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Many applications involve a decomposition of the mean intergroup difference in a given variable into the portion attributable to differences 
in the distribution of one or more explanatory variables and that due to differences in the conditional expectation function. This article 
notes two interrelated reasons why the Blinder-Oaxaca (B-O) method-the approach most commonly used in the literature-may yield 
misleading results. We suggest a natural solution that both provides a more reliable answer to the original problem and affords a 
richer examination of the sources of intergroup differences in the variable of interest. The conventional application of the B-O method 

requires a parametric assumption about the form of the conditional expectation function. Furthermore, it often uses estimates based 
on that functional form to extrapolate outside the range of the observed explanatory variables. We show that misspecification of the 
conditional expectation function is likely to result in nontrivial errors in inference regarding the portion attributable to differences in 
the distribution of explanatory variables, a problem compounded by the computation of conditional expectations outside the observed 

range of the conditioning variables. Here we propose a nonparametric alternative to the B-O method that reweights the empirical 
distribution of the outcome variable using weights that equalize the empirical distributions of the explanatory variable. We apply this 
method to the role of earnings in explaining the black-white wealth difference. The problems with the B-O method show up clearly in 
this application, because the function relating wealth to earnings is highly nonlinear (with a functional form unspecified by theory) and 
because the earnings distribution for blacks is shifted sharply to the left of that for whites. We argue that it is not possible to examine 
the hypothetical distribution of black wealth holdings conditional on the observed white earnings function. For the question that we can 
answer-the distribution of wealth for a synthetic sample of blacks and whites with comparable earnings-we find that two-thirds of 
the mean difference in wealth can appropriately be attributed to earnings. In addition, we fully characterize the distribution of white and 
black wealth conditional on earnings. 
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1. INTRODUCTION 

Recent research has found that, depending on the data 
source used, white households in the United States hold some- 
where between five and ten times the net worth of black house- 
holds (Smith 1995; Oliver and Shapiro 1995; Hurst, Luoh, and 
Stafford 1998; Wolff 1998, Davern and Fisher 2001). In con- 

trast, white households hold only twice the earnings of black 
households (Oliver and Shapiro 1995; U.S. Bureau of the Cen- 
sus 1996), suggesting that the racial wealth gap is too large 
to be explained by the income gap alone and may represent 
a distinct intellectual puzzle. Nonetheless, much recent work 
has focused on measuring how much of the gap is attributable 
to income differences (Blau and Graham 1990; Oliver and 

Shapiro 1995; Altonji, Doraszelski, and Segal 2000; Gittleman 
and Wolff 2000; Altonji and Doraszelski 2001). 

The standard approach for assessing the effect of the role of 
income on the racial wealth gap uses a decomposition based 
on parametric estimation of a wealth-earnings relationship by 
race. In this article we argue that such decompositions are 

likely to be misleading. The difficulty arises from the fact that 
the wealth-earnings relationship is nonlinear with an unknown 
functional form that is difficult to parameterize. As we dis- 
cuss in Section 2, if the standard decomposition is to yield 
valid results, then the researcher must do an adequate job 
of approximating the black and white wealth functions over 
the relevant range of earnings. In fact, however, attempts at 
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parametric estimation of this relationship are likely to yield 
inaccurate estimates of the conditional expected wealth func- 
tions over significant portions of the earnings distribution. 

In this article we propose a nonparametric alternative to the 
usual parametric decomposition of the racial wealth difference 
into the portions explained and unexplained by differences in 
earnings. Our method in effect reweights white households 
in such a way that the earnings distribution of the resul- 
tant synthetic white population is approximately coincident to 
the actual black earnings distribution. In the context of dis- 
crete data, our method coincides with standardization methods 
familiar to demographers (Kitagawa 1964). 

The exercise can be interpreted either in terms of a metric 
for the (weighted) average distance between the black and 
white wealth functions or as a simulation of the white wealth 
distribution under the counterfactual hypothesis that the white 
population has the black earnings distribution. This method 
has several advantages. First, because it does not require esti- 
mation of a conditional expected wealth function, it provides 
a robust alternative to the standard parametric decomposition 
method, avoiding problems of specification error and uncer- 
tainty of functional form. Second, along with a measure of the 
mean wealth difference conditional on earnings, the reweight- 
ing approach provides an estimate of differences at various 
points along the entire conditional wealth distribution. 

How do our substantive results compare with the results 
in the existing literature based on the Blinder-Oaxaca (B-O) 
method? The key result in the literature is that when the esti- 
mated black wealth function is used to simulate both black 
and white mean wealth, the contribution of earnings to wealth 
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inequality is relatively small-on the order of one-fifth. How- 
ever, when the simulation is carried out on the basis of the 
estimated white wealth function, earnings account for a much 
larger fraction-on the order of four-fifths (Blau and Graham 
1990; Altonji et al. 2000; Gittleman and Wolff 2000; Altonji 
and Doraszelski 2001). Using data from the Panel Study of 
Income Dynamics (PSID), we show that the parametrically 
estimated white wealth function underestimates a nonparamet- 
rically estimated conditional wealth function for whites in the 
earnings range relevant for comparison with blacks, thereby 
overestimating the contribution of earnings to the wealth gap. 
On the other hand, we show in Section 2 that there is a fun- 
damental problem with using the black wealth function to 
estimate black mean wealth given white earnings-it involves 
projecting the black conditional wealth function into regions 
of the white income distribution in which blacks are virtu- 
ally nonexistent. The nonparametric method, which simulates 
white wealth over the black earnings distribution, provides 
an answer unaffected by arbitrary specification assumptions. 
The results suggest that roughly two-thirds of the mean dif- 
ference in wealth between blacks and whites can be explained 
by differences in earnings. Nevertheless, among the middle- 
aged, 90% of black households have less wealth than the 
median white household even after controlling for the earnings 
differential. 

In Section 2 we discuss methods. We first describe the 
standard parametric method of decomposition and note the 
problems that arise in its application. We then develop a 
nonparametric technique that permits an examination of the 
distribution of an outcome variable, controlling for differ- 
ences in an explanatory variable, that is independent of func- 
tional specification. We also note that this method can be eas- 
ily extended to the case of multiple explanatory variables. In 
Section 3 we discuss the PSID data that we use to examine 
black-white differences in wealth and earnings distributions. 
In Section 4 we apply the methods of Section 2 to show that 
the mean black-white wealth gap, conditional on earnings, 
is distorted in a quantitatively important way using param- 
etric methods. We also present estimates of the conditional 
wealth gap at different points of the entire distribution of the 
wealth gap, while controlling for differences in earnings using 
the nonparametric method. We offer concluding remarks in 
Section 5. 

2. METHODS 

2.1 Generalized Blinder-Oaxaca Decomposition 

Consider an outcome variable W for two groups, denoted a 
and b. It is natural to ask how much of the difference between 
the two groups in the distribution of W is explained by dif- 
ferences in the distribution of an explanatory variable, Y. We 
identify W with net worth, Y with earnings, group a with 
whites, and group b with blacks. Throughout this section, we 
adopt the convention that capital letters indicate population 
variables and lower-case letters indicate a particular value of 
a variable. 

A standard method of assessing the extent to which the 
wealth gap can be explained by earnings differences was given 
by Blinder (1973) and Oaxaca (1973). The B-O decompo- 
sition is most often discussed in terms of regressions fitted 

to sample data. For our purposes, however, it is convenient 
to begin with a slightly more abstract discussion of the B-O 
logic, described in terms of conditional expectation functions. 
This approach does not begin with any particular presumption 
about the shape of that the conditional expectation function 
for wealth given earnings. Further, by focusing explicitly on 
the distribution of earnings for blacks and for whites, it sets 
the stage for all of the later analysis. 

Denote race as R E {a, b}. Let E[WIR, Y] be the condi- 
tional expected wealth function given race and earnings and 
let g(Y R) be the distribution of earnings conditional on race. 
The expected value of wealth for a given race is then given by 

E[WIR] = E[WIR,y]g[ylR]dy. (1) 

The B-O decomposition, which focuses on mean differences 
between groups, is thus implicitly based on (1). The method 
performs the following thought experiment. Imagine integrat- 
ing the conditional expectation of wealth for whites over the 
black earnings distribution, 

Eb[Wla] fE[Wla,y]g(ylb) dy. (2) 

With this construction in mind, the method decomposes the 
group difference in mean wealth into the portion attributable 
to differences in the earnings distribution and the portion 
attributable to differences in the conditional expectations func- 
tion. These two components are represented by the first and 
second terms in the following equality: 

E[Wla]-E[Wlb] 

= (E[Wla] - Eb[Wla]) + (Eb[Wla] - E[Wlb]) 

= fE[Wia, y](g(ya)-g(ylb))dy 

+ f(E[Wla, y]-E[WIb, y])g(yb) dy. (3) 

Note that differences in the earnings distribution are evalu- 
ated using the white conditional expectations function. Alter- 
natively, differences in the earnings distributions may be eval- 
uated using the expectations function for blacks, thereby 
focusing on the quantity 

E,[Wlb]= E[Wlb, y]g(yla) dy (4) 

and carrying out the analogous decomposition. 
Researchers typically interpret (2) and (4) in terms of coun- 

terfactuals. They regard (4) as addressing the question: "What 
would happen to the mean wealth of blacks if black earnings 
were to rise to white levels?" Likewise, they see (2) as assess- 
ing the impact on the mean wealth of whites of a hypothetical 
downward shift of white earnings to levels characteristic of 
the black population. This interpretation led Blau and Graham 
(1990) to the claim that (4) is preferable to (2) for purposes of 
forecasting and policy analysis because black earnings are in 
fact gradually "catching up" to those of the white population, 
and/or because public policy is devoted to raising the average 
earnings of blacks. 
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Because conditional expectation functions are not struc- 
tural behavioral equations invariant to the distribution of the 
explanatory variable, the regression parameters are unlikely 
to remain invariant across policy regimes. Thus interventions 
that change the distribution of earnings, g(ylb), are likely to 
also change the distribution of wealth conditional on earnings, 
E[WIb, y]. It is possible, however, to interpret the decompo- 
sitions in descriptive terms. In particular, the integral 

f(E[Wa, y] - E[Wlb, y])g(ylb) dy (5) 

can be interpreted as a weighted mean distance between the 
two groups' conditional expectation functions for wealth given 
earnings, where the weights are based on the black earn- 
ings distribution. Similarly, the decomposition based on (4) 
would have an analogous interpretation, with the weights 
given instead by the white earnings distribution. 

Figure 1 graphically illustrates (2) and (4). For illustrative 
purposes, we assume that the earnings distributions are uni- 
form between A and D for blacks and between A and F 
for whites. The two bold curves, BC and B'C'E', represent 
hypothetical conditional expected wealth functions for blacks 
and whites (with the dashed curve CE extrapolating the black 
conditional expected wealth function over the white earnings 
range). The area enclosed in ABCD divided by the distance 
AD represents the average wealth of the black population, 
whereas the area enclosed in AB'C'D divided by AD repre- 
sents the weighted average wealth of the white population, 
where the weights represent the black distribution of earnings. 
The area BB'C'C divided by the distance AD represents the 
weighted average conditional wealth gap. This quantity is the 
second term in (3). Similarly, BB'E'E divided by AF repre- 
sents the weighted average conditional wealth gap where the 
white earnings distribution is used to form the weights. 

Note that constructing BB'E'E requires the extrapolation of 
the BC curve to E. Thus, evaluating (2) involves expressions 

that are observable, whereas evaluating (4) involves consid- 
erable extrapolation. The figure suggests that using the white 
earnings distribution will lead to a somewhat larger estimate 
of the average conditional wealth function. In general, the rel- 
ative size of the two pieces in the decomposition may differ 
considerably between the version based on (2) and that based 
on (4). 

To evaluate (3), we need an estimate of the condi- 
tional expected wealth function. Typically the researcher 
approximates this function using a polynomial of fixed 
order, which we denote as m(YlOR). Define u(YIR) 
E[WIR, Y]- m(YlOR) to represent the error in the specifica- 
tion of the conditional wealth function. Noting that estima- 
tion of the parameters oR by least squares ensures E[WIR] = 

fm(ylOR)g(ylR)dy, the B-O decomposition in (3) can be 
rewritten as 

E[WIa]-E[Wb] = m(yjOa)(g(yla)-g(yJb))dy 

+ (m(yla) - m(yOb,))g(yIb) dy. (6) 

Because of specification error, the second term in (6) 
does not necessarily represent differences in the conditional 
expected wealth function. Although the average specification 
error in m(YlOb) is eliminated using least squares estima- 
tion over the black earnings distribution by the construction 

(f u(ylb)g(ylb) dy = 0), it is unlikely that it is eliminated 
for the white specification over this same range. As a result, 
the proposed counterfactual is likely to be inaccurate, that is, 
f m(yla)g(ylb) dy 7 Eb[W|a]. Depending on the nature of 
the misspecification, the researcher could either be overesti- 
mating or underestimating the counterfactual of mean white 
wealth imposing black earnings. The magnitude is an empiri- 
cal matter, but is likely to be larger the further the projection 
of the conditional expected wealth function is from the denser 
portions of the white earnings distribution (White 1980). 

E' 

White 

A D F 

Earnings 

Figure 1. Hypothetical Conditional Expected Wealth Function and Linear Regression by Race. (- conditional wealth function; ------ extrap- 
olated CWF; - linear regression line) 
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The foregoing discussion demonstrates that because of spec- 
ification error, the use of parametric techniques to study black- 
white differences in wealth is likely to lead to inaccurate 
inferences. Figure 1 makes this point more clearly. Here we 
have fit a linear regression to the hypothetical black and white 
wealth data. The solid (nonbold) lines represent predicted val- 
ues from the regression run separately by race. Whereas the 
slopes of the two conditional expected wealth functions dif- 
fer, the slopes of the regression lines differ dramatically, par- 
ticularly over the region AD. The reason for this is simple. 
The two regression lines represent the best linear prediction of 
wealth given earnings. For blacks, the fit is maximized over 
the range AD, a region where the actual conditional wealth 
function is quite flat. In contrast, for whites the fit is max- 
imized over the range AF, a range in which the conditional 
wealth function begins to steepen. 

Figure 1 makes clear the consequences of misspecification 
for the B-O decomposition. Consider first the case where the 
estimated white conditional wealth function is used to simu- 
late white wealth over the AD range of earnings. The estimated 
line tends to underestimate white wealth over this range. As a 
result, the AB'C'D area is underestimated. In contrast, the esti- 
mated black conditional wealth function correctly estimates 
the ABCD area, by definition of the least squares estimator. 
In this case, assuming m(YIOR) = aR + p,RY, (6) will attribute 
too much of the wealth gap to differences in income between 
blacks and white and too little to the true conditional wealth 
gap. On the other hand, in the case where the estimated black 
regression line is used to simulate black wealth over the white 
earnings distribution, AF, the estimated line tends to under- 
estimate black wealth at higher income levels, and the B-O 
decomposition will attribute too little of the wealth gap to dif- 
ferences in earnings and too much to differences in the true 
conditional wealth gap. 

Indeed, researchers have typically found large differences 
in the magnitude of the mean wealth gap attributable to racial 
differences in earnings depending on whether (2) or (4) is 
used in the B-O decomposition. Using a linear specification 
for m(Yl0R) along with data from the National Longitudinal 
Survey of young men and women, "differences in means 
explain 73.6 (96.6) percent of the wealth differential for mar- 
ried couples (single heads) when the white coefficients are 
used, but only about 22 percent when the black ones are 
employed," according to Blau and Graham (1990, p. 330). 
When relying on the implementation of the black coefficients 
with white earnings, these researchers concluded that earn- 
ings differences explain very little of the racial wealth gap. 
This result is consistent with the work of Altonji et al. (2000), 
Gittleman and Wolff (2000), and Altonji and Doraszelski 
(2001). 

Observations based on Figure 1 suggest that the simplest 
B-O method-approximating conditional expectations by best 
linear predictors-is likely to be misleading when the true 
conditional expectation functions are nonlinear. A natural sug- 
gestion would be to include in the regression higher-order 
terms in earnings, such as a quadratic, to capture the curva- 
ture of the true function. But unless the underlying conditional 
expectation function is truly a quadratic, the estimated func- 
tions will tend to underestimate and overestimate wealth in 

different segments of the earnings distribution. When the esti- 
mated white (black) conditional expected wealth function is 
used to approximate average white (black) wealth, the errors 
in specification cancel each other out. However, as noted ear- 
lier, there is no such presumption if the estimated white (black) 
function is used to calculate average wealth with earnings 
comparable to blacks (whites). 

2.2 A Nonparametric Method for Group Comparisons 
Independent of Functional Specification 

It is possible to avoid making any assumption about the 
functional form of the conditional expected wealth function 
in (2) by instead noting the relationship between the black 
and white earnings distribution. By Bayes's rule, g(Ylb)= 
w(Y)g(Yla), where the "weight," w(Y), is given by 

Pr(blY)/Pr(b) 
Pr(a Y)/ Pr(a) 

Thus (2) can be evaluated by 

(7) 

Eb[Wla] = w(y)E[Wla, y]g(yla) dy, (8) 

which is simply the weighted expected value of white wealth, 
where the weights reflect differences in the earnings distribu- 
tions between black and white households. 

To evaluate (8), we can simply use the empirical white 
wealth distribution, thereby avoiding a functional specifi- 
cation for E[Wla, y]. This, however, requires an estimate 
of the weighting function w(Y). As is evident, w(Y) is a 
simple transformation of the propensity score function that 
has received considerable attention in both the statistics and 
econometrics literature (Rosenbaum and Rubin 1983, 1984, 
1985; Heckman, Ichimura, and Todd 1997). The estimator 
that we are proposing involves reweighting the white wealth 
distribution using a nonparametric estimate of the propensity 
score. In recent work, Hirano, Imbens, and Ridder (2000) have 
shown that nonparametric estimates of the propensity score 
lead to fully nonparametrically efficient estimates of the quan- 
tity in question. 

In fact, the statistic of central interest in this article, (5), 
is formally identical to a parameter that has received a good 
deal of attention in the program evaluation literature, that is, 
the effect of treatment on the treated (Rubin 1977; Heckman 
and Robb 1985; Heckman et al. 1997, 1998). However, our 
interpretation of (5) is somewhat different. Although in the 
program evaluation literature the focus is on estimation of the 
causal effect of a treatment on the population treated, we are 
interested in the "effect" of being black on wealth-holding 
in the black population. We do not necessarily interpret this 
"effect" as causal in any meaningful way. At best, the resulting 
quantity may be interpreted as an estimate of the importance 
of factors other than income alone that affect racial differences 
in wealth holdings. At minimum, it is a measure of the average 
conditional (on income) wealth gap between black and white 
households. 

The analysis presented in this article differs from the litera- 
ture on using the propensity score to estimate treatment effects 
in two other dimensions. First, the literature has focused 
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almost exclusively on estimating mean effects. However, in 
addition to avoiding a functional specification for the con- 
ditional expected wealth function, the reweighting technique 
that we are proposing also allows the researcher to exam- 
ine the effect of treatment on the entire distribution of out- 
comes. Using the weighting function (7) and focusing on the 
full white wealth distribution h(Wla) = ff(Wla, y)g(yla) dy, 
where f(W a, Y) is the conditional wealth distribution given 
race and earnings, we can consider the following counterfac- 
tual wealth distribution: 

hb(Wla)- ff(Wa, y)g(ylb)dy 

= f(y)f(Wla, y)g(ya) dy, (9) 

where the last equality is simply the white wealth distribu- 
tion reweighted in such a way that the earnings distributions 
of black and white households are coincident. Whereas the 
B-O decomposition focuses on the mean counterfactual, (9) 
expresses the distributional counterfactual. 

This technique is similar to the method developed by 
DiNardo, Fortin, and Lemieux (1996) to study the effect of 
changes in unionization rates on the distribution of wages. 
These authors emphasize the value of nonparametric meth- 
ods for studying the entire distribution of wages. Similarly, 
the nonparametric approach used here permits investigation 
of the role of income in accounting for the racial wealth 
gap at multiple points along the income distribution. But 
the nonparametric approach can be important even if one is 
interested only in means; nonparametric techniques allow the 
researcher to avoid making parametric assumptions that, as we 
show later, can lead to incorrect inferences. 

In Section 4 only the white earnings distribution is 
reweighted so that it resembles the black distribution. The 
opposite counterfactual is not examined. The reason for this 
is that the empirical conditional expected wealth function for 
blacks is not observed over much of the white earnings dis- 
tribution. The range of earnings for whites far exceeds that 
of blacks. This means that there is no feasible nonparametric 
analog to the version of B-O in which the black regression is 
used to predict the earnings of hypothetical blacks with high 
earnings. Because there are relatively few very high-earning 
blacks in the population, and essentially none in our sample, it 
is not possible to speculate about the wealth-earnings relation- 
ship at high earning levels without assuming a functional form 
and extrapolating out of the observed black earnings range. 
For the reasons discussed earlier, we do not make these func- 
tional form assumptions. 

3. THE DATA 

We use the PSID to study the black-white wealth gap con- 
ditional on earnings. The PSID is a longitudinal survey that 
tracks the economic and demographic activities of approxi- 
mately 6,000 households over their life course and spans the 
period from 1968 to the present (Hill 1992). As of 1994, more 
than 60% of the original set of sample household remained in 
the study. Weights have been constructed to account for dif- 
ferential attrition as well as the initial oversampling of poor 
households and the expansion over time in the number of 

younger households in the sample. Validation studies have 
documented that analyses of the PSID yield nationally repre- 
sentative results for the nonimmigrant population when sam- 
ple weights are applied (Becketti, Gould, Lillard, and Welch 
1988; Duncan and Hill 1989). These sample weights are used 
in all analyses presented in this article. 

In 1984, 1989, and 1994, the PSID collected detailed infor- 
mation on asset and liability holdings. The quality of these 
data is enhanced by bracketed random imputation methods. 
Comparisons between the PSID and other datasets that col- 
lect data on wealth-most notably, the Survey of Consumer 
Finances-suggest that the PSID misses the very top tail of 
the wealth distribution (the top 2%) but otherwise does a good 
job capturing the distribution of wealth in the United States 
(Juster, Smith, and Stafford 1999). 

In this article we focus on total net worth. This includes net 
equity in homes and nonhousing assets, which are divided into 
seven categories: other real estate; vehicles; farm or business; 
stocks, mutual funds, investment trusts, and stocks held in 
individual retirement accounts; checking and savings accounts, 
certificates of deposit, treasury bills, savings bonds, and liq- 
uid assets in individual retirement accounts; bonds, trusts, life 
insurance, and other expensive collections; and other debts. 

The sample used in this article comprises black- and white- 
headed households in the 1984, 1989, and 1994 PSID. House- 
holds heads are required to be present in the survey in at least 
the five years before the 1984, 1989, or 1994 survey year. We 
restrict the sample to households whose heads are between age 
45 and 49. This serves several purposes. First, by restricting to 
a small age range, differences in the age distribution between 
blacks and whites in the population are rendered irrelevant. 
Indeed, the mean age of both black and white household heads 
is 47 in the sample. Second, any examination of wealth is better 
served by focusing on older households, because they have had 
time to accumulate assets. Third, focusing on the racial wealth 
differences among households with heads older than 50 is con- 
founded by the fact that blacks are more likely to retire earlier 
than whites. Fourth, because substantial inheritances become 
more likely among households with heads older than 50, mea- 
sured wealth in the sample likely will not contain inheritances. 
Inheritances are of course a matter of great interest. But because 
we wish to study the role that own income plays in generat- 
ing own wealth, the fact that most of the sample will not have 
received inheritances as of the time studied means that we can 
be assured that this variable is less likely to be confounding the 
relationship of interest. Fifth, and finally, a five-year age range 
is required to avoid a household being represented more than 
twice in the sample. The final sample size is 1,300 households, 
with 409 black heads and 891 white heads. 

As a proxy for lifetime earnings, we define average labor 
earnings as the average of household labor earnings over all 
years that the head was head of household in the PSID. Given 
the aforementioned restriction, each household is guaranteed 
to have at least the five most recent years of labor earnings 
available. Summary statistics including the mean as well as 
various percentile points in the distribution for total net worth 
and average labor earnings are presented in Table 1. Dollar 
values in this article have been converted to 1989 constant 
dollars using the consumer price index for all urban consumers 
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Table 1. Sample Distribution Properties (in thousands of 1989 dollars) 

Total net worth Average labor earnings 

Black White Ratio Black White Ratio 

Mean 48.4 263.7 .18 21.4 38.5 .56 
Percentiles 

5th -3.0 .0 .0 7.1 .00 
10th .0 3.5 .00 2.7 13.9 .19 
25th 1.4 35.0 .04 9.4 23.1 .41 
50th 18.4 110.6 .17 16.5 36.2 .46 
75th 51.4 255.4 .20 32.6 50.1 .65 
90th 140.8 520.8 .27 45.1 64.6 .70 
95th 211.2 880.4 .24 50.6 75.7 .67 

NOTE: This table is based on the authors' calculations using the PSID. The sample com- 

prises black and white household heads in 1984, 1989, or 1994 age 45-49. Households were 
also required to have at least five years of observations before 1984, 1989, or 1994 (1,300 
observations; 409 black, 891 white). PSID sample weights are used in all computations. 

(CPI-U). Mean household labor earnings for blacks is $21,400, 
just over one-half that of whites. This is a larger earnings gap 
than that typically found in the literature for individuals, and 
arises from the fact that marital rates are significantly lower for 
black households, thereby lowering their household earnings 
relative to those of white households. More than 70% of white 
households and just under 40% of black households in the 

sample are married. The earnings gap pales in comparison to 
the wealth gap. Whereas black households own $48,400 in 
total net worth at the mean, white households own $263,700, 
a ratio of $.18 to the dollar. 

Although the ratio of black to white wealth increases as 
one moves higher in the distribution, the absolute difference 
remains significant. The median white household has almost as 
much wealth as a black household at the 90th percentile. The 

earnings ratio also increases at higher points in the distribution, 

30 - 

24 - 

6 

0 i ..... i ..... .................. 

but the 95th percentile for whites is still 50% larger than that of 
black households. This indicates the absence of black house- 
holds over a sizable portion of the white earnings distribution. 
For this reason, we focus only on white households with earn- 

ings comparable to that of black households. 

4. RESULTS 

In Section 2 we outlined the pitfalls of parametric methods 
of decomposition and offered a nonparametric alternative. In 
this section we apply these results to the black-white wealth 

gap conditional on earnings in the PSID. The potential failure 
of parametric methods stemmed from the fact that the errors 
attributable to misspecification are unlikely to average to zero 
over the counterfactual earnings distribution. The less similar 
the earnings distributions, the more likely it is that this prob- 
lem will arise and hence that inferences are confounded by 
specification error. 

Figure 2 provides kernel density estimates of average 
labor earnings by race. The estimation procedure uses the 

Epanechnikov kernel function with the bandwidth, b, deter- 
mined by b = .9n-1/5 min(To, q/1.34), where oa and q are the 
standard deviation and interquartile range of average lifetime 

earnings and n is the number of observations. This band- 
width is relatively robust to the skewness and kurtosis of 
unimodal distributions, such as the lognormal and t fam- 

ily of distributions, and is based on the minimization of the 

approximate mean integrated squared error of the density esti- 
mate (Silverman 1986, pp. 40-48). The figure is truncated at 
$100,000 for expositional purposes, but it is worth noting that 
the black maximum earnings value is for blacks $98,000 and 
$232,000 for whites. Black households are overrepresented at 
the bottom and underrepresented at the top of the distribution 
relative to white households. 

0 4 8 12 16 20 24 28 32 36 40 44 48 53 57 61 65 69 73 77 81 85 89 93 97 

Thousands of 1989 dollars 

Figure 2. Probability Distribution of Average Labor Earnings. ( black households; white households; ------ white households, 
reweighted) The reweighted white household earnings distribution is estimated using sample weights modified to match the white earnings dis- 
tribution to the black distribution. The figure is truncated at $100,000. 
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Figure 3. Empirical Conditional Expected Wealth Functions by Race (in thousands of 1989 dollars). (- LOWESS; ------ OLS; OLS, 
linear) This figure is based on the authors' calculations using the PSID. The sample comprises black and white household heads in 1984, 1989, 
or 1994 age 45-49. Households were also required to have at least five years of observations before 1984, 1989, or 1994 (1,300 observations; 
409 black, 891 white). 

Figure 3 is the empirical counterpart to Figure 1. The bold 
curve represents a semiparametric estimate of the wealth- 
earnings relationship for black and white households using the 
locally weighted scatter plot smoothing (LOWESS) regression 
technique of Cleveland (1979). The tricube weighting func- 
tion is used in the procedure, with bandwidth set to .5 as 
suggested by Cleveland. We consider this a good approxima- 
tion to the conditional expected wealth function by race. The 
LOWESS curve plots represent the curves BCE and B'C'E' 
in Figure 1. Table 1 indicates that the 10th to 90th percentile 
earnings ranges for blacks and whites are the ranges $2,700 
to $45,100 and $13,900 to $64,600. The figure shows that the 
estimated LOWESS curves are flat for both blacks and whites 
up to earnings of $45,100. Between earnings of $45,000 and 
$64,600, however, where relatively few blacks are found, the 
LOWESS curve for whites begins to steepen sharply. 

The effect of the disparity in the distributions of earnings is 
evident in the estimated regression lines in Figure 3. The linear 
regressions are almost identical to their hypothetical counter- 
parts in Figure 1. Assuming that the LOWESS curve is a rea- 
sonable approximation to the true conditional expected wealth 
function, estimates of the counterfactuals clearly will grossly 
underestimate both E,[Wlb] and Eb[Wla]. As a result, using 
the white coefficients with mean black earnings will under- 
estimate the true conditional wealth gap, whereas using the 
complementary counterfactual will overestimate it. 

As noted in Section 2.1, the addition of a quadratic in 
earnings is unlikely to adequately capture the nature of the 
nonlinearity in the conditional expected wealth function. The 
quadratic curve in Figure 3 (estimated by least squares) shows 
considerable deviations from the LOWESS curve, albeit less 
than the linear regression line. Once again, the parametric 
procedure will underestimate the counterfactual conditional 
expectations and hence either attribute too little or too much 

of the wealth gap to differences in the conditional expected 
wealth function, depending on whether one uses the white 
equation or the black equation respectively. As noted ear- 
lier, the PSID tends to miss the upper tail of the income and 
wealth distribution. Had the upper tail of the wealth distribu- 
tion been better represented in the PSID, the empirical condi- 
tional wealth function for whites very likely would have been 
more highly nonlinear than the one in the existing data. As a 
result, it seems likely that the quadratic approximation would 
have done even worse than it does with the existing data. 

What about higher-order polynomials? Certainly, there is 
no guarantee that a particular low-order polynomial-a cubic 
or quartic, say-would do significantly better at fitting the 
white conditional wealth function in the relevant range than 
the quadratic. Furthermore, standard diagnostic statistics, such 
as the mean squared error, are not the appropriate criteria for 
evaluating how well the estimated function approximates (5). 
Our reweighting procedure provides a simple and intuitive 
alternative. 

Implementation of (7) requires that the white data be 
reweighted in such a way that white households with earnings 
similar to those of blacks receive larger weights than those 
that have earnings unlike those of blacks. A number of both 
parametric (Rosenbaum 1987) and nonparametric methods for 
doing this have been suggested in the literature (Heckman 
et al. 1998; Hirano et al. 2000). We present results based on 
a very simple scheme. We have experimented with other non- 
parametric alternatives and found that they give similar results. 

Our approach proceeds as follows. First, we find the 5th, 
10th, 15th,...,100th percentiles of the black income distri- 
bution. We then reweight whites by .05 over the fraction of 
whites within each of these income ranges. For example, 2.5% 
of whites have incomes between the 10th and 15th percentile 
of the black income distribution. Thus whites in this range 
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Table 2. Mean Net Worth (in thousands of 1989 dollars) 

Imposing the earnings Imposing the earnings 
of blacks of whites 

Conditional Standard Standard Percentage of gap 
wealth function Mean error Mean error explained by earnings 

Blacks 
Parametric 

LSE (linear) 48.4 (7.5) 91.1 (17.4) 19.8 
LSE (quadratic) 48.4 (7.5) 97.6 (21.7) 22.9 

Nonparametric 
Propensity score 48.4 (7.5) 
weighting 

Whites 
Parametric 

LSE (linear) 53.8 (27.1) 263.7 (29.2) 97.5 
LSE (quadratic) 108.5 (23.5) 263.7 (29.2) 72.1 

Nonparametric 
Propensity score 125.9 (15.8) 263.7 (29.2) 64.0 
weighting 

NOTE: Predicted net worth values for the parametric least squares estimated (LSE) models are based on the estimated model and mean 
earnings of either blacks or whites. The means of these predicted values are reported. Sample weights are used in estimating the model and 
computing the mean. Standard errors are in parentheses and computed by balanced half-sample replication. The nonparametric estimate of 
the conditional wealth function for whites imposing the mean earnings of blacks is computed as the weighted sample mean of white wealth 
where the weights are computed to match the white earnings distribution to the black distribution. The nonparametric estimate of wealth 
for the black conditional wealth function using white mean earnings is not feasible, because few black households are present in the top 
portion of the white earnings distribution. The gap is defined as the actual mean difference in wealth, $263,700-$48,400 = $215,200. The 
counterfactual gap is the difference between (1) actual white mean wealth and mean wealth using the black conditional wealth function with 
white mean earnings or (2) mean wealth using the white conditional wealth function with black mean earnings and actual black mean wealth. 
The percentage explained is 1 less the ratio of the counterfactual gap to the actual gap. 

receive a weight of .05/.025 = 2. White households that fall 
above the maximum earnings of the black distribution receive 
a weight of 0. After reweighting, 5% of the white sample falls 
within each of the 20 bins. 

Formally, given Nb black households, white households 
within a given percentile range of the black average earnings 
distribution receive a weight unique to that range. This weight 
is defined as 

wr(q)-p(q) 
p(q) 

q=1,2,..., a- , a-' [1,2,..., Nb], 

where a is the bin size of the chosen percentile range and p(q) 
is the fraction of white households in the qth l00a percentile 
range of black average lifetime earnings. In this article a is 
set to .05, thereby matching the white average earnings distri- 
bution to the black distribution up to the 5-percentile range. 
Assuming that the bin size a decreases to 0 as the sample 
size increases, (10) is a fully nonparametric estimate of the 
propensity score. 

Application of these weights to the kernel estimation of 
the white earnings density is shown in Figure 2. Clearly, the 
weights perform well in matching the black distribution; any 
differences result from the width of the reweighting range. 
Finer stratification, such as by percentiles of the explanatory 
variables, does not work very well, particularly in a multi- 
variate context, where cell numbers increase dramatically. In 
this case, one could use either parametric (e.g., DiNardo et al. 
1996) or nonparametric (e.g., Heckman et al. 1997) methods 
to estimate the probability that a sample member was black 
conditional on the characteristics of the sample member, and 
then use this propensity score to construct the weights. 

Table 2 reports mean net worth by conditional expected 
wealth function and the earnings distribution imposed on this 
function. The conditional expected wealth function is esti- 
mated parametrically by race using least squares on both 
linear and quadratic earnings specifications. Both estimation 
methods yield the sample mean of net worth when the con- 
ditional expected wealth function for a given race is simu- 
lated over that group's own earnings distribution. The uncon- 
ditional wealth gap is $263,700 -$48,400 = $215,300. Using 
either the linear or quadratic specification, imposing the white 
earnings distribution on the estimated black function indi- 
cates that roughly 20% of the gap is explained by earnings 
differences. In contrast, using the estimated linear specifica- 
tion of the white conditional expected wealth function over 
the black earnings distribution suggests that almost all of the 
gap is explained by earnings differences. Slightly less than 
three-fourths of the gap is attributed to earnings differences 
when the quadratic specification is used. These results are con- 
sistent with the literature previously cited. 

Table 2 also reports nonparametric estimates of mean net 
worth. These require no functional specification for condi- 
tional expected wealth. As in the parametric case, estimates 
imposing a given race's earnings distribution on its own condi- 
tional expected wealth function yield the sample mean. How- 
ever, the counterfactual of imposing the black earnings dis- 
tribution on the white conditional expectations function is 
performed by computing the weighted mean of white net 
worth, where the weights are defined in (10). In this case, 
white wealth drops by almost one-half, to $125,900. This sug- 
gests that 64% of the gap in mean net worth is explained 
by differences in the earnings distribution, leaving a condi- 
tional mean wealth gap of $77,500. As noted in Section 2.2, 

670 



Barsky et al.: Accounting for the Black-White Wealth Gap 

nonparametric methods cannot yield a complementary coun- 
terfactual, because there are no black households in the upper 
portion of the white earnings distribution-a point driven 
home by the black LOWESS curve in Figure 3. 

Typically, when calculating standard errors for B-O decom- 
positions, researchers condition on the distribution of the 
explanatory variables in their samples. Were we to take this 
approach, then calculation of the standard errors for our non- 
parametric estimate would simply amount to calculating the 
standard error of a weighted mean. However, in our case, con- 
ditioning on the black and white income distribution in our 
samples seems inappropriate. We want to know the extent to 
which income differences account for wealth differences in 
the population, not in this sample. 

Rather than assume that the explanatory variables are fixed 
in repeated samples and use the conventional estimates of the 
variance of the predicted means, we use the complex survey 
design of the PSID to produce standard errors based on a non- 
parametric balanced half-sample replication procedure. This 
method repeatedly estimates the parameters of interest-either 
parametrically or nonparametrically-over a series of strategi- 
cally chosen half-samples (Wolter 1985). The observed vari- 
ance of the estimates in each of the half-samples is then used 
to infer the variance of the estimate in the full sample. Results 
are reported in parentheses in Table 2. 

Because mean net worth is identical across parametric and 
nonparametric estimates when imposing the black (white) 
earnings distribution on the black (white) conditional wealth 
function, the estimated standard errors are the same across 
methodologies. The standard error for the mean of net 
worth is $7,500 for black households and $29,200 for white 
households-approximately .15 and .11 times their respec- 
tive estimated means. When the black earnings distribution is 
imposed on the white conditional wealth function, the standard 
errors vary dramatically depending on which estimated con- 
ditional wealth function is used. The linear parametric model 
produces the largest relative standard error, approximately .50 
times the estimated mean. Not surprisingly, adding a quadratic 
term to the model greatly reduces the relative standard error to 
.22 times the estimated mean. But the lowest relative standard 
error-approximately .13 times the estimated mean-is pro- 
duced by the nonparametric method. It is worth noting that if 
we had assumed that earnings were fixed in repeated samples, 
then the estimated standard errors for the parametric models 
would be smaller. However, although we do not report them 
here, the standard errors of the nonparametric estimates are 
still relatively smaller than those of the parametric estimates. 

We have noted that a major advantage of the nonparamet- 
ric specification is that one need not stop at the mean; the 
role of earnings in explaining the racial wealth gap at mul- 
tiple points in the distribution can be readily assessed. Con- 
ditional wealth differences throughout the wealth distribution 
are presented in Table 3. The table shows the share of all 
blacks that fall below a particular percentile position in the 
white distribution. The basic pattern for earnings, given in the 
first column, has already been discussed. The distribution of 
white earnings is shifted dramatically to the right for whites 
relative to blacks. The level of earnings that characterizes the 
10th percentile of the white distribution would, if held by a 

Table 3. Percentage of Blacks Below Given Percentile of Whites 

White Average labor Wealth 
percentile earnings Wealth reweighted 

10th 38.4 12.4 5.5 
25th 61.4 78.0 23.4 
40th 74.3 99.6 73.3 
50th 78.7 100.0 90.7 
60th 86.8 100.0 99.6 
75th 94.6 100.0 100.0 
90th 98.3 100.0 100.0 

black household, place that household at the 38th percentile 
of the black earnings distribution. The level of earnings that 
places a black household at the 90.6th percentile of the black 
earnings distribution would put a white household at only the 
75th percentile of the white distribution. 

The racial disparity in wealth is even more profound than it 
is for earnings, although Table 3 reveals that it derives more 
from differences at the top of the distribution. The wealth held 
by a black at about the 12th percentile of the black wealth 
distribution is identical to that held by a white at the 10th 
percentile of the white wealth distribution; however, the wealth 
held by a white at the 25th percentile of the white distribution 
places a black at the 78th percentile of the black distribution. 
The median white household (in terms of wealth holding) has 
more wealth than any black household. 

The final column in Table 3 may be read as summarizing the 
effect of earnings differences in explaining the racial wealth 
gap according to the nonparametric technique discussed ear- 
lier. The benefit of presenting the results in this way is that the 
effect of earnings on the racial wealth gap may be assessed 
at different points in the wealth distribution. The results indi- 
cate that differences in earnings account for all of the racial 
wealth difference in the first quartile of the wealth distribu- 
tion. However, the role of labor earnings in explaining the 
wealth gap diminishes quickly as we move up the wealth dis- 
tribution. Roughly 75% of black households still lie below the 
40th percentile of the reweighted white wealth distribution. 

5. CONCLUSION 

In this article we have noted a potential problem in decom- 
position methods, such as those of Blinder (1973) and Oax- 
aca (1973), that attempt to decompose the mean difference in 
an outcome variable into the portion explained by distribu- 
tional differences in some explanatory variable and the portion 
explained by a disparity in the conditional expectations func- 
tions. A problem arises when parametric methods are used 
to approximate the true conditional expectations function and 
project it into regions where errors in specification are not 
likely to average to zero. We have suggested a nonparametric 
alternative. Rather than specify an arbitrary functional form 
for the conditional expectations function, this method simply 
reweights the empirical distribution of the outcome variable 
using weights that equalize the empirical distributions of the 
explanatory variable. 

These methods were applied to the black-white wealth gap. 
Noting a large disparity in net worth between black and white 
households, it is natural to ask how much of this gap is 
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attributable to differences in earnings. B-O results typical in 
the literature were replicated. They suggest that roughly 20% 
of the mean wealth gap is accounted for by earnings dif- 
ferences using the parametrically estimated black conditional 
expectations function, whereas (depending on functional form) 
somewhere between 72% and 97% of the gap is accounted for 
using the estimated white function. Nonparametrically impos- 
ing the black earnings distribution on the white conditional 
expectations function places the mean amount attributable to 
earnings differences at 64%. No complementary counterfac- 
tual is available, because this would involve extrapolating an 
unknown functional form over earnings where no blacks are 
present. The role of earnings differences in explaining the 
wealth gap is largest at the lower tail of the wealth distribu- 
tion. This role decreases dramatically at higher wealth levels 
and is nonexistent by the 60th percentile of the white wealth 
distribution. 

Our results suggest that the difference in the distribu- 
tion of incomes between black and white households can 
explain more of the wealth gap that is commonly believed. 
A two-for-one gap in mean income translates into a greater 
than two-for-one gap in mean wealth, because the relation- 
ship between wealth and income is highly nonlinear. Still, 
our results make clear that income differences alone cannot 
explain the wealth gap between black and white households. 

Identifying all of the unknown factors responsible for the 
wealth gap once income is accounted for will undoubtedly 
prove a challenging task for future researchers, but three sets 
of factors seem to be particularly fruitful areas for further 
work. First is the apparent difference by race in the propen- 
sity to hold different types of wealth-generating assets, such 
as housing and stocks, holding income constant. This topic 
has been studied by several authors (Oliver and Shapiro 1995; 
Keister 2000; Charles and Hurst 2002), but a full understand- 
ing of these differential racial propensities is not yet at hand. 

Second is the role of intrafamily assistance on the 
wealth-generating process (Conley 2001a). To the extent that 
blacks differ from whites in the likelihood of giving or receiv- 
ing inheritances, holding income constant, racial wealth differ- 
ences could arise and persist. Racial differences in intrafam- 
ily transfer propensities could also affect the wealth gap 
indirectly, through the effect of such transfers on educational 
attainment (Conley 2001b) or through an insurance effect, 
whereby children of parents with large wealth undertake high 
risk wealth-generating ventures, confident that in the event of 
failure they would be assisted by their parents (Charles and 
Hurst 2001). 

Finally, very little is known about racial differences in the 
attitudes or preferences regarding wealth accumulation. For 

example, it seems likely that the very different histories of 
black and white Americans may have imbued people from the 
two races with very different levels of risk aversion, or even 
with different levels of distrust of financial institutions. How 
this could cause the contemporary wealth gap, controlling for 
income differences, is obvious, but nothing definitive about 
these and other explanations can be stated without additional 
research. 

[Received August 2001. Revised June 2002.] 
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