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Abstract

This paper presents a new equilibrium framework for analyzing economic and policy questions related to
the sorting of households within a large metropolitan area. At itsheart is a model describing the residential
location choices of households that makes explicit the way that individual decisions aggregate to form a
housing market equilibrium. The model incorporates choice-specific unobservables, and in the presence of
these, a general strategy is provided for identifying household preferences over choice characteristics,

including those that depend on household sorting such as neighborhood racial composition. We estimate
the model using restricted-access Census data that characterize the precise residential and employment
locations of a quarter of amillion households in the San Francisco Bay Area, yielding accurate measures of
preferences for awide variety of housing and neighborhood attributes across different types of household.
The main economic analysis of the paper uses these estimates in combination with the equilibrium model to
explore the causes and consequences of racial segregation in the housing market. Our resultsindicate that,
given the preference structure of households in the Bay Area, the elimination of racial differences in
income and wealth would significantly increase the residential segregation of each major racia group.

Given the relatively small fractions of Asian, Black, and Hispanic households in the Bay Area (each around
10%), the elimination of racial differences in income/wealth (or, education or employment geography)

spreads households in these racial groups much more evenly across the income distribution, allowing more
racial sorting to occur at all points in the distribution — e.g., leading to the formation of wealthy, segregated
Black and Hispanic neighborhoods. The partial equilibrium predictions of the model, which do not account
for the fact that neighborhood sociodemographic compositions and prices adjust as part of moving to a new
equilibrium, lead to the opposite conclusion, emphasizing the value of the general equilibrium approach
developed in the paper. Our analysis also provides evidence that sorting on the basis of race itself (whether
driven by preferences directly or discrimination) leads to large reductions in the consumption of public
safety and school quality by all Black and Hispanic households, and large reductions in the housing
consumption of upper-income Black and Hispanic households.

Keywords. Residential Segregation, General Equilibrium, Sorting, Urban Housing Market, Discrete
Choice Models, Residential Location Decision, Hedonic Model
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1 INTRODUCTION

A number of important features of the landscape of an urban housing market are determined by the way
that households sort among its neighborhoods. This sorting affects residential stratification on the basis of race,
income, and other family attributes, the congestion of the transportation network, and the distribution of school
quality, crime, property tax bases, and housing prices throughout the urban area. It also has important welfare
implications. A full understanding of these implications requires knowledge of the preferences of the heterogeneous
households in the metropolitan region and a model that describes how these preferences aggregate to form an
equilibrium. The primary goal of this paper isto provide these necessary components.

To that end, we develop an equilibrium model of sorting in an urban housing market and provide a general
strategy for identifying preferences in the presence of socia interactions in the location decision. Building on
McFadden’s (1978) discrete choice framework, our model allows households to have preferences for a wide variety
of housing and neighborhood attributes, including many that depend explicitly on the way that households sort
across neighborhoods in equilibrium (e.g. the quality of local schools, the neighborhood crime rate, and the
sociodemographic composition of the neighborhood). Each household’s preferences are allowed to vary with its
own characteristics, including its wealth, income, education, race, employment location (taken as given), and family
composition. The model also provides a well-defined characterization of how these preferences aggregate to
determine the equilibrium in an urban housing market; under a set of reasonabl e assumptions, we demonstrate that a
sorting equilibrium always existsin this framework.

The model is estimated using newly available, restricted Census micro-data that provide precise geographic
information on the residential locations of a quarter of a million households in the San Francisco Bay Area in 1990.
Because the sorting equilibrium is not generically unique, we develop an estimation strategy that permits estimation
in the presence of multiple equilibria, exploiting the fact that in any equilibrium, each household chooses its location
optimally conditional on the decisions made by the other households in the metropolitan region. This strategy does
not require us to compute the equilibrium as part of the estimation procedure, thereby allowing the estimation of
hundreds of heterogeneity parametersin a computationally feasible manner.

Following Berry, Levinsohn, and Pakes (1995), we allow explicitly for unobserved differences in the
quality of houses and neighborhoods. In so doing, we bring an important endogeneity problem to the forefront of
the analysis — namely that the value (or rent) of a house and any other neighborhood attributes determined by the
sorting of households are likely to be highly correlated with unobserved house and neighborhood attributes. And we
provide a general strategy for identifying the model in the face of this endogeneity problem, developing an

appropriate set of instruments for endogenous choice characteristics.



We show that instruments rise naturally out of the logic of the choice model itself. Because each
household’s location decision is affected by the full set of available alternatives, the housing prices and
sociodemographic composition of any particular neighborhood will be partly dependent on the wider availability of
choices in the urban housing market. In particular, characteristics of the housing stock and land use in surrounding
neighborhoods can be expected to influence, through the market equilibrium, prices and sociodemographics of a
given neighborhood. At the same time, as long as the surrounding neighborhoods are sufficiently distant, it is
unlikely that their fixed characteristics are correlated with the unobserved features of a given neighborhood that
affect household utility, allowing them to serve as valid instruments.

The estimated model yields precise measures of the full set of preference parameters which, along with the
characterization of how these preferences aggregate to determine the market equilibrium, can be used to explore a
wide variety of economic questions concerning sorting in the urban housing market. The model is particularly
useful for carrying out urban policy analysis, providing a way to measure the general equilibrium effects of a policy
in terms of its impact on the sociodemographic composition, house values (and rents), school quality, and crime
rates of each neighborhood of the metropolitan region, its impact on the intensity of usage of the transportation
network, and clear measures of the policy’s distributional consequences in terms of income, race, and other

household attributes.

Relation to Previous Models of Sorting in an Urban Housing Market

Our framework draws on two main lines of research in the empirical urban economics literature. Following
the seminal work of McFadden (1973, 1978), many researchers have used a discrete choice framework to study
residential location decisions, as this framework provides a natural way to estimate heterogeneous preferences for
housing and neighborhood attributes! Relative to this literature, the key contribution of our approach is that we
explicitly control for the fact that housing prices and neighborhood sociodemographic characteristics are determined
as part of the sorting equilibrium, both when estimating the model and conducting counterfactual simulations? In

formally characterizing the sorting equilibrium, we build on a vast theoretical literature in urban and public

! Important gpplications of this framework can be found in Anas (1982), Anas and Chu (1984), Quigley (1985), and
Gabriel and Rosenthal (1989), Nechyba and Strauss (1998), and Duncombe, Robbins, and Wolf (1999).

2 Developed concurrently with our paper is a closely related study by Bajari and Kahn (2001), which, following
Bayer (1999), incorporates error terms that capture the unobserved quality of each location. In their analysis, the
authors do not formally model the sorting equilibrium and do not address the correlation between the
sociodemographic composition of a community and its unobserved quality, a correlation that is implied by the
mode.



economics® and most directly on the empirical work of Epple and Sieg (1999), which estimates an equilibrium
model of community sorting. The key contribution of our framework relative to Epple and Sieg’'s analysis liesin the
flexible form that we adopt for utility, in essence expanding their vertical model of locationa differentiation to a
more flexible horizontal model of differentiation By combining what we see as the best features of these two lines
of the literature, our goal is to provide a general and flexible framework useful for analyzing a wide range of

economic and policy questionsin urban economics and local public finance.

The Causes and Consequences of Segregation

The main economic analysis of the paper uses the estimated equilibrium model of sorting to explore the
causes and consequences of racial segregation in the housing market. As the seminal work of Thomas Schelling
(1969, 1971, 1978) makes clear, a number of distinct microeconomic forces may contribute to an aggregate
phenomenon such as segregation. Most obviously, racial segregation could be driven by individual residential
choices related to race, either because of direct preferences for the race of one’ s neighbors or through discrimination
in the housing market. The correlation of race with other household characteristics that influence residential sorting
- income, wealth, language, immigration experience, and education — could also give rise to a sizeable amount of
segregation if these other characteristics are important in shaping residential location decisions. As Schelling noted,
“color is correlated with income, and income with residence; so even if residential choices were color-blind and
unconstrained by organized discrimination, whites and blacks would not be randomly distributed across residences’
(page 144, Schelling (1971)). Other basic mechanisms such as shared social networks or across-race differencesin
preferences for housing or neighborhood attributes may also contribute to observed segregation patterns. Our
equilibrium model of sorting allows us to account for avariety of these potential causes of segregation explicitly.

We begin our analysis of racial segregation by using the equilibrium model to better understand the forces
underlying the observed level of racial segregation. In addition to distinguishing the causes of segregation, we also
provide evidence on a potentially important consequence of segregation that arises because the single residential

location decision simultaneously determines consumption of housing, commuting, and a wide variety of local goods

3 Important contributions to this literature date back to the work of Tiebout (1956) and include the work of Epple,
Filimon, and Romer (1984, 1993), Benabou (1993, 1996), Fernandez and Rogerson (1996), and Nechyba (1997,
1999) among others.

* In practice, the vertical model constrains households with different characteristics and income to make the same
trade-offs between community characteristics so that workers employed in the suburbs, for example, are restricted to
have the same preferences for central residential locations relative to other community characteristics as workers
employed in the central city. The problem of considering preferences for neighborhood sociodemographics is
complicated within the Epple and Sieg framework by the fact that preferences for these characteristics may differ
quite non-monotonically across households of different races and ethnicities. Simply including them as part of a
public goods index would place undue constraints on these preferences. Epple and Sieg (1999) do not include such



(including neighborhood racial composition). In the presence of this bundled consumption decision, strong
preferences in any dimension (e.g., for neighborhood racial composition) distort consumption in other dimensions,
especialy when the available set of housing options is limited in some important way. In the presence of
segregating preferences, it may be difficult for a household to simultaneously satisfy its preferences for
neighborhood racial composition and other local goods when the number of households of the same race isrelatively
small and particularly when the household has significantly different preferences from the majority of households of
the same race. The second goal of our analysis of racial segregation is to shed light on this issue, examining the
extent to which racial interactions in the location decision accentuate differences in the consumption of housing,

school quality, and public safety between white households and those of other races.

Relation to Previous Segregation Literature

Our analysis departs from most of the prior segregation literature in both its focus and methodology. Much
of the prior literature has been concerned with documenting segregation patterns, particularly between black and
white households, and how these have changed over time.®> Recent studies that explore the extent to which
segregation might be driven by the correlation of race with other household characteristics include Borjas (1998)
and Bayer, McMillan, and Rueben (2002). Both papers examine how the propensity of households to live in
segregated neighborhoods varies with other household attributes, including income, education, language, and
immigration experience, providing an indication of the extent to which these other household characteristics affect
segregation. In forming exact predictions as to how the observed segregation patterns would change if the
correlation of race and other household attributes were altered, these studies necessarily condition on features of the
urban housing market that are not likely to be primitives. The predictions of the equilibrium model, in contrast, are
built on more reasonable primitives of the urban housing market — the underlying distribution of choicesin the urban
area and preferences across different types of household.

While we do not attempt to make such a distinction in this paper, a number of studies have focused on
distinguishing whether segregation arises because of centralized discriminatory practices or the decentralized
residential location decisions made by the households of a metropolitan area, each with preferences defined over the
race of their neighbors. These studies have typically used data characterizing differences in the prices paid for
comparable houses by households of different races to distinguish whether segregation is decentralized sorting on

the basis of preferences or discrimination. These studies have focused exclusively on race-based explanations for

measures in their analysis, which may seriously bias estimates of preferences for local public goods, as these
sociodemographic characteristics are likely to be highly correlated with the observed local public goods.

° See Massey and Denton (1987, 1989, 1993), Miller and Quigley (1990), and Harsman and Quigley (1995), for
instance.



segregation.’ The consequences of segregation have also been explored in another body of research that assesses,
for example, how acrossMSA differences in the degree of segregation affect important outcomes such as
educational attainment and wages.” None of these papers, however, examines the effect of segregation on racial

gaps in the consumption of housing and local public goods.

Data and a Preview of Results

Our analysisis facilitated by access to newly available restricted-access Census data, as mentioned above.
Unlike publicly available Census data, which match each household with a PUMA (a Census area of at least
100,000 residents), these provide a household’ s residential and employment locations at the level of a Census block
(aCensus area with approximately 100 residents), allowing us to characterize each household’ s actual neighborhood
much more accurately than has been possible in past studies. The Census data also provide us with detailed
information on the households in the sample, including each household member’s race, education, income, age,
immigration status, employment status, and job location. 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. This combines
housing and neighborhood sociodemographic data drawn from the Census with neighborhood-level dataon schools,
air quality, climate, crime, topography, geology, land use, and urban density.

The estimated model provides the most complete picture of the preferences of the households in a major
metropolitan region to appear in the literature to date. We obtain precise estimates of the mean valuations across all
households of a variety of house and neighborhood attributes, including attributes determined by the way
households sort across neighborhoods. The latter include the racial composition of neighborhoods by househol ds of
different levels of wealth and education. We also obtain a series of estimates showing how preferences across these
choice characteristics vary with household characteristics. In particular, our estimates of racial interactions indicate
that there is a strong tendency of households of a given race to be willing to pay much more to live in neighborhood
with households of the same race.®

The main economic analysis of the paper uses this estimated preference structure along with the

equilibrium model to calculate the new sorting equilibrium that arises as the result of a change in the model’s

® Notable papers in this line of research include King and Mieszkowski (1973), Schnare (1976), Yinger (1978),
Schafer (1979), Follain and Malpezzie (1981), Chambers (1992), Kiel and Zabel (1996), and Cutler, Glaeser, and
Vigdor (1999). Perhaps the most definitive study is by Cutler, Glaeser, and \gdor (1999), which examines
segregation patterns over the full course of the 20" century, concluding that centralized racism was much more
important in driving segregation in the earlier part of the century.

7 See Borjas (1995) and Cutler and Glaeser (1997) for important contributions.

8 1t is important to stress that we cannot distinguish whether the estimated racial interactions in the residential
location decision are due to the preferences of each race for living with neighbors of the same race or to
discrimination in the housing market. We discuss thisissue at greater length in Section 5.1 below.



primitives. To explore the causes and consequences of racial segregation, we conduct counterfactuals that eliminate
racial differences in income, education, and employment locations as well as experiments that eliminate the
preferences that give rise to socia interactions in the residential location decision — for instance, preferences for
living with households of the same and other races. Our results indicate that the elimination of racial differencesin
income and wealth (or education) would lead to a significant increase in the segregation of each major racial group
in the Bay Area given the preferences of the current residents. This result and others associated with eliminating
racial difference in education and the geographic distribution of employments leads to one of the fundamental
conclusions of our analysis: given the relatively small fractions of Asian, Black, and Hispanic households in the Bay
Area (each around 10%), the elimination d racia differences in income/wealth (or, education or employment
geography) spreads households in these racial groups much more evenly across the income distribution, allowing
more racial sorting to occur at all points in the distribution — e.g., leading to the formation of wealthy, segregated
Black and Hispanic neighborhoods. The partial equilibrium predictions of the model, which do not account for the
fact that neighborhood sociodemographic compositions and prices adjust as part of moving to a new equilibrium,
lead to the opposite conclusion, emphasizing the value of the general equilibrium approach developed in the paper.

Our analysis also provides evidence that sorting on the basis of race itself (whether driven by preferences
directly or discrimination) leads to large reductions in the consumption of public safety and school quality by all
Black and Hispanic households, and large reductions in the housing consumption of upper-income Black and
Hispanic households.” When the portion of the preference structure that generates racial interactionsin the location
decision is eliminated, upper-income Black and Hispanic households in particular are much more likely to choose
owner-occupied housing, larger houses, and neighborhoods with much higher levels of school quality and public
safety, neighborhoods that also have a much higher fraction of other high-income and white neighbors. These
results therefore point to a fundamental consequence of racial sorting in the housing market — namely, adistortionin
the consumption of housing and local public goods by members (especially wealthy members) of racial groups with
asmall numbers of individualsin parts of the income distribution.

The remainder of this paper is organized as follows: In Section 2, we set out the modeling framework and
describe the equilibrium properties of the model. The extensive new data set that we have assembled for the
analysis is described in Section 3, and estimation of the model is discussed in Section 4. Here, we also relate our
model to other methods of estimating willingness-to-pay measures for house and neighborhood attributes. Section 5

discusses issues of identification and interpretation that arise in our sorting model. The next two sections of the

® Asnoted previously, we remain agnostic throughout this paper as to whether these interactions arise as the result of
the preferences of each race for living with neighbors of the same race or discrimination in the housing market.
While this distinction has important welfare implications, the point made here concerning the impact of racial



paper present our empirical analysis. the parameter estimates of the model are given in Section 6, and Section 7
characterizes the pattern of racial segregation in the Bay Area, before setting out results from our general

equilibrium simulations. Section 8 concludes.

2 AN EQUILIBRIUM MODEL OF SORTING IN THE URBAN HOUSING MARKET
We begin our analysis by setting out an equilibrium model of the housing market, first describing the
central component of this model - a discrete choice framework that governs each household' s residential location

decision - before devel oping the equilibrium properties of the model.

2.1 TheResidential Location Decision

The residential location decisions of all households in the San Francisco Bay Area are modeled 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.

In the model, each household chooses its residence h to maximize its utility, which depends on the
observable and unobservable characteristics of its choice. Let X;, represent the observable characteristics of house h
other than price that vary with the household’s housing choice and let p, denote its price. The observable
characteristics of a housing choice include 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, topography, and air quality). Householdi’s optimization problemis given by:

1) I\/(Ih?x V, =ay X, - a,D; - a,p, +x, +e

where X%, is the unobserved quality of each housing unit, including the unobserved quality of the corresponding
neighborhood. The apD', term in the utility function captures the disutility of commuting — the negative impact of
the distance between household i’s workplace and house h. The fina term of the utility function, &y, isan
idiosyncratic error term that captures unobserved variation in household i’s preference for a particular housing
choice.

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. We also assume that each

working household is initially endowed with a primary employment location, |;. We treat employment status and

interactions on the consumption of local public goods by a population with relatively small numbers remains



employment location as exogenous variables throughout this paper.'® Each parameter associated with housing
characteristics, distance to work, and price, ai,-, forj 1 {X, D, B, is allowed to vary with a household’s own

characteristics,

22 a =a, +éR_ az,

r=1
S0 eguation (2.2) describes household i’s preference for choice characteristic j. The first term captures the taste for
the choice characteristic that is common to all households and the other terms capture observable variation in the
valuation of these choice characteristics across households with different socioeconomic characteristics. This
heterogeneous coefficients specification allows for great variation in preferences across different types of
household.™*

The specification of utility given in equations (2.1)-(2.2) contains two stochastic components that allow the
model flexibility in explaining the observed data. The first component is the house-specific unobservable, »,. This
term captures the common value of unobserved (to the econometrician) aspects of a particular house and its
neighborhood, that is, value shared by all households. Because many housing and neighborhood attributes are likely
to be unobserved in any data set, specifications of the utility function that do not include such unobserved
characteristics are likely to lead to biased parameter estimates. The houses in neighborhoods with high levels of
unobserved quality, for example, will generally command higher prices and attract higher income households,
ceteris paribus. Thus analyses that do not account for unobserved characteristics will tend to attribute their impact
on utility to observed characteristics with which they are correl ated.

The second stochastic component of the utility function istheidiosyncratic term &, which is assumed to be
additively separable from the rest of the utility function. We assume that it is distributed according to the Weibull
distribution, giving rise to the multinomial logit model. With this assumption, the probability that household i

selects house h, P'y, is given by the expression:

exp@ X, - apDy, - aipph +X)

23 Phi -3 i i i i
a exp@x Xy -apDy - a,pg +X)
k

where k indexes all possible house choices.

regardless of which explanation prevails.
10 We discuss the impact of these assumptions on the parameter estimates in Section 5 below.



The multinomial logit assumption implies that the ratio of the probabilities between any two choices is
independent of the characteristics of the remaining set of alternatives — the Il A property. This property is usually
thought to be undesirable, as conveyed by the well-known ‘red bus-blue bus example.? In housing markets,
however, the 1| A property helps capture a key feature that is difficult to model directly: the fact that the houses on
the market at any time may be thin relative to the full housing stock. Given that a household islimited to purchasing
houses that are on the market at the time of search, an increase in the stock of a certain type of housing may
significantly increase a household's probability of choosing that type of house, and perhaps even in a way that
resembles the substantial increase generally implied under the multinomial logit assumption.

Two additional elements of the specification given in equations (2.1)-(2.2) limit the impact of the 1A
property on the substitution patterns implied by this model. First, the inclusion of the commuting distance term in
the utility function ensures that a household is more likely to substitute among choices located near its place of
work, giving rise to reasonable substitution patterns in geographic space. Second, the heterogeneous coefficients
specification shown in equation (2.2) ensures that while the 1A property holds at the individual level, it does not
hold in the aggregate, allowing the model specified in equations (2.1)-(2.2) to give rise to more plausible aggregate
substitution patterns. If highly educated households, for example, have a particularly strong taste for school quality,
the introduction of a new house in a high quality school district will tend to attract highly educated households,
thereby drawing demand away from other houses in high quality school districts. Similarly, houses that are located
near each other in geographic space will also tend to be relatively close substitutes in the aggregate, so that the
introduction of a new neighboring house will tend to be attractive to those working nearby - the same set of

househol ds who presumably found theinitial houses attractivein the first place.

2.2 Equilibrium: Definition and Properties

While the random utility specification developed above is flexible from an empirical point of view, it aso
has a convenient theoretical interpretation. Without the idiosyncratic error component, €y, this specification would
suggest that two households with identical characteristics and employment locations would make identical location
decisions. Since this is unlikely to be true in the data, a useful interpretation of €y, is that it captures unobserved
heterogeneity in preferences across otherwise identical households. Thusfor a set of households with a given set of

observed characteristics, the model predicts not a single choice but a probability distribution over the set of housing

1 While it would also be possible to include random coefficients, i.e., a stochastic term in the preference
specification of equation (2.2), which would allowed for unobserved heterogeneity in tastes for each house and
neighborhood characteristics, we do not include stochastic termsin the analysis presented in this paper.

12 |n this example, the introduction of an additional though redundant choice takes probabilities away evenly from
existing choices, leaving the ratio of probabilities among existing choices unchanged, even though one such choice
may be afar closer substitute for the ‘new’ choice than others.

10



choices. By working with these choice probabilities rather than the discrete decision observed for each household in
the sample, it is straightforward to define and explore the properties of a sorting equilibrium for the class of models
depicted in equations (2.1)-(2.2). Throughout our analysis, we assume that each household’ s vector of idiosyncratic
preferences d isobservableto all of the other households in the model and we use aNash equilibrium concept.*®
Given the household’ s problem described in equations (2.1)-(2.2), household i chooses house h if the utility

that it gets from this choice exceeds the utility that it gets from all other possible house choices- that is, when:
@4 V.>V] b W +e >W +el b e -e >W -W "kih

where Wy, includes all of the non-idiosyncratic components of the utility function V'h. Asthe inequalities depicted in
(2.4) imply, the probability that a household chooses any particular choice depends in general on the characteristics
of the full set of possible house choices. In this way, the probability P', that household i chooses house h can be
written as a function of the full vectors of house characteristics (both observed and unobserved) and prices {X, p,

x}:
(25) P =1 (Z',X,p,X)

aswell as the household’s own characteristics Z.**

When the set of draws {€,} for each household observed in the data is interpreted as idiosyncratic
heterogeneity in preferences for each house, working with choice probabilities is equivalent to assuming that each
household that we observe in our sample represents a continuum of households with the same observable
characteristics. The choice probabilities depict the distribution of location decisions that would result for a
continuum of households with a given set of observed characteristics as each household responds to its particular
idiosyncratic preferences. Let the measure of the continuum of households be m This assumption concerning the

distribution of households requires a similar assumption about the set of housing choices observed in the sample. In
order to make the model coherent, therefore, we also assume that each house observed in the sample represents a

continuum of identical houses, and that this continuum also has measure m

13 1t is important to point out that other interpretations concerning the exact nature of the idiosyncratic preferences
are possible within this framework. We could, for example, treat each household's idiosyncratic preferences as
private information and drop the assumption that each household observed in the data stands in for a continuum of
other households. In developing the theoretical properties of our model and the estimator, however, we work with
the single, consistent interpretation of e specified here, attempting to point out in footnotes when other assumptions
would be equally valid. _

14 For simplicity of exposition, we have included the household’s employment location in Z' and the location of the
house in X,. Note also that the h subscript on the function f simply indicates that we are solving for the probability
that household i chooses house h not that the form of the function itself varies with h.

11



Market Clearing Conditions
Aggregating the probabilities in equation (2.5) over all households yields the predicted number of

househol ds that choose each house h, N, :

@6 N, =m-§FP
i
where again nrepresents 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 choosing each house h must equal

the measure of the continuum of houses that each observed house represents:'®

~

@n N,=m "h P QP-=1 "h

It is a straightforward extension of the central proof in Berry (1994) to show that under a simple set of assumptions,

aunique vector of housing prices clears the market. In particular, we can state the following proposition:

Proposition 2.1: If U’y is a decreasing, linear function of py, for all households and eis drawn from a continuous
distribution, a unique vector of housing prices (up to a scal eable constant) solves the system of equations depicted in
(2.7), conditional on a set of householdsZ and houses X, x. Proof: See Technical Appendix.

Building on Proposition 2.1, the following lemma is also useful for characterizing the properties of a sorting

equilibrium in the housing market:

Lemma 2.1: If in addition to the assumptions specified in Proposition 2.1, U', is continuous in a house characteristic
Xy for each household i, the unique vector of housing prices that clears the market is continuous in x. Proof: See
Technical Appendix.

In proving Proposition 2.1, we show that it is possible to write the solution to (2.7) as a contraction mapping in p.*®
Thus, starting from any vector p, an iterative process that increases the prices of houses with excess demand and

decreases the prices of houses with excess supply at each iteration leads ultimately to an even spread of households

15 Note that the measure ndrops out of the market-clearing condition depicted in equation (2.7) and, consequently,
simply serves as a rhetorical device for understanding the use of the continuous choice probabilities shown in
equation (2.5) in defining equilibrium rather than the actual discrete choices of the individuals observed in the data.

18 The conditions stated in Proposition 2.1 provide sufficient but not necessary conditions for the existence of a
unique vector of market clearing prices. For example, while reasonable, the condition that p,, entersU',, in anegative
manner for every household is much more stringent than is actually necessary to ensure the uniqueness result.

Ensuring that it is possible to write the solution to the system of equations depicted in (2.8) asacontractioninpisas
important in practice as proving this system of equations has a unique solution. It is this feature that makes it
possible to solve for the unique vector of prices conditional on a set of house and household characteristics in a
computationally feasible way.



across houses. Writing this market-clearing vector of pricesasp (Z, X, X), the probability that householdi chooses

house h can be written:
@9 PR =1z xp @ x0T

where the notation p (Z, X, x) indicates that the set of market-clearing prices is generally a function of the full
matrices of the household Z and house and neighborhood characteristics { X, x} that are treated as the primitives of
the sorting model.

If the entire set of house and neighborhood characteristics that households value were not affected by the
sorting of households across residences, a sorting equilibrium would simply be defined as the set of choice
probabilities in equation (2.8) along with the vector of market clearing prices, p . In this case, since a unique set of

prices clears the housing market, the sorting equilibrium would also be unique.

Defining a Sorting Equilibriumwith Social Interactions

For the analysis undertaken in this paper, however, we allow households to have preferences for the
sociodemographic characteristics of their neighbors. Such preferences may arise through multiple channels as
households may value the characteristics of their neighbors directly and also value other neighborhood attributes
such as public safety and school quality that are influenced by neighborhood sociodemographic characteristics. In
general, the sociodemographic composition of neighborhood n(h) can be written in terms of the probability that each
household observed in the data chooses each house in that neighborhood. Thus the contribution to the

sociodemographic composition of neighborhood n(h) made by householdjis given by:

@9 Zim=az-p
Ki n(h)
and the sociodemographic composition of neighborhood n(h) can be characterized by the vector of these individual
components: Zn)-
If household i’s utility from choosing house h depends explicitly on a function of the sociodemographic
characteristics of the occupants of other houses in the same neighborhood n(h), g(Zn(h)),17 we can write the choice
probability defined in equation (2.8) as an explicit function of this function of neighborhood sociodemographic

characteristics:

Y For expositional simplicity, we assume that g(Z,n)) captures both the direct and indirect channels through which
neighborhood sociodemographic characteristics affect utility just described. Note, however, that this function does
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Having made the non-price socia interactions explicit in the sorting model, we are in a position to define an

equilibrium. In particular, a sorting equilibriumis defined as a set of choice probabilities { Pﬂ "} and a vector of

housing pricesp such that the following two conditions hold:

i The housing market clears according to equation (2.7).
ii. The set of choice probabilities { Ph' "} is afixed point of the mapping defined in (2.10), where 9(Zngny)

isformed by explicit aggregation of ij* " (], k) according to equation (2.9).
The second condition in this definition ensures that, in equilibrium, each household makes its optimal location

decision given the location decisions of all other households*®

Existence
While the equilibrium is defined in terms of the set of optimal household choices and market clearing
conditions, it is easier to prove that an equilibrium exists by transforming the problem into a fixed-point problem in

the vector of neighborhood sociodemographic characteristicsg(Znm)). By rewriting equation (2.9) as:

1) Zi,= &2 -P = &2 floz.wm)z X0 0.2 %))

ki n(h) ki n(h)

it is easy to see that since g is defined over the vector Z,p), the elements of which are given in equation (2.11), this

mapping along with the definition of the function g implicitly defines g(Znn)). Any fixed point of this mapping, g,
is associated with a unique vector of market clearing prices p’ and a unique set of choice probabilities { F’hi "} that
together satisfy the conditions for a sorting equilibrium. In this way, finding a vector of prices p- and choice
probabilities { Phi "} that give rise to a sorting equilibrium can be transformed into a fixed-point problem in A(Zngny)-

We are now able to state the following proposition concerning the existence of an equilibrium:

not capture the impact that neighborhood sociodemographic characteristics have on utility through their effect on
house price.

18 NotiF::e that while each household actually makes a discrete location decision, we define the equilibrium in terms
of the vector of choice probabilities{ P'r}. These choice probabilities represent the distribution of location decisions
made in equilibrium by the continuum of households that each household i represents. Note that the alternative
assumption that e is observed only privately along with a symmetric Bayesian Nash equilibrium concept would
allow us to define the equilibrium in terms of discrete location decisions rather than working with the choice
probabilities. Existence would continue to hold under thisinterpretation concerning e.
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Proposition 2.2: If the assumptions of Proposition 2.1 hold, (i) U', is continuous in 9(Zany), (i) g is a continuous

function of er(h) " j, and (iii) g is bounded both above and below, a sorting equilibrium exists. Proof: See

Technical Appendix.

In the empirical analysis below, we assume that the utility that a household receives from choosing a house islinear

in the average sociodemographic characteristics of its neighbors. This assumption ensures that U'y, is continuous in
9(Za(ny)» 9(Zn(n) is a continuous function of Zr{(h) ", and g(Znn) is bounded by the maximum and minimum

values of each household characteristic observed in the data. Thus, if the assumptions of Proposition 2.1 hold, a

sorting equilibrium always exists for this class of models.

Uniqueness

While it is straightforward to establish the existence of an equilibrium for the class of models described
above, a unique equilibrium need not arise. Consider an extreme example in which two types of households that
have strong preferences for living with neighbors of the same type must choose between two otherwise identical
neighborhoods. In this case, it is easy to see that the model has multiple equilibria. In particular, two stable
equilibriaarise with househol ds sorting across neighborhoods by type. When the neighborhoods are identical except
for their sociodemographic composition, the matching of each household type with a particular neighborhood is not
uniquely determined in equilibrium. Thus, uniqueness is not a generic property of the class of models developed
above.

This extreme example, however, gives an unduly pessimistic impression of the likelihood that multiple
equilibria arise in this model. Extending the simple example just described, imagine that households of one type
have significantly more income than households of the other type, that the quality of one of the neighborhoods is
significantly better than that of the other neighborhood in some fixed way, and that households have preferences for
neighborhood quality. In thiscase, while strong preferences to segregate certainly ensure that households again sort
across neighborhoods by type, the matching of household type and neighborhood is made much clearer by the
marked differences in income and neighborhood quality. In general, a unique equilibrium will arise when the

meaningful variation in the exogenous attributes of households, neighborhoods, and houses {Zi ,Xh,xh} is

sufficiently rich relative to the role that preferences for neighborhood sociodemographic composition play in the

location decision.*®

19 See Bayer and Timmins (2002) for aformal analysis of the conditions under which unique equilibria arise in these
models. The discussion here echoes results found earlier in the network and social effects literatures; Katz and
Shapiro (1994), for example, write that “consumer heterogeneity and product differentiation tend to limit tipping and
sustain multiple networks. If the rival systems have distinct features sought by certain consumers, two or more
systems may be able to survive by catering to consumers who care more about product attributes than network size.”
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Using Choice Probabilities to Define Equilibrium

In defining a sorting equilibrium, we work with continuous choice probabilities rather than the discrete
decisions made by the households observed in the sample. As mentioned, we assume that each household observed
in the data represents a continuum of household with identical observable characteristics but distinct idiosyncratic
locational preferences. Under this assumption, the sorting equilibrium that arises is not affected by the particular
idiosyncratic preferences {€y} of any single household. The attractiveness of this assumption is obvious asit isthe
continuity of the choice probabilities that we exploit in proving that a unique vector of prices clears the market and
that a sorting equilibrium always exists. If, on the other hand, we interpreted our sample as the literal extent of the
housing market, the set of prices that would clear the market (conditional on any finite set of individuals) would no
longer be unique.?® In essence, if an individual had a particularly high draw of efor some house, any price high
enough to keep everyone else from preferring this house to others in the market and low enough to keep this house
as the optimal choice for this individual could work. Despite this range of prices, the existence of an equilibrium
would continue as this framework fits within the class of models analyzed by Nechyba (1997, 1999).%

Aswe discuss in Section 4, the same assumptions that allow us to develop the theoretical properties of the
model in terms of choice probabilities dso play an important role in our estimation strategy. In particular, because
uniqueness is not a generic property of the class of models developed above, it is not possible to estimate the model
using Maximum Likelihood. We develop instead a GMM estimation procedure that requires that households do not
react to the idiosyncratic preferences of any other households in particular. Thus, by ensuring that households can
effectively integrate out over e, the assumption that we maintain concerning e plays animportant role in generating a

coherent estimation strategy.

Likewise, in a closely related model of neighborhood sorting, Nechyba (1999) points out that when “communities
are sufficiently different in their inherent desirability, the partition of households into communitiesis unique.”

2 Thisistrue aslong ase continued to be interpreted asindividual heterogeneity and each household’ sidiosyncratic
preferences were common knowledge. An alternative assumption that would generate similar equilibrium properties
for our model would be to assume that each household' s idiosyncratic preferences were not common knowledge.

This would again ensure that households could not react to the particular idiosyncratic preferences of other

households in the market.

2_1 It isimportant to note, however, that given any data set, aresearcher would not be able to back out a unique vector
e for each household i from an observed set of market clearing prices and location decisions. Each household’'s
equilibrium location decision only reveals that its idiosyncratic preferences for its chosen house exceeded its
idiosyncratic preferences for each other house by a certain threshold value. In thisway, the particular vector e for
any finite set of households is unidentified, making counterfactual simulations based on calculations of a new

equilibrium under alternative assumptions for a particular set of households impossible. Knowing the range in
which each household's vector e' must lie, one could conduct counterfactual simulations by randomly drawing a
vector e' for each household. This assumption is exactly equivalent to the assumption that we maintain concerninge
throughout our analysis.

16



Finally, the use of choice probabilities does not affect the attractive properties of the underlying discrete
choice framework related to self-selection. Consider the set of choice probabilities P',, for a particular household
observed in the data, which represent the distribution of the discrete decisions made by the continuum of households
that the observed household represents. Among this continuum of households, however, those households that
choose each particular house h will be those that get a relatively high draw of &y, relative to the other housesin the
sample. Inthisway, the set of households predicted to choose each type of house observed in the data are those that
place the highest value on it, as governed by both observable household characteristics and idiosyncratic

preferences.

2.3 A Restricted Version of the Model — A Standard Hedonic Price Regression
Before turning to issues involved with the identification and estimation of the equilibrium model of sorting,
it is helpful to examine arestricted version of the model. In particular, consider a specification of the utility function

in which all households share the same value for each house except through the idiosyncratic error term:
212 Uy =ag X, - AgpPn X, +ey,

Relative to the broader specification described above, this specification eliminates all non-idiosyncratic
heterogeneity in preferences and endowments (e.g., employment locations). In this case, the market clearing

condition implies that prices adjust so that the mean utility of each alternative isidentical and, consequently:
213 @y Xy, -ag, P, +x, =K b P Zao%op Xy +%opxh

Equation (2.13) 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.??

In the presence of heterogeneity in household preferences for housing and neighborhood characteristics as
well as locations, housing units generally provide unequal levels of mean utility in equilibrium. The equilibrium
mean utility that a house returns is governed by the relative scarcity of its attributes as well asits location within the
urban housing market. Consider, for example, a house with a spectacular view of the Golden Gate Bridge. Such a

view is scarce. In this case, we would expect the equilibrium price to reflect the valuation of the view by a very

22 This condition holds no matter what assumption is made concerning the distribution of the idiosyncratic error term
and, in fact, holdsin the absence of such idiosyncratic preferences.
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wealthy individual rather than the mean individual, thereby implying a relatively low level of mean utility in
equilibrium. If such a view were less rare, however, the price for such a house would be lower and the level of
mean utility higher in equilibrium. Consequently, in the presence of heterogeneous preferences, an adjustment must
be made to the price regression of equation (2.13) in order to return mean preferences. As we show in Section 5

below, such an adjustment arises naturally in the course of estimating the equilibrium model.

3 DATA

Our analysis is conducted using an extensive new data set built around restricted Census microdata for
1990. These restricted Census data provide 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. 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). The restricted Census microdata
thus allow us to identify the local neighborhood each individual inhabits and to determine the characteristics of that
neighborhood far more accurately than has been previously possible with such alarge-scal e data set.

Our study area consists of 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 three main reasons. First, it is
reasonably self-contained. Examination of Bay Area commuting patterns in 1990 reveas that a very smal
proportion of commutes originating within these six counties ended up at work locations outside the area; and
similarly, arelatively small number of commutes to jobs within the six counties originated outside the area. Second,
the area contains a racially diverse population. And third, the area is sizeable along a humber of dimensions,
including over 1,100 Census tracts, and almost 39,500 Census blocks, the smallest unit of aggregation in our data.?®
Our final sample consists 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 (also provided at
the Census block level). 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-

2 Our sample consists of all households who filled out the long-form of the Census in 1990, approximately 1-in-7
households. In our sample, Census blocks contain an average of 6 households, while Census block groups — the
next level of aggregation up - contain an average of 92 households.
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Hispanic Black, and non-Hispanic White.?* To ensure that our sample is representative of the overall Bay Area
population, we employ the individual weights given in the Census. Accordingly, 12.3 percent of households are
categorized as Asian, 8.8 percent as Black, 11.2 percent as Hispanic, and 67.7 percent of households as White. The
full list of the household characteristics used in the analysis, along with means and standard deviations, is given in

the upper portion of the first column of the Appendix Table 1.

Characterizing Housing Choices

Households in the model have preferences defined over housing choices, each of which is described by the
location of the housing unit,?® a vector of house characteristics, and a vector of neighborhood characteristics that
includes sociodemographic characteristics as well as other information about the neighborhood. The Census data
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 cal culate measures describing the stock of housing in the
neighborhood surrounding each house. We also construct neighborhood racial, education and income distributions
based on the households within the same block group, a Census region containing approximately 500 housing
units?® We merge additional data with each house record related to air quality, climate, 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 Construction Appendix.2’” In generating the
climate and air quality data at the Census block level, for example, we make use of locally weighted regression
techniques to assign data on climate stations and air quality monitoring stations to a lower level of aggregation (in

this case, a Census block), as there are far fewer climate stations than Census blocks. The full list of house and

24 The task of characterizing a household’s race/ethnicity gives rise to the issue of what to do with mixed race
households. One solution would be to assign a household with, for instance, one white and one Hispanic individual
a 0.5 measure for both categories while a second option would be to use the characteristics of the household head to
define the race/ethnic makeup of the household. We use this second definition and have also omitted the households
that do not fit into one of these four primary racial categories (0.7 percent of al households). The results of our
analysis are not sensitive to these decisions. Our final sample consists of the 243,350 households that fit into these
four racial categories and live in a Census block group that contains at least one other household in our sample.

% The latitude and longitude of each house is known at the level of the block, a Census region that contains
aé)proximately 100 housing units.

2 |1n principle, as we know the location of each house very precisely, neighborhoods could be defined to include all
houses within a given radius of the house. In practice, the use of such measures yielded very similar results to those
based on conventional Census boundaries, (e.g., Census blocks, block groups, or tracts), and consequently, we use
Census block groups when constructing neighborhood sociodemographic measures to facilitate comparison with
past research.

27 This Appendix is available online at www.economics.utoronto.ca/memillan/dca htm.
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neighborhood variables, along with means and standard deviations is given in the lower portion of the first column

of Appendix Table 1.

Employment Access Measures

Two variables related to employment access are also constructed. First for employed households, we
calculate a measure of the distance from the household’s principal workplace (defined as the workplace of the
individual with the highest labor earnings in the household) to each house in the sample. Here, the location of a
house and a job is given by the centroid of the Census block in which each is found, a household’s work location
also being given in the restricted-access Census data at the block level. Then for every house in the sample, we
construct a series of employment access measures based on the local density of jobs that employ householdsin each
of five education categories (<HS, HS Degree, Some College, BA Degree, Advanced Degree). Specificaly, for

each of these education categoriesE, we cal culate the access measure A%, given by:

E [¢} 1
Gy A=d T —=
E d jh + 1)
where d;, measures the distance from house h to each job j in education category E. This employment access
measure for an education category will be large when a house is surrounded by many jobs employing individualsin
that education category. Given the education level of each householder, we use the corresponding employment

access measure associated with each house to help characterize the quality of the choice.

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

8 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. Thus, whether a household rents or owns is endogenously determined
within the model by its house choice. In the model, 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.
Moreover, the model could incorporate heterogeneous elasticities of demand for features of a house or neighborhood
depending on whether the unit is owned or rented. The use of a single house price variable does not impose any
serious restrictions on the model.
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unit that reflects what its monthly rent would be at current market prices. We describe the reasoning behind each
adjustment here, leaving a detailed description of the methodology for the Data Construction Appendix.°

Because house values are self-reported, it is difficult to ascertain whether these prices represent the current
market value of the property, especialy 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 1 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 individual s who report 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 providesinformation useful in distinguishing the val ues of the upper tail of the value 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 along 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 locally based hedonic price regressions in order to estimate the discount associated with different durations
of tenurein each of over 40 sub-regions within the Bay Area.

Finally, we construct a single price vector for al 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 these

29 |n Section 5, we discuss the implications of using current market prices in estimating the model along with the
related issues of moving costs, rent control, and potential |ock-in effects associated with Proposition 13.
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ratios to convert house values to a measure of current monthly rent. Again, the procedure is described in detail in

the Data Construction Appendix.

4 ESTIMATION

Having specified the theoretical framework and described the data, we now present the procedure that we
use to estimate the model. We begin by introducing some notation that simplifies the exposition. The terms of the
utility function specified in equations (2.1)-(2.2) can be divided into a choice-specific constant, d,, an interaction
component, rh, which includes any parts of the utility function that interact household and choice characteristics,

and the idiosyncratic error term, &y. Thusthe util ity function can be rewritten as:

(41)  Vi=d+m+ e

where:
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In these equations, r indexes household characteristics, and we have explicitly separated the vector of average

neighborhood sociodemographic characteristics Z from X. The choice-specific constant d, captures the portion of
the utility provided by house h that is common to al households. Inthe same way, X%,, the unobservable component
of d, captures the portion of unobserved preferences for house h that is correlated across households, while e
represents unobserved idiosyncratic preferences over and above this shared component.® Denoting the full set of
parameters g we subdivide these into two setsin later discussion: the set of interaction parametersin M, Om and the
set of parametersin d,, ¢y Here, it is worth recalling the assumption from Section 2 that each householdi observed
in the sample represents a continuum of otherwise identical households with different idiosyncratic locational

preferences and that each house h observed in the sample represents a continuum of identical houses of the same

measure as this continuum of households.

4.1 Edtimation without a Generically Unique Equilibrium

30 Another way to describe X, isthat it captures the shared portion of the quality of house h (including the quality of
its neighborhood) that is observed by the households in the data but not the econometrician.
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Because uniqueness is not a generic feature of the sorting equilibrium, it is clearly not possibleto estimate
the parameters of the model using Maximum Likelihood. That is, for a set of exogenously given household
characteristics Z and house/neighborhood characteristics X,, some regions of parameter space give rise to multiple
equilibria and therefore do not map uniquely to the set of endogenous variables, which include the matrix of choice

probabilities {P',}, the equilibrium vectors of house prices p, and neighborhood sociodemographic characteristics

Z . Consequently, we develop a strategy for estimating the parameters using the Generalized Method of Moments
(GMM). Inthis case, the underlying theoretical sorting model need not have a unique equilibrium. Instead, we base
the estimation of most of the model’s parameters on the assumption that the observed location decisions are
individually optimal, given the collective choices made by other households and the vector of market-clearing
prices. Our estimation strategy therefore relies on the assumption that an equilibrium in the sorting model exists and
is observed, but not the fact that this equilibrium is unique.®*

In particular, we form moments based on maximizing the probability that each household chooses its

observed location conditional not only on X but also on pand Z , ignoring the fact that these latter variables are
determined as part of the sorting equilibrium. This procedure mirrors an assumption that is typically made when
researchers estimate discrete choice models with micro-data — namely that each household is small relative to the
whole population and therefore takes all variables as fixed when making its own location decision, even those
variables that are endogenously determined. More formally, the validity of our approach derives from our
assumption that each household observed in the data represents a continuum of households with distinct
idiosyncratic locational preferences. This assumption ensures that households can each effectively integrate out the
idiosyncratic preferences of all others when making their own location decisions and consequently that no
household’s particular idiosyncratic preferences affect the equilibrium. In this way, the vector of idiosyncratic
preferences e is uncorrelated with the prices and neighborhood sociodemographic characteristics that arise in any
equilibrium.

Fitting the observed individual location decisions permits the estimation of the parameters of the interaction
term rh, and the vector of choice-specific constants, d. However, the set of observed residential choices provides no
information that distinguishes the elements of the choice-specific constant d. Consequently, it is necessary to bring
additional econometric information to bear on the problem. Given the estimate of d obtained from fitting the
observed individual location decisions, equation (4.2) is simply aregression equation. The most obvious approach
to identifying the parameters of this equation involves forming moments based on covariance restrictions between

the observed choice characteristics and X%,. It isimmediately obvious, however, that forming covariance restrictions

31 Note that this estimation procedure does not require the explicit clculation of an equilibrium, which has the

23



between », and py, Zh, or any other choice characteristic that depends on neighborhood sociodemographic

composition (such as local school quality) is not consistent with the logic of the choice model, as any increase in the
unobserved quality of a house typically raises demand for a house and in turn its equilibrium price. Similarly, an
increase in the unobserved quality of a neighborhood will tend to increase the price of houses in that neighborhood
and alter the sociodemographic composition of the households living there in equilibrium. In estimating equation
(4.2), therefore, it is necessary to find a vector of additional instrumentsW for the housing prices and neighborhood
sociodemographic characteristics that are determined endogenously in the sorting model. We discuss the specific

instruments used in the analysis in Section 5 below.*?

4.2 TheEstimation Procedure
The estimation procedure just outlined is straightforward to implement. For any combination of interaction
parameters and house-specific constants, d,, the model predicts the probability that each householdi chooses house

h:

i :exp(d + ﬁ’L) '
“n R "8 expd, + i)
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 Hn, phy Zh}, gives rise to the following log-

likelihood function:
45 (=3 al,InR)
i h

where I‘h is an indicator variable that equals 1 if household i chooses house h in the dataand O otherwise. Thefirst

step of the estimation procedure consists of searching over the interaction parameters and vector of choice-specific

attractive effect of significantly reducing the computational burden involved.

32 In some empirical settings, researchers may not be interested in distinguishing the components of the vector of
choice-specific constants, d. It is necessary to do so, however, if one is interested in calculating any individual’s
willingness-to-pay for any choice characteristic or if one wants to carry out any counterfactuals — or make any
predictions — since any systematic changes in location preferences affect p and Z in equilibrium. Distinguishing
the components of d immediately forces one to address the correlation of x withpand Z , giving rise to the need for
instruments.
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constants to maximize returning estimates of the interaction parameters (,,and the vector of choice-specific

constants d . The second step of the estimation procedure uses d along with a set of appropriate instruments to

estimate equation (4.2) viainstrumental variables*

A Computational Shortcut — Enforcing the Market Clearing Condition

When the size of the choice set grows large, it becomes infeasible to search freely over the full set of
parameters that need to be estimated in the first step of the estimation procedure (d, ¢,). Conditional on the data and
On however, it is possible to ‘back-out’ an estimate of d by enforcing the market clearing conditions specified in
equation (2.7). Asit turns out, this procedure returns the vector d that maximizesthe likelihood function in equation
(4.5), conditional on the set of interaction parameters, ¢,>> Operationally, Berry (1994) demonstrates that for any
O aunique vector of choice-specific constantsd (up to a scal eable constant) satisfies the market-clearing conditions
and Berry, Levinsohn, and Pakes (1995) provide a contraction mapping that solves for d. For our application, the

contraction mapping issimply:
46 di* =d; - In(N})

wheret indexes the iterations of the contraction mapping and N rt] isthe predicted number of households that choose
each house. Using this contraction mapping, it is possible to solve quickly for an estimate of the full vector dA even
when it contains a large number of elements, and consequently the likelihood function can be concentrated as:
E(d .q m) =/° (&(q m),qm). This reduces our free parameter search to ¢, thereby dramatically reducing the

computational burden in the first step of the estimation procedure.
Because the issue can lead to confusion, it is important to point out that the vector of choice-specific

constants can be estimated even if the number of housing alternatives in the sample is as large as the number of

33 Recall that the likelihood function defined in equations (4.5) conditions on the full set of choice characteristics,
including those that are endogenously determined, so that this procedure is not a Maximum Likelihood procedure,
despite appearances.

34 While estimating the two steps of the estimation procedure jointly would increase the efficiency of the estimator if
the instruments used in the second stage of the analysis were valid, consecutive estimation ensures that the estimates
obtained in the first stage are consistent regardless of the consistency of the instruments used in the second stage. In
all of the analysis presented in this paper, we use the two-step procedure.

3 The derivative of the likelihood function given in equation (4.5) with respect to d is:
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households. In essence, estimation is possible because an increase in any particular d, increases the probability that
each household in the sample chooses house h. This increases the probability that the model correctly predicts the
house choice for the household that actually chooses house h, but decreases the probability that all of the other
households in the sample make the correct choice, as is apparent from (4.4). As the logic of the market clearing
condition makes clear, the likelihood function is maximized when the model predicts equal demand for each house
observed in the sample. In this way, the estimate of d, for each house h is governed by the total demand for the

house rather than solely on the demand of the individual that purchases the house.*®

Using a Random Sampl e of Alternatives

Despite the shortcut for estimating the full vector of choice-specific constants introduced in the previous
subsection, calculating choice probabilities for each household-house pair at each iteration of the optimization
routine quickly becomes computationally infeasible when the number of housing alternatives grows large.
Conseguently, in order to estimate the model, we employ a sampling framework specified in McFadden (1978) in
which arandomly chosen subset of the full set of alternativesis used in calculating each household’ s contribution to
the likelihood function in eguation (4.5). Using this sampling framework, McFadden shows that one can obtain
consistent estimates of the model’ s parameters without cal culating the full matrix of choice probabilities.

The particular procedure that we use is as follows. We first draw alarge sample of householdsS and their
corresponding houses S, at random from the full Census data set3” Thisinitial draw ensures that S and S are
random samples, each representative of the entire San Francisco Bay Area and that the actual house chosen by each
household in S isin the full sample of housesS,. For each householdi observed in this sample, we then construct a
subset §H of the full set of houses in the Bay Area that consists of the household’s chosen house and a random
sample of the remaining aternativesin Sy. In this way, the choice probabilities for each household that are used in

the constructing the likelihood function shown in equation (4.5) are given by:

Wi, = &M 8T = &ba)ala) - L&)

i=h ith

and, consequently, setting the vector G equal to zero produces the market clearing conditions specified in
equation (2.7).

36 This discussion also makes clear why d is subject to a free normalization, as an increase in each element of d has
no effect on any household’ s demand for any house.

37 Census sample weights are used in this step of the analysis, ensuring that our initial sampleis representative of the
households and houses with the San Francisco Bay Area.
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where the sum in the denominator is now taken over only those alternatives in the subset associated with household
i.

In practice, because we estimate choice-specific constants for each house, the precision of the estimation
procedure increases greatly if we ensure that each alternative appears in the choice set of the same number of
households. To this end, we employ the following random sampling procedure: Starting with the assignment of
each household’ s chosen house, we assign each household afirst additional (not chosen) alternative by randomly re-
shuffling the full set of houses across households. We then repeat this random re-shuffling of houses as many times
asis necessary to generate the desired size of the sample of additional (not chosen) alternatives. In thisway, with an
additional random draw for each household, we ensure that each alternative is sampled exactly once.

The sampling framework developed by McFadden (1978) also justifies the initia sampling process that
generates the full set of households S and houses S used in the analysis (i.e., the use of less than the full census of
houses) aslong asthe I1 A property holds at theindividual level. That is, if households actually choose from the full
census of houses including, for example, those that are not sampled in the long form of the Census, no researcher
will observe each household’ s full choice set in the data. In this case, the assumption that &y, is distributed accordi ng
to the Weibull distribution, which gives rise to the [IA property at the individual level, ensures that the
econometrician obtains consistent estimates of the model’s parameters despite observing only a random sample of
the full set of alternatives that each household faces. While other assumptions could be made to justify the use of a
sub-sample of the full census of alternatives (i.e., that the observed sample spans the full choice set), the underlying
assumption concerning the distribution of e justifies the use of the sample without such assumptions3®

The use of a random sample of the full census of alternatives for each household necessitates a slight
adjustment to the calculation of the predicted humber of households that choose each house that is used in the
contraction mapping (4.6). In particular, because the sampling procedure ensures that each household’s actual
choiceisincluded in the subset of alternatives when calculating the choice probabilities shown in equation (4.7), the
predicted number of households that chooses each house used in equation (4.6) must be corrected for this inherent

over-sampling. Thisreguiresthe following straightforward adjustment:

38 |t is worth noting that this does not prevent a researcher from including other stochastic elements in the utility
function such as random coefficients, which allow for unobserved differences across households in willingness-to-
pay for choice characteristics. All that isrequired to justify the general use of thiskind of sampling procedure is that
the final idiosyncratic component of location preferences be distributed according the Weibull distribution.
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where N is the total number of alternatives in the full census, C isthe number of additional (not chosen) alternatives
sampled for each household and, consequently, the number of times house h appears in other household’ s choice set,

and the notation i=h refersto the household that actually chooses house h. In equation (4.8), thefirst term captures
the contribution to Nh made by the household who actually chose house h, while the second term sums the

contributions of the other households in the sample which could have chosen house h (i.e., the house was in the
household’ s randomly drawn choice set) but did not.

If one takes the full set of houses in the metropolitan area to be the relevant choice set, N isvery large, on
the order of 1.5 - 2 million for the San Francisco Bay Area. Even if one counts only the number of housesin the full

set S, used in the analysis, N istypicaly large relative to C, and consequently, equation (4.8) effectively reduces

to:>°
~ C+1 '
4.9 N =€ ar
C W Si,ith

A~

In calculating N, for usein backing out the vector of choice-specific constants that ensures that the housing market

clears, we essentially do not count the contribution of the household that actually chooses the house. Dropping the
choice probability for the household that actually chooses a house from this calculation is intuitive as the sampling

framework described above includes this individual-house pair in the analysisin a non-random way.

Summary of the Full Estimation Procedure

The full estimation procedure that we employ can be summarized as follows:

1. Sample and Choice Set Construction

i. Draw a large sample of households S and their corresponding houses S, at random from the full
Census data set. The sample of householdsis used directly in the analysis, while the sample of houses
isused in constructing subsets of alternatives for each household in (1.ii).

ii.  For each household i observed in this sample, construct a subset Sy consisting of the household’s
chosen house and a random sample of the remaining alternatives in S4. These sets are held fixed
throughout the remainder of the estimation.

2. Estimation of Interaction Parameters and Choice-Specific Constants

39 For a large enough sample of houses, one might assume that this sample effectively spans the full census of
houses in the metropolitan area. In thisway, the full census of choices would be represented in the full choice set Sy
drawn initially from the data.
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i.  For agiven set of interaction parameters (those in rh.), solve for the vector of choice-specific constants
dthat implies that the housing market clears for each house (i.e., that equation (2.7) holds).

ii.  Using the vector of house-specific constants d, and rf, calculate the log-likelihood function given in
equation (4.5).

iii. Search over the interaction parameters until the objective function calculated in (2.ii) is maximized.
The estimated choice-specific constants are those calculated in (2.i) at thefinal iteration.

3. Estimation of Choice-Specific Constant Regression

i. Using the estimated choice-specific constants from (2), estimate eqguation (4.2) using instrumental
variables.

4.3 Asymptotic Propertiesof the Full Estimator

Because our estimation procedure is somewhat non-standard, we discuss briefly the conditions that ensure
the consistency and asynptotic normality of our estimates. We begin by clarifying the maintained assumptions
concerning the data generating process. The model is estimated on data drawn from a single, large metropolitan
area. The complete metropolitan area housing market consists of atotal of | individuals who must choose from H
distinct types of housing, with H assumed to be less than |. Each individual i is characterized by a set of
characteristics Z and a set of idiosyncratic preferenc&c{éh} defined over the full set of distinct housing alternatives,
and identically and independently distributed across choices according to the Weibull distribution. Households are
assumed to follow the model’s decision rule at the true parameter vector. Each distinct housing type h is
characterized by the set of characteristics { Xy, %.}. The{ X, %} vectors are assumed to be exchangeabl e draws from
some larger population of possible house types.

We do not observe the full census of househol ds and housesin the metropolitan area, but instead observe a
random sample of households S and their corresponding houses S of size I° and HS respectively. Moreover, the
actual house type chosen by each household in'S appears in the sample of housesS;. Because the sample of houses
is drawn randomly from the full sample of houses, the relative market share of each house observed in S is exactly
kn/H®, where ky, is the number of times that a house of type h is sampled. Thus, within the observed sample of
housing alternatives, the relative market share of each house type is known exactly. Finally, the random sampling
technique described above is used to draw a subset of housing alternatives for each household i in sample S that
consists of the household’'s chosen house and a random sample of the remaining alternatives in S of size C. With
this characterization of the data generating process, our problem fits within a class of models for which the
asymptotic distribution theory has been developed. In the remainder of this section, therefore, we summarize the
requirements necessary for the consistency and asymptotic normality of our estimates and provide some intuition for

these conditions.
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In general, there are three dimensions in which our sample can grow large: as HS, I°

, or C grow large. For
any full sample of housing aternatives of size H® and any random sampling of these alternatives of size C, the
consistency and asymptotic normality of the first-stage estimates (d, o) follows directly as long as I° grows large.
This is the central result of McFadden (1978), justifying the use of a random sample of the full census of

alternatives. Intuitively, even if each household is assigned only one randomly drawn alternative in addition to its
own choice, the number of times that each house is sampled (the dimension in which the choice-specific constants
areidentified) grows as afixed fraction of 1°.

If the true vector d were used in the second stage of the estimation procedure, the consistency and
asymptotic normality of the second-stage estimates oy would follow as long as HS> ¥.° |n practice, ensuring the
consistency and asymptotic normality of the second-stage estimates is complicated by the fact the vector d is
estimated rather than known. Berry, Linton, and Pakes (2002) develop the asymptotic distribution theory for the

second stage estimates ¢y for a broad class of models that contains our model as a special case and, consequently, we

employ their results. In particular, the consistency of the second-stage estimates follows as long as H>> ¥ and I®
grows fast enough relative to H® such that H °logH S/I S goesto zero, while asymptotic normality at rate /H °

follows as long as (H S)Z/I S isbounded. Intuitively, these conditions ensure that the noise in the estimate of d

becomes inconsequential asymptotically and thus that the asymptotic distribution of ¢y is dominated by the

randomness in x asit would be if d was known.

Calculating Standard Errors
Estimation of the standard errors is straightforward conceptually. The covariance matrix for the parameters
q (gnwand d obtained in the first stage is given by the standard likelihood formulation and can be estimated using

the outer product of the gradient:

é a
@30) V, —ear ¥ ¢
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When the number of choice-specific constants is large, we can again use the concentrated likelihood function

E(d .q m) =/° (&(q m),qm) to our advantage. Using the market-clearing conditions to back out d given ¢, we can

%0 This condition requires certain regularity conditions. See Berry, Linton, and Pakes (2002) for details.
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calculate the gradient ¢ C/‘ITqm L f &(q m) Wwere a deterministic function of q, the covariance matrix would be

given by:
€qyc qpc U
@1 Vv, :Eéw e a
" gTn T g

Since a (9.,) provides only an estimate of d, however, we must add another term to equation (4.11) to capture the

impact of this randomness on qu . Aslong as the sample of households and houses used in the analysisis drawn at

random from the full census of alternatives, this source of randomness will be independent of the varianceterm

shown in equation (4.11) and, consequently, the full variance matrix for gyis given by:

éqyc c'u équc U
(4120 V, =E&6— G U + Var,é— 1 a
" glan o g aTd. g

To estimate the second term of this equation, we use a Monte Carlo procedure following Berry, Levinsohn, and
Pakes (1995). Specifically, we randomly re-draw the sample of additional (not chosen) housing alternatives for each
household independently a number of times. Using our estimate of gnand this new sample of housing alternatives,
we calculate the gradient of the likelihood function with respect to ¢, and use the empirical variance of these
calculate gradients as the estimate of Varg.

An estimate of the covariance matrix for the second stageis given by the expression:
@13V, =(X'Ry' X)X RyWR, X (X'Ry " X)

where X represents all included regressors, W represents all instruments including the regressors that are not

instrumented, and Py, = W (WW) W and Wis the covariance matrix for the error in regression of d on X. Note

that because the randomness in d enters the second-stage regression as noise in the dependent variable, it is

accounted for in the covariance matrix of (4.13) when atwo-step procedure is used.
5 ISSUESOF INTERPRETATION AND IDENTIFICATION

This section of the paper has two main parts. Thefirst discusses anumber of key assumptions that underlie

the identification of the model and the interpretation of its parameters. In so doing, we attempt to draw a clear
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distinction between the assumptions that can be weakened in future work versus those that are more fundamental.
We also discuss the likely direction and magnitude of any potential biases. The second part of this section develops
an instrumental variables strategy for identifying the choice-specific constant regression of equation (4.2). We begin
by developing a specific set of instruments for price and neighborhood sociodemographic characteristics, providing
a clear argument for their appropriateness as instruments. We relate this identification strategy to the classic

hedonic identification problem and conclude the section by developing a set of ‘quasi-’ optimal instruments.

5.1 Assumptionsand I nterpretations
The Housing Market and Moving Costs

A number of features of the housing market suggest that the assumption that each household residesin its
optimal location may not hold in all cases. First, search costs and the fact that the complete census of houses is not
available at the time a household makes its location decision imply that households may actually choose from a
subset of the full set of houses in the Bay Area. Second, the cost of moving (broadly defined) may cause a
household to continue living in a housing unit that differs from its currently most preferred housing option. A
household that chooses a neighborhood with good schools when it has school-aged children, for example, may
continue to live in the same house even after the children have finished school. Gaps between actual and optimal
choices may also arise be