.31) (15.79) (19.43)
crime index 0.75 2.16 6.84 1.41 0.49 4.97
0.19) (0.71) (1.79) (0.20) (0.81) (1.85)
% census block group Black -71.56 -113.70 -40.74
(10.21) (32.21) (38.37)
% census block group Hispanic 128.63 146.56 240.31
(14.42) (46.21) (60.74)
% census block group Asian ' -1.38 -76.33 200.60
(11.25) (37.85) (53.62)
% block group college degree or more 286.57 192.17 91.51
(10.16) (30.31) (43.25)
average block group income (/10000) 100.32 110.84 101.26
(16.14) (55.33) (60.03)
F-statistic for boundary fixed effects 23.345 8.754
R 037 0.38 0.44 0.44 047 0.49

Note: All regressions shown in table also include controls for land use (% industriat, % residential, % commercial, % open space, % other) in 1,2, 3, 4, and 5
mile rings around location and six variables that characterize the housing stock in each of these rings. The dependent variable is monthly house price, which
cquals monthly rent for renter-occupied units and a monthly price for owner-occupied housing calculated as described in the text. Standard errors are in
parentheses.
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Table 6: First Stage Price Regressions

Without Neighborhood Scoiodemographics

With Neighborhood Scoiodemographics

Sample full sample  within .25 mile of boundaries full sample  within .25 mile of boundaries
Boundary Fixed Effects No No Yes No No Yes
Observations 242,100 27,958 27,958 242,100 27,958 27,958
(1 @ &) @ &) 6
average test score (in standard deviations) 25.92 18.57 -9.51 4.96 529 11.02
(1.83) (5.06) 6.27) (1.69) (4.68) (5.81)
1 if unit owned 44.16 6.62 37.09 37.57 2232 33.86
(3.16) (8.93) 8.77) (3.02) (8.47) (8.47)
number of rooms 3736 33.20 38.65 31.27 30.20 29.18
(1.24) (341 (3.41) (1.20) (3.45) (3.41)
1 if built in 1980s 19.24 -34.31 13.81 14.84 5.18 17.91
(3.90) (10.79) (11.44) (3.72) (10.57) (11.22)
1 if built in 1960s or 1970s -0.98 -19.80 -8.97 -4.10 -9.59 -11.29
(2.78) (8.05) (8.36) (2.64) (7.58) (7.74)
elevation (/100) 6.72 -18.47 33.57 1.70 -14.55 15.99
(0.79) (2.53) (4.89) (0.75) (2.36) (4.77)
population density -59.53 -113.08 -102.61 10.70 3279 16.09
(4.18) (15.18) (18.67) (4.24) (15.48) (19.12)
crime index+A28 -0.77 -0.11 4.01 0.53 -0.84 2.57
(0.18) (0.70) (1.74) (0.20) (0.80) (1.81)
% census block group Black -36.28 -50.69 0.47
(6.88) (31.74) (37.90)
% census block group Hispanic 9.14 26.41 138.64
(10.19) (46.21) (59.42)
% census block group Asian -6.50 -9.46 239.71
(11.55) (37.22) (50.47)
% block group college degree or more 163.75 16.06 -47.61
(16.58) (30.12) (42.45)
average block group income (/10000) 280.60 29.12 21.17
(14.24) (55.33) (60.03)
Optimal price instrument 0.738 0771 . 0,663 - 0,736 074 . 03
(0.006) (0.018) ©913)- 00R)!- 02 | riel2z) |
constant 175.28 158.49 204.63 180.23 187.33 226.98
(1.90) (7.39) (17.87) (2.17) (7.99) (17.92)
F-statistic for price instrument 13973 1843 1411 9398 1151 1130
L3 040 o042 047 N6l A8 s

Note: All regressions shown in table also include controls for land use (% industrial, % residential, % commercial, % open space, % other) in 1,2, 3,4, and §
mile rings around location and six variables that characterize the housing stock in each of these rings. The dependent variable is monthly house price, which

¢quals monthly rent for renter-occupied units and a monthly price for owner-occupied housing calculated as described in the text. Standard errors are in
parenthescs,




Table 7: Implied Mean MWTP Measures

Without Neighborhood Sociodemographics With Neighborhood Sociodemographics

Sample full sample  within .25 mile of boundaries full sample  within .25 mile of boundaries
Boundary Fized Effects No No Yes No No Yes
Observations 242,100 27,958 27,958 242,100 27,958 27,958
O] @ 3 “@ (5) 6
average test score (in standard deviations) . 126.08 122.89 8183 .. 2007 - 26‘*22
ag6) - (536) (15 TR ¢ ¥ 1 (6:13)
1 if unit owned 209.76 178.37 184.54 161.05
(3.29) (8.99) (1.14) (3.19) (8.76) (9.24)
number of rooms 148.98 149.36 138.71 122.03 121.12 118.93
(1.51) (4.24) (0.55) (1.48) (4.23) (4.40)
1 if built in 1980s 129.93 74.74 106.17 99.69 85.50 95.55
(3.94) (10.87) (1.44) 3.79 (10.69) (11.84)
1 if built in 1960s or 1970s 28.48 9.46 15.39 13.79 740 4.50
(2.78) (8.03) (1.05) (2.67) (7.71) (8.51)
clevation (/100) 21.09 -4.82 46.46 -1.06 -18.04 12.83
(0.81) (2.48) (0.64) 0.75) (2.46) (5.04)
population density -100.43 -153.53 -133.08 19.41 41.68 30.33
(4.23) (15.64) (2.38) (4.30) (15.76) (20.09)
crime index -2.95 -2.30 1.78 0.00 -1.39 1.96
(0.18) (0.70) (0.22) (0.20) (0.81) (1.91)
% census block group black -324.67 -318.83 -267.08
(10.14) (32.15) (39.84)
% census block group Hispanic 442 18.06 138.95
(14.35) (46.87) (63.13)
% census block group Asian -97.39 -96.22 155.27
(11.15) (37.39) (55.73)
% black group college degree or more 286.02 206.02 137.71
(10.50) (30.58) (44.53)
average block group income 87.08 96.11 87.61
(1.25) (3.86) (4.00)
F-statistic for boundary fixed effects 5.349 4.162

Nore: Specification shown in table also include controls for land use (% industrial, % residential, % commercial, % open space, % other) in 1,2, 3,4, and 5
mile rings around location and six variables that characterize the housing stock in each of these rings. MWTP measures are reported in terms of a monthly
house price. Standard errors are in parentheses.
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Table 9. The Capitalization of School Quality; Distribution of Housing Price Changes

Partial Equilibrium General Equilibrium
Unadjusted Adjusted
Percentile of
Simulated Monthly Price Monthly Price Monthly Price

Distribution Increase Increase Increase

9 $33.95 $56.83 $59.05

50 $26.38 $45.80 $47.32

10 $19.45 $£28.83 $29.64

Mean $27.10 $46.00 $47.70

Note: The figures shown in this table report the mean and distribution of changes in monthly housing prices for a corresponding
catchement area following an increase in a school's average test score by 74 points (1 standard deviation). The first column shows partial
equilibriumn results, which do not account for any subsequent changes to the neighborhood sociodemographic distribution. The second and
thnd columsn report general equilibrium results, which account for sociodemographic changes to the neighborhood. In this case, the
second column (unadjusted) reports results of simulatiosn that hold crime and the average test score and pre-simulation levels, while the
third column adjusts crime and average test scores according to production functions estimated via OLS reported in Appendix Table 2.




Appendix Table 1; Choice Specific Constant Regressions

Without Neighborhood Sociodemographics With Neighborhood Sociodemographics

Sample full sample  within .25 mile of boundaries full sample  within .25 mile of boundaries
Boundary Fized Effects No No Yes No No Yes
Observations 242,100 27,958 27,958 242,100 27,958 27,958
monthly housing price (/1000) -10.23 -9.73 -11.34 -15.94 -15.97 -16.19
(1.39) (1.13) (1.36) (1.71) (1.56) (1.69)
average test score (in standard deviations) 1.29 1.20 0.92 0.32 0.32 042
(0.02) (0.05) (0.01) (0.03) (0.08) (0.01)
1 if unit owned 2.15 1.74 2.09 2.64 241 2.61
(0.03) (0.09) (0.01) (0.05) 0.14) 0.01)
number of rooms 1.52 1.45 1.57 1.95 1.93 1.93
(0.02) (0.04) (0.01) (0.02) (0.07) (0.01)
1 if built in 1980s 1.33 0.73 1.20 1.59 1.37 1.55
0.04) 0.11) (0.02) (0.06) 0.17) (0.02)
1 1f built in 1960s or 1970s 0.29 0.09 0.17 0.22 0.12 0.07
(0.03) (0.08) (0.01) (0.04) (0.12) (0.01)
elevation (/100) 0.22 -0.05 0.53 -0.02 -0.29 0.21
(0.01) (0.02) (0.01) (0.01) (0.04) (0.01)
population density -1.03 -1.49 -1.51 0.31 0.67 0.49
(0.04) (0.15) (0.03) (0.07) (0.25) (0.03)
crime index -0.03 -0.02 0.02 0.00 -0.02 0.03
(0.00) (0.01) (0.00) (0.00) 0.01) (0.00)
% census block group black -5.18 -5.09 -4.32
(0.16) (0.51) (0.06)
% census block group Hispanic -0.07 0.29 2.25
(0.23) (0.75) 0.10)
% census block group Asian -1.55 -1.54 251
(0.18) (0.60) 0.09)
% block group college degree or more 4.56 329 2.23
(0.17) (0.49) (0.07)
average block group income 139 1.53 1.42
(0.02) (0.06) (0.01)
F-statistic for boundary fixed effects 4.545 3.963

Note: Specification shown in table also include controls for land use (% industrial, % residential, % commercial, % open space, % other)in 1,2, 3,4, and 5
mile rings around location and six variables that characterize the housing stock in each of these




Appendix Table 2: QLS Crime and Education Production Functions

Production Function

Dependent Variable crime index average test score
Observations 242,100 242,100
R’ 033 0.41
Percent Black 0.285 -0.188
(0.005) (0.005)
Percent Hispanic 0.099 -0.074
(0.004) (0.003)
Percent Asian 0.038 -0.041
(0.003) (0.003)
Percent College Degree or More 0.017 0.127
(0.004) (0.004)
Average Income -0.071 0.311
(0.046) (0.043)

Note: This table shows the results of the QLS estimation of simple crime and education production functions.
These functions are used in the sirnulations that adjust crime and school quality with ¢changing neighborhood
sociodemographic composition, We use these 'adjusted’ results to provide a bound on the simulation results.
Standard errors are provided below estimated coefficient. All variables are normalized to have mean zero and
standard deviation one.
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