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model, demand slopes and hence preferences are not identifiable without further restrictions because
of the absence of independent variation of endogenous composition and exogenous location characteris-
tics. Several solutions of this problem are presented and applied to data on neighborhoods in US cities.
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ture of externalities, or the dynamics of prices and composition in response to an amenity shock. The
empirical results consistently suggest the presence of strong social externalities, that is a dependence
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� 2014 Elsevier Inc. All rights reserved.
1. Introduction

Urban areas in the United States and across the world show
large degrees of social segregation across neighborhoods. A large
and rising degree of segregation of immigrant groups across neigh-
borhoods in US cities since 1920 has been documented, for
instance, by Cutler et al. (2008). This is of concern if the social envi-
ronment in neighborhoods is an important determinant of life out-
comes. There are two polar explanations of segregation.
Households might sort across locations because of different will-
ingness to pay for exogenous location characteristics, which may
be due to differences in income or differences in preferences. This
is the explanation emphasized by accounts of sorting such as the
classic Tiebout (1956) and Rosen (1974) models. Alternatively,
households might care about who their neighbors are, and hence
choose their neighborhood based on demographic composition.
This possibility was discussed by Schelling (1971) and Becker
and Murphy (2000).

The present paper discusses identification problems arising in
models which allow for both possibilities. In the setup considered
in this paper, households have to choose whether or not to locate
in a given neighborhood based on exogenous neighborhood char-
acteristics, and based on the endogenous composition of the resi-
dents of a neighborhood. We say social externalities are present
if demand depends on endogenous composition. The local housing
market is in equilibrium if the composition of households that
want to locate in a neighborhood equals the composition of those
that are in the neighborhood, and if total housing demand equals
housing supply. This setup builds on several important recent con-
tributions to the urban economics literature, in particular Bayer
et al. (2007) and Caetano (2009). These authors estimate discrete
choice models of sorting that recognize the possibility of a prefer-
ence for neighborhood composition.

The central contribution of the present paper is to provide a dis-
cussion of nonparametric identification in this context. The main
goal is to empirically distinguish between the two explanations
of segregation, and in particular to test whether social externalities
are empirically relevant. It is shown that without further restric-
tions the presence and degree of social externalities are not identi-
fied. This is because, in equilibrium, both composition and rental
prices are functions of the exogenous neighborhood characteris-
tics. This prevents the separate identification of the effect of either
on demand. Identification requires exclusion restrictions that gen-
erate independent variation of composition and the exogenous
arguments of demand. Several types of such exclusion restrictions
are discussed here. In the setup analyzed, no restrictions on
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functional forms or the nature of heterogeneity of households or
neighborhoods are imposed. Discussions of nonparametric identifi-
cation have been fruitful in the development of many applied fields
in recent years, see for instance Manski (2003) or the review in
Matzkin (2008).

The presence of social externalities in sorting is of relevance for
several reasons. First, it poses a methodological problem in the esti-
mation of willingness-to-pay parameters, which in turn are often
used for cost-benefit analyses of policies. Second, externalities mat-
ter for understanding the causes of social segregation across loca-
tions and can amplify the effects of policies on segregation. Third,
if externalities are strong, multiple equilibria in population compo-
sition at a given location arise. Multiple equilibria in turn can imply
discontinuous and large effects of demand shifting policies, as
emphasized by Schelling (1971) and Card et al. (2008). Finally, it
is interesting to contrast the importance households attach to
neighborhood composition in their location choice with the avail-
able evidence on the effect of neighborhood environment on obser-
vable outcomes. Evidence on the latter is mixed, see for example
Katz et al. (2007). The present paper, on the other hand, finds strong
effects of composition on location choice. These results are of
course consistent with each other, but suggest that households care
about neighborhood composition for other reasons than the causal
impact of neighborhood composition on observable outcomes.

Three possible solutions to the identification problem are dis-
cussed in this paper. The first approach uses exogenous shifters of
demand of certain subgroups that are excluded from the demand
of other subgroups. Such shifters allow one to construct instruments
that affect neighborhood composition, without directly affecting the
demand of some subgroups. Using such instruments we can esti-
mate the causal impact of composition on demand of these sub-
groups. This builds on the idea of randomized subgroup treatment
used in the identification of peer effects, as recommended in
Moffitt (2004) and applied for instance by Duflo and Saez (2003).

The second approach exploits the spatial structure of cities in an
extension of the baseline model, allowing for interactions across
adjacent neighborhoods. Identification comes from the assumption
that exogenous demand shifters for neighborhoods beyond a cer-
tain distance are excluded from local demand. This allows one to
use demand shifters for neighborhoods at a certain distance as
instruments which affect local composition through their impact
on the composition of intermediate neighborhoods, without
directly affecting local demand. Using such instruments we can
estimate the causal impact of composition on demand of all sub-
groups, as well as the causal impact on housing prices. The latter
measure the marginal willingness to pay for housing in the
neighborhood. This idea is analogous to the use of social network
structures to identify endogenous versus exogenous peer effects,
as in Bramoullé et al. (2009) and De Giorgi et al. (2010).

The third approach is based on a dynamic extension of the base-
line model which is discussed in more detail in the supplementary
appendix. This dynamic extension assumes search frictions in
moving from one neighborhood to another. The third approach
uses the finding that, under certain conditions, past amenity
shocks are excluded from future price changes because the value
of amenities is immediately reflected in rental prices. Composition,
however, does adjust with delay due to search frictions, and hence
prices adjust to this composition change with the same delay. Past
amenity shocks can therefore be used as instruments which affect
future composition changes without directly affecting future
changes in prices. Using such instruments we can estimate the cau-
sal impact of neighborhood composition on housing prices (mar-
ginal willingness to pay). The dynamic model considered is
similar to search models of the labor market as surveyed in
Pissarides (2000). It builds upon search models of the housing
market such as Wheaton (1990).
These approaches are applied to data from the Neighborhood
Change Database (NCDB), which aggregates US Census data to
the level of census tracts. The composition variable considered is
Hispanic share. Various instruments for neighborhood composition
are constructed that build on the three approaches to identification
just discussed. All instruments yield surprisingly consistent esti-
mates. They suggest that a 1% increase in the Hispanic share of
neighborhood population results in a 6% to 10% decline in non-His-
panics’ demand, and a 3% to 4% rise in Hispanics’ demand. Housing
prices appear to decline by around 0.5% to 1% for a 1% increase in
Hispanic share. These results are also consistent with the conclu-
sions of Cutler et al. (2008), who use variation in segregation across
time, city, and immigrant groups in trying to disentangle the
causes of segregation. One might wonder why we are focusing
our main empirical analysis on Hispanic share, rather than on other
dimensions of urban segregation. The main reason is that immigra-
tion created a lot of arguably exogenous variation in composition,
which we exploit.

The model in this paper is described in terms of households
choosing a neighborhood and paying rents. However, most of the
insights should apply to other contexts of sorting. Examples
include sorting of workers across firms, students across schools,
customers across mobile-phone network providers, faculty across
universities, or the spatial agglomeration and dispersion of firms.
In each of these settings agents might have a (reduced form) pref-
erence for peers, which is empirically hard to separate from loca-
tion heterogeneity, but which has implications for interesting
counterfactuals.

Some further relevant contributions in the recent literature
have to be mentioned before proceeding. Solutions to the omitted
variable problem in hedonic or choice regressions have been pro-
posed by Black (1999), who controls for border fixed effects, and
by Chay and Greenstone (2005), who use exogenous variation in
amenities. Nesheim (2001) and Graham (2008b) discuss identifica-
tion issues in specific models of sorting where peer composition
enters an educational production function. Heckman et al. (2002)
and Ekeland et al. (2004) derive identification of preferences from
cross-sectional price data based on functional form restrictions
(separability). Chiappori et al. (2009) show the equivalence of
hedonic sorting, matching and optimal transport problems and
derive existence results for equilibria in these models.

The rest of the paper is structured as follows: Section 2 intro-
duces a model of locational sorting and discusses its assumptions
and the fundamental identification problem in this model. Section
3 proposes three solutions to this problem, based on subgroup
shifters, the spatial structure of cities, and the dynamic structure
of neighborhood composition and prices. Section 4 applies these
three solutions to the NCDB data. Section 5 concludes. All proofs
are relegated to Appendix A. Additional discussions can be found
in a supplementary appendix.

2. Model and identification problem

This section will first state the model assumptions and the basic
non-identification result which motivates the present paper. Then
the model assumptions will be discussed. A special case of the
model will be used to provide some graphic intuition for the com-
parative statics of the model and for the source of the identification
problem.

We will consider the following model of the local housing mar-
ket in a given neighborhood. There are C types of households,
c ¼ 1; . . . ;C. A neighborhood is characterized by (i) the mass (num-
ber) of households of each type, M ¼ ðM1; . . . ;MCÞ 2 RC, (ii) a (ren-
tal) price P, and (iii) an exogenous vector X 2 RkX of all other
location characteristics and factors influencing demand or supply.
An example component of the neighborhood characteristics vector



Fig. 1. Assumptions and steps of the identification problem.
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X would be geographic location. An example of the composition
vector M would be the share of various ethnic groups living in
the neighborhood. Demand Dc for housing in a neighborhood, for
each type c of households, is a bounded continuously differentiable
function of X;M; P. Let D ¼ ðD1; . . . ;DCÞ, then

D ¼ DðX;M; PÞ: ð1Þ

Total demand is given by E :¼
P

cDc . Housing supply is a bounded
continuously differentiable function of P and X,1

S ¼ SðP;XÞ: ð2Þ

This model allows for social externalities, in the sense that demand
for housing at a location may depend on the composition of resi-
dents at that location. This dependence can reflect a direct prefer-
ence over neighbors’ types. It can also reflect a preference over
amenities or production processes affected by neighbors’ types,
such as peer effects in education, crime etc., as in Nesheim (2001)
or Graham (2008b).

In this setup we can define a notion of partial sorting equilibrium.
The following definition requires that the neighborhood composi-
tion is consistent with the demand of each of the different types,
and that housing demand equals housing supply. The equilibrium
we consider is a ‘‘partial’’ equilibrium in the sense that it does
not take into account interactions across neighborhoods, where a
change in the set of available outside options might affect local
demand. Partial Sorting Equilibrium extends the conventional
requirements of partial equilibrium, where housing supply equals
housing demand. In addition to such clearing of the housing mar-
ket we also require that the composition of people who want to live
in the neighborhood equals the composition of people who do live
in the neighborhood.

Definition 1 (Partial Sorting Equilibrium). A partial sorting equi-
librium ðM�; P�Þ given X solves the Cþ 1 equations

DðX;M�; P�Þ ¼ M�; ð3Þ

SðP�;XÞ ¼
X

c

M�c: ð4Þ

Let ðM�ðXÞ; P�ðXÞÞ denote the correspondence mapping X into the
partial sorting equilibria given X.

Equilibrium existence is guaranteed under the assumptions
maintained, proofs of existence and of all further results can be
found in Appendix A. Our model is stated in terms of demand func-
tions D and the housing supply schedule S. Definition 1 provides a
mapping from demand functions to equilibrium schedules ðM�; P�Þ.
These equilibrium schedules give population composition and
rental prices in a neighborhood as a function of exogenous
neighborhood characteristics and any other determinants of
location choices. These determinants might be observable to the
econometrician or not.

This paper is interested in using observational data to identify
the slopes of the demand functions Dc with respect to X;M, and
P. Of particular interest is the question of whether demand exhibits
social externalities.

Definition 2 (Social externalities). Demand is said to exhibit social
externalities if DM – 0. 2
1 Vertical supply, with S not depending on P is covered as a limiting case.
2 Throughout this paper, superscripts denote indices (for instance Mc is the cth

component of M) and subscripts denote partial derivatives (for instance
DM ¼ @D=@M).
2.1. The bigger picture

With the model set up, we can now clarify further what this
paper is about. The ultimate goal here, and in many economic equi-
librium models, is to learn about economic primitives (preferences,
technologies) from observational data. This goal can – and should –
be decomposed into several steps, as illustrated in Fig. 1. We can
think of identification as essentially inverting a series of mappings
from more primitive objects to more ‘‘high-level’’ objects, implied
by modeling assumptions. The mapping from preferences to choice
functions (demand and supply) follows from an assumption of util-
ity maximization. The mapping from choice functions to equilib-
rium outcomes follows from the assumption of partial sorting
equilibrium in our setting; in other settings this is replaced by
Nash equilibrium or Walrasian equilibrium. The mapping from
equilibrium comparative statics to observable data distributions
follows from assumptions about the distribution of components
of X and about observability.

Now for the inversions of these mappings: Learning from obser-
vable data about equilibrium comparative statics is an instance of
the standard program evaluation problem. We need (quasi-)exper-
imental variation of components of X to learn about the causal
effect of these components on M and P. Learning from choice func-
tions about preferences is an instance of discrete choice estimation.
This step requires strong restrictions on unobserved heterogeneity
and functional forms; we choose to stop at identification of choice
functions. The ‘‘middle part,’’ mapping from equilibrium compara-
tive statics to choice functions, is what the conceptual half of this
paper is about.

We clarify, in particular, the nature of the identification prob-
lem, which is related to the problems of simultaneity and the
reflection problem.3 We show that, even with random variation of
the components of X, demand functions are not identified due to a
fundamental support issue: In equilibrium, there is no variation in
neighborhood composition, given the amenities X, so that the joint
support of X and ðM; PÞ is degenerate. Therefore we cannot identify
demand and supply outside this support, and cannot separate the
effects of X and M on demand. We then provide principled solutions
to this problem, using exclusions restrictions and various extensions
of the baseline model.

Our analysis also illustrates the dangers of parametric identifi-
cation, which is common in the structural literature. As the proof
of our non-identification result reveals, arbitrary conclusions about
social externalities can be drawn when imposing certain paramet-
ric models, which are always consistent with the data. Section 2.4
below provides some numerical illustrations of this point. There is
a subtle but important distinction between the role of parametric
3 The ‘‘reflection problem,’’ as introduced by Manski (1993), is the problem of
parately identifying endogenous and exogenous peer effects. Exogenous peer

ffects are causal effects of predetermined peer characteristics. Endogenous peer
ffects are causal effects of peer outcomes, which might in turn be affected by their
se
e
e

peers, leading to the possibility of feedback or multiplier effects.
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assumptions in identification and in estimation. While parametric
assumptions at the identification stage lead to wrong conclusions
in arbitrarily large samples, parametric models used for estimation
might be optimal to deal with the inherent variance-bias tradeoffs
of point estimation in finite samples. Such parametric models can
be thought of as coming with the implicit promise of being
replaced by more flexible models as sample sizes get larger (a point
formalized in the theory of series estimation), thus yielding consis-
tent estimates independent of parametric assumptions.

It is finally worth emphasizing the distinctions between our set-
ting and the so-called ‘‘reflection problem.’’ Table 1 summarizes
these distinctions; we will discuss them further in Section 2.2
below.

2.2. Non-identification and discussion of assumptions

Under the assumption that local housing markets are in equilib-
rium, observational data will at best reveal the equilibrium corre-
spondence ðM�ðXÞ; P�ðXÞÞ. The fundamental challenge which will
be discussed in this paper is to map this equilibrium correspon-
dence back into (the slopes of) demand. The following proposition
shows that, without further restrictions, demand slopes are not
identified.

Proposition 1 ((Non) identification). Suppose the equilibrium corre-
spondence ðM�ðXÞ; P�ðXÞÞis known, but no further information about
D; S is available. Then DðX;M; PÞ is identified for ðM; PÞ 2 ðM�ðXÞ;
P�ðXÞÞ. DðX;M; PÞ is not identified for ðM; PÞ R ðM�ðXÞ; P�ðXÞÞ.

Assume additionally that partial sorting equilibrium is unique or let
ðM�; P�Þ be a differentiable selection from the set of partial equilibria.
Then linear combinations of the demand slopes are identified as

DX þ DMM�
X þ DPP�X ¼ M�

X : ð5Þ

No other linear combinations of ðDX ;DM ;DPÞ are identified.

This proposition implies in particular that, without further
restrictions, the equilibrium schedule ðM�; P�Þ is completely unin-
formative about the presence of social externalities. We can never
reject the hypothesis DM ¼ 0. More formally, Proposition 1 states
the non-invertibility of the mapping from demand and supply
functions Dð:Þ and Sð:Þ to the equilibrium correspondence
ðM�ð:Þ; P�ð:ÞÞ given by Definition 1. In its differentiated form, the
proposition states the non-invertibility of the mapping from the
demand and supply slopes ðDX ;DM;DPÞ and ðSX ; SPÞ to the slopes
of the equilibrium schedule, ðM�

X ; P
�
XÞ. The positive identification

results discussed in Section 3 will state economically interpretable
additional conditions under which we can draw conclusions about
DM from knowledge of ðM�

X ; P
�
XÞ.

There is a parallel between the identification problem stated in
Proposition 1 and other well known identification problems. One
is the classic simultaneity problem in identifying price elasticities,
the other is the reflection problem (Manski, 1993) in the identifica-
tion of models with endogenous peer effects. In all these problems,
an endogenous equilibrium outcome serves as an argument to some
structural relationship. There is no (continuous) variation of the
equilibrium outcome conditional on the other arguments of the
Table 1
Comparison to models of peer effects.

Sorting with social externalities Pee

Endogenous set of agents with fixed characteristics Fixe
Simultaneity problem: about identifying whether there are social externalities

at all
Refl
effe

Price mechanism allocating households to neighborhoods –
Sorting is object of interest Sor
same relationship, at least not without further exclusion
restrictions.

REMARKS REGARDING THE MODEL ASSUMPTIONS:

(1) This is a nonparametric model of the local housing market,
as we are not restricting functional forms of demand or utility,
the heterogeneity of utility, or the dimensionality of factors X
influencing household choices. In particular, the model does
not restrict the heterogeneity of utility within and across types
of households. Composition is restricted, however, to enter
household utility only in terms of the number of households
of each type present in the neighborhood, which is a strong
assumption. This assumption however holds trivially under
the null hypothesis that there are no social externalities. The
fact that we use a nonparametric model in order to discuss
identification is one of the main contributions of the present
paper. It stands in contrast to the approach taken in many
recent contributions to the urban economics literature, such
as Bayer et al. (2007) and Caetano (2009). It is motivated by
the argument, made plausible in contributions such as Manski
(2003) and Matzkin (2008), that credible identification should
rely only on economically interpretable assumptions but not
on functional form assumptions – even if we later proceed by
estimating the nonparametrically identified model using a
parametric specification.
(2) Another important feature of this model is that equilibrium
is defined as partial equilibrium of the housing market in a
given neighborhood. This is restrictive if we interpret the
demand functions as reflecting household utility maximization
under constant outside options, as discussed in the supplemen-
tary Appendix A. Under this assumption of constant outside
options, �DX=DP and �DM=DP can be interpreted as the average
marginal willingness to pay of marginal households for changes
in X and M. The partial equilibrium perspective is justified if the
given neighborhood is one of many similar ones, so that general
equilibrium feedbacks can be ignored to first order. This argu-
ment can be made formally rigorous but is beyond the scope
of the present paper.
(3) The vector X is defined inclusively as comprising all exoge-
nous demand and supply shifters, including random fluctua-
tions. Locations in this model only differ if X is different, all
other variables will be endogenously determined given the
exogenous X. Note that demand is affected not only by local
characteristics. Demand also depends on the composition and
size of the population of potential residents, including the dis-
tribution of preferences and income. Local housing demand of
Hispanics will be affected by a nation-wide increase of the His-
panic population through immigration. The empirical applica-
tion at the end of the paper exploits this and uses changing
demographic composition due to immigration as a demand
shifter. The vector X should thus be thought of as including
not only local amenities, but also other factors shifting demand
including the composition and size of the entire population.
(4) It is important to recognize the differences between the
setup developed here and the models of peer effects discussed
in the literature, e.g. Manski (1993) and Brock and Durlauf
r effects, as in Manski (1993) or Moffitt (2004)

d set of agents with endogenous outcomes
ection problem/simultaneity: distinguishing endogenous from exogenous peer
cts

ting is cause of identification problems, nuisance
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(2001). First, in sorting models a location is matched with an
endogenous set of agents with fixed characteristics. In contrast,
in models such as those discussed by Manski (1993) or Moffitt
(2004), there is a fixed set of agents with endogenous outcomes.
Second, the reflection problem in models of peer effects is the
problem of distinguishing endogenous from exogenous peer
effects, not the problem of distinguishing peer effects from
non-random matching.4 In the sorting model developed here
the fundamental problem is to identify whether there are social
externalities at all. Third, in the setup discussed here, there is a
price mechanism allocating households to neighborhoods. Such
a mechanism is absent from peer-effects models. Finally, in peer
effects models, endogenous sorting might be a cause of identifica-
tion problems, and as such is a nuisance. Here it is the object of
interest.
(5) Proposition 1 assumes that the partial sorting equilibrium is
unique or that the observed equilibria correspond to a differen-
tiable selection from the set of partial equilibria. This assump-
tion implies that there is indeed a mapping from X to the
realized equilibrium ðM�ðXÞ; P�ðXÞÞ, rather than a correspon-
dence to a set of equilibria. This assumption further implies that
empirically estimated slopes for equilibrium comparative stat-
ics are driven by the slopes of D and S, rather than by a causal
effect of X on equilibrium selection. This assumption finally
implies that the conditional support of ðM; PÞ given X is a point,
rather than a (finite) set of points. While difficult to leverage in
practice, in the latter case we might be willing to impose inter-
polating assumptions to make predictions about the behavior of
D outside the observed support of its arguments.

2.3. Illustration assuming there are only two types of households

To provide some intuition for the implications of this model, let
us consider a special case which is easily graphically representable.
Suppose that there are only C ¼ 2 types of households. Assume
furthermore that the price elasticity of demand of the two types
is the same, D1

P=D1 ¼ D2
P=D2, and that both types have the same

demand elasticity with respect to the scale of the neighborhood,5

ðD1
M1 M1 þ D1

M2 M2Þ=D1 ¼ ðD2
M1 M1 þ D2

M2 M2Þ=D2. Define d as the share
of type 1 households among those who want to live in the neighbor-
hood, i.e., d ¼ D1=ðD1 þ D2Þ. Similarly, let m be the share of type 1
households among those who do live in the neighborhood,
m ¼ M1=ðM1 þM2Þ. Recall finally that E is the total demand for hous-
ing in the neighborhood, E ¼ D1 þ D2. Under the assumption of equal
price and scale elasticities, the demand share of type 1;d, can be
written as a function of m and X alone, where X is determined out-
side the model. This implies that partial sorting equilibrium can be
defined by the conditions

dðm�;XÞ ¼ m�; ð6Þ
EðP�;m�;XÞ ¼ SðP�;XÞ; ð7Þ

which have a recursive form that we can easily analyze, both graph-
ically and analytically. The share of either type is a solution to the
first equation. Given this equilibrium share, the second condition
is a conventional partial-equilibrium supply and demand equation.
Fig. 2 represents these two equilibrium conditions as well as the
comparative statics of the model.
4 Exogenous peer effects are effects of exogenously determined peer characteris-
tics. Endogenous peer effects are effects of endogenously determined peer charac-
teristics. ‘‘Feedback’’ is only present if there are endogenous peer effects, so that
outcomes are determined in equilibrium.

5 The empirical application in Section 4 will also assume that there are two
observable types and that households are indifferent with respect to the scale of the
neighborhood. We will not use an assumption of equal elasticities w.r.t. prices for
identification.
Consider a small change in Z1, a component of X, that does not
affect housing supply, SZ1 ¼ 0. Assume that social externalities are
not too strong, so that dm < 1. Assume furthermore that partial
sorting equilibrium is unique, or let ðm�; P�Þ denote a differentiable
selection from the set of partial equilibria.

Then

m�
Z1 ¼

dZ1

1� dm
ð8Þ

and

P�X ¼
EZ1 þ Emm�

Z1

SP � EP
: ð9Þ

This follows immediately from Eqs. (6) and (7). Eq. (9) gives the
response of rents to amenity shifts. It is interesting to compare this
to the hedonic slope with inelastic supply in the absence of exter-

nalities, � E
Z1

EP
. This is the response in prices that would hold housing

demand constant if composition m did not change in response to
changes in amenities, and corresponds to the slope that hedonic
regressions try to estimate. Relative to this hedonic slope, there is
an additional term in the numerator of P�Z1 if there are social exter-
nalities, i.e., Em – 0, and if equilibrium composition does depend on
exogenous location characteristics, i.e., m�

Z1 – 0.
This reflects the identification problem stated in Proposition 1:

Knowledge about the equilibrium schedules M� and P� does not
allow us to identify the demand functions Dc , nor in particular the
slopes Dc

m and Dc
X . The reason is that m�, in the two type case, is func-

tionally dependent on X. There never is independent variation of the
two. Therefore the slopes Dc

X and Dc
m cannot be identified separately.

If the partial equilibrium is unique, any equilibrium schedule
ðM�; P�Þ can be rationalized by a version of the model without social
externalities, for instance by setting DcðX;m; PÞ ¼ Mc�ðX;m�ðXÞ;
P�ðXÞÞ.

Eq. (8) implies a ‘‘multiplier’’ effect in the sense that any imme-
diate causal effect of amenities on composition, dX , is amplified by
a factor 1

1�dm
. This factor is bigger than one iff dm > 0, which holds if

households of either type prefer to live with neighbors of the same
type. Conversely, if households prefer to live with households of a
different type than themselves, so that dm < 0, social externalities
have a dampening effect on amenity variation. In this case they
lead to a more integrated residential distribution. Finally, if social
preferences are strong enough, it is also quite possible that there
are unstable equilibria with dm > 1, in which case there must be
at least two more stable equilibria. This case is the one emphasized
in discussions of ‘‘tipping’’ such as Card et al. (2008). Kasy (2010)
proposes a test for such equilibrium multiplicity and applies it to
the same data used in the present paper.
2.4. The fallacies of parametric identification

Proposition 1 shows that (absent further restrictions) demand
schedules are not identified from equilibrium comparative statics
in our setting. Many structural models would be identified none-
theless in this context, by assuming restrictions on functional
forms. Such structural models usually impose some kind of
latent separability or single index restrictions. In this section
we numerically illustrate the dangers of such an approach by
demonstrating how minor deviations from the functional form
assumed can lead to wildly divergent conclusions about social
externalities.

Assume that the data are generated by the following special
case of our model:



Fig. 2. Comparative statics in the simplified C ¼ 2 model.

Table 2
Bias of misspecified parametric models.

a ba
0.6 0.7 0.8 0.9 1.0

b2
m ¼ 0

0.6 0.00 2.96 6.06 9.40 13.06
0.7 �2.68 0.00 2.73 5.60 8.69
0.8 �5.02 �2.50 0.00 2.56 5.24
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� There is one exogenous amenity X 2 ½0;1�, and there are two
types of households, C ¼ 2. There are N households of either
type in the population who are potential residents of a given
neighborhood.
� Housing supply is infinitely elastic, so that prices are fixed exog-

enously and can be ignored.
� Individuals’ utility for living in a given neighborhood, relative to

their best outside option, is equal to

0.9 �7.26 �4.80 �2.39 0.00 2.43
1.0 �9.62 �7.16 �4.71 �2.33 0.00

b2
m ¼ 1

0.6 1.00 16.32 33.72 54.02 78.10
0.7 �8.24 1.00 11.02 22.29 35.25
0.8 �12.67 �5.97 1.00 8.53 16.92
0.9 �15.68 �10.20 �4.70 1.00 7.10
1.0 �18.46 �13.64 �8.79 �3.95 1.00
ui ¼ VcðX;mÞ þ �i;

where �i has an EV1 distribution, and captures individuals’ idio-
syncratic preferences for living in the given neighborhood.
VcðX;mÞ is a utility term common to all households of type c.
� The common utility term VcðX;mÞ has a constant elasticity of

substitution form,
Notes: This table shows estimates of the degree of social externalities b2
m under

various assumptions about a for the true data generating process and for estima-
tion. For details, see discussion in Section 2.4.
VcðX;mÞ ¼ bc
0 þ bc

XXa þ bc
mma� �1=a

:

� Households of type 1 are indifferent across values of X and
m, so that b1 ¼ ð0;0;0Þ.

Under these assumptions demand of type c households is given
by

DcðX;mÞ ¼ N � 1
1þ expð�VcðX;mÞÞ

¼ N � 1

1þ exp � bc
0 þ bc

XXa þ bc
mma

� �1=a
� � : ð10Þ

This follows immediately from the assumed form of the common
utility term, and the fact that �i is i.i.d. EV1 distributed. For c ¼ 1
we get D1ðX;mÞ ¼ N � 0:5, and thus

dðX;mÞ ¼ D2

D1 þ D2 ¼
1

1:5þ 0:5 expð�V2ðX;mÞÞ
:

Now suppose that we wish to estimate this model, assuming
that a is known. The most common assumption is a ¼ 1, in which
case X and m are perfect substitutes and D is a logit demand func-
tion. The model is (parametrically) identified under the assump-
tions imposed, so that we can in particular recover social
externalities. Assume, however, that we got a slightly wrong. Do
we still get the social externalities roughly right? The simulation
results in Table 2 show that this is not so.

The numbers in this table are generated assuming
b2

0; b
2
X ; b

2
m;

� �
¼ ð1;5;0Þ for the top panel and b2

0; b
2
X ; b

2
m;

� �
¼ ð1;5;1Þ

for the bottom panel. Across rows, we make different assumptions
as to what the true parameter a is, across columns different
assumptions as to what value ba is assumed for a in estimation.
The estimates are obtained using a very large sample where X is
uniformly distributed on ½0;1�, so that estimation error can basi-
cally be neglected. On the diagonal of either panel the model is cor-
rectly specified, and so we do indeed recover the correct value b2

m,
which equals 0 on the top and 1 on the bottom. If the true degree of
substitutability is larger than assumed, however (below diagonal
estimates), than we end up considerably underestimating social
externalities in this model. If the true degree of substitutability is
smaller than assumed (above diagonal estimates), we end up
considerably overestimating externalities.
3. Identification based on exclusion restrictions

This paper assumes that neighborhood housing markets are in
partial sorting equilibrium. This is similar to other models which
assume that data are generated as an equilibrium outcome, like
standard models of supply and demand or models of static games.
These models map economic primitives (preferences and technol-
ogies) to an observable data distribution. Such a map can be
decomposed into three components, (i) the map from primitives
to choice functions, (ii) the map from choice functions to equilib-
rium schedules, and (iii) the map from equilibrium schedules to
the observable data distribution. The problem of identification in
such models is the problem of inverting these maps. Proposition
1 states the non-invertibility of (ii) in the present setup, which
maps demand and supply functions Dð:Þ and Sð:Þ to the equilibrium
correspondence ðM�ð:Þ; P�ð:ÞÞ.

Any solution to the identification problem stated in Proposition
1 has to ‘‘drive a wedge’’ between variation in X and in M.
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In particular, if we are interested in identifying Dc
M for some

subgroup c, then we need to find factors Z which affect M without
directly affecting Dc. 6 Section 3.1 proposes to use factors Z which do
not affect households of type c, but do affect other types of house-
holds, thus moving M. Section 3.2 proposes an extended model with
externalities across adjacent neighborhoods. In such a model, local
shocks propagate to more remote neighborhoods through changes
of composition M in intermediate neighborhoods, thus potentially
affecting demand in these remote neighborhoods without affecting
the exogenous determinants X of demand in these neighborhoods.7

Section 3.3, finally, briefly discusses a dynamic model with
search frictions, which is presented in more detail in the supple-
mentary appendix. In this model, composition M adjusts only with
delay following local shocks. If prices adjust faster than composi-
tion, then past shocks to relative demand of different types of
households can serve as instruments for future composition
changes in regressions of prices P on composition M.

All these approaches are concerned with inverting the mapping
(ii) from demand and supply functions to the equilibrium schedule.
In order to draw conclusions from data about household prefer-
ences for neighborhood composition, we also need to deal with
the problems of inverting (i) and (iii). The application in Section
4 will estimate (components of) ðM�

X ; P
�
XÞ using simple linear

(instrumental variable) regressions. These are consistent estima-
tors for weighted averages of ðM�

X ; P
�
XÞ. This addresses the problem

of inverting (iii), see the supplementary appendix for further dis-
cussion. The results presented in this section then allow us to
map these estimates into estimates of DM and DP . Under the
assumption that demand schedules reflect household utility max-
imization under constant outside options, �DM=DP then corre-
sponds to the marginal willingness to pay of marginal
households for composition M. This addresses the problem of
inverting (i) and is again discussed in the supplementary appendix.

3.1. Subgroup shifters

Proposition 1 showed that D, and in particular the slopes
ðDX ;DM;DPÞ, are unidentifiable due to the functional dependence
of ðM�; P�Þ and X. Holding X constant, there is no variation in M that
allows us to identify the effect of M on D. The following proposition
makes the assumption that there is a component of X which is
excluded from the demand of a subgroup of households. Under
such an exclusion restriction, variation in the component of X that
is excluded generates variation in M and P that is not functionally
dependent on the relevant arguments of demand.

Proposition 2 (Subgroup identification). Assume that C ¼ 2, and

that D ¼ DðX;m; PÞ where8 m ¼ M1=ðM1 þM2Þ. Assume furthermore

that there is a component Z1 of X such that D1
Z1 ¼ 0 but D2

Z1 – 0 for some

component Z1 of X, so that m�
Z1 – 0. Then

D1
m ¼

1
m�

Z1

M�1
Z1 � D1

PP�Z1

� �
: ð11Þ
6 For the rest of this paper, we will decompose X ¼ ðZ;W; �Þ. Z are observable
components of X, i.e., demand shifters, which are excluded from some demand
functions and which will serve as instruments. W comprises other observable
components of X, and � is unobservable.

7 Note that this approach does not require that social externalities are more far
reaching than the externalities of exogenous amenities. This approach only requires
that the equilibrium effects of social externalities, mediated by the composition of
intermediate neighborhoods, are more far reaching than the direct effects of
exogenous amenities.

8 Recall that superscripts for D and M index types of households, superscripts on X
or Z index components of exogenous demand shifters, and superscript � marks
equilibrium outcomes. Subscripts denote partial derivatives.
Assume additionally D1
Z2 ¼ D2

Z2 ¼ 0 but SZ2 – 0, and that dP ¼ 0. Then

D1
m ¼

1
m�

Z1

M�1
Z1 �

M�1
Z2

P�Z2
P�Z1

 !
: ð12Þ

Proposition 2 suggests using instruments for neighborhood
composition in regressions of subgroup demand on composition.
Suppose there is variation in a variable Z1 which is independent
of variation in other components of X, where Z1 is excluded from
demand of group 1. Then correlation between M1 and Z1 must
reflect the effect of either composition or prices on D1. In our appli-
cation, we will use the result stated in Eq. (11), and estimate
weighted averages of M�1

Z1 ;m�
Z1 , and P�Z1 using linear fixed effect

regressions. If P�Z1 is small, wide a priori bounds on D1
P then map

into tight bounds on D1
m. The second part of Proposition 2 assumes

the availability of an additional instrument Z2 for housing supply,
and that both types of households have the same price elasticity
of demand. This allows us to point-identify D1

m.

The most restrictive assumption of Proposition 2 is the assump-
tion that there are only two types of households. Violation of this
assumption might potentially lead to biased estimates of social
externalities. Note however that under the null of no externalities
this assumption is trivially fulfilled. This implies the validity of
tests for the presence of social externalities even under violation
of the assumption of two types.

Exclusion restrictions of the form assumed in Proposition 2
resemble the use of (randomized) subgroup treatment as a source
of identification of peer effects. Compare for instance the general
discussion in Moffitt (2004). This idea was used by Duflo and
Saez (2003) who provided information about pension plans to a
random subset of employees in a random subset of departments
of a university, and studied the effect on the behavior of other
employees of the same departments.

It is worth highlighting the commonalities and differences
between the approach taken here and the one used in Caetano
(2009). In both cases, it is assumed that housing demand is a func-
tion of both exogenous location amenities and endogenous compo-
sition of residents. In both cases, it is also assumed (using my
notation) that there is a component of X which is excluded from
demand Dc of some subgroup c. The first difference between the
two papers is the object of interest: the goal of Caetano (2009) is
to identify household preferences for some component of X (school
quality) for the group for which this component is not excluded
(parents). The goal of the approach proposed here is to identify
demand slopes with respect to M for the group for which some
component of X is excluded. The second difference is in the nature
of assumptions invoked to achieve identification. Caetano (2009)
requires parametric restrictions for identification, but has weaker
conditions on the observability of endogenous (compositional)
amenities.

3.2. The spatial structure of cities

In the model considered so far, the arguments determining
demand and supply and the arguments determining equilibrium
outcomes are exactly the same. The identification results in this
and the next section are based on model extensions which gener-
ate variation in composition conditional on all exogenous argu-
ments of demand and supply. In particular, the model introduced
in Section 2 did not allow for the possibility of cross-neighborhood
externalities. This section extends this model by adding a spatial
structure.

Assume that there are N neighborhoods, that there are only
two types (C ¼ 2), and that the relevant composition variable ~m



M. Kasy / Journal of Urban Economics 85 (2015) 16–33 23
affecting demand in each neighborhood is a weighted average of
the composition m of adjacent neighborhoods, where
m ¼ M1=ðM1 þM2Þ; similarly eX is a weighted average of the Xs of
adjacent neighborhoods. The weights are given by an N�N

matrix G, where the ðk; lÞth entry of G describes the strength of
externalities from neighborhood l to neighborhood k. Let m be
the N vector of m for all neighborhoods, ~m the vector of G-
weighted averages of m, similarly for X and eX. Then

~m ¼ Gm; ð13ÞeX ¼ GX: ð14Þ

Assume furthermore that households are indifferent w.r.t. the scale
of the neighborhood. We get

Dc ¼ DcðeX ; ~m; PÞ

for c ¼ 1;2. Equilibrium prices P� and composition M� in this setup
are defined as before, that is for each neighborhood the endogenous
outcomes P� and M� satisfy the equilibrium conditions

DðeX ; ~m�; P�Þ ¼ M�; ð15Þ
SðP�;XÞ ¼ M�1 þM�2: ð16Þ

Note that in this model D is constant in components of ðm;XÞwith a
corresponding zero entry in G. Dk does depend on ml if Gkl – 0.

Proposition 3 (Spatial identification). Maintain the assumptions
stated in this subsection, and assume that SZ1 ¼ 0 for all neighbor-

hoods and some component Z1 of X. Fix two neighborhoods k and l. If
the k; lth entry of G equals 0 but ~mk

Z1;l – 0 then

Dc;k
~mk ¼

1
~mk

Z1;l

M�c;k
Z1;l � Dc;k

P Pk
Z1;l

� �
: ð17Þ

If we assume in addition that d ¼ dð ~m; eXÞ, then

dk
~mk ¼

mk
Z1;l

~mk
Z1;l

: ð18Þ

The condition ~mk
Z1;l – 0 is guaranteed, in particular, if d ¼ dð ~m; eXÞ,

0 < d ~m < 1 and deX 1
– 0, and there exists a power j > 1 of G, such that

the k; lth entry of Gj is not equal to zero.

Proposition 3 again suggests to construct instruments for neigh-
borhood composition in regressions of demand on composition.
Suppose there is variation in a variable Z1 in a neighborhood l
which is independent of variation of X in neighborhood k, and
which does not directly affect demand in neighborhood k. Then

correlation between Mk and Z1;l must reflect the effect of composi-
tion on demand, where variation in composition in the vicinity of k
is induced by composition changes in neighborhoods between k
and l.

It is important to note that this proposition does not rely on an
assumption of differential ranges of externalities for endogenous
composition M and exogenous composition X – in fact, the result
could be easily modified to accommodate a longer range of exter-
nalities for X than for M. Validity of instruments based on this idea
does require, however, that Z1 is excluded from demand in loca-
tions sufficiently far away. Relevance of such instruments requires
that externalities of composition do propagate through intermedi-
ate neighborhoods. Also, as before, we have assumed that there are
only C ¼ 2 types of households. This is restrictive in general, but
not under the null hypothesis of no social externalities. Finally,
note that this is still a partial equilibrium model which does not
consider the effect on outside options of changes in remote loca-
tions, even though it does consider the externalities of nearby
locations.
The idea of using the spatial structure of cities to identify social
externalities in a model of sorting is formally analogous to the use
of social network structures to identify endogenous versus exoge-
nous peer effects, as in Bramoullé et al. (2009) and De Giorgi et al.
(2010). In the context of social networks, exogenous changes of
some sort affecting a person might directly affect her friends, but
only indirectly affect her friends’ friends, through the change of
endogenous outcomes for her friends.

3.3. The dynamics of composition and prices

The models discussed so far are static. We can think of them as
describing an economy with negligible search frictions in which
equilibrium is instantaneously achieved. Alternatively, they could
be considered as describing the long run steady state of an econ-
omy with frictions. However, explicitly considering dynamics and
frictions reveals additional sources of identification.

Considering models with search frictions is useful, in particular,
because they imply delayed adjustment of composition M follow-
ing changes in exogenous characteristics X. This generates inde-
pendent variation between X and M, contrary to the static case
where M is essentially a function of X. This independent variation
allows us, under certain conditions, to separately identify house-
hold willingness to pay for X and for M. In particular, under
assumptions detailed in the supplementary appendix, the dynam-
ics of composition over time in a given neighborhood can be
approximated by the difference equation

DM :¼ M1 �M0 ¼ j � ðDðMs; Zs; PsÞ �MsÞ; ð19Þ

where Mt; Zt are the composition and exogenous amenities of a
neighborhood at time t, and s is an intermediate time between 0
and 1. The average rental price (actual or imputed) for housing in
the neighborhood at time t is denoted by Pt ¼ Et½P�. j 2 ð0;1Þ is a
parameter reflecting search frictions. Following a shock to X, the
time path of M converges towards a new steady state value M� at
a rate of j. In the special case where d ¼ dðm;XÞ, the steady state
composition m� satisfies dðm�;XÞ ¼ m�.

Furthermore, average prices in the dynamic model reflect the
average willingness to pay for housing in the neighborhood. Thus

DP :¼ P1 � P0 ¼ Es �uX

uP

� �
DX þ Es �um

uP

� �
Dm; ð20Þ

where u ¼ uðX;m; PÞ is the flow utility for households living in the
neighborhood (which might be different for every household and
change over time), and s is again an intermediate time between 0
and 1. Es is an average over households living in the neighborhood
at time s. Combining these two results yields

Proposition 4 (Dynamic identification). Assume that DZ1 – 0. If Eqs.
(19) and (20) hold then

Es �um

uP

� �
¼ @D2P=@D1Z1

@D2m=@D1Z1 ; ð21Þ

for some s in the interval ð1;2Þ, where D2P ¼ P2 � P1;D2m ¼ m2 �m1,

and D1Z1 ¼ Z1;1 � Z1;0. The partial derivatives are understood as deriv-

atives holding constant all other components of D1X.

Eq. (19) implies that past shocks to X, say between times 0 and
1, affect future changes in composition m, say between times 1 and
2. Eq. (20) implies that shocks to X before time 1 affect price
changes after time 1 only through their effect on changes in com-
position after time 1. Past shocks to Z1, if they are uncorrelated
with future shocks to X, can thus be used as instruments for
changes in composition m in hedonic regressions of changes in
rental prices P on changes in composition m. Furthermore, if we



Table 3
Summary statistics.

1980 1990 2000

Population 3413 3899 4416
(1822) (1802) (2205)

Hispanic .08 .10 .14
(.15) (.18) (.21)

Black .13 .15 .17
(.25) (.26) (.27)

Asian/Pacific Islander .02 .04 .06
(.06) (.08) (.10)

Non-Hispanic white .77 .71 .63
(.29) (.31) (.32)

Some college .35 .42 .47
(.18) (.18) (.19)

Average family income 24.2 47.2 68.0
(in 1000$) (10.0) (24.1) (36.3)

Median rent 274 532 711
(95) (190) (285)

Mean imputed rent 276 528 695
(34) (163) (207)

Median value 119,240 159,513
(89,999) (124,759)

Notes: This table shows averages and standard deviations over all neighborhoods in
the sample used for our analysis. Note that the means shown are unweighted
averages across neighborhoods, so that for instance average Hispanic share is not
equal to the population share of Hispanics.

9 This replicates the sample construction of Card et al. (2008), who use the same
ataset.
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do believe that prices adjust quickly, then the short run response in
prices to shocks in X can be used to estimate the willingness to pay
for X. Past shocks to Z1 cannot be used as instruments for future
composition changes in demand regressions, since changes in
demand will be affected by Z1 due to frictions, even in the absence
of social externalities – the necessary exclusion restriction does not
hold.

To give some idea of the conditions necessary for Eqs. (19) and
(20) to hold, the dynamic model of the local housing market dis-
cussed in the supplementary appendix can be summarized as fol-
lows. In this model, there is an explicit, continuous time
dimension, and exogenous location characteristics X can change
over time. Households that would like to move to a different neigh-
borhood are subject to search frictions. If they decide to search for a
new home, offers arrive at Poisson rate k. Similarly, owners of
vacant units have to search for tenants and find them at rate l.
Households are maximizing expected discounted utility, and make
their search decisions in a forward looking way. Due to search fric-
tions, composition M changes continuously over time and only
reacts with delay to shocks in X. Finally, once a match is formed
between homeowner and household, they are in a situation of bilat-
eral monopoly: By breaking the match they both would have to
search again, and thereby incur a loss of utility. Therefore, they have
to negotiate over the division of the surplus, and rents are match-
specific. This model builds on a well established literature in labor
economics which discusses the dynamics and comparative statics
of unemployment and wages in models with search frictions. The
central presumption of this literature is that finding a job or an
employee takes time and unemployment is due to this search time.
Pissarides (2000) provides an extensive overview of this literature.
Wheaton (1990) applies the insights of this literature to the housing
market. The focus of either of these is the relationship between
vacancies (unemployment) and prices. Wheaton (1990) in particu-
lar models housing vacancies as corresponding to the search time of
households who decide to move due to lifecycle events (shocks),
find another place and then attempt to sell their old home.

4. Application to data on cities in the United States

In this section we use our identification results to shed some
light on the causes of urban segregation in the United States. We
first focus on the impact of Hispanic share in a neighborhood on
housing demand of both Hispanics and non-Hispanics in that
neighborhood. Various instruments based on the ideas developed
in Section 3 allow us to credibly identify this impact. We then gen-
eralize to investigate the impact of neighborhood composition in
terms of other dimensions of ethnicity, education and income. This
generalization provides a richer picture, but depends on somewhat
less credible sources of variation.

The next section provides a description of the dataset used, and
discusses sample selection as well as variable construction. Section
4.2 proposes various instruments which are motivated by the the-
oretical considerations of Section 3. Section 4.3 provides estimates
of demand slopes and hedonic slopes using these instruments.
These estimates consistently suggest a large positive dependence
of demand of Hispanics on Hispanic share and a large positive
dependence of demand of non-Hispanics on non-Hispanic share.
The estimates of price slopes with respect to Hispanic share imply
a moderately negative average willingness to pay for Hispanic
share. Section 4.4 checks the robustness of these results by apply-
ing the estimators to various subsamples and different housing
cost variables. Section 4.5 considers other dimensions of neighbor-
hood composition, including the share of other ethnic groups, edu-
cation, and incomes. Consistently we find economically and
statistically significant own-group preferences, which appear to
be strongest for Asian/Pacific Islanders.
4.1. The data

The data set used is an extract from the Neighborhood Change
Database (NCDB) which aggregates US census variables to the level
of census tracts. Tract definitions are changing between census
waves but the NCDB matches observations from the same geo-
graphic area over time, thus allowing us to observe the develop-
ment over several decades of the universe of US neighborhoods.

4.1.1. Sample construction
The sample is selected as follows.9 All rural tracts are dropped,

and so are all metropolitan statistical areas (MSAs) with fewer than
100 tracts, all tracts with population below 200 and tracts that grew
by more than 5 standard deviations above and beyond the MSA
mean. This leaves neighborhoods from the 114 largest MSAs in the
sample. The definition of MSA used is the MSAPMA from the NCDB,
which is equal to ‘‘Primary Metropolitan Statistical Area’’ (PMA) if
the tract lies in one of those, and equal to the MSA it lies in other-
wise. Our sample, constructed in this way, contains 40,030 tracts.

Table 3 shows some summary statistics for each of the three
waves in this sample. The average tract (neighborhood) in this
sample has a population of about 4000 individuals, and a Hispanic
share of about 10 percent. Both average neighborhood size and
Hispanic share are increasing over time. Note that average His-
panic share is not equal to Hispanic share in the sample population,
since the average is not weighted by neighborhood size, and
similarly for all other variables.

4.1.2. Imputation of rents
Three measures of housing prices are used, median reported

rents, median reported values, and an ‘‘imputed rent’’ variable cre-
ated by myself. Imputed rents are calculated as a share-weighted
average of rents imputed from housing values and reported rents.
Rents are imputed from housing values as the predicted rents from
cross-sectional OLS regressions of housing values on rents in each
decade. This imputation method can be justified as follows. Let r be
d
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the relevant discount rate for a household, P the rental price for a
given type of housing, and P the market value for ownership of
the same type of housing. Then households are indifferent between
renting and ownership if

P ¼ rP� _P;

where _P denotes the expected value appreciation of a housing unit.
Assume that the expected value appreciation _P is uncorrelated with
baseline value P, and that both ownership and renting are observed.
Then the slope of an OLS regression of P on P provides an estimator
of the average discount rate of households which are indifferent
between ownership and renting. The predicted value of such a
regression provides an estimator of the average rental value of
owner occupied housing in a neighborhood.

Table 3 shows that the nominal increases of reported rents,
median reported values, and imputed rents over the two decades
under consideration are roughly similar. Median house values are
missing from the 1980 census data, and are thus not available for
part of our analysis. The dispersion across neighborhoods is higher
for median observed rents than for imputed mean rents.

4.2. Instruments

We will use three instruments, motivated by the theoretical
considerations of Section 3. We first define the three instruments.
We then discuss their relationship to our theoretical results, as
well as potential threats to their validity. We will focus on estimat-
ing the dependence of the local housing demand of Hispanics and
non-Hispanics on Hispanic share, as well as the (weighted average
marginal) willingness to pay for composition. Other dimensions of
neighborhood composition will be considered below in Section 4.5.
Hispanics are denoted by c ¼ 1 and non-Hispanics by c ¼ 2.

4.2.1. Subgroup instrument
Let ~c denote the country of origin for Hispanic migrants, where

we only consider migrants from Mexico, Puerto Rico and Cuba. M~c

is the population of type ~c in a neighborhood in the first year of a
given decade. Denote by M~c;tot the total initial population of type ~c
summed over all neighborhoods, and let DM~c;tot be the decadal
change of M~c;tot . The instrument dZ1 is defined as

dZ1 ¼ 1
M1 þM2

X
~c

M~c � DM~c;tot

M~c;tot
: ð22Þ

This is the change in Hispanic share that a neighborhood would
experience if growth of each group ~c in a given neighborhood was
equal to the national average.

4.2.2. Spatial instrument
Denote the average predicted shift dZ1 of Hispanic demand in

neighborhoods that are at least 3 km away, but among the 15 clos-
est neighborhoods, by dZ2,

dZ2;k ¼ 1
nk;l

X
l

dZ1;l
: ð23Þ

This equation defines the value of the instrument for neighborhood
k, and averages over the appropriate neighborhoods l. We further-
more denote by ~m the average Hispanic share in the given neighbor-
hood and its 4 closest adjacent neighborhoods (tracts).10
10 To calculate dZ2 and ~m we need to construct a measure of distance between
neighborhoods as follows. For each census tract, the Neighborhood Change Database
reports latitude a and longitude b of an interior point. Distance between neighbor-
hoods is defined, based upon these coordinates, as the Euclidean distance between
t h e c o r r e s p o n d i n g c o o r d i n a t e s i n R3, w h i c h a r e g i v e n b y
6371 � cosðaÞ � cosðbÞ; cosðaÞ � sinðbÞ; sinðaÞð Þ. Here 6371 is taken to be the radius of
earth in kilometers.
4.2.3. Dynamic instrument
Let dZ3 be the decadal change in m (Hispanic share in a neigh-

borhood), lagged by a decade,

dZ3 ¼ mt�1 �mt�2: ð24Þ

The variable dZ3 is used as an instrument for Dm ¼ mt �mt�1 in
regressions of DP ¼ Pt � Pt�1 on Dm, controlling for mt .
4.2.4. Discussion
The first instrument (subgroup instrument) for change in com-

position m which we propose, dZ1, is motivated by Proposition 2.
The idea of this instrument is to construct a local predictor of the
change in housing demand of Hispanics induced by immigration.
This is a synthetic instrument (or ‘‘Bartik-instrument’’) similar to
the one used by Card (2001) (and others) on the MSA level as a pre-
dictor of changes in labor supply. It is predictive for local changes
in Hispanic share if new immigrants from the same source coun-
tries have a similar distribution of preferences as prior migrants,
whether the preference is for exogenous location characteristics
or for the presence of their compatriots.

Formally, in order to use dZ1 as an instrument for composition
m in estimation of D2

m, we need dZ1 to satisfy the conditions (i)
D2

Z1 ¼ 0 (exclusion), (ii) mZ1 – 0 (relevance) and (iii) dZ1 has to be
uncorrelated with counterfactual changes in M2 (exogeneity/ran-
domness). The instrument dZ1 is excluded from the demand of
type c ¼ 2 (condition (i) holds) if there is no causal effect of total
Hispanic immigration (across all MSAs) on demand of type 2, i.e.,
non-Hispanics. This might not hold if the set of outside options is
affected by immigration, i.e., if there are general equilibrium
effects. All our regressions control for MSA � time fixed effects,
however, absorbing any city-wide shifts in outside options. They
furthermore control flexibly for initial Hispanic share, so that iden-
tification is driven by variation in the composition of initial His-
panic population of a neighborhood in terms of country of origin,
conditional on Hispanic share.

We also need the instrument dZ1 to be independent of changes
in unobserved factors affecting demand of the non-Hispanics (so
that condition (iii) holds). A potential threat to validity here would
be some delayed adjustment due to frictions, which could imply a
correlation between current composition and future adjustment of
non-Hispanic population. Instrument relevance (condition (ii)) can
be easily checked empirically and is not an issue with our data.

The second instrument (spatial instrument) for change in com-
position m which we propose, dZ2, is motivated by Proposition 3.
The idea of this instrument is to construct a predictor of local com-
position based on predicted changes in composition in neighbor-
hoods more than 3 km away. These predicted changes should
affect local demand only indirectly, through their effect on compo-
sition in intermediate neighborhoods.

In order to use dZ2 as an instrument for composition ~m in esti-
mation of D2

~m, in the context of the spatial model of Section 3.2, we
need dZ2 to satisfy the conditions (i) DZ2 ¼ 0 (exclusion), (ii)
~mZ2 – 0 (relevance), and (iii) dZ2 has to be uncorrelated with coun-
terfactual changes in M (exogeneity/randomness). Furthermore,
we need to assume that the composition variable which does mat-
ter for households’ location choices is ~m. The regressions using dZ2

as an instrument for ~m will control for dZ1, and thus use variation
in composition orthogonal to the one used in the subgroup
approach. It seems plausible that the exclusion restrictions are sat-
isfied (condition (i) holds) in the case of predicted immigration for
neighborhoods at a certain distance conditional on local predicted
immigration. The assumption that ~m, the average of m for 5 adja-
cent neighborhoods, is the relevant composition variable is some-
what arbitrary. The results are robust to different specifications of
~m, however, as we will show.



3 We report results for linear estimators only. This might seem to stand in contrast
the nonparametric nature of the identification results discussed in Section 3. Our

iew is that we should make sure that identification does not rely on functional form
ssumptions. Once that is guaranteed, it is however useful to use simple and easily
terpretable estimators such as linear OLS, if they correspond to nonparametrically

26 M. Kasy / Journal of Urban Economics 85 (2015) 16–33
Our third instrument (dynamic instrument) for changes in com-
position, dZ3, is motivated by the arguments of Section 3.3. The
idea is to use past composition changes in a neighborhood as
instruments for future composition changes in hedonic regressions
of rental prices on composition. This is justified if intertemporal
correlation in composition changes reflects incomplete adjust-
ments due to search frictions.

In the context of the dynamic model, past changes in m are pre-
dictive of future changes if they reflect incomplete adjustments to
past shocks in X. As we argued, under certain conditions any shocks
to X are quickly incorporated into prices P according to household
willingness to pay. Due to search frictions, however, composition
m only adjusts with delay, with prices following accordingly. Past
changes in m are a valid instrument for future changes in m in
hedonic regressions if and only if they are uncorrelated with future
changes in X (exogeneity). We shall make the strong identifying
assumption that this holds true, conditional on current Hispanic
share m. The main threat to the validity of this assumption would
be anticipated changes in amenities X that are reflected in past
composition changes. Exclusion of dZ3 conditional on m is immedi-
ate in our model, and instrument relevance is again easily checked
empirically.

A strong assumption necessary for a structural interpretation of
the slopes estimated in the next section is that C ¼ 2 and that the
relevant type variable is Hispanic origin. The assumption of two
types is trivially fulfilled under the null hypothesis of no social
externalities, so all tests for the presence of social externalities
remain valid even if C – 2. Put differently, if we assume that
demand does not depend on neighborhood composition, then it
is not restrictive to additionally assume that demand depends on
neighborhood composition only through Hispanic share.11 This
assumption will be relaxed in Section 4.5 below.

Figs. 3 and 4 illustrate the geographic variation both in our
dependent variables and in the instruments used; we chose Suffolk
county (which includes Boston) and San Francisco for illustration.
Visual inspection suggests a positive correlation of both the sub-
group-instrument and the spatial instrument with the realized
change in Hispanic share. Visual inspection suggests furthermore
that these two instruments seem fairly uncorrelated and predict
variation in Hispanic shares for different sets of neighborhoods.

4.3. Results

The dependent variables we consider throughout this section
are the log populations (interpreted as demand) of non-Hispanics
and Hispanics in a neighborhood, as well as log housing costs.
For the first stage regressions, the dependent variable is Hispanic
share in a neighborhood.

Table 4 shows a number of ‘‘naive’’ hedonic and demand
regressions. These regressions would give consistent estimates
of Dm and �Em=EP only (i) absent omitted variables and (ii)
absent the endogeneity of composition in the presence of social
externalities motivating the present paper. Clearly, problems of
omitted variable bias are severe as demand is increasing in
prices for all the demand regressions shown, suggesting price
variation is driven by fluctuations in demand due to variation
in omitted factors X. Taken at face value, these regressions
would furthermore suggest a negative preference of non-Hispan-
ics for Hispanic share, and a strong positive preference of His-
panics for Hispanic share, as well as a small (positive or
negative) willingness to pay for Hispanic share.12
11 Restrictive models are often valid under the null hypothesis of interest; Graham
(2008a), for instance, relies on the fact that linear-in-means models of social
interactions are valid if there are no social interactions.

12 An estimated coefficient of �0:5 would imply that an increase of Hispanic share
by 1 percentage point would lead to a decrease of housing prices by 0.005 percent.
4.3.1. Main results using our preferred specifications
We now turn to our main empirical results, involving instru-

mental variable regressions of demand and of prices on composi-
tion. We then discuss these results in the context of the
theoretical arguments made in Section 3. All our regressions are
run in decadal differences, pooling changes over the 1980s and
1990s. They control for MSA � time fixed effects. They furthermore
control for neighborhood and decade specific initial conditions –
the subgroup and dynamic instrument regressions control for ini-
tial Hispanic share and its square, the spatial instrument regres-
sions control for predicted immigration.13 The results of our
preferred empirical specifications are shown in Table 5. The theoret-
ical interpretations of the entries of Table 5 are summarized in
Table 6. Instrumental variable regressions which are not theoreti-
cally meaningful are omitted from these tables.

As can be seen in the first column of Table 5, the instrument is a
highly significant predictor of the change in local composition for
all three specifications. The t-statistics for first stage significance
for the three instruments are equal to about 9, 17, and 18 respec-
tively, corresponding to F-statistics (given by the square of the t-
statistic) of 80 and higher. Strength of the instruments is therefore
not an issue. The instrumental variables regressions consistently
suggest that (i) there is a strong negative dependence of non-His-
panic housing demand on Hispanic share, (ii) there is a positive
dependence of Hispanic housing demand on Hispanic share, and
(iii) there is a negative but small average marginal willingness to
pay for Hispanic share.

4.3.2. Correcting for the endogeneity of prices
In interpreting the slopes of demand on Hispanic share, we have

to take care to correct for the price effect of changing Hispanic share
in order to obtain structural slopes of demand. This is reflected in the

bias terms of the form D2
P

P�Z
m�Z

in Table 6. Given the price slope of

demand D2
P , the size of the bias is proportional to P�Z

mZ
as estimated

by the IV regressions in the last column of Table 5. Luckily P�Z
mZ

appears

to be fairly small for our instruments, implying that the size of the
bias does not depend very much on the exact value of D2

P . If we
assume that the elasticity of non-Hispanic demand with respect to
rents is between 0 and 2,14 and taking into account that the IV regres-
sions of P on m yield coefficients of around�0.5, this implies a bias of
around 0 to 1. Subtracting this bias yields estimates of D2

m of �6.3 to
�9.4. For Hispanics, the estimate based on the spatial instrument
implies a positive dependence of demand on Hispanic share. Correct-
ing again for the rent-bias, we get an estimate of D1

m of around 2.4 to
3.4. Given that our estimated price slopes are small, the results are for-
tunately not very sensitive with respect to price elasticities. The IV
regressions of prices on Hispanic share, using the spatial and dynamic
instruments, yield moderately negative estimates of �Em=EP of �0.75
and�0.52. This implies a moderately negative average marginal will-
ingness to pay for Hispanic share.

4.3.3. Comparison to naive regressions
These results are remarkably consistent across instruments.

While we might have doubts about the validity of each of the
eaningful objects.
4 There is a large older literature estimating the price elasticity of housing demand,
e for instance Polinsky (1977); Hanushek and Quigley (1980); and Ermisch et al.
996). It is not clear that the estimates from this literature extrapolate to the present
tting, given the differences in geographic unit, time horizon, and historical period
nsidered. However, it is still reassuring that all the estimates from this literature
mfortably fit into the range assumed here.
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(a) Hispanic share, 1980

.56 - 1

.49 - .56

.42 - .49

.35 - .42

.28 - .35

.21 - .28

.14 - .21

.07 - .14
0 - .07

(b) Hispanic share, 1990

.56 - 1

.49 - .56

.42 - .49

.35 - .42

.28 - .35

.21 - .28

.14 - .21

.07 - .14
0 - .07

(c) change in Hispanic share, 1980-1990

.36 - 1

.3 - .36

.24 - .3

.18 - .24

.12 - .18

.06 - .12
0 - .06
-.06 - 0
-1 - -.06

(d) change in log rents, 1980-1990

1.168284

.677244
No data

(e) subgroup instrument, 1980-1990

.181671

0

(f) spatial instrument, 1980-1990

.0483144

.0010981
No data

Fig. 3. Suffolk county (Boston) 1980–1990.
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instruments, they do rely on different assumptions and use orthog-
onal variation in the data, so that this consistency might add to the
credibility of the results. Finally, let us compare these results to
those using ‘‘naive’’ regressions, as shown in Table 4. Consistently
across specifications, it seems that the naive estimates of D1

m;D
2
m

are strongly upward biased, and the estimates of �Em=EP are mod-
erately upward biased. This also holds true for the specifications in
differences controlling for initial Hispanic share and MSA � time
fixed effects. One interpretation of this result might be that His-
panic location decisions were more ‘‘pro-cyclical’’ relative to non-
Hispanics, i.e., Hispanic demand reacted more strongly to unob-
served shocks in X.

4.4. Robustness checks

4.4.1. Replication for subsamples
The regressions of the previous section used the full sample of

the 114 largest MSAs in the United States, pooling the data for
changes in the 80s and in the 90s. We can check the robustness
of the results by replicating the regressions on subsamples. In par-
ticular, Table 7 presents estimates for the subset of MSAs with His-
panic shares larger than 8% in 2000. This corresponds to roughly
50% of the sample. Furthermore, there might be concerns about
the effect of rent controls. Table 8 replicates the regressions on
the sample of MSAs excluding California and the state of New York,
where rent controls might play some role. Table 9 shows estimates
for the 80s and for the 90s separately. This table also uses median
rents and median reported house values as alternative housing cost
variables.

The results are largely consistent with those obtained previ-
ously, with a few exceptions. First, in the sample of MSAs with
large Hispanic shares, Hispanics seem less responsive in their loca-
tion decision to the Hispanic share of a neighborhood. Second, in
the sample excluding California and New York, price responses
seem somewhat stronger. This might indicate a certain role of rent
controls. Finally, in this sample the subgroup instrument is quite



(a) Hispanic share, 1980

.56 - 1

.49 - .56

.42 - .49

.35 - .42

.28 - .35

.21 - .28

.14 - .21

.07 - .14
0 - .07
No data

(b) Hispanic share, 1990

.56 - 1

.49 - .56

.42 - .49

.35 - .42

.28 - .35

.21 - .28

.14 - .21

.07 - .14
0 - .07
No data

(c) change in Hispanic share, 1980-1990

.36 - 1

.3 - .36

.24 - .3

.18 - .24

.12 - .18

.06 - .12
0 - .06
-.06 - 0
-1 - -.06

(d) change in log rents, 1980-1990

1.36173

.4760024
No data

(e) subgroup instrument, 1980-1990

.1742906

0
No data

(f) spatial instrument, 1980-1990

.0443733

.0122254
No data

Fig. 4. San Francisco 1980–1990.

Table 4
Naive hedonic and demand regressions.

(1) Log non-Hisp
pop

(2) Log Hisp
pop

(3) Log mean imputed
rent

Cross-section
Hisp shr �1.815 5.616 �0.476

(0.023) (0.039) (0.005)
Log mean 0.117 0.198
imputed

rent
(0.014) (0.031)

Differences
Hisp shr �1.674 5.946 �0.321

(0.025) (0.064) (0.008)
Log mean 0.398 �0.278
imputed

rent
(0.014) (0.015)

Differences with controls
Hisp shr �1.681 7.433 0.293

(0.027) (0.076) (0.009)
Log mean 0.378 0.555
imputed

rent
(0.014) (0.037)

Notes: This table shows demand regressions of log non-Hispanic population and log
Hispanic population on Hispanic share and log mean imputed rents, as well as
hedonic regressions of log mean imputed rents on Hispanic share. The first speci-
fication is a pooled cross-sectional regression using data from 1980, 1990 and 2000,
the second and third are regressions in decadal differences for the 1980s and 1990s.
All regressions control for MSA � time fixed effects, the third specification addi-
tionally for initial Hispanic share and its square.
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weak, and the corresponding estimate of D2
m very high with a very

large standard error. The different housing cost variables behave in
a roughly similar way.

4.4.2. Different spatial cutoffs
Table 10 replicates the results from the regressions using the

spatial instrument in Table 5. This table shows results using differ-
ent specifications of the relevant composition variable ~m, where ~m
is taken alternatively to be the average composition of the given
neighborhood and its five closest neighboring tracts, the average
composition of the given neighborhood and its three closest neigh-
boring tracts, or a weighted average of the composition of the given
neighborhood and its five closest neighboring tracts, where the lat-
ter gives weight 1 to the neighborhood itself and weight :25 to its
neighboring tracts. This table also shows results using an alterna-
tive instrument, using the average of dZ1 for neighborhoods that
are 2 km or more away. As we can see from this table, the results
are quite robust to the specific choices of ~m and the instrument.
This is comforting given the somewhat arbitrary nature of the spa-
tial cutoffs we had to choose.

4.5. Other dimensions of neighborhood composition

So far we considered the impact of Hispanic share on the
demand of both Hispanics and non-Hispanics. We used three
sources of variation, which arguably satisfy the relevant exclusion



Table 5
Instrumental variable estimates, decadal changes in the 1980s and 1990s.

(1) First
stage

IV regressions

(2) Log non-Hisp
pop

(3) Log Hisp
pop

(4) Log mean imputed
rent

Subgroup instrument
0.146 �8.360 – –
(0.016) (0.740)

Spatial instrument
0.119 �6.251 3.437 �0.758
(0.007) (0.620) (0.733) (0.119)

Dynamic instrument
0.198 – – �0.516
(0.011) (0.049)

Notes: This table shows instrumental variables regressions of the change in log non-
Hispanic population, log Hispanic population, and mean imputed rent on the
change in Hispanic share using the instruments discussed in the text. All regres-
sions pool data for the 1980s and the 1990s and control for time � MSA fixed
effects. The subgroup and dynamic instrument regressions control for initial His-
panic share and its square, the spatial instrument regressions control for predicted
immigration.

Table 6
Theoretical interpretation of the entries of Table 5.

(1) First
stage

IV regressions

(2) Log non-Hisp
pop

(3) Log Hisp
pop

(4) Log mean imputed
rent

Subgroup instrument
m�

Z1 M�2
Z1

m�
Z1
¼ – –

D2
m þ D2

P
P�

Z1

m�
Z1

Spatial instrument
~mZ2 M�2

Z2
~m

Z2
¼ M�1

Z2
~m

Z2
¼

P
Z2

~mZ2
¼

D2
~m þ D2

P
P�

Z2
~m

Z2
D1

~m þ D1
P

P�
Z2

~m
Z2

�E ~m=EP

Dynamic instrument
mZ3 – – P

Z3

m
Z3
¼

E � um
uP

h i
Notes: This table shows the theoretical interpretations of the first stage and
instrumental variable coefficients displayed in Table 5. The regression coefficients
estimate weighted averages of the slopes shown here.

Table 7
Subsample of MSAs with large Hispanic share – instrumental variable estimates.

(1) First
stage

IV regressions

(2) Log non-Hisp
pop

(3) Log Hisp
pop

(4) Log mean imputed
rent

Subgroup instrument
0.146 �8.262 – –
(0.016) (0.742)

Spatial instrument
0.114 �6.419 0.651 �0.760
(0.007) (0.677) (0.762) (0.128)

Dynamic instrument
0.210 – – 0.210
(0.011) (0.011)

Notes: This table replicates Table 5 for the subset of cities with Hispanic shares
larger than 8% in 2000, which corresponds to roughly 50% of the neighborhoods in
the full sample.

Table 8
Subsample excluding California and New York – instrumental variable estimates.

(1) First
stage

IV regressions

(2) Log non-Hisp
pop

(3) Log Hisp
pop

(4) Log mean imputed
rent

Subgroup instrument
0.043 �33.575 – –
(0.024) (17.116)

Spatial instrument
0.122 �8.257 5.513 �1.021
(0.010) (0.891) (1.046) (0.163)

Dynamic instrument
0.171 – – �0.981
(0.016) (0.092)

Notes: This table replicates Table 5 for the subset of cities outside the states of
California and New York.

15 These slopes need again to be corrected for price effects, as before.
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and randomization assumptions. We further made the assumption
that the relevant dimension of neighborhood composition is
Hispanic share. This assumption is without loss of generality under
the null-hypothesis of no social effects, so that our estimates pro-
vide a valid test even in the case of preferences depending on addi-
tional features of neighborhood composition. This assumption is
restrictive under the alternative of social externalities. We need
to interpret our estimated slopes as ‘‘reduced form’’ effects of the
induced changes in neighborhood composition on demand in that
case, if our instruments do indeed change the composition within
the groups of Hispanics and non-Hispanics.

4.5.1. Additional dependent variables
In this section we explore our data further, studying other

dimensions of neighborhood composition. We start by replicating
our baseline specifications, considering additional dependent vari-
ables. Table 11 is based on the same specifications as Table 5, using
our subgroup instrument as well as the spatial instrument. The
table shows the estimated slopes of demand of non-Hispanic, His-
panic, Black, and Asian/Pacific Islander residents, as well as the
impact of Hispanic share on the average income of residents as
well as on the share with a college degree.15 As our subgroup
instrument is not excluded from Hispanic demand, as well as from
average income and share with a college degree, the corresponding
entries are omitted from Table 11.

The results based on the subgroup instrument do suggest some
heterogeneity in preferences among non-Hispanics for Hispanic
share, with the estimated slope of non-Hispanic Whites being the
largest. The spatial instrument yields results which are similar
across the groups considered – on a similar order of magnitude
and not statistically significantly different across non-Hispanic
Whites, Blacks, and Asian/Pacific Islanders. Education level and
incomes are declining in Hispanic share, which is unsurprising
given the differences in education levels between Hispanics and
non-Hispanics. Taken together these results suggest that induced
changes in the relative composition of non-Hispanics might play
a limited role in determining our estimated coefficients, but that
our estimates are probably fairly close to true structural slopes of
demand with respect to Hispanic share.

4.5.2. Subgroup instruments based on MSA-level variation
One of the reasons our main empirical analysis has focused on

Hispanic shares is that there is significant variation in nation-wide
immigration levels across different countries of origin for Hispan-
ics, and countries of origin are available for them in the NCDB.
Using this nation-wide variation allowed us to run IV regressions
controlling for MSA and time fixed effects.



Table 9
Decades separately, different housing price variables - Instrumental Variable estimates.

Sample (1) First stage IV regressions, dependent variable is log-

(2) Non-Hisp pop (3) Hisp pop (4) Mean imputed rent (5) Median rent (6) Median house value

1980s Subgroup instrument
0.146 �9.515 – – – –
(0.027) (1.171)
Spatial instrument
0.093 �8.673 3.181 �1.395 0.293 NA
(0.008) (1.147) (1.218) (0.221) (0.331)
Dynamic instrument
0.181 – – �0.092 0.008 NA
(0.015) (0.085) (0.130)

1990s Subgroup instrument
0.285 �4.67055 – – – –
(0.024) (0.475)
Spatial instrument
0.16 �4.053 3.665 �0.134 �0.429 �0.757
(0.012) (0.639) (0.853) (0.108) (0.236) (0.207)
Dynamic instrument
0.254 – – �0.343 �0.606 �0.575
(0.016) (0.049) (0.098) (0.147)

Notes: This table replicates Table 5 for the 1980s and 1990s separately, and includes alternative measures of housing costs as dependent variables. For 1980, median house
value is not available.

Table 10
Spatial instrument, different spatial cutoffs - Instrumental Variable estimates.

Composition
of

(1) First
stage

IV regressions

(2) Log non-
Hisp pop

(3) Log
Hisp pop

(4) Log mean
imputed rent

Instrument using tracts more than 3 km away
5 closest

tracts
0.096 �6.251 3.437 �0.758

(0.006) (0.620) (0.733) (0.119)
3 closest

tracts
0.088 �6.579 3.617 �0.801

(0.007) (0.653) (0.781) (0.127)
5 tracts,

weighted
0.092 �6.329 3.479 �0.776

(0.007) (0.598) (0.741) (0.120)

Instrument using tracts more than 2 km away
5 closest

tracts
0.098 �6.126 3.490 �0.770

(0.006) (0.461) (0.534) (0.091)
3 closest

tracts
0.094 �6.223 3.545 �0.782

(0.006) (0.475) (0.538) (0.092)
5 tracts,

weighted
0.099 �5.947 3.388 �0.751

(0.006) (0.433) (0.505) (0.087)

Notes: This table replicates the spatial instrument regressions of Table 5, using
different definitions of the regressor ~m and the instrument dZ2.

Table 11
Baseline specifications, additional dependent variables.

(1) Log non-Hisp
pop

(2) Log Hisp
pop

(3) Log non-Hisp
white pop

Subgroup instrument
Reduced form �1.218 – �1.253

(0.099) – (0.108)
IV �8.360 – �8.597

(0.740) – (0.901)

Spatial instrument
Reduced form �0.745 0.410 �0.701

(0.071) (0.088) (0.084)
IV �6.251 3.437 �5.881

(0.620) (0.733) (0.708)

Notes: This table replicates the regressions of Table 5, considering additional left hand si
model are omitted.
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In order to get similar sources of variation for other subgroups,
we can employ the same construction using MSA-level rather than
national variation in the growth of these other groups. For each of
the groups of Hispanics, non-Hispanic Whites, Blacks, and Asian/
Pacific Islanders we construct an MSA-based subgroup instrument
interacting the MSA level growth of this subgroup with the share of
this subgroup in a given neighborhood.

Table 12 shows the results of instrumental variable regressions
of each group’s demand on own-group share, instrumenting with
the three MSA-based subgroup instruments for the other three
groups (which are arguably excluded from a given group’s
demand), and controlling for the shares of all four groups in the
given neighborhood, as well as for MSA-level population growth.
In this construction, we cannot control for MSA � time fixed
effects, since our identifying source of variation (we do control
for initial group shares), comes precisely from variation across
MSAs and time in the relative growth of different groups. Not being
able to control for such fixed effects opens up the possibility that
the estimated slopes might partly be driven by variation in outside
options; on the other hand this approach allows us to consider
richer variation in neighborhood composition beyond Hispanic
share. The variation in outside option is likely to bias our results
toward 0, leading us to underestimate social preferences.

This not-withstanding, the estimates in Table 12 consistently
suggest a strong own-group preferences with estimates close to
those obtained using the MSA-based subgroup instruments, which
seem largest for Asian/Pacific Islanders, and smallest for Blacks.
(4) Log black
pop

(5) Log Asian
and Pacific Isl pop

(6) Log some
college pop

(7) Average
income

�0.201 �0.503 – –
(0.183) (0.203) – –
�1.381 �3.452 – –
(1.241) (1.390) – –

�1.042 �0.803 �0.557 �14,060
(0.142) (0.156) (0.057) (1962)
�8.738 �6.731 �4.704 �117,916
(1.257) (1.338) (0.514) (16,347)

de variables. Coefficients which are not meaningful in the context of our theoretical



Table 12
MSA-based subgroup instruments.

(1) Log Hisp
pop

(2) Log non-Hisp
white pop

(3) Log
black pop

(4) Log Asian and
Pacific Isl pop

OLS
7.278 2.219 6.147 17.000
(0.084) (0.033) (0.068) (0.291)

Subgroup instrument
10.165 5.976 0.927 28.795
(0.412) (0.463) (0.774) (1.706)

Notes: This table shows OLS and IV regressions of the change in housing demand for
four groups on the change of own-group share, controlling for the shares of all four
groups in the given neighborhood, as well as for MSA-level population growth.
The instrumental variable regressions instrument own-group share, with the three
MSA-based subgroup instruments for the other three groups, as described in the
text.
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4.5.3. Spatial instruments based on MSA-level variation
We next employ the same construction as before to get an

instrument justified based on spatial exclusion restrictions rather
than based on subgroup-exclusion restrictions: The spatial
instrument for each subgroup is the average predicted shift (using
le 13
A-based spatial instruments.

(1) Log Hisp pop (2) Log non-Hisp white

Reduced form
Hispanic 0.917 �0.203

(0.089) (0.033)
Non Hispanic white �2.760 1.120

(0.277) (0.101)
Black 0.115 �0.894

(0.102) (0.037)
Asian and Pacific Islander 0.424 �0.242

(0.202) (0.074)

Instrumental variables
Own group share 8.678 4.269

(0.560) (0.153)

tes: This table shows reduced form and instrumental variables regressions of changes in gr
d for the MSA-based subgroup instruments for all subgroups. The top part of this table sh
truments as described in the text. The bottom part shows instrumental variable regres
truments.

Table 14
Dynamic instruments, other demographic groups.

(1) First stage IV regressions

(2) Log mean imput

80s
Hispanic 0.181 �0.092

(0.015) (0.085)
Black 0.201 �0.389

(0.007) (0.030)

90s
Hispanic 0.254 �0.343

(0.016) (0.049)
Non Hispanic white 0.121 0.512

(0.004) (0.022)
Black 0.324 �0.359

(0.013) (0.020)
Asian and Pacific Islander 0.470 0.000

(0.044) (0.000)

Pooled
Hispanic 0.198 �0.516

(0.011) (0.049)
Black 0.240 �0.536

(0.006) (0.019)

Notes: This table shows first stage and IV coefficients of instrumental variable regressions
controlling for this group’s share and share squared.
MSA-level variation) of this group’s demand in neighborhoods that
are at least 3 km away, but among the 15 closest neighborhoods.
The relevant composition variable in this setting is assumed to
be the share of a given group in the given neighborhood and its
4 closest adjacent neighborhoods (tracts).

Table 13 shows the resulting estimates. The top part of this table
displays reduced form coefficients regressing changes in demand for
each group on the excluded instruments for all groups, controlling
for predicted changes in the given neighborhood for all groups.
The bottom part of Table 13 shows the corresponding instrumental
variables estimates, instrumenting own group share with the spa-
tially excluded instruments for all four groups, and controlling again
for predicted changes in the given neighborhood for all groups.

Both the reduced form and the instrumental variables estimates
once again consistently suggest a strong own-group preference.
And again this preference seems strongest for Asian/Pacific
Islanders.
4.5.4. Dynamic instruments
We can lastly extend our dynamic analysis to the changing

share of subgroups other than Hispanics in a neighborhood’s
pop (3) Log black pop (4) Log Asian and Pacific Isl pop

�0.315 �0.421
(0.098) (0.105)
�1.219 �3.506
(0.305) (0.325)
1.062 �0.503
(0.112) (0.119)
�0.251 5.831
(0.222) (0.237)

5.435 27.093
(0.473) (1.022)

oup shares in a given neighborhood, controlling for MSA-level population growth
ows reduced form coefficients regressing on the spatially excluded, MSA-based

sions on own group share, instrumented by the spatially excluded, MSA-based

ed rent (3) Log median rent (4) Log median house value

0.008 –
(0.130)
�0.457 –
(0.054)

�0.606 �0.575
(0.098) (0.147)
0.550 1.185
(0.050) (0.062)
�0.360 �0.866
(0.049) (0.060)
0.000 0.000
(0.000) (0.000)

�0.240 –
(0.082)
�0.373 –
(0.036)

, instrument with lagged changes in any given group’s share in a neighborhood an
d
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population. The argument justifying our dynamic analysis was
that, in the presence of search frictions in the housing market,
composition should adjust with delay to any amenity shocks, while
rental prices and housing values should adjust quickly. By this
argument, which holds for a general class of search models, past
composition changes are predictive of future composition changes,
but excluded from future price changes.

Table 14 applies this idea to our four subgroups. Changes in each
group’s share are instrumented with past changes in the same
group’s share, controlling again for this group’s share, as well as
share squared. Table 14 shows first stage and hedonic IV regressions
for decades separately and pooled, and for each of our three housing
cost variables. Estimates for non-Hispanic Whites and for Asian/
Pacific Islanders are only shown for the 1990s, since membership
in either of these groups is not available for the 1970 census.

The resulting estimates suggest a moderately negative average
marginal willingness to pay for the share of Hispanics and Blacks,
and a moderately positive average marginal willingness to pay
for the share of non-Hispanic Whites. It needs to be emphasized
again, however, that these estimated values are not very large in
an economic sense. A coefficient on Black share of �0:5, for
instance, implies that a 1% increase in the share of Blacks in a given
neighborhood would lead to a decline of housing prices by 0.5%.

5. Summary and conclusion

This paper presented models of sorting in which location
choices depend on the location choices of other agents, as well as
exogenous location characteristics. In such a setup, the composi-
tion of agents at a location is an endogenous equilibrium outcome
with generically degenerate support given exogenous location
characteristics. This leads to an identification problem similar to
the ‘‘simultaneity problem’’ and the ‘‘reflection problem’’ discussed
in the literature: the effects of endogenous composition and exog-
enous characteristics on agents’ location choices and prices are not
separately identified.

A series of approaches to overcome this problem was proposed
here. The first is based on assuming that some exogenous, location
specific demand shifters are excluded from the choices of a sub-
group of agents. If that is the case, random variation in such exog-
enous characteristics can serve as an instrument for endogenous
composition. The second is based on assuming a spatial structure
with externalities across adjacent locations. Given such a spatial
structure, variation in exogenous characteristics at a location gen-
erates variation in composition propagating across adjacent neigh-
borhoods, and can serve as an instrument for composition in
neighborhoods not immediately adjacent. The third is based on a
dynamic search-model extension. In this extension prices adjust
quickly but location composition reacts only with delay to changes
in exogenous characteristics, because of search frictions. Past
shocks in exogenous characteristics can therefore serve as instru-
ments for future composition changes.

In an application of these approaches, the impact of the share of
Hispanics in neighborhoods in the United States on housing demand
of Hispanics and non-Hispanics as well as rental prices was studied.
The results consistently suggest a strong impact of composition on
location choices, in the form of an own-group preference. This con-
trasts with the rather weak evidence on the impact of neighborhood
composition on observable outcomes of residents, as in Katz et al.
(2007). It remains a task for future research to further disentangle
the nature of the social externalities that were found here. For
instance, we could think of the reduced form demand functions
DðX;M; PÞ as reflecting preferences over endogenous amenities
WðX;MÞ;DðX;M; PÞ ¼ DðX;WðX;MÞ; PÞ, where dimðWÞ ¼ dimðMÞ.
Under this assumption, DM ¼ DW WM . Given identification of DM ,
one could attempt to identify either DW or WM , and then invert to
get for instance DW ¼ DMW�1
M . Identification of WM could come from

shocks to X which are excluded from W but do affect composition M.
This approach would require full observability of W.

Application of the methods developed here to a number of dif-
ferent problems seems interesting. For instance, in the field of eco-
nomic geography firm location choices are studied, where location
choices depend on exogenously given geographic factors and the
location choices of other firms (and households). One central ques-
tion of this field is to understand the mechanisms determining the
agglomeration or dispersion of economic activity, see for instance
Krugman (1991) and Ellison and Glaeser (1999). It seems that
the problem of firm location choice has a very similar structure
to the problem of household neighborhood choice within a city,
which motivated this paper. Another interesting application might
be the academic job market: In choosing among job-offers, aca-
demics will generally make their decision based not only on exog-
enous characteristics (location, facilities, . . .) and pay, but based
also on who else is working at a given university.
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Appendix A. Proofs

A.1. Proof of equilibrium existence:

Under the assumptions maintained in Section 2, this follows
from applying Brouwer’s fixed point theorem to the following
bounded continuous mapping with convex domain:

ðM; PÞ ! DðX;M; PÞ; P � SðP;XÞ �
X

c

Mc

 ! !
: ðA:1Þ

The fixed points of this mapping are exactly the partial sorting equi-
libria. h

Proof of Proposition 1:
Identification of DðX;M�ðXÞ; P�ðXÞÞ follows immediately from

the equilibrium condition DðX;M�; P�Þ ¼ M�. Differentiating with
respect to (the components of) X yields DX þ DMM�

X þ DPP�X ¼ M�
X ,

showing the identification of linear combinations of the demand
slopes.

To show non-identification, we have to construct demand func-
tions D such that the equilibrium condition (3) is fulfilled for the
known equilibrium correspondence ðM�ðXÞ; P�ðXÞÞ, but D takes
arbitrary values off the support of ðX;M�ðXÞ; P�ðXÞÞ. For simplicity,
assume that the partial sorting equilibrium is unique and that the
mapping from X to M�; P� is into (the general case follows in a sim-
ilar manner). Set DðX;M; PÞ ¼ ð1� AÞM�ðXÞ � BP�ðXÞ þ AM þ BP for
arbitrary matrices A;B of appropriate dimension. The claim follows.
In particular, for this choice of D we get DM ¼ A and DP ¼ B for
arbitrary matrices A;B, showing non-identification of social
externalities and price elasticities. h

Proof of Proposition 2:
Eq. (11) is immediate from M�1

X ¼ D1
X þ D1

mm�X þ D1
PP�X , since we

have m�
Z1 – 0. Eq. (12) follows from (11) if we can show
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M�1
Z2

P�Z2
¼ D1

P :

Under the assumption that, dP ¼ 0, and by assumption of this
lemma dZ2 ¼ 0, hence m�

Z2 ¼ 0. It follows that M�1
Z2 ¼ D1

PP�Z2 . Finally,

P�Z2 ¼
SZ2

EP � SP
– 0

again by assumption. h

Proof of Proposition 3:
For ease of notation, we will drop the superscript 1 for X in this

proof. Totally differentiating Eq. (15) yields

M�c;k
Zl ¼ Dc;k

~m
~mk

Zl þ Dc;k
P Pk

Zl ;

since eXk
Zl ¼ 0 by the assumption that the k; lth entry of G equals 0.

Similarly

mk
Zl ¼ dk

~mk ~mk
Zl :

To prove the claim, it remains to show that the denominator ~mk
Zl

does not equal zero under the conditions stated. Differentiating
the equilibrium condition d ¼ m in its vector form, i.e., stacking
up the equations for all neighborhoods, gives

d ~mGmX þ deX G ¼mX

and hence

mX ¼ ðI � d ~mGÞ�1deX G; ðA:2Þ

where I is the N�N identity matrix and d ~m is a diagonal matrix
with positive diagonal entries, by assumption. Invertibility of
ðI � d ~mGÞ follows from the normalization of rows of G to sum to
one, and d ~m < 1. We can expand Eq. (A.2) as a geometric series,

mX ¼
X
jP0

d ~mGð Þj
 !

deX G: ðA:3Þ

All of the terms in the series have non-negative entries, the k; lth
entry of Gj is not equal to 0 for some power j by assumption, the
same holds for d ~mGð Þj by d ~m being a diagonal matrix with positive
diagonal entries, and finally deX G has non-zero diagonal entries. �

Proof of Proposition 4:
Eq. (20) immediately implies

@D2P=@D1Z1 ¼ Es �um

uP

� �
� @D2m=@D1Z1:

Eq. (19) implies that @D2m=@D1Z1 – 0 if DZ1 – 0. The claim
follows h

Supplementary material

Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.jue.2014.10.003.
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