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Abstract

A long-standing hypothesis states that racial housing segregation in the U.S. results
from the income inequalities between blacks and whites. This paper reexamines this hypothe-
sis with a new methodology. We present a Monte Carlo study to show that segregation by
income explains only a small proportion of the high level of segregation.
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1. Introduction

Residential segregation between blacks and whites has been a salient charac-
teristic of American urban landscapes for many decades. The formation of black
ghettos in the U.S. started in the early 20th century, following the massive black
migration from the rural South to the urban North. By 1940, the silhouette of mod-
ern black ghettos was already in place in most northern cities. And by 1970, the av-
erage urban black lived in a census tract that was 68% black. The Civil Rights
Movement in the 1950s and 1960s brought about legislative attempts to reduce resi-
dential segregation. In particular, the Fair Housing Act of 1968 was intended to
eliminate racial discrimination in the housing market. While the level of residential
segregation has dropped slightly since 1970, its persistence is beyond what most
Americans had expected. By 1990, the average urban black still lived in a census
tract that was 56% black (Cutler et al., 1999; Massey and Denton, 1993).

Residential segregation is believed to cause social problems, such as concentra-
tion of poverty, as well as incur social and economic costs. Social scientists across
disciplines have been trying to understand the root causes of segregation and seek
possible ways to promote racial integration. Some scholars argue that individuals
prefer to live with like-colored neighbors, which leads to segregation (e.g., Schelling,
1971); some others believe that segregation persists because racial discrimination
still exists in the housing and mortgage market (e.g., Yinger, 1995). Another
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long-standing explanation of segregation, which traces back to sociologist Robert
Park (1926), emphasizes the economic inequalities between blacks and whites. Park
postulates that the physical distance between racial groups reflects their
socio-economic distance. It is often argued that expensive housing tends to be lo-
cated in separate neighborhoods from inexpensive housing; persons with high in-
comes and upper-level jobs tend to live apart from persons with low incomes and
more menial jobs. Thus, because blacks have lower average incomes, they cannot
afford to live in the same neighborhoods as whites. This argument implies that the
observed racial housing segregation is, in fact, segregation by income. Clearly,
various hypotheses regarding the causes of segregation are not mutually exclusive;
yet, singling out the most important factor is crucial because different causes pre-
scribe different desegregation policies.

Previous studies of residential segregation by income have employed various
methods and produced mixed results. In this short paper, we argue that the Monte
Carlo method is particularly useful for testing the income inequality hypothesis. Us-
ing this technique, we reexamine how much of residential segregation is attributable
to income inequalities between blacks and whites. We find that segregation by in-
come is able to account for only a small proportion of racial housing segregation.

The remainder of this paper is organized as follows. Section 2 introduces the
commonly used dissimilarity index to measure residential segregation. Section 3
reviews previous studies and their limitations. Section 4 presents our Monte Carlo
test. Section 5 concludes with some remarks.

2. The Dissimilarity Index

Although many indexes have been devised to measure residential segregation,
one in particular has emerged as the most popular among scholars: the dissimilarity
index (DI). It is defined as follows:
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where b; and w; are the number of blacks and whites (measured in persons or
households), respectively, living in neighborhood i and B and W are the total number
of blacks and whites, respectively, living in the metropolitan area (MA). DI indicates
the fraction of the black population that would have to change residential location, if
whites do not move, in order to achieve an even distribution. It attains the value 0 if
blacks and whites are evenly mixed together and attains the value 1 if blacks and
whites never live in the same neighborhood. In general, a dissimilarity index above
60% is considered high, an index between 30% and 60% is considered moderate,
and an index below 30% is considered low (Massey and Denton, 1993).

In empirical studies, neighborhoods are usually approximated by census tracts.
Generally, each census tract has between 3000 and 8000 residents. Boundaries of
census tracts reflect visible features such as major streets, highways, or rivers. Fig-
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ure 1 describes the level of residential segregation calculated using the 1990 Census
data. Among a total of 316 MAs in the U.S., 124 had segregation indices above 60%,
and 49 had indices higher than 70%. The top 10 most segregated areas, including big
metros such as Buffalo, Chicago, Cleveland, Detroit, and Milwaukee, all had segre-
gation indices greater than 80%. That is, in these areas, more than 80% of the black
population would need to be relocated in order to reach a perfect mixture of blacks
and whites. It is this situation that Massey and Denton (1993) referred to as “hy-
persegregation” and “American apartheid.”

Figure 1. Distribution of MAs over Dissimilarity Index, 1990
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3. Limitations of Existing Literature

The majority of empirical works of residential segregation employed the dis-
similarity index. Previous studies have taken three different methodological ap-
proaches to test the income inequality hypothesis: the cross-sectional approach, the
direct standardization, and the indirect standardization (Massey, 1981).

The cross-sectional approach correlates degree of residential segregation with
socioeconomic inequalities between racial groups. Using the technique of path
analysis, Marshall and Jiobu (1975) studied residential segregation in 149 large ur-
ban areas. They used the dissimilarity index to measure residential segregation, in-
come differentiation, and occupational differentiation for each area. They also cal-
culated percentage of nonwhites, number of nonwhites, and white-nonwhite growth
differential. Intercorrelations of those 6 variables were tabulated to make implica-
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tions. Marshall and Jiobu found that income inequalities have the largest effect on
residential segregation; occupational status differentials are also major determinants
of segregation, independent of any indirect impact that occupation has through in-
come differentiation. Other variables demonstrated lower correlations with the de-
gree of residential segregation. Using multivariate analysis, Schnare (1977) tried to
explain the variation of segregation in 112 metropolitan areas in both 1960 and 1970.
Socioeconomic variables such as median housing costs as a percentage of median
family income, black-white ratio of white-collar workers, and black-white median
income ratio were all found to be positively and significantly correlated with black
exposure to whites in both years.

The support of the hypothesis of socioeconomic inequalities is inferred from
the strong correlation between residential segregation levels and socioeconomic in-
dicators. However, it is well known that correlation does not imply causality. It re-
mains unclear whether segregation causes inequality, or the other way around, or
they both result from some other factors such as racial discrimination. In addition,
the cross-sectional approach suffers from small sample biases. It takes a whole
metro area as an observational unit, which does not yield many observations in the
whole country, and therefore a few extreme cases could drive the empirical results.

Instead of looking at variations across metro areas, the direct standardization
approach calculates the dissimilarity index within each income level in a single
metro area. That is, it calculates the following index:
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where i is the index of neighborhood and ; the index of income category. Then the
changes in segregation across different income levels are examined to give implica-
tions for the importance of income inequalities. This approach, more than the
cross-sectional approach, works with even smaller samples since one cannot break
the population into too many income brackets. Using this method, Massey (1979,
1981) found that Hispanic-white segregation falls off steeply as family income in-
creases, which is interpreted as a support to the social class explanation of residen-
tial segregation. Yet between blacks and whites, the direct standardization method
usually finds equally severe segregation in different income categories (Farley, 1977;
Massey, 1979; Massey and Denton, 1993). That is, poor blacks are separated from
poor whites, and rich blacks are separated from rich whites. Difficulties arise in this
situation, because uniformly high DI values across income groups very well suggest
that some non-income factors could be important. It is nevertheless inappropriate to
conclude that income inequalities are not important based on the observation that
blacks and whites are equally segregated across income levels.

Consider the example given in Table 1. There are two cities and each city has
only two income groups: the poor and the rich. In each city, there are 4 poor
neighborhoods and 4 rich neighborhoods. The racial composition of each neighbor-
hood is given in the table. In both cities, blacks and whites are completely segre-
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gated and never share a neighborhood. The only difference between the two cities is
in racial income distribution. In city 1, income is evenly distributed between blacks
and whites: exactly 50% of the poor are blacks and 50% of the rich are blacks; in
city 2, 75% of the poor are blacks and only 25% of the rich are blacks. The direct
standardization detects no differences between these two cities. The dissimilarity
index is 1 in both income categories in both cities. However, that does not imply
income inequality is insignificant.

Suppose the color line is breached and people move freely without facing any
racial barriers, but income inequalities still prevent the poor living side by side with
the rich. In expectation, the two cities will end up with the situation described in
Table 2. Now, in both cities, segregation is eliminated within each income category.
However, the overall segregation index reduces all the way to 0 in city 1 but only
declines to 0.5 in city 2. The income barriers in city 2 are able to keep segregation at
a high level. This example shows that one cannot tell whether income inequality is
an important factor in segregation given that people in different income groups are
equally segregated. To see the role of income inequality, one must take into account
the correlation between income distribution and race.

Table 1. Two Segregated Cities

City 1 City 2
DIyveran=1 DIyveran=1
Poor Neighborhoods ~ Rich Neighborhoods  Poor Neighborhoods — Rich Neighborhoods

Dlyor =1

DI =1

Dlyor =1

Dl =1

100 blacks, 0 whites
100 blacks, 0 whites
0 blacks, 100 whites
0 blacks, 100 whites

100 blacks, 0 whites
100 blacks, 0 whites
0 blacks, 100 whites
0 blacks, 100 whites

100 blacks, 0 whites
100 blacks, 0 whites
100 blacks, 0 whites
0 blacks, 100 whites

100 blacks, 0 whites
0 blacks, 100 whites
0 blacks, 100 whites
0 blacks, 100 whites

Table 2. Dissimilarity after Eliminating Racial Segregation

City 1 City 2
DIyyeran =0 DIyeran = 0.5
Poor Neighborhoods ~ Rich Neighborhoods ~ Poor Neighborhoods ~ Rich Neighborhoods

Dlyoor =0

DL, =0

Dlor =0

DIy =0

50 blacks, 50 whites
50 blacks, 50 whites
50 blacks, 50 whites
50 blacks, 50 whites

50 blacks, 50 whites
50 blacks, 50 whites
50 blacks, 50 whites
50 blacks, 50 whites

75 blacks, 25 whites
75 blacks, 25 whites
75 blacks, 25 whites
75 blacks, 25 whites

25 blacks, 75 whites
25 blacks, 75 whites
25 blacks, 75 whites
25 blacks, 75 whites

The third approach, called indirect standardization, resolves the problem we
just saw in the direct standardization method. Proposed by Duncan et al. (1961), this
approach assumes an even distribution of blacks and whites within social classes and
allows segregation between classes. One can then calculate an expected level of
segregation and compare this value to the level of segregation actually observed. In
practice, researchers usually proceed with the assumption that the black-white ratio
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in each income category in any neighborhood is equal to the black-white ratio at the
same income level in the whole metro area. In that case, the indirect standardization
essentially amounts to calculating the following index, which will be coined as the
index of “income effect” (IE):

1 |Z(bij+wij)qj Z(bij+wij)(1_qj‘)|
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IE—ZZ‘ 3 7 . 3)
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where i is the index of neighborhood and j the index of income category and g; is the
fraction of blacks in the total population that belongs to income category j over the
whole metropolitan area. Note that /E is obviously defined relative to DI. The dif-
ference is that /E uses the “expected” number of blacks and whites in each
neighborhood whereas actual numbers are used in DI. If income is the only factor
that influences individuals’ choice of residential location, /E seems to be the dis-
similarity index that one would ask for.

Taeuber (1968) used the indirect standardization method to study the effect of
income distribution on segregation in Cleveland and found that income inequalities
have little explanatory power for the overall level of segregation. Bleda (1979) ar-
gued that indirect standardization is a method better for assessing the role of social
classes in explaining racial housing segregation and got findings similar to Taeuber’s.
Using the same technique and data from the Toronto Area, Darroch and Marston
(1971) showed that income, education, and occupation differentials by themselves
could only account for a small amount of residential segregation.

In this paper, we propose to explicitly formulate the income inequality inter-
pretation of residential segregation as a test hypothesis in the statistical sense. We
simulate the data generating process under the assumption that individuals are seg-
regated along income but not race. Like the indirect standardization approach, our
approach takes into account the joint distribution of population over income and race
and hence avoids the problem with the direct standardization method.

In addition, the Monte Carlo method has the following advantages. First, it gets
around the small sample problem since a researcher can obtain as much data as de-
sired by running the simulation. Second, it enables us to accommodate segregation
resulting from random moves. Even in the case where people are equally rich and
their residential choices are absolutely race neutral, we should still expect some de-
gree of segregation that could emerge by chance. The Monte Carlo method is able to
tell how much segregation is attributable to such random factors. Third, it allows us
to state at what confidence level our conclusion could hold. This is a generic advan-
tage of any explicit statistical test. And finally, the Monte Carlo method is so pow-
erful and versatile that it can be used to test much more complicated hypotheses and
many variations of such hypotheses. In particular, it is able to test multiple hypothe-
ses simultaneously.
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4. A Monte Carlo Test

The Monte Carlo method has become a standard technique in statistics, espe-
cially now that modern technology has significantly lowered its computing costs.
The general idea behind a Monte Carlo study is to model the data-generating process,
create several sets of artificial data with a computer, and then use these data to per-
form a test or, more commonly in statistics, to study properties of estimators. While
the Monte Carlo technique is routinely employed by economists and statisticians,
social scientists working in the area of residential segregation do not seem to take
advantage of this powerful tool.

Originally proposed by Barnard (1963), a one-tailed Monte Carlo test can be
carried out by following these steps below:

. Specify a significance level a;

. Choose integer values M and N such that M/N = a;

. Calculate T3, the data-based value of the test statistic;

. Simulate N—1 datasets under the null hypothesis and calculate N—1 test sta-
tistics 75, T3, ..., Ty corresponding to the simulated datasets;

5. Reject the null hypothesis if 7; is among the M largest values of the NV test

statistics.

W=

In our case, the null hypothesis is formulated as follows: conditional on income
level, any two residential locations in a metro area are equally likely to be occupied
by black (white) households. That is, household income alone affects where a family
lives. We choose a = 0.01, M = 5, and N = 500. Given the size of the test a, a larger
M means a larger N (i.e., more repetitions of simulation). Since we will conduct the
test based on an empirical distribution of the test statistic, the more replications we
have, the more precise the critical region will be. Besag and Diggle (1977) argued
that M = 5 suffices for most purposes.

We use the dissimilarity index as our test statistic. Given any metro area under
examination, for example Baltimore, we first calculate its D/ from real data (1990
Census data). We then randomly reshuffle families at each income level to simulate
the data generating process under the null hypothesis. It is carried out this way:
starting from the poorest income level, we count the total number of families over
the whole metro area at that income level, of which we know how many are black
and how many are white. We then randomly assign those families back to each
neighborhood. If neighborhood i used to accommodate 20 of the poorest families,
we will allocate 20 of the poorest families to it. Among those, whether a family is
black or white is randomly determined. The Census data categorizes households into
9 different income groups, so we repeat this random assignment 9 times. In the end,
we know the total number of black (white) families assigned to each neighborhood.
This simulated dataset allows us to calculate a DI. The exercise is repeated 499
times, which gives us 499 simulated D/s. We put the DI from the real data and the
simulated DIs together and sort them in ascending order. The 495" value (Dlys) is
the critical value of our test. We shall reject the null hypothesis if the real DI exceeds
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DI,os.

Figure 2 shows the distribution of the 499 simulated test statistics for Baltimore.
The DI from the real data is 69.9%, which lies far off to the right of the distribution.
We thus reject the null hypothesis. We also performed this Monte Carlo test for
some other metro areas. The first two columns of Table 3 compare the real D/ with
the critical value of the test. The null hypothesis is uniformly rejected at the 1% sig-
nificance level for all the areas under examination. In fact, the DI from the real data
exceeds the critical value by so much in those areas that the p-value of the test must
be far below 1%. As a result, it appears to be extremely unlikely that income dispar-
ity can fully account for segregation.

Figure 2. Simulated Values of the Dissimilarity Index for Baltimore, 1990
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Consider Chicago, one of the most segregated metro areas in the U.S. through-
out the twentieth century. Our simulation suggests that if income alone determines
where a family is located, we should expect a dissimilarity index around 13%. In
contrast, we observe an 82% index in Chicago.

A close look at the data reveals two features of the real world that help us better
understand why income inequalities play a limited role in explaining segregation.
First, housing quality is heterogeneous within any neighborhood, and therefore, a
neighborhood always accommodates families from several different income levels.
Second, although blacks on average are poorer than whites, distributions of the two
races over income overlap a lot. For example, in Chicago, 5% of the rich families
that have annual income higher than $100,000 are blacks; 30% of the poorest fami-
lies, which earn less than $5,000 a year, are whites.
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Table 3. Real Dissimilarity Indexes, Income Effect Indexes, and Simulated DIs (%)

DI from Real Critical Value, Income Ef- Simulated DIs
Data D45 fect, IE Minimum Median Maximum
Baltimore 69.90 12.09 11.57 11.52 11.81 12.14
Chicago 82.36 13.12 12.67 12.72 12.94 13.16
Cleveland 80.03 12.80 12.28 12.21 12.55 12.85
Detroit 86.76 13.91 13.47 13.52 13.72 13.97
Washington 65.67 12.24 11.86 11.79 12.04 12.31

Therefore, we should expect to see some blacks even in the richest neighbor-
hoods and some whites even in the poorest neighborhoods. However, Chicago’s
82% dissimilarity index suggests that most neighborhoods are either predominantly
black or predominantly white, which is far beyond the explanatory power of income
inequalities.

Figure 2 and Table 3 also show that random residential choices do cause some
variation in the level of segregation. However, that variation is relatively small. In
the case of Baltimore, random residential choices in 499 simulations only cause the
level of segregation to vary within a less-than-one-percent range: between 11.52 and
12.14%. Interestingly, although the five metro areas differ a lot in terms of the dis-
similarity index, their simulated DIs are quite similar. It suggests that if household
income alone determines where people live, we should expect those metro areas to
be more or less equally segregated.

We also calculate the /F index by making the black-white ratio in each income
group in any neighborhood equal to the ratio in that income group in the whole
metro area (Table 3, third column). Not surprisingly, the /E index tends to be in the
lower range of the distribution of the simulated dissimilarity index. Since the whole
range of random variation is small, however, it is very unlikely that the dissimilarity
index under the null hypothesis will be 1% higher than the /E index. This implies
that it is not a very stringent assumption to equate the black-white ratio in each in-
come group in any neighborhood to the ratio in that income group in the whole
metro area as the indirect standardization approach does.

5. Concluding Remarks

To improve upon the existing literature, we have proposed that we use the
Monte Carlo technique to reinvestigate to what extent residential segregation is at-
tributable to income inequalities between blacks and whites. Our Monte Carlo test
rejects the hypothesis that income inequalities alone are able to account for the high
levels of segregation in American urban areas. Although income inequality has a
non-negligible effect on racial housing segregation, it in itself can only explain a
small proportion of the overall segregation index. Our test suggests income redistri-
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bution to blacks will not be a very effective desegregation policy. And therefore,
studies of segregation should focus on non-income factors such as residential pref-
erences or discriminating behaviors.

The results of our Monte Carlo study are similar to previous findings using the
indirect standardization method that completely ignores random factors. Thus, our
study suggests that random residential choices do not cause much segregation. A
possible explanation of this finding is that a neighborhood (census tract) in our sam-
ple is quite large so that the law of large numbers is at work. That is, the black-white
ratio in each neighborhood is converging to the black-white ratio in the whole metro
area. The finding raises new questions. For example, what happens if residential
choices are not purely random but affected by the distance to school or availability
of jobs? Does segregation increase a lot after adding such constraints on random
moves? Further research in those directions using the same Monte Carlo method
might be fruitful.

We have demonstrated that the Monte Carlo method is a useful tool for inves-
tigating hypotheses regarding residential segregation. The power of the method is
not fully revealed here because we have focused on a fairly simple hypothesis. But
the real world segregation process can be much more complicated. For example, it is
quite possible that income inequalities and racial residential preferences reinforce
each other to create severe segregation over time. However, researchers rarely deal
with the residential preference hypothesis and the income inequality hypothesis si-
multaneously. Analytical tools commend that the two have to be studied one by one
because a simultaneous treatment will make the analysis extremely difficult, if not
completely intractable. The Monte Carlo technique makes many such complicated
studies less formidable and hence opens up new areas for future research.
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