Table 4: Income Stratification: Effects of Increasing Income of Top Quartile by 10%

Panel A: Pre-Simulation
Average Exposur e to Households in Income Quartile

1 2 3 4
Income Quartile 1 0.324 0.275 0.235 0.165
Income Quartile 2 0.278 0.265 0.250 0.207
Income Quartile 3 0.236 0.248 0.258 0.257
Income Quartile 4 0.166 0.207 0.258 0.370

Panel B: Post-Simulation
Average Exposur e to Households in Income Quartile

1 2 3 4
Income Quartile 1 0.327 0.278 0.237 0.157
Income Quartile 2 0.281 0.267 0.251 0.200
Income Quartile 3 0.239 0.250 0.259 0.252
Income Quartile 4 0.158 0.200 0.253 0.390

Note: Each entry in the table shows the average exposure of households in the income quartile shown
in the row heading to households in the income quartile shown in the column heading. Numbers are
reported for the sample and for a counterfactual simulation that increases the income of householdsin
the top income quartile by 10 percent.
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Table 5: Housing/Neighborhood Consumption: Effects of Increasing Income of Top Quartile by 10%

Pre-Simulation
Post-Smulation

Pre-Simulation
Post-Smulation

Pre-Simulation
Post-Smulation

Pre-Simulation
Post-Smulation

Pre-Smulation
Post-Smulation

Pre-Simulation
Post-Smulation

Pre-Smulation
Post-Smulation

Pre-Smulation
Post-Smulation

Average Consumption By Households in Income Quartile

1 2 3 4
Average Monthly Rental Vaue
726 903 1112 1608
734 926 1161 1790
Ownership Rates
0.37 0.50 0.67 0.85
0.38 0.50 0.66 0.86
House Size
3.95 4.61 541 6.50
3.95 4.61 5.39 6.52
Average Test Score
502 517 529 559
505 517 528 557
Average Crime Rate
12.36 8.65 6.67 5.05
12.29 8.72 6.76 4,94
Average Commute
6.32 8.12 9.56 9.98
7.09 8.87 10.30 10.81
Average Neighborhood Income (,000s)

43.3 48.5 54.6 69.6
43.9 50.0 56.5 76.0
Percent College Educated
0.36 0.41 0.45 0.54
0.34 0.40 0.45 0.56

Note: This table reports the consumption of housing and neighborhood amenities by households of each
race in each quartile of the overall income distribution. Numbers are reported for the sample and for a
counterfactual simulation that increases the income of households in the top income quartile by 10 percent.
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Table 6: Changesin Implicit Prices: Effects of Increasing Income of Top Quartile by 10% for Select Characteristics

PRE-SIMULATION Coefficients from Hedonic Price Regressions
Weighted to Center on Income Percentile
10 25 50 75 90 95
Owner-Occupied 90.7 95.3 112.3 149.8 165.5 160.1
Number of Rooms 103.1 103.9 107.3 114.2 125.8 1325
Built in 1980s 97.7 94.4 89.7 96.0 135.7 161.8
Average Test Score(in s.d.s) 27.2 27.8 29.9 304 304 34.7
Average Income (/10,000) 87.6 84.7 82.3 83.2 90.7 97.5
POST-SIMULATION Coefficients from Hedonic Price Regressions
Weighted to Center on Income Percentile
10 25 50 75 90 95
Owner-Occupied 105.2 109.9 130.0 170.3 183.8 176.3
Number of Rooms 111.9 113.0 117.1 125.5 1384 145.4
Built in 1980s 81.2 77.8 72.6 84.6 132.3 160.8
Average Test Score(in s.d.s) 30.1 30.1 31.9 325 335 38.5
Average | ncome (/10,000) 95.3 92.9 91.1 92.3 100.7 108.1
DIFFERENCE
10 25 50 75 90 95
Owner-Occupied 145 14.6 17.7 20.6 184 16.3
Number of Rooms 8.8 9.2 9.8 11.3 12.6 12.9
Built in 1980s -16.5 -16.6 -17.0 -114 -34 -0.9
Average Test Score(in s.d.s) 3.0 23 20 21 31 3.8
Average Income (/10,000) 7.8 8.2 8.7 9.1 10.0 10.6

Note: This table reports the selected coefficients for six weighted price regressions estimated pre- and post-simulation, respectively. The
weight in each case depends on income of the occupant of the house and is given by 10,000/(10,000+|income - income-pth percentilel) for
the regression associated with p-th percentile, which puts more weight on households near the p-th percentile. Results are reported for the
sample and for a counterfactual simulation that increases the income of households in the top income quartile by 10 percent.
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Appendix Table 1: Interaction Parameter Estimates

Household Characteristic

Hhid  Children  Black  Hispanic  Asian Some College  Working Age Hhid Black* Hispanic* Asian*
Total  Under 18 College  Degree Capital Hhid Hhid Hhid
Income or More Income Income Income Income

Housing/Neighborhood Attribute

Monthly House Price 0371 0074 0025 -0076 0067 0118 0198 0091 0119 0035 0041 0151 0076
(0.016) (0.028) (0.058) (0.057) (0.049) (0.028) (0.030) (0.030) (0.031) (0.025) (0.062) (0.050) (0.058)

Owner-Occupied 0739 0052 -0121 -0014 0274 0011 0095 0140 0776 0261
(0.036) (0.024) (0.047) (0.040) (0.036) (0.024) (0.027) (0.026) (0.027)  (0.061)

Number of Rooms 0785 0544 0003 -0163 -039%4 0035 0018 0005 0122  -0.167
(0.045) (0.046) (0.045) (0.040) (0.027) (0.047) (0.039) (0.044) (0.028) (0.030)

Built in 1980s 0233 -0067 0018 -0013 0059 0080 0097 0156 -0184 0053
(0.029) (0.030) (0.057) (0.045) (0.037) (0.051) (0.026) (0.020) (0.042) (0.037)

Built in 1960-79 0070 0024  00% -0044 0071 0068 0022 0097 -0077 0005
(0.035) (0.022) (0.024) (0.023) (0.023) (0.050) (0.041) (0.045) (0.041) (0.029)

Average Test Score 0007 0058 -0065 -0024 0028 0077 0102 0065 0191 0155
(0.021) (0.042) (0.036) (0.037) (0.021) (0.023) (0.022) (0.024) (0.040)  (0.045)

Elevation 0100 0039 -0027 -0042 0002 0059 0044 -0008 0104  -0.108
(0.045) (0.044) (0.035) (0.028) (0.054) (0.047) (0.045) (0.029) (0.030) (0.029)

Population Density 0087 0225 -0159 -0009 0001 -0003 0079 -0118 -0096 0116
(0.030) (0.051) (0.054) (0.050) (0.053) (0.020) (0.022) (0.051) (0.043) (0.037)

Crime Index 0083 0010 0139 0014 0005 -0018 0117 -0076 0235  0.181
(0.023) (0.023) (0.024) (0.024) (0.036) (0.041) (0.039) (0.038) (0.055  (0.030)

% Black 0382 0119 0482 0218 0219 -0037 0072 -0053 -0043 -0304  -0.043
(0.060) (0.041) (0.035) (0.028) (0.031) (0.029) (0.029) (0.085) (0.060) (0.052)  (0.051)

% Hispanic 0329 0130 0198 0279 0137 -0080 -0047 -0007 -0177  -0.211 0.232
(0.061) (0.033) (0.041) (0.043) (0.043) (0.032) (0.035) (0.034) (0.033) (0.099) (0.047)
% Asian 0014 0092 0227 0098 0550 -0027 -0107 -0026 0023  -0.219 -0.080
(0.050) (0.067) (0.068) (0.032) (0.038) (0.045) (0.044) (0.033) (0.038) (0.034) (0.036)
% College Degree 0115 -0209 0163 0025 -0017 0156 0834 -0157 -0108 0258

(0137) (0035 (0.059) (0.060) (0.052) (0.028) (0.040) (0.033) (0.045  (0.028)

Average Income 0232 0050 -0229 0077 -0017 -0012 -0155 0046 0056 0056
(0.031) (0.030) (0.031) (0.078) (0.046) (0.036) (0.064) (0.032) (0.023) (0.039)

% Black 0.280 0.191 -0.034
* Average Income (0.038) (0.029) (0.024)
% Hispanic 0.347 0.106 -0.150
* Average Income (0.025) (0.025) (0.025)
% Asian 0.053 0.091 -0.008
* Average Income (0.063) (0.034) (0.042)
Distance to Work -0.114 0.162 -0.077 0.059 0.071 -0.039 0.080 -6.380  -0.167 -1.294

(0.035) (0.037) (0.030) (0.036) (0.030) (0.029) (0.031) (0.032) (0.031) (0.031)

Note: Parameter estimates reported with all variables normalized to have mean zero, standard deviation one. Standard errors are in parentheses.
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APPENDICES FOR “AN EQUILIBRIUM MODEL OF SORTING IN AN URBAN HOUSING
MARKET” by Patrick Bayer, Robert McMillan, and Kim Rueben

This document contains three appendices for the paper “An Equilibrium Model of Sorting in an Urban
Housing Market.” A Data Appendix documents the sources for the data and the construction of variables
used in the analysis. A Theory Appendix provides proofs for the propositions and lemmas in Section 3 of
the paper. A Results Appendix relates the main parameter estimates presented in the paper to analogous
estimates from a series of hedonic price regressions.

DATA APPENDIX

1. CensusVariables

House Prices. Because house values are self-reported, it is difficult to ascertain whether these prices
represent the current market value of the property, especially if the owner purchased the house many years
earlier. Fortunately, the Census contains other information that helps us to examine this issue and correct
house values accordingly. In particular, the Census asks owners to report a continuous measure of their
annual property tax payment. The rules associated with Proposition 13 imply that the vast majority of
property tax payments in California should represent exactly 1 percent of the transaction price of the house
at the time the current owner bought the property or the value of the house in 1978. Thus, by combining
information about property tax payments and the year that the owner bought the house (also provided in the
Census in relatively small ranges), we are able to construct a measure of the rate of appreciation implied by
each household's self-reported house value. We use this information to modify house values for those
individuals who report values much closer to the original transaction price rather than current market value.
In our study most households list the purchase price of their house rather than an estimated market value
for their house. Thus if two identical houses were found in the census data but one was last sold in 1989
and one was last sold in 1969 we find on average the listed market price of the more recently sold house is
on average 15 percent higher than the other house.

A second deficiency of the house values reported in the Census is that they are top-coded at
$500,000, a top-code that is often binding in California. Again, because the property tax payment variable
is continuous and not top-coded, it provides information useful in distinguishing the values of the upper tail
of the value distribution. We find that top-coding was fairly predominant in the Bay Area and that higher
top-codes may be useful to gain a better understanding of house prices in expensive markets like California
or New York.

The exact procedure that we use to adjust self-reported house values is as follows. We first
regress the log of self-reported house value on the log of the estimated transaction price (100 times the
property tax payment), and a series of dummy variables that characterize the tenure of the current owner:

(A1) |®(Vj)za1|®(-rj)+a2yj +ij

where V; represents the self-reported house value, T; represents the estimated transaction price, and y;
represents a series of dummy variables for the year that the owner bought the house. |f owner-estimated
house values were indeed current market values and houses were identical except for owner tenure, this
regression would return an estimate of 1 for a; and the estimated a, coefficients would indicate the
appreciation of house valuesin the Bay Area over the full period of analysis. If ownerstend to underreport
house values, especially when they have lived in the house for along time, the estimated a, parameters will
likewise underreport appreciation in the market. In this way, the estimated a, parameters represent a
conservative estimate of appreciation. Given the estimates of equation (2), we construct a predicted house
value for each house in the sample and replace the owner-reported value with this measure when this
predicted measure exceeds the owner-reported value. In practice, in order to allow for different rates of
appreciation in different regions of the housing market, we conduct these regressions separately for each of
the 45 Census PUMA (areas with at least 100,000 people) in our sample and allow appreciation to vary
with asmall set of house characteristics within each PUMA. In thisway, the first adjustment that we make
to house pricesisto adjust owner-reported values for likely under-reporting.

The adjustment to top-coded house prices uses the same approach, using the information on
property taxes that are continuous and not top-coded. Using estimates of equation (2) based on a sample of



houses that does not include the top-coded house values, we construct predicted house values for all top-
coded houses. This allows usto assign continuous house val ues for top-coded measures.

Reported Rental Value. We next examined questions of reported monthly rents. While rents are
presumably not subject to the same degree of misreporting as house values, it is still the case that renters
who have occupied a unit for a long period of time generally receive some form of tenure discount. In
some cases, this tenure discount may arise from explicit rent control, but implicit tenure discounts generally
occur in rental markets even when the property is not subject to formal rent control. Thus while, this will
not lead to errors in the answering of the listed census question it may lead to an inaccurate comparison of
rents faced by households if they needed to move. In order to get a more accurate measure of the market
rent for each rental unit, we utilize a series of locally based hedonic price regressions in order to estimate
the discount associated with different durations of tenure in each of over 40 sub-regions within the Bay
Area

In order to get a better estimate of market rents for each renter-occupied unit in our sample, we
regress the log of reported rent R, on aseries of dummy variables that characterize the tenure of the current
renter, yj, aswell as aseries of variables that characterize other features of the house and neighborhood X;:

(A2 log(R))=byy, +b,X, +u,

again running these regressions separately for each of the 45 PUMASs in our sample. To the extent that the
additional house and neighborhood variables included in equation (3) control for differences between the
stock of rental units with long-term vs. short-term tenants, the b; parameters provide an estimate of the
tenure discount in each PUMA.! In order to construct estimates of market rents for each rental unit in our
sample, then, we inflate rents based on the length of time that the household has occupied the unit using the
estimates of b; from equation (2). In this way, these three price adjustments bring the measures for rents
and house values reported in the Census reasonably close to market rates.

Calculating Cost Per Unit of Housing Across Tenure Status. Findly, in order to make owner- and
renter-occupied housing prices comparable in our analysis we need to calculate a current rental value for
housing. Because house prices reflect the expectations about the future rents for the property they
incorporate beliefs about future housing appreciation. To appropriately deflate housing values — and
especialy to control for differences in expectations about appreciation in different segments of the Bay
Area housing market — we regress the log of house price (whether monthly rent or house value) P; on an
indicator for whether the housing unit is owner-occupied o; and a series of additional controls for features
of the house including the number of rooms, number of bedrooms, types of structure (single-family
detached, unit in various sized buildings, etc.), and age of the housing structure as well as a series of
neighborhood controls X;:

A3 loy(P,)=g0o, +g,X; +h,

We estimate these hedonic price regressions for each of 40 sub-regions (Census Public Use
Microdata Areas - PUMAS) of the Bay Area housing market. These regressions return an estimate of the
ratio of house values to rents for each of these sub-regions and we use these ratios to convert house values
to ameasure of current monthly rent.

2.External Data

We next discuss the additional variables we have added to the Census data to provide a more
nuanced understanding of the neighborhood characteristics that affect house prices and residential location
decisions. These data sets are linked to census blocks and can be used to determine the appropriateness of
the questions and sampling techniques used. This additional dataincludes:

! Interestingly, while we estimate tenure discountsin all PUMAs, the estimated tenure discounts are substantially
greater for rental unitsin San Francisco and Berkeley, the two largest jurisdictions in the Bay Areathat had
formal rent control in 1990.



School and School District Data. The Teale data center in California provided a crosswalk that matches
al Census blocks in California to the corresponding public school district. We have further matched
Census blocks to particular schools using a variety of procedures that takes account of the location (at the
block level) of each Census block within a school district and the precise location of schools within the
district using information on location from the Department of Education. Other school information in these
datainclude:
1992-93 CLAS dataset provides detailed information about school performance and peer group
measures. The CLAS was a test administered in the early 1990s that will give us information on
student performance in math, literature and writing for grades 4, 8 and 10. This dataset presents
information on student characteristics and grades for students at each school overall and across
different classifications of students, including by race and education of parents.
1991-2 CBEDS (California Board of Education data sets) datasets including information from the
SIF (school information form) which includes information on the ethnic/racial and gender make-
up of students, PAIF — which is a teacher based form that provides detailed information about
teacher experience, education and certification backgrounds and information on the classes each
teacher teaches, and (LEP census) a language census that provides information on the languages
spoken by limited-English speaking students.

Procedures for Assigning School Data. While we have an exact assignment of Census blocks to school
districts, we have only been able to atain precise maps that describe the way that city blocks are assigned
to schools in 1990 for Alameda County. In the absence of information about within-district school
attendance areas, we employ the alternative approaches for linking each house to a school. The crudest
procedure assigns average school district characteristics to every house falling in the school district. A
refinement on this makes use of distance-weighted averages. For a house in a given Census block, we
calculate the distance between that Census block and each school in the school district. We have detailed
information characterizing each school and construct weighted averages of each school characteristic,
weighting by the reciprocal of the distance-squared aswell as enrollment.

As athird approach we simply assign each house to the closest school within the appropriate
school district. Our preferred approach (which we use for the results reported in the paper) refines this
closest-school assignment by using information about individual children living in each Census block -
their age and whether they are enrolled in public school. In particular, we modify the closest-school
assignment technique by attempting to match the observed fourth grade enroliment for every school in
every school district in the Bay Area. Adjusting for the sampling implicit in the long form of the Census,
the 'true’ assignment of houses to schools must give rise to the overall fourth grade enrollments observed in
the data.

These aggregate numbers provide the basis for the following intuitive procedure: we begin by
calculating the five closest schools to each Census block. Asan initial assignment, each Census block and
al the fourth graders in it are assigned to the closest school. We then calculate the total predicted
enrollment in each school, and compare this with the actual enrollment. If a school has excess demand, we
reassign Census blocks out of its catchment area, while if a school has excess supply, we expand the
school's catchment area to include more districts.

To carry out this adjustment, we rank schools on the basis of the (absolute value of) their
prediction error, dealing with the schools that have the greatest excess demand/supply first. If the school
has excess demand, we reassign the Census block that has the closest second school (recalling that we
record the five closest schools to each Census block, in order), as long as that second school has excess
supply. If a school has excess supply, we reassign to it the closest school district currently assigned to a
school with excess demand. We make gradual adjustments, reassigning one Census block from each
school in disequilibrium each iteration. This gradual adjustment of assignments of Census blocks to
schools continues until we have 'market clearing' (within a certain tolerance) for each school. Our actual
algorithm converges quickly and produces plausible adjustmentsto theinitial, closest-school assignment.

Land use. Information on land use/land cover digital data is collected by USGS and converted to
ARC/INFO by the EPA available at: http://www.epa.gov/ost/basing for 1988. We have calculated for each
Census block, the percentage of land in a 1/4, /2,1, 2, 3, 4 and 5mile radii that is used for commercial,



residential, industrial, forest (including parks), water (lakes, beaches, reservoirs), urban (mixed urban or
built up), transportation (roads, railroad tracks, utilities) and other uses.

Crime data. Information on crime was drawn from the rankings of zipcodes on a scale of 1-10 on the risk
of violent crime (homicide, rape or robbery). A score of 5 is the average risk of violent crime and a score
of 1 indicates a risk 1/5 the national average and a 10 is 10 or more times the national average. These
ratings are provided by CAPindex and were downloaded from APBNews.com.

Geography and Topography. The Teale data center in California provided information on the elevation,
latitude and longitude of each Census block.

THEORY APPENDIX
Proof of Proposition 1:% Following the assumptions of Proposition 1, consider a utility specification that is
alinear, decreasing function of py:

(A9 Vi = WHZ' XpXxo)-appy+en = Wa-appy, +6
If eisdrawn from a continuous distribution, the probability P', that householdi chooses housi ngtype h as:
(A5) P =1 (Z,Z,X,p,X)

is continuous and differentiable in p with derivatives that obey the following strict inequalities:
P! /fp, <O and R\ /fp, >0,k h, if -a&, is negative for each household i. Aggregating these
probabilities over all observed households yields the predicted demand for each housing type h, Dy:

A6) D, =g P .
i
Given the properties of Py just described, Dy, is also continuous and differentiable inp with derivatives that

obey the following strict inequalities: D, /ﬂph <0 and 1D, /ﬂpk >0,k h. Inorder for the housing
market to clear, the demand for houses of type h must equal the supply of such houses and so:

(A7) D,=S, "h b éphi=sn " .

Also note that for any finite values of { p,,k* h}, I5h approaches arbitrarily close to zero as p, goes to

+¥, while [5h approach arbitrarily close to é S, aspn approaches—¥.
h
Holding the price of one house fixed (without loss of generality set po = 0), we will show that a

unique vector of prices clears the market, i.e., that a unique vector p = D'l(S) exists. We begin by
defining the element-by-element inverse r,, (p,D,) . This function is defined as the price of house h such
that the predicted value Dy, exactly equals S,. That is, r isimplicitly defined as:

(A8) D (P Pl (P2 D)o Py ) =S, " h

Given the properties of the function Dy, defined in (A6), this element-by-element inverse exists and is
continuous and differentiable in p. Note that r,, is strictly increasing in px and does not depend onpy. Also
define the vector valuesr = (ry, ..., In).

2 This proof follows directly the structure of the proof that appears in the technical appendix of Berry
(1994). We simply modify it here for our problem.



The element-by-element inverse allows us to transform the problem of solving for the vector
inverse into afixed-point problem, for a vector p satisfies equation (A7) if and only if p = r(p, D). The
method of proof is to use a slight variant of Brouwer’s fixed-point theorem to prove existence of a fixed
point of the element-by-element inverse. It is then necessary to show that there cannot be two such fixed
points.

To establish existence, first hold po = 0 and note that r, (p, D,,) hasan upper bound. Thisupper

bound is r, (p',D,) with p' set equal to any vector in RN* such that p,= +¥ for k * (h,0) . Define p
as the largest values across houses of these upper bounds. There is no lower bound for py, but the
following lemma allows one to establish existencein the absence of alower bound.

Lemma. Thereisavalue p, with the property that if one element of p, say pn, is lower than p, thenthere

isahousek such that r, (p,D) > pi

Proof of Lemma. To construct p, again set px= +¥," k* (h0). Thendefine P, asthe value of py that

sets I50 =S, . Define p asany value lower than the minimum of the p, - Now, if for the vector p there

is an element h such that p, < p, then Ijo(p) >§,, which implies é :zllﬁh (P)<(N-1)- S, sothere

isat least one element k with [Sk (p)< S, . Forthisk, rk(p,f)) > px. Q.E.D.

Now define a new function that is a truncated version of ry: ﬁ(p,f)) =max{r, (p, I5),£)}. Clearly
r(p, I5) is a continuous function which maps [E,E] N into itself, so by Brouwer's fixed—point theorem,
r(p, f)) has a fixed point, p*. By the definition of p and P, p* cannot have avalue at the lower bound,
so p* isin the interior of [E,B] N This implies that p* is also afixed point of the unrestricted function
r(p, IAD) , Which establishes existence.

A well-known sufficient condition for uniqueness is é k|1]rh /p, | <1, which establishes that r is
a contraction mapping. By the implicit function theorem, 1fr, /p, =- [1]I5h 1P, ]/[1]I5h /p,]. From

this é ) |ﬂrh /‘ﬂpk| <1 if and only if the following dominant diagonal condition holds:

(A9 @ |10,/ %0y < |10, /1y

k1(h,0)

To establish this condition, note that increasing all prices (including pg) by the same amount will not
change the demand for any house. Then (A9) follows from:

é_|ﬂf)h/ﬂpk| - |ﬂ|5h/ﬂpn|=o P é. |ﬂ6h/ﬂpk| ='ﬂ|5h /ﬂpo+|ﬂ6h/ﬂﬂq|<|ﬂ6h/ﬂﬂq|-
K h k*(0,h)
QED.

Proof of Lemma 1. Lemma 1 follows directly if we can show that the mapping that defines the fixed-point
problem above is continuous in X, as the unique fixed-point p of a mapping continuous in both x and pis
also continuous in x. The assumption that utility is continuous in x, along with assumption about the

continuous distribution of e implies that Py is continuous in x for al i, which in turn implies that f)h is

continuous in X, which in turn implies that the element-by-element inverse defined in (A8) is continuous in
x. QE.D.



Proof of Proposition 2. Conditional on any vector g and the primitives of the model {Z, X, x}, Proposition
1 impliesthat a unique set of housing prices clears the market and assumption (i) ensures that this vector of
market-clearing prices is continuous in g. Assumptions (ii) and (iii) in turn imply that that equation (2.11),
along with the definition of the function g, implicitly defines g and represents a continuous mapping of a
closed interval into itself.  The existence of fixed point of this mapping, g, follows directly from
Brouwer's fixed-point theorem. Any fixed point, g’ is associated with a unique vector of market clearing

prices p- and a unique set of choice probabilities { F’hi "} that together satisfy the conditions for a sorting

equilibrium. Consequently, the existence of a fixed point, g*, implies the existence of a sorting equilibrium.
Q.E.D.

RESUL TS APPENDIX

In order to judge whether our parameter estimates are reasonable, it is helpful to compare them to
analogous hedonic price regressions. This Appendix carries out such a comparison, complementing the
discussion in Section 5.

Hedonic price regressions arise as a direct restriction on our residential sorting model when there
is no heterogeneity in household preferences for each house. See Bayer, Ferreira and McMillan (2003) for
more details® Equation (11), which describes mean preferences in the general case where preferences are
heterogeneous, can be re-written:

(A10) p, +%0pdh :ao%op X, +a%opzh +%0pxh

This bears more than a passing resemblance to a hedonic price regression. It makes clear that, in the
presence of heterogeneous preferences, the mean indirect utility d estimated in the first stage of the
estimation procedure provides an adjustment to the hedonic price equation so that the price regression
accurately returns mean preferences.

It is useful to spell out the significance of (A10). We can distinguish the willingness to pay of the
marginal household, setting the equilibrium price of a given attribute, and that of the mean household. The
equilibrium price function, approximated by a hedonic price regression, measures the marginal willingness
to pay (MWTP) of the marginal household, and in the presence of heterogeneity, this may differ markedly
from the MWTP of the mean household. The sorting model controls for which individual in the
distribution of tastes sets the price of a given attribute given the supply of that attribute. This provides an
adjustment that reflects the difference between this household’ s valuation and that of the mean household
so that the adjusted hedonic price regression accurately reflects mean preferences.

The final two columns of Table 2 present the results from three hedonic price regressions
analogous to those reported in the first three columns for the full sorting model. Comparing the hedonic
price regressions to the mean MWTP estimates derived from the sorting model reveals that while the
estimates related to housing characteristics, school quality, and crime remain similar in the hedonic price
regression, those related to neighborhood sociodemographic composition and race in particular change
dramatically. To explain the results, consider the estimated mean coefficient on percent black, which is -
$234 in the full sorting model as opposed to only -$40 for the hedonic price regression. For simplicity,
assume that neighborhoods are completely segregated, so that the equilibrium price of a black
neighborhood is driven by the MWTP of the black household with the least MWTP for a black
neighborhood (or, alternatively, the white household with the greatest MWTP). Here, the hedonic price
regression returns the MWTP of the household on the margin between choosing a black versus white
neighborhood, which in this case is substantially greater than the MWTP of the mean household, whichis
estimated in the more general sorting model. Put another way, a much lower differential in price between
black and white neighborhoods is required to equilibrate the housing market than would be required to
make the mean household indifferent between these neighborhoods.

3 For amore careful discussion asto how the discrete choice model described here relates to continuous choice
models commonly used in the hedonics literature (including Rosen (1974), Brown and Rosen (1982), Epple
(1987), Bartik (1987), and Ekeland, Heckman, and Nesheim (2002), Bgjari and Benkhard (2002)), see Bayer,
McMillan, and Rueben (2003).





