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Abstract
The dramatic rise in the U.S. homeownership rate from 64% in 1996 to almost
70% in 2005 has prompted increased attention to the relation between homeownership
and demographic characteristics of households. The recent rise and sharp decline of
subprime lending will likely spur interest in the relation between credit conditions and
homeownership gaps. Statistical analysis of these differences or “gaps” in
homeownership between white and minority households follows what has become a
highly stylized pattern. Essentially differences in homeownership at the mean or the
conditional mean between groups are compared. This study implements a new
decomposition technique that identifies the unexplained portion of the gap not only at the
mean, but at every percentile of the distribution of the dependent variable. This method
was first proposed by Machado and Mata (2005), extended by Albrecht et al. (2006), and
has been used in several applications in labor economics. Similar to the labor market
application, differences in homeownership gaps at the mean reflect a combination of nonsignificant differences at the upper end and much larger gaps at the lowest end of the
distribution of homeowners.
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Alternative Measures of Homeownership Gaps Across
Segregated Neighborhoods

1. Introduction
The dramatic rise in the U.S. homeownership rate from 64% in 1996 to almost
70% in 2005 has prompted increased attention to the relation between homeownership
and demographic characteristics of households. The homeownership gap between white
non-hispanic and minority households narrowed during this period. Special government
efforts such as the American Dream Downpayment Act of 2003 may have an additional
effect on these differences. The recent sharp decline in subprime lending will likely
result in further changes in homeownership gaps.
Discussion of homeownership gaps has evolved over time and become highly
stylized in the literature. First simple mean homeownership rates of different groups are
compared. Second mean homeownership rates at various quintiles of the distribution of a
single characteristic such as income or age are analyzed.1 Third differences in the
conditional mean homeownership rate adjusted for determinants of homeownership other
than ethnicity are compared. In essence a tenure-choice equation is estimated with the
size and significance of dummy variables for minority status providing the basis for
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See particularly the approach in Christopher E. Herbert and Bulbul Kaul, “The Distribution of
Homeownership Gains During the 1990’s Across Neighborhoods,” January 2005, U.S. Dept of HUD,
Report. Based on their of the related literature, the authors conclude that differences in income, wealth,
marital status, and age of the household are found to account for between 15 and 20 percentage points out
of the total racial gap of roughly 25 percentage points.
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measuring gaps.2 Fourth, the Oaxaca-Blinder technique, sometimes modified because
probit models are non-linear using Fairlie’s (2005) approach3, is used to decompose
differences in the conditional mean homeownership gap into a component that is due to
differences in determinants of homeownership between white and minority groups and
differences in the conditional mean that remain even when minority homeownership is
evaluated using coefficients from a white tenure choice equation.4 Fifth, Gabriel and
Rosenthal (2005) have modified the Oaxaca-Blinder technique to decompose changes in
homeownership gaps over time into one component due to changes in household
characteristics and another due to structural parameter changes. Sixth, dynamic
homeownership changes have been traced in studies that evaluate homeownership
differentials over the life cycle.5
These six approaches have all proved very useful in advancing the understanding
of the homeownership gap but all are based on differences at the mean or the conditional
mean of the households being studied. While findings differ slightly, studies conducted
using techniques three, four, and five generally conclude that 65-80% of the
homeownership gap between white and black households is due to differences in
endowments (income and wealth) and household characteristics (age, marital status, etc).
Overall, the current state of the homeownership gap literature appears similar to
the male-female or white-minority wage gap literature, before recent advances in
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The pioneering studies using this technique are Kain and Quigley (1972), and Roistacher and Goodman
(1976).
3
More recently, Yun (2007) has proposed an extension of the Oaxaca decomposition using generalized
residuals that can be implemented for linear or non-linear estimation techniques in the presence of
endogeneity. Presumably this extension will be applied in the homeownership literature soon.
4
See, for example, Coulson (1999), Painter, Gabriel and Myers (2001), Wachter and Megbolugbe (1992),
Myers and Chung (1996)
5
See, for example, the application of this technique in Myers, and Lee (1998), Myers, Megbolugbe, and
Lee (1998), and Myers, Painter, Yu, Ryu, and Wei, (2005).
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technique. Labor economists have begun using quantile regression to identify the
differences in the conditional mean of wage rates at different points in the distribution of
wages for employed male and female workers. Presumably, this displays the wage gap
for workers with different levels of human capital. Then they apply a technique proposed
by Machado and Mata (2005) which essentially performs an Oaxaca-Blinder
decomposition across the entire wage distribution and partitions the wage gap into a
component due to differences in endowments evaluated based on the male return to
human capital and an unexplained wage gap between males and females. The results
obtained using the Machado-Mata technique rather than Oaxaca-Blinder decomposition
for measuring wage gaps have been dramatic and led to the “glass ceiling” finding that
small differences at the mean often conceal very large differences at the upper end of the
wage distribution.6 Specifically, studies find that the male-female wage gap in some
countries is negligible at the lower end of the wage distribution and rises exponentially in
the highest quintile resulting in a “glass ceiling” effect on the highest skilled women.7
The goal of this research is to apply the Machado-Mata technique to the
measurement of homeownership gaps. The principle challenge in this effort is that
homeownership is a binary variable while wages and income are continuous – or at least
they are continuous conditional on employment. The requirement that the dependent
variable be continuous, forces some changes in the structure of the test conducted here.
Specifically, the dependent variable is the fraction owner-occupants in highly segregated
census block groups (CBG). The fraction owner-occupants is continuous and confining
6

Applications of the Machado-Mata technique include studies that explain wage (Albrecht et al. 2003, and
Arulampalam et al. 2007), income (Nguyen et al. 2007) and housing price (McMillen 2007) differentials.
7
The male-female wage gap is relatively uniform for the U.S. but, for some European countries such as
Sweden, it is negligible at the lower end and very large at the upper end of the wage distribution giving rise
to what has been termed the “glass ceiling” effect on the most skilled women.
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the analysis to highly segregated CBGs, where the percentage white is either near to
100% or close to zero, allows us to characterize areas as essentially white or non-white.
Working with highly segregated CBGs thus allows us to apply the Machado-Mata
techniques to the homeownership gap question. Changing from probit estimates of
individual tenure-choice decisions to OLS estimates of the fraction owner-occupied from
CBGs has two principle effects on the test for homeownership gaps. First, a fraction of
the population is excluded from the test data because they do not live in highly
segregated CBGs. Second, the average characteristics of CBGs are used as arguments of
the tenure choice equation rather than individual characteristics.
Given that the test proposed here for CBGs appears to differ substantially from
tests using individual tenure-choice models, the first task will be to determine if the
approach using segregated CBGs produces results comparable to the individual tenure
choice models. This is done by testing to see if analysis of homeownership gaps using
the GBG data on fraction owner-occupied produces estimates of the explained and
unexplained gap using a standard Oaxaca-Blinder decomposition that are similar to the
results found in the literature using individual tenure data and probit models. The results
of this test for the size and decomposition of the white-minority homeownership gap are
roughly comparable to those from the current literature using individual tenure-choice
models.
Having reproduced results obtained elsewhere for the nature of the
homeownership gap using the CBG data, the next step is to study the distribution of these
gaps by estimating quantile regressions and implementing a Machado-Mata
decomposition to determine if the gap found at the conditional mean of the sample is
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representative of the homeownership gap throughout the distribution. As expected based
on the wage gap literature, the conditional homeownership gap varies dramatically across
the distribution of census blocks which differ in the probability of homeownership.
Specifically, differences in the unexplained portion of the conditional homeownership
gap are large and positive at the lower end of the homeownership distribution, and the
unexplained gap disappears entirely at the upper end of the distribution. Accordingly, it
appears that further investigation into and policy directed toward the white-black
homeownership gap should be directed toward those areas where the overall likelihood of
homeownership is lowest.
The rest of this paper is organized as follows. The next section introduces the
definition of segregated areas, provides details about the data, and shows standard
Oaxaca-Blinder mean decompositions. The third section computes the distribution of
homeownership rates across white and minority CBGs and estimates the unconditional
and conditional homeownership gap throughout the distribution. The last section
concludes.

2. Data and Measurement Issues
The first step in analyzing differences in tenure rates between segregated
communities is to provide a criterion for identifying a racially segregated neighborhood.
While there may be several ways to define such an area, a simple rule is adopted here.
“white” neighborhoods are CBGs 8 where the share of white population is above a

8

The US 2000 Census divides the country in about 210,000 CBGs. A CBG is the smallest geographical
area available for which a large set of demographic and income characteristics are available to the public.
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threshold R, where 0<R<1.9 Similarly “non-white” neighborhoods are CBGs where the
share of white population is below 1-R. The focus here is on medium and large urban
areas. Thus, data from all CBGs in Metropolitan Statistical Areas (MSA) that have at
least 100 thousand residents was used to identify segregated areas.10
Clearly, the characteristics of segregated areas depend upon the chosen threshold.
For high values of R, however, the average homeownership rate in segregated areas does
not vary significantly as this threshold changes. For instance, Table 1 contains descriptive
statistics of white and non-white areas for three different (high) choices of R. The first,
second, and third pair of columns show characteristics of white and non-white
neighborhoods when the threshold R equals 0.95, 0.97, and 0.97, respectively.11 In all
specifications, the (simple) average homeownership rate in white CBGs is about 82
percent while in non-white CBGs it is close to 48 percent. In addition, notice that the
population-weighted mean homeownership rates are also invariant to the choice of R and
that these are very close to the simple averages.
[Insert Table 1]
As the threshold rises, the number of CBGs and the population in the sample decrease
significantly. For example, if R increases from 0.95 to 0.99, the sample of white CBGs is
reduced by almost 75 percent. This provides an incentive to pick a low threshold. It is
possible, however, that low values of R may not accurately describe a segregated

9

“whites” are defined as non-hispanic white individuals; based on the variable P7.3 from the US Census.
There are 161,560 CBGs in these selected areas.
11
Areas where homeownership rates were missing were dropped (in other words, areas with no population
were excluded).
10
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neighborhood. For this reason, the intermediate threshold of 0.97 is chosen.12 Using this
definition, there are 17,520 white and 12,017 minority CBGs, respectively.
Differences in homeownership between the segregated CBGs in this sample can
now be analyzed and compared to the entire population. The average homeownership
rate in the segregated white neighborhoods is about 34 percentage points higher than in
the non-white CBGs. This estimate is somewhat larger than the 25 percentage point
homeownership gap reported in studies using individual household data.13
Research has documented that homeownership gaps are largely explained by
differences in the economic circumstances and structure of households. Typically, tenure
choice equations have been estimated that incorporate several economic and household
type controls, and it has been established that differences in endowments and household
structure account for a large portion of the gap.14
The extent to which other characteristics of the neighborhoods explain the mean
homeownership gap can be explored. The previous literature provides guidance for
identifing the set of controls included in the specification. In particular, tenure choice
equations in previous studies have included independent variables such as age, marital
status, income and wealth, education, and immigration status.15 Descriptive statistics for
both white and non-white areas used in this study are found in Table 2.

12

The main results of the paper, however, are similar regardless of this choice.
For example, see Coulston (1999), Painter, Gabriel and Myers (2001), Deng, Ross, and Wachter (2003),
and Gabriel and Rosenthal (2005), among others. Notice, however that our estimate of the gap is not fully
comparable with the previous literature for several reasons. First, rather than using individual level surveys,
this analysis relies on aggregate data. More importantly, the sample of CBGs is not representative of the US
population because of the ad-hoc definitions of white and non-white areas.
14
Haurin, Hebert, and Rosenthal (2007) make a comprehensive survey of the related literature. They report
that differences in income, wealth, marital status, and age of the household are found to account for
between 15 and 20 percentage points out of the total racial gap of roughly 25 percentage points.
15
See, for example, Coulson (1999), Painter, Gabriel and Myers (2001), Wachter and Megbolugbe (2002),
and Gabriel and Rosenthal (2005).
13
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White neighborhoods are less dense than non-white neighborhoods. For instance,
the mean population density of a white CBG is about one ninth that of its counterpart in a
non-white neighborhood. There are also important differences in income and
employment indicators between white and non-white areas. For example, the mean of the
median household incomes in white CBGs is more than twice as large as the mean of the
median incomes in non-white CBGs. Furthermore, the mean unemployment rate is
almost five times lower in white neighborhoods. Finally, it seems that white areas tend to
have a higher proportion of people older than 65.
[Insert Table 2]
To explore how the characteristics of neighborhoods “affect” mean
homeownership rates a linear model is used. The dependent variable is the aggregate
homeownership rate in each CBG, and the explanatory variables include those described
in Table 2. Table 3 contains estimation results.
[Insert Table 3]
The first three columns in Table 3 show estimates of pooled regressions that use
all CBGs in white and non-white areas. In the first column, the set of explanatory
variables includes only demographic characteristics. The second and third specifications
include variables that explain economic and migration status, respectively. In all
equations most of the coefficients are significant and have the expected sign. For
example, areas with a higher share of married individuals and family households have
larger homeownership rates. In addition, household income is positively correlated with
homeownership rate, and areas with large shares of high school dropouts have lower
ownership rates.

9

The variable “white” equals one if the CBG is a white neighborhood and
measures the unexplained portion of the conditional mean homeownership gap. As with
studies using individual household data, the unexplained portion of the gap decreases as
relevant explanatory variables are added. Indeed, once the full set of controls is included,
the conditional mean gap virtually disappears. This result is consistent with other findings
in the literature using individual tenure choice equations and suggests that the
unexplained portion of the homeownership gap is very small.
The pooled regressions shown on Table 3 assume that the marginal effects of
neighborhood characteristics on homeownership are the same in white and non-white
neighborhoods. In the fourth and fifth columns this assumption is relaxed and separate
regressions for each group are estimated. The Oaxaca-Blinder decomposition is then
used to estimate the unexplained portion of the homeownership gap. That is, the
estimated coefficients in column (4) are used to predict the mean homeownership rate
that would prevail in white areas if they had average non-white endowments and
household structure. The predicted rate is 0.56 and suggests that differences in
endowments and household characteristics can explain a large portion, 0.78 = (0.82 0.56)/0.34), of the mean differences in homeownership rates between white and nonwhite CBGs. This result is within the 65-80% range reported in a recent literature
review of Oaxaca-Blinder studies of tenure choice equations by Haurin, Hebert, and
Rosenthal (2005). This demonstrates that the difference between the simple mean of a
homeownership gap and the same gap measured using an Oaxaca-Blinder decomposition
of a tenure choice equation based on individual household data is similar to the difference
between the mean homeownership gap and an Oaxaca-Blinder decomposition with the
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CBG data used in this study. Accordingly, it appears that this examination of the
uniformity of the homeownership gap across the distribution of gaps using the CBG data
provides useful information about the general issue of the distribution of the
homeownership gap in the literature using individual tenure choice models.

3. Differences in the Distribution of Homeownership Gaps
The previous section used CBG data to construct measures of the homeownership
gap based on the mean, or the conditional mean adjusted using an Oaxaca-Blinder
decomposition. With all this as background, it is appropriate to begin the promised
innovation in this study, the determination and decomposition of the distribution of the
homeownership gap.
Unconditional differences 16
Figure 1 displays the distribution of homeownership rates across CBGs for both
white and non-white neighborhoods. Note that, in the bottom 10 percent of white
neighborhoods homeownership rates are below 63 percent, while in the bottom 10
percent of non-white CBG homeownership rates are below 8 percent. Thus, the
homeownership rate gap at the 10th percentile is 55 percentage points. Figure 2 displays
the corresponding gap at each percentile of these distributions. Interestingly, the gap
reaches its maximum at about the 10th percentile and decreases monotonically at a
constant rate across the higher percentiles. For instance, it decreases to 36, 21 and 13
percentage points at the 50th, 75th, and 90th percentiles, respectively.

16

McMillen and Singell (2007) use a similar approach to compare changes in the distribution of districtlevel real expenditures per student and class sizes over time.
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[Insert Figure 1]
[Insert Figure 2]

These findings suggest that a large portion of the average racial homeownership
gap between segregated neighborhoods is driven by differences in CBGs at the left tail of
the distributions.17
Figure 2 measures the unconditional homeownership gap. To assess what fraction
of the gap can be explained by differences in endowments across these segregated areas,
quantile regressions are used.
Quantile regressions
Quantile regressions can be used to assess what fraction of the homeownership
gap observed in Figure 2 remains after adjusting for the effects of differences in
endowments across these segregated areas. Quantile regression is a method to estimate
the conditional quantile of a variable. Traditional quantile regression models assume that
the conditional quantile of a random variable y is linear in the regressors X
Qθ [y|X] = Xδθ ,

(1)

where Qθ [y|X] is the θth conditional quantile of y, and the coefficients δθ measure the
effects of the covariates at the θth conditional quantile.18 Estimation of the quantile
parameters, the δθ , is performed as the solution to
17

One may argue that the estimated gap displayed in Figure 2, does not take into consideration the
population of each CBG. For instance, if the population of whites and non-white areas was not uniformly
distributed across their CBGs, Figure 2 may be an inaccurate representation of the overall homeownership
gap between these two groups. To assess if this is the case, a population-adjusted homeownership gap was
computed as follows. For both white and non-white areas, CBGs were ranked according to their
homeownership rate and the cumulative share of the population who reside in them was computed. Then a
population-adjusted homeownership gap was computed and compared with the one displayed in Figure 2.
No significant differences were found. For details, please contact either author.
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arg min{
δθ

∑θ | y

i: yi > X i δ θ

i

− X iδ θ | +

∑ (1 − θ ) | y

i: y i ≤ X i δ θ

i

− X iδ θ |}.

(2)

Quantile regression models were introduced by Koenker and Basset (1978). There
have been many applications of quantile regression models in the literature including
recent studies such as McMillen and Thorsnes (2007), Nguyen et al. (2007), Albrecht,
Bjorklund and Vroman (2003), Bassett and Chen (2001), and Gyourko and Tracy (1999).
Buchinsky (1998) and Koenker and Hallock (2001) present useful surveys.
The main advantage of the quantile regression model is that each point (quantile)
of a conditional distribution can be characterized. More importantly, a set of quantile
regressions can provide a more complete description of the underlying conditional
distribution compared to other mean-based estimators (for example, OLS). For this
reason, these models are particularly useful when the conditional distribution does not
have a “standard” symmetric shape as suggested by the distribution of homeownership
gaps displayed in Figure 1.
The form of the estimated quantile regressions is:
Qθ [y|Z,W] = αθ + βθ W + Zγθ ,

(3)

where y is the homeownership rate, W is an indicator for a white neighborhood, Z is a
vector of neighborhood characteristics described in Table 2, and Qθ [y|Z,W] is the θth
conditional quantile of y. The estimated coefficients γθ measure the effects of the
neighborhood’s characteristics at the θth conditional quantile and estimates of the
parameter βθ represent the homeownership gap at the corresponding quantile.
Table 4 contains estimates of βθ for different quantiles and specifications of the
homeownership equation. Each column represents a particular quantile and each row a
18

A detailed introduction to quantile regression models can be found in Koenker (2005).
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different specification. The first row of this table includes only a constant term in
addition to the “white” indicator W. In the second row, several demographic variables
have been added to the previous basic specification. The third, fourth, and fifth rows
incorporate education, income, and immigration variables, respectively.
[Insert Table 4]
The estimates of βθ in the first row are, by construction, equivalent to those
depicted in Figure 1. This coefficient decreases significantly for every quantile as
explanatory variables are added. For example, it diminishes from 0.36 to 0.042 for the
median case (θ=0.5) suggesting that the median homeownership gap between white and
non-white CBGs can be almost fully explained by differences in their observed
characteristics. The gap also disappears for higher quantiles as the set of controls
increases. However, there remains a sizable and statistically significant difference at the
left tail of the distribution. Presumably this reflects the effects of factors other than the
measured differences in endowments used as explanatory variables in this study.
Table 5 displays estimates of every coefficient in equation (2). Notice that at
every quantile the sign of the parameters is similar to the OLS estimates. In particular, the
estimates for the median regression are remarkably close suggesting that there may be
little difference between the (pooled) conditional mean and conditional median
homeownership rate.
[Insert Table 5]
So far, the discussion has assumed that the relationship between homeownership
rates and CBG characteristics is the same in both white and non-white neighborhoods so
that the conditional difference was captured by the estimated coefficient of the white
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dummy variable. To test for heterogeneous effects, separate quantile regressions are
estimated for each group and results are shown in Table 6. Clearly, there are important
differences. For example, at every considered quantile, the share of married households
in a CBG “explains” a larger portion of homeownership rates in non-white
neighborhoods. In addition, the coefficient on income in the white areas is significantly
smaller than in the non-white counterparts. The share of population that does not speak
English well has a positive (and large) association with homeownership rates in nonwhite neighborhoods.19
[Insert Table 6]
Because all the quantile coefficients differ between white and non-white areas, the
estimates of βθ in equation (2) are sum of two different effects, one due to unexplained
differences associated with race and the other due to differences in the effects of
endowments on homeownership. Put, another way, this is the same issue that prompted
use of the Oaxaca-Blinder decomposition in studies of differences in the conditional
mean. To address this problem in the case of comparisons across the distribution, the
decomposition suggested by Machado and Mata (2005) is employed.
Machado-Mata Decomposition
The Machado-Mata decomposition is used here to identify the fraction of the
homeownership gap that remains unexplained at several quantiles of the homeownership
distribution. This decomposition is based on quantile regression techniques and is similar
in spirit to the Oaxaca-Blinder technique (e.g., Oaxaca 1973) which identifies the sources
of the differences between the means of two distributions. The advantage of the
19

It may be that the foreign language effect distinguishes among groups within the non-white community,
in particular, identifying immigrant communities.
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Machado-Mata method is that it allows us to evaluate the sources of the differences
between the white and the non-white homeownership distributions at each quantile.
As noted above, applications of the Machado-Mata technique include studies that
explain wage (Albrecht et al. 2003, and Arulampalam et al. 2007), income (Nguyen et al.
2007) and housing price (McMillen 2007) differentials. The method generates a
counterfactual distribution, for example, the distribution of homeownership rates in white
neighborhoods if they had the observed characteristics of non-white areas, and compares
it with the actual distribution, that is, with the observed distribution of homeownership
rates in non-white areas. The differences between the counterfactual and the actual
distribution may be computed at every quantile and used to identify the fraction of the
homeownership gap that cannot be explained by differences in endowments.
Application of the Machado-Mata decomposition to the homeownership gap
measurement problem proceeds as follows. Define ZW and ZNW as the observed
characteristics of white and non-white CBGs, respectively. Furthermore, let γWθ be the
coefficient of the θth conditional quantile regression of homeownership rates in white
neighborhoods; that is, Qθ [yW|ZW]= ZW γWθ. The counterfactual distribution is generated
as follows:
1. Pick n equally spaced quantiles {θi*}, i=1,..,n; for example:
{θi*}={0.01,0.02,…,0.99}.
2. Use the sample of white neighborhoods to estimate γWθ i *, i=1,..n.
3. For each quantile, randomly select M draws (with replacement) from the nonwhite sample denoted zNWij , where i=1,..n, and j=1,...M.
4. Compute the counterfactual as {y ij*= zNWij γWθ i}, i=1,..n, j=1,...M.

16

The decomposition can be done for any quantile as follows. Let Qθ [yW], Qθ [yNW],
and Qθ [y*] be the θth quantile of the white, non-white, and counterfactual distributions,
respectively. Then,
Qθ [yW] - Qθ [yNW ]

= (Qθ [yW] - Qθ [y*]) + (Qθ [y*] - Qθ [yNW])

The first term in parenthesis is the component of the gap that can be explained by
differences in endowments. The second term measures the “unexplained” portion of the
homeownership gap. Albrecht et al. (2006) have shown that the decomposition is
consistent and asymptotically normal.
The Machado-Mata method is used to estimate Qθ [y*], the counterfactual
distribution of homeownership rates that would exist if white neighborhoods had nonwhite endowments. All the variables previously considered in the OLS and quantile
models are included. The predicted mean homeownership rate of this counterfactual
distribution is close to 0.62 which is 6 percentage points higher than the one obtained
using the Oaxaca-Blinder decomposition (0.56). The differences in these estimates can be
explained by the assumptions of the two methods. For instance, the traditional OaxacaBlinder decomposition assumes that the conditional expectation is linear. On the other
hand, the Machado-Mata method makes no explicit assumption about the functional form
of the conditional expectation but assumes that the conditional quantiles are linear,
instead. The choice of either method depends on the assumptions that the researcher is
willing to make. Given the shape of the homeownership gap illustrated in Figure 2,
quantile decompositions are more appropriate to estimate a decomposition of the
homeownership gap.

17

The estimated Qθ [y*] is used to compute the difference between the
counterfactual distribution of homeownership rates that would prevail if white
neighborhoods had non-white endowments and the actual distribution on homeownership
rates in non-white areas. That is, a measure of Qθ [y*] - Qθ [yNW] is estimated. This is the
“unexplained” homeownership gap at each quantile of the distribution.
[Insert Figure 3]
The results are illustrated in Figure 3 and suggest that the unexplained portion of
the gap is much larger at the left tail of the distribution. For instance, unexplained factors
account for about 25 percentage points or about 48 percent of the total gap at the 10th
percentile of the distribution. As higher percentiles are reached, the unexplained portion
of the homeownership gap decreases steadily and represents about 40 and 25 percent of
the total gap at the 50th and 75th percentile, respectively. Indeed, at the 75th percentile, the
unexplained gap is no longer statistically different from zero.

4. Summary and Conclusions
The premise of this paper is that current approaches to the analysis of
homeownership gaps at the conditional mean could benefit from disaggregation to
consider the distribution of gaps. This was motivated by analogy with the literature on
wage and earnings gaps where differences at the mean have been shown to conceal very
different pattern of differences across the wage and earnings distribution. The techniques
proposed here should be differentiated from the current practice of analyzing differences
in the gap across the distribution of some independent variables like income, education,
or age reflecting differences in endowments or household characteristics. The advantage
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of using quantile regression and the Machado-Mata method is that they expose
differences in the gap across the distribution of the dependent variable itself.
In analogy with various tests of the mean gap, dummy variable in a tenure choice
equation, and the Oaxaca-Blinder decomposition, alternative approaches including
descriptive measures of the distribution of the gap, quantile regression, and the MachadoMata decomposition to study the distribution of the homeownership gap are considered.
Because this must be done with a continuous variable, a test based on the fraction of
homeowners in segregated CBGs was devised. The qualitative results are consistent with
the literature, although the simple descriptive gap is larger for the measure used here.
However, the effect on the conditional mean of the endowment variables is comparable to
that found in the tenure choice equation literature. Furthermore, there is a substantial
gain in insight provided because it is clear that the homeownership gap arises primarily at
the lower end of the distribution. Indeed, the unexplained portion of the homeownership
gap at the upper end of the distribution, once adjusted by the Machado-Mata
decomposition, is non-significant while that at the lower end of the distribution is
statistically significant and substantial.
Given that the product of homeownership gap analysis is either a further research
challenge to find omitted variables that explain the unexplained portion of the gap or to
identify policies that can act selectively and efficiency to close the gap, there should be a
priority on correct decomposition of the problem into a portion explained by endowments
and an unexplained portion. Analysis of the distribution of the unexplained gap should
help in both the research and policy tasks. For researchers, it points the way to potential
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omitted variables and to policy makers it indicates areas where the justification for action
may be greatest.
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Table 1
Homeownership rate in segregated neighborhoods*
(1)
White Non-white
Mean rate (unweighted)a
b

Mean rate (population-weighted)
Number CBGs
Total population (millions)

(2)
White Non-white

(3)
White Non-white

0.823

0.476

0.827

0.483

0.828

0.485

0.832

0.469

0.836

0.481

0.838

0.493

28,495
35.7

14,900
18.4

17,520
20.6

12,017
14.3

7,650
8.4

6,647
6.6

Note (*): A segregated "white neighborhood" is defined as a Census Block Group (CBG) where the share of white population exceeds
0.95, 0.97, and 0.99 in (1), (2), and (3), respectively. Accordingly, a "non-white" neighborhood is a CBG
where the share of white population is below 0.05, 0.03, and 0.01 in (1), (2), and (3), respectively.
a

Mean rates are average homeownership rates in each group of CBGs.

b

Mean rates weighted by the total population of each CBG.

Table 2: Descriptive Statistics (mean and standard deviation)
All CBG

Variables
HO rate : Number of owner-occupied housing
units divided by the total occupied units in
Census Block Group (CBG).
White : Equals one if CBG's share of white
population is above 0.97.

"White"
CBG

"NonWhite"
CBG

0.687

0.827

0.483

(0.268)

(0.147)

(0.274)

0.593
(0.491)

Density : Population density (total population per
hectare).
Older 65 : Share of population older than 65.
Family : Share of family households.
Married : Proportion of population (15 and
older) who is married.

33.062

8.387

69.068

(71.970)

(15.237)

(101.069)

0.145

0.167

0.113

(0.107)

(0.120)

(0.074)

0.733

0.732

0.736

(0.131)

(0.126)

(0.138)

0.543

0.632

0.413

(0.156)

(0.101)

(0.129)

HS dropout : Share of population (25 and older)
that does not have a Highschool diploma.
Median income : Median household income in
CBG ($ thousands) in 1999.

0.253

0.141

0.418

(0.190)

(0.098)

(0.170)

41.563

53.084

24.752

(23.849)

(22.757)

(12.912)

Unemployment rate : Share of population (16
and older) in the labor force that are unemployed.
Bad english : Share of population (between 18
and 64 years old) that does not speak English
well.
Nobs : Number of observations (CBG) *

0.090

0.038

0.165

(0.097)

(0.039)

(0.105)

0.072

0.004

0.171

(0.162)

(0.012)

(0.219)

29,469

17,486

11,983

Note: * We drop a few CBGs with missing values from our sample. Thus, the number of CBGs shown in
this Table is slightly smaller than the ones on Table 1.

Table 3: Determinants of mean homeownership rates
(1)
Pooled

Independent Variables
Constant

x

-0.034 ***
(0.010)

White

0.146 ***
(0.004)

Density

x

-0.001 ***
(0.000)

Older 65

0.381 ***
(0.014)

Family

0.458 ***
(0.016)

Married

0.517 ***
(0.017)

HS dropout

(2)
Pooled
-0.450 ***
(0.039)

0.020 ***
(0.005)

-0.001 ***
(0.000)

0.400 ***
(0.014)

0.435 ***
(0.016)

0.449 ***
(0.017)

-0.304 ***
(0.011)

Log median household income x

0.060 ***
(0.004)

Unemployment rate

x

-0.075 ***
(0.022)

Bad english

Observations
R-squared

(3)
Pooled
-0.516 ***
(0.040)

29,469
0.683

-0.674 ***
(0.052)

(5)
Non-white
-0.837 ***
(0.055)

0.034 ***
(0.005)

-0.001 ***
(0.000)

0.408 ***
(0.014)

0.436 ***
(0.016)

0.388 ***
(0.019)

-0.328 ***
(0.012)

0.068 ***
(0.004)

-0.079 ***
(0.022)

0.095 ***

29,469
0.635

(4)
White

-0.001 ***
(0.000)

0.255 ***
(0.014)

0.529 ***
(0.023)

0.203 ***
(0.028)

-0.034 **
(0.017)

0.089 ***

-0.001 ***
(0.000)

1.178 ***
(0.042)

0.518 ***
(0.024)

0.510 ***
(0.028)

-0.454 ***
(0.015)

0.083 ***

(0.005)

(0.006)

0.028

0.020

(0.048)

(0.025)

-0.454 ***

0.126 ***

(0.012)

(0.097)

(0.016)

29,469
0.684

17,486
0.487

11,983
0.544

Note: The dependent variable in each OLS regression is the homeownership rate in a CBG. Definitions and descriptive statistics of the
explanatory variables are found on Table 2. Standard errors are in parenthesis. *, **, and *** denote significance at the 10, 5, and 1
percent level, respectively.

Table 4: Quantile regression estimates of the racial homeownership gap

Independent Variables Included
in the Equation
Constant

(10)
x

0.561 ***
(0.005)

Constant and Basic Demographics
(Density, Older 65, Family,
Married)

0.313 ***
(0.006)

Constant, Basic Demographics,
and Education (High School
Dropouts)

x

0.171 ***
(0.006)

Constant, Basic Demographics,
Education, and Income (Median
H. income, Unemployment)

0.163 ***
(0.006)

Constant, Basic Demographics,
Education, Income, and
Immigration (Bad English)

x

0.148 ***
(0.006)

Quantile regression (percentile)
(25)
(50)
(75)
0.509 ***
(0.003)

0.218 ***
(0.004)

0.093 ***
(0.004)

0.079 ***
(0.004)

0.075 ***
(0.004)

0.362 ***
(0.002)

0.115 ***
(0.003)

0.031 ***
(0.003)

0.016 ***
(0.003)

0.042 ***
(0.003)

0.211 ***
(0.002)

0.077 ***

(90)
0.133 ***
(0.002)

0.065 ***

(0.003)

(0.003)

0.005

0.005

(0.003)

(0.004)

-0.014 ***
(0.003)

0.025 ***
(0.003)

-0.016 ***
(0.004)

0.011 ***
(0.004)

Note: The Table displays estimates for the parameter "beta" in equation (3) for several specifications and quantiles. The
dependent variable in each quantile regression is the homeownership rate in a CBG. Each column represents a particular
quantile and each row a different specification. The number of observations in each equation is 29,469. Standard errors are in
parenthesis. *, **, and *** denote significance at the 10, 5, and 1 percent level, respectively.

Table 5: Determinants of homeownership rates: quantile regression estimates
(pooled sample)
Independent Variables
(10)
Constant

x

-0.800 ***
(0.058)

White

0.148 ***
(0.006)

Density

x

-0.001 ***
(0.000)

Older 65

0.288 ***
(0.020)

Family

0.568 ***
(0.021)

Married

0.489 ***
(0.024)

HS dropout

-0.249 ***
(0.015)

Log median income

x

0.059 ***
(0.006)

Unemployment rate

x

-0.143 ***
(0.025)

Bad english

-0.187 ***
(0.013)

Quantile regression (percentile)
(25)
(50)
(75)
-0.519 ***
(0.034)

0.075 ***
(0.004)

-0.001 ***
(0.000)

0.344 ***
(0.012)

0.535 ***
(0.011)

0.458 ***
(0.013)

-0.323 ***
(0.009)

0.050 ***
(0.003)

-0.184 ***
(0.015)

-0.044 ***
(0.008)

-0.350 ***
(0.025)

0.042 ***
(0.003)

-0.001 ***
(0.000)

0.374 ***
(0.008)

0.479 ***
(0.009)

0.343 ***
(0.010)

-0.308 ***
(0.007)

0.053 ***
(0.002)

-0.167 ***
(0.012)

0.170 ***
(0.007)

-0.330 ***
(0.023)

0.025 ***
(0.003)

-0.001 ***
(0.000)

0.357 ***
(0.008)

0.374 ***
(0.008)

0.225 ***
(0.010)

-0.205 ***
(0.007)

0.071 ***
(0.002)

-0.101 ***
(0.012)

0.192 ***
(0.007)

(90)
-0.204 ***
(0.026)

0.011 ***
(0.004)

-0.001 ***
(0.000)

0.286 ***
(0.009)

0.246 ***
(0.010)

0.136 ***
(0.012)

-0.148 ***
(0.008)

0.078 ***
(0.003)

-0.054 ***
(0.013)

0.169 ***
(0.008)

Note: The dependent variable in each quantile regression is the homeownership rate in a CBG. Definitions and
descriptive statistics of the explanatory variables are found on Table 2. The number of observations in each equation is
29,469. Standard errors are in parenthesis. *, **, and *** denote significance at the 10, 5, and 1 percent level,
respectively.

Table 6: Determinants of homeownership rates: quantile regression estimates in white and nonwhite CBGs

Independent Variables

Constant

x

Quantile regression (percentile)
(25)
(50)
White
Non-white
White
Non-white

White

-0.578 ***

-0.244 ***

(0.044)

Density

x

-0.001 ***
(0.000)

Older 65

0.240 ***
(0.010)

Family

0.705 ***
(0.015)

Married

0.254 ***
(0.017)

HS dropout

-0.080 ***
(0.014)

Log median income
Unemployment rate
Bad english

Observations

x
x

0.061 ***

-1.087 ***
(0.070)

-0.001 ***
(0.000)

1.442 ***
(0.045)

0.609 ***
(0.025)

0.542 ***
(0.029)

-0.489 ***
(0.018)

0.087 ***

(0.004)

(0.007)

0.026

0.012

(0.027)

(0.029)

-0.476 ***

0.085 ***

-0.451 ***
(0.031)

-0.001 ***
(0.000)

0.257 ***
(0.007)

0.537 ***
(0.010)

0.188 ***
(0.012)

-0.062 ***
(0.010)

0.069 ***
(0.003)

0.050 **
(0.020)

-0.297 ***

-0.958 ***
(0.055)

-0.001 ***
(0.000)

1.298 ***
(0.031)

0.565 ***
(0.019)

0.596 ***
(0.023)

-0.484 ***
(0.014)

0.089 ***

(0.026)

0.000 **
(0.000)

0.232 ***
(0.007)

0.354 ***
(0.010)

0.118 ***
(0.011)

-0.050 ***
(0.009)

0.072 ***

(0.006)

(0.003)

0.007

0.009

(0.023)

(0.019)

0.141 ***

(75)
Non-white

-0.145 ***

-0.753 ***
(0.057)

-0.001 ***
(0.000)

1.082 ***
(0.030)

0.497 ***
(0.021)

0.550 ***
(0.025)

-0.395 ***
(0.014)

0.085 ***
(0.006)

0.052 **
(0.023)

0.155 ***

(0.083)

(0.017)

(0.060)

(0.014)

(0.052)

(0.015)

17,486

11,983

17,486

11,983

17,486

11,983

Note: The dependent variable in each quantile regression is the homeownership rate in a CBG. Definitions and descriptive statistics of the
explanatory variables are found on Table 2. Standard errors are in parenthesis. *, **, and *** denote significance at the 10, 5, and 1 percent
level, respectively.

Figure 1: Distribution of Homeownership Rates Across Racially Segregated
Census Block Groups
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Figure 2: Difference in the Distribution of Homeownership Rates Between
White and Nonwhite Neighborhoods
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Figure 3: Difference between the counterfactual distribution of
homeownership rates if white CBGs had non-white characteristics and the
actual distribution of homeownership rates in non-white areas.
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