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It Is Surprisingly Difficult to Measure Income Segregation

Josh Leung-Gagné and Sean F. Reardon

ABSTRACT Recent stud ies have shown that U.S. Census– and Amer i can Community 
Survey (ACS)–based esti ma tes of income seg re ga tion are sub ject to upward finite sam
pling bias (Logan et al. 2018; Logan et al. 2020; Reardon et al. 2018). We iden tify two 
addi tional sources of bias that are larger and oppo site in sign to finite sam pling bias: 
mea sure ment error–induced atten u a tion bias and tem po ral pooling bias. The com bi na
tion of these three sources of bias make it unclear how income seg re ga tion has trended. 
We for mal ize the three types of bias, pro vid ing a method to cor rect them simul ta neously 
using pub lic data from the decen nial cen sus and ACS from 1990 to 2015–2019. We use 
these meth ods to pro duce biascorrected esti ma tes of income seg re ga tion in the United 
States from 1990 to 2019. We find that (1) seg re ga tion is on the order of 50% greater 
than pre vi ously believed; (2) the increase from 2000 to the 2005–2009 period was 
much greater than indi cated by pre vi ous esti ma tes; and (3) seg re ga tion has declined 
since 2005–2009. Correcting these biases requires good esti ma tes of the reli abil ity of 
selfreported income and of the yeartoyear vol a til ity in neigh bor hood mean incomes.

KEYWORDS Income seg re ga tion • Residential seg re ga tion • Pooled sam pling •  
Attenuation • Finite sam pling bias

Neighborhood Income Segregation in the United States

A grow ing schol ar ship seeks to offer a nuanced descrip tion of pat terns of income seg
re ga tion across income level, over time, and with respect to other types of seg re ga tion 
(Jargowsky 1996; Massey et al. 2009; Owens 2016; Owens et al. 2016; Reardon and 
Bischoff 2011). These descrip tions of income seg re ga tion—the uneven dis tri bu tion 
of peo ple with dif fer ent incomes across space, place, and insti tu tions—are impor tant 
given how much peo ple’s lives and futures are shaped by the socio eco nomic con di
tions of their sur round ings (Chetty and Hendren 2018a, 2018b; Chetty et al. 2016; 
Chetty et al. 2014; Sampson 2012).

Sociological the o ries sug gest that income seg re ga tion exac er bates inequal ity and 
ham pers class mobil ity across gen er a tions. Since Park (1915), soci ol o gists have the
o rized that dis tinct social norms and envi ron ments emerge from clus ter ing peo ple 
into neigh bor hoods. More recently, col lec tive effi cacy the ory explains how poor 
neigh bor hoods’ orga ni za tional char ac ter is tics and rep u ta tions—pro moted by higher 
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mobil ity and biased per cep tions, respec tively—increase res i dents’ expo sure to crime 
(Sampson 2012; Sampson et al. 1997). That is, the dif fer ent lived expe ri ences of the 
rich and the poor are not con fined to the house hold; rather, they are exac er bated by 
con tex tual disparities that emerge from res i den tial seg re ga tion.

A sim i lar con clu sion is reached by a dif fer ent line of schol ar ship that empha sizes 
the polit i cal econ omy of place (Lichter et al. 2012; Logan and Molotch 1987; Massey 
et al. 2009). These schol ars describe how elites cap ture munic i pal i ties by maneu ver
ing both polit i cally and res i den tially among cit ies, sub urbs, and towns. They argue 
that the growth imper a tive of munic i pal i ties binds them to elite inter ests as they com
pete for growth and afflu ent tax bases. Income seg re ga tion within places enables 
munic i pal i ties to boost their elite cli ents by investing more in richer neigh bor hoods, 
while income seg re ga tion between places con cen trates resources and needs into dis
tinct polit i cal units. This is poten tially selfreinforcing as the higher tax bases, social 
cap i tal, and human cap i tal of rich neigh bor hoods and munic i pal i ties enable those 
places to attract highincome res i dents through invest ments in com mu nity resources 
and ame ni ties like schools, social ser vices, and parks.

One the o rized con se quence of income seg re ga tion, then, is dif fer ences in edu ca
tional oppor tu nity that enable the rich to trans fer their class and sta tus across gen
er a tions. Empirical stud ies have val i dated this con cern, show ing that neigh bor hood 
socio eco nomic con di tions strongly influ ence child devel op ment, eco nomic mobil ity, 
and edu ca tional attain ment (Chetty and Hendren 2018a, 2018b; Chetty et al. 2016; 
Wodtke et al. 2016). A com ple men tary schol ar ship focuses on the role of income seg re
ga tion between schools and school dis tricts, with recent stud ies high light ing the strong 
rela tion ship between income seg re ga tion and both income and race/eth nic ity achieve
ment gaps (Fahle and Reardon 2018; Fahle et al. 2020; Owens 2016, 2017; Owens 
et al. 2016; Reardon, Kalogrides, and Shores 2019; Reardon, Weathers et al. 2019).

Scholars have attended to these con cerns by describ ing the income seg re ga tion of 
res i dences and schools in the United States. This lit er a ture shows that res i den tial income 
seg re ga tion has increased over the last four decades, par tic u larly in the 1980s and since 
2000 (Bischoff and Reardon 2014; Jargowsky 1996; Massey et al. 2009; Owens 2016; 
Reardon and Bischoff 2011; Reardon et al. 2018). This increase was driven by increas
ing seg re ga tion of pov erty in the 1970s and 2000s, as well as increas ing seg re ga tion 
at all  income lev els in the 1980s (Bischoff and Reardon 2014; Reardon and Bischoff 
2011). The increase in seg re ga tion is also con cen trated among house holds with school
age chil dren (Owens 2016). Partly as a result, income seg re ga tion between schools and 
school dis tricts has increased mark edly since 1990 (Owens et al. 2016), with afflu ent 
White fam i lies increas ingly liv ing in afflu ent school dis tricts (Owens 2017).

Finite Sampling Bias

Yet this story has recently been questioned. Finite sam pling bias partly accounts for the 
appar ent increase in res i den tial income seg re ga tion dur ing the 2000s, when the Census 
Bureau switched from collecting income data in the decen nial cen sus to collecting it 
in the Amer i can Community Survey (ACS) (Logan et al. 2018; Logan et al. 2020; 
Reardon et al. 2018). One of the more recent, prominent stud ies show ing increas ing 
income seg re ga tion was by Bischoff and Reardon (2014). It com pared res i den tial 
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income seg re ga tion in 2000 mea sured using the decen nial cen sus sam ple to seg re
ga tion mea sured using the 2005–2009 through 2007–2011 ACS fiveyear pooled 
sam ples. Because the effec tive sam ple of the lat ter is much smaller (roughly 8% vs. 
roughly 17% in the cen sus), it is sub ject to more sam pling var i a tion, which upwardly 
biases income seg re ga tion esti ma tes (Logan et al. 2018).

Both Logan et al. (2018) and Reardon et al. (2018) dem on strated that the appar ent 
increase in income seg re ga tion between 2000 and 2005–2009 is exag ger ated by this 
bias. Reardon et al. (2018) pro posed a cor rec tion for finite sam pling bias in seg re ga
tion mea sures using pub licly avail  able data, while Logan et al. (2020) pro posed an 
alter na tive approach using restricted microdata and new meth ods that account for 
weighted sam pling. Replicating Bischoff and Reardon (2014), the for mer found that 
income seg re ga tion increased by about half of what was ini tially reported, while the 
lat ter found that income seg re ga tion was sta ble over the period in ques tion.

The recent atten tion to finite sam pling bias is impor tant, but misses—as we show 
next—two addi tional sources of down ward bias that are much larger than the upward 
bias that results from finite sam ples. We for mal ize the three types of bias—finite sam
pling bias, atten u a tion bias, and pooling bias—and pro vide a method for correcting 
them using pub lic data from the decen nial cen sus and ACS. Finally, we report new 
esti ma tes of the national trend in res i den tial income seg re ga tion, find ing that it is sub
stan tially dif fer ent than pre vi ously believed.

Measurement Error–Induced Attenuation Bias

Estimates of income seg re ga tion typ i cally use errorprone selfreported mea sures of 
income. In addi tion to oftcited sources of error like non re sponse and moti vated mis
reporting, error can also come from the cog ni tive demands of income reporting in the 
form of mis un der stand ing income con cepts and terms, infor ma tion retrieval errors, and 
moti vated misremembering (Moore et al. 2000). Measurement error in selfreported 
income pres ents an issue for esti mat ing seg re ga tion because it increases the appar ent 
var i ance of income within neigh bor hoods, exag ger at ing the extent to which income dis
tri bu tions of dif fer ent neigh bor hoods over lap. In other words, it makes neigh bor hoods 
appear more sim i lar than they are, down wardly bias ing esti ma tes of income seg re ga tion.

Attenuation in seg re ga tion esti ma tes has received only pass ing atten tion in the 
lit er a ture. In a com ment, Dickens and Levy (2003) described down ward bias from 
response error and income vol a til ity in mea sures of seg re ga tion by per ma nent income, 
reporting that esti ma tes using dis sim i lar ity indi ces should be inflated by 15–30%. 
In a note, Owens et al. (2016) disattenuated their income seg re ga tion esti ma tes by 
divid ing H  by the reli abil ity of selfreported annual income. Though atten u a tion bias 
appears to be severe, it remains unformalized, the pre vi ously applied cor rec tions have 
not been eval u ated, and reported esti ma tes rarely con sider it.

Temporal Pooling Bias

A third source of bias emerges when sam ples of respon dents reporting annual income 
are pooled across mul ti ple years (as is done in the ACS). In this case, tem po ral var i a tion  
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in neigh bor hood mean income is included in cal cu la tions of withinneigh bor hood  
income var i a tion, artificially inflat ing the var i ance of incomes withinneigh bor hoods. 
This biases mea sures of income seg re ga tion down ward. This source of bias has not 
been discussed in the lit er a ture.

The ACS uses pooled sam ples (pooled over five years in the case of tractlevel 
data), but the decen nial cen sus does not. As a result, pooling bias affects the trend 
dur ing the 2000 to 2005–2009 period that has been the focus of recent work. If neigh
bor hood means vary over fiveyear sam pling peri ods, income seg re ga tion increased 
more than pre vi ously believed dur ing the 2000s. Furthermore, the bias may affect 
trends even when using the ACS only; if the extent to which neigh bor hood means 
vary has been chang ing since the switch to the ACS, the esti mated trend from 2005–
2009 onward is biased in an unclear direc tion.

Formalizing the Three Biases

Simplifying Assumptions

For sim plic ity, and to build intu i tion, we assume the dis tri bu tion of observed (self 
reported) income in logdol lars in each neigh bor hood j and year t is described by the 
datagen er at ing model:

Ŷijt = Yijt+ ∈ijt=Θ + δt + µj + vjt + eijt+ ∈ijt ,
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Here, Yijt indi cates the true income of house hold i in neigh bor hood j in year t; Y!ijt 
indi cates its selfreported income; Θ is the aver age value of Y  in the pop u la tion over 
time; δt and µj are year and neigh bor hoodspe cific devi a tions from this aver age; vjt  
is a neigh bor hoodbyyear spe cific devi a tion; eijt is the dif fer ence between a house
hold’s true income and the aver age income in their neigh bor hood and year; and ∈ijt is 
mea sure ment error in observed house hold income. Table 1 pro vi des a ref er ence for 
the sym bol con ven tions we use here and intro duce below.

Additionally, we assume that all  neigh bor hoods are the same size (so that they 
each are weighted equally in com put ing seg re ga tion). We con sider the case where all  
neigh bor hoods in the rel e vant region are included in the data col lec tion, but a fixed 
sam ple of size n is drawn from each neigh bor hood. As a result, we have the full pop
u la tion of neigh bor hoods, but a finite sam ple of house holds within each. Because 
all  neigh bor hoods are included in esti ma tion, we treat both the num ber of neigh bor
hoods and the total pop u la tion over all  neigh bor hoods as infinite in the der i va tions 
that fol low.
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Given the datagen er at ing model, the true withinneigh bor hood var i ance of 
income (denoted W ) in a given year is

 W = ω;  (2)

the true betweenneigh bor hood var i ance of income (denoted B) in a given year is

 B = τ + σ;  (3)

and the total pop u la tion var i ance of income (denoted V ) in a given year is

 V = B +W
 = τ + σ +ω. (4)

Segregation is gen er ally defined as the pro por tion of var i a tion in income that is 
due to betweenneigh bor hood dif fer ences in income. A sim ple way to operationalize 

Table 1 Symbol con ven tions

Subscripts
i Household, i = 1,2,3, . . . , n
j Neighborhood (e.g., a tract), j = 1,2,3, . . . , J
t Year, t = 0,1,2, . . . , T

Letters
Y Household income
Θ Average value of Y  in the pop u la tion (e.g., a metro area) over the time period
δt Yearspe cific devi a tion from Θ
Δ Variance of δt
ΔT Expected var i ance of δt over the time period
µj Neighborhoodspe cific devi a tion from Θ
τ Variance of µj
vjt Neighborhoodbyyear spe cific devi a tion
σ Variance of vjt
eijt Householdspe cific devi a tion from the neigh bor hoodyear aver age
ω Variance of eijt
∈ijt Measurement error in observed house hold income
η Variance of ∈ijt
S Segregation (ratio of betweenneigh bor hood var i ance to total var i ance)
H Segregation (Information Theory Index)
R Segregation (Variance Ratio Index)
V Total pop u la tion var i ance of income in a given year
W Withinneigh bor hood var i ance of income in a given year
B Betweenneigh bor hood var i ance of income in a given year
r Reliability of observed income, Y!
n Neighborhood sam ple size
U Sampling error var i ance in esti mated pop u la tion mean income in year t , Y!t
dj Difference in neigh bor hood j ’s observed pooled means across adja cent peri ods
Q Sampling error var i ance in esti mated neigh bor hood pooled mean income

Accents
! Observed (as opposed to true) value
′ Measure is based on income data that include mea sure ment error
* Measure is based on a sam ple
∼ Measure is based on data pooled over years
R Rankorder seg re ga tion mea sure
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this is to define seg re ga tion in year t as the ratio of betweenneigh bor hood var i ance 
to total var i ance of income:

 
S = B

V
= 1 − W

V
.
 

(5)

The lat ter for mula is often used when it is sim pler to esti mate W  than B.

Bias in Segregation Estimates

We start by con sid er ing the most gen eral case, when all  three fea tures of data col lec
tion described above are pres ent: indi vid ual income is mea sured with error; neigh bor
hood income dis tri bu tions are esti mated based on finite sam ples; and neigh bor hood 
income dis tri bu tions are esti mated by pooling data across sev eral years. Below we 
adopt the fol low ing nota tion: to indi cate that a mea sure of seg re ga tion is based on data  
that include mea sure ment error, we add a super script accent sym bol ( ′S ); to indi cate that  
a mea sure is based on a sam ple, we add a super script aster isk (S*); and to indi cate 
that a mea sure is based on data pooled over years, we add a tilde above ( !S ). In addi
tion, let T  be the num ber of years over which neigh bor hood sam ples are pooled; let 
n be the sam ple size in each neigh bor hood. Note that in our styl ized datagen er at ing  
model, the reli abil ity of selfreported income would be equal to r =V / (V + η).

We first con sider the withinneigh bor hood var i ance we expect to observe in this case.  
The withinyear, withinneigh bor hood var i ance of observed income will be ω + η 
(true income var i ance plus mea sure ment error). But we do not observe a sam ple 
drawn from one year; nor do we observe income of all  house holds. Instead, we esti
mate the withinneigh bor hood var i ance from a finite sam ple of size n pooled over T  
years. If we demean the sam ple dis tri bu tions in each year, pool them over years, and 
then com pute the sam ple var i ance of the pooled dis tri bu tion, the expected var i ance 

of the observed demeaned withinneigh bor hood dis tri bu tion will be n−1
n

⎛
⎝⎜

⎞
⎠⎟
ω + η( ).  

However, because the sam ple is pooled over years, the observed withinneigh bor hood  
sam ple var i ance will be larger, because neigh bor hoods do not have sta ble mean  
income over time. Over a period of T  years, the neigh bor hood means have an 

expected sam ple var i ance of ΔT + T −1
T

⎛
⎝⎜
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σ, where ΔT  rep re sents the expected sam

ple var i ance of the pop u la tion mean income over T  years and T −1
T

⎛
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σ rep re sents the 

expected var i ance of the neigh bor hood means over T  years, net of the over all changes 
in income over the period.1

1 We think of the T  years as a ran dom draw of years from some long time period such that the expected 

value of ΔT is T −1
T

⎛
⎝⎜

⎞
⎠⎟
Δ. Note that while any spe cific period of T con sec u tive years might have sub stan

tially dif fer ent var i ance than the longrun aver age var i ance of a set of ran dom years, in prac tice we esti
mate ΔT  from com pu ta tions of Δ over peri ods only slightly lon ger or shorter than T, depending on data 
avail abil ity.
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Thus, the expected var i ance of observed income within a neigh bor hood, when the 
dis tri bu tion of income is esti mated from a sam ple of size n sur veyed over a period of 
T  years, will be

 
E W! ′*⎡
⎣⎢

⎤
⎦⎥ =

n−1
n

⎛
⎝⎜

⎞
⎠⎟
ω + η( )+ T −1

T
⎛
⎝⎜

⎞
⎠⎟
σ + ΔT.

 
(6)

Next, we con sider the total var i ance of observed income in a sam ple pooled over 
T  years. This will be equal to V, plus two addi tional com po nents: addi tional var i ance 
η due to mea sure ment error in observed income, and addi tional var i ance ΔT  resulting 
from changes in mean pop u la tion income over time:

V! ′*= ΔT + τ + σ +ω + η

 
= ΔT + 1r V.  

(7)

Subtracting the expected withinneigh bor hood sam ple var i ance from the total var
i ance yields an expres sion for the expected value of the betweenneigh bor hood var i
ance in observed income:
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σ + 1
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(8)

The first term rep re sents betweenneigh bor hood var i ance due to sta ble dif fer ences in 
neigh bor hood incomes; the sec ond term rep re sents var i ance among neigh bor hoods in 
their aver age vjt; and the third term rep re sents var i ance in the esti mated neigh bor hood 
means due to the fact that the neigh bor hood means are esti mated from finite sam ples 
of size n.

After some alge braic rearranging of terms, the expected value of S  can be  
writ ten as
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(9)

Note that, because the sam ple sizes used for com put ing seg re ga tion are gen er ally 
quite large, we will drop the expected value nota tion going for ward.

Given Eqs. (6)–(9), it is straight for ward to derive expres sions for the bias in W, B,  
V, and S  under any com bi na tion of the three data col lec tion pro cesses. If there is no 
mea sure ment error, we set r = 1 in the above expres sions. If income data are col lected 
from the full pop u la tion, rather than sam ples, we set n = ∞. If data are col lected in a 
sin gle year, rather than pooled over years, T = 1 and ΔT= 0 (because a sam ple of one 
has no var i ance). Table 2 dis plays the full set of var i ance and seg re ga tion expres
sions under all  com bi na tions of the three data col lec tion con di tions. For exam ple, 
esti ma tes of seg re ga tion based on decen nial cen sus data have T = 1 and ΔT= 0, which  
yields
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B′*= τ + σ + 1n (ω + η),

V ′*= 1r V ,

and

 
S ′*= rS n−1

n
⎛
⎝⎜

⎞
⎠⎟
+ 1n .  

(10)

Both the betweenneigh bor hood and total var i ance com po nents are biased upward 
in this case, when r <1 (which implies η > 0) and n is finite. The direc tion of bias in 
seg re ga tion, how ever, is ambig u ous: mea sure ment error biases it down ward, while 
sam pling biases it upward; the net bias will depend on the spe cific val ues of r, n, and 
S. For exam ple, if true S = .2 and r = .80 and n = 100, the esti mated value of S will be 
S ′*≈ .17; how ever, if r = .90 and n = 25, S ′*≈.22.

In sum mary, mea sure ment error and pooling both bias seg re ga tion esti ma tes 
down ward, whereas sam pling biases seg re ga tion esti ma tes upward. ACS and decen
nial cen sus esti ma tes are known to dif fer in two ways: (1) the ACS has down ward 
bias from pooling unlike the decen nial cen sus and (2) the ACS has greater upward 
bias than the decen nial cen sus from sam pling at a lower rate. Because of these coun
tervailing fac tors, the direc tion of the bias when com par ing ACS and decen nial cen
sus esti ma tes is unclear.

Consider Figure 1, which depicts how seg re ga tion is biased under ACS and cen sus 
type sam pling when S = .3. Considering the orange line, we see that an annual sam ple 
where true income is observed results in upward bias, which is greater at the ACS’s 
lower sam pling rate than at the cen sus’s sam pling rate. Considering the blue line, we 
see that an annual sam ple of observed income (r = .75) leads to severely underesti
mating income, but this is slightly miti gated when sam pling at a lower rate. And con
sid er ing the maroon line, we see that a pooled sam ple of observed income (using our 
aver age metroarea esti ma tes of ΔT and σ as bench marks) leads to fur ther under es ti
ma tion. Pooled sam pling is a sub stan tially more potent source of down ward bias than 
finite sam pling is a source of upward bias, hence ACStype data, which use a pooled 
sam ple of observed income, will typically be more underestimated than cen sustype  
data, which use a larger, annual sam ple of observed income. That is, there is rea son to 
sus pect that Bischoff and Reardon’s (2014) esti mated seg re ga tion increase from 2000 
to 2005–2009 was underestimated, not overestimated.

Correcting for Bias in Segregation Estimates

We now turn to the ques tion of how to esti mate seg re ga tion given these three 
sources of bias. After defin ing our gen er al ized esti ma tor for seg re ga tion, we con
sider how to esti mate ΔT  and σ using ACS data. The fol low ing sub sec tion focuses on  
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esti ma tion with con tin u ous income data, while the sub se quent sub sec tion con cerns 
esti ma tion with coars ened income data. Following these two sub sec tions, we val i date 
these approaches and dis cuss prac ti cal con sid er ations in cen sus and ACS data, and 
apply our method to major metro areas.

Equation (9) can be rearranged to get an esti ma tor for S when any com bi na
tion of the three biases is pres ent. We observe naive esti ma tes of total within 
neigh bor hood var i ance and betweenneigh bor hood var i ance, which we denote W! 
and B!, respec tively; these var i ance esti ma tes may have any com bi na tion of the three 
biases depending on the data con di tion. True seg re ga tion is

 

S = 1
r

⎛
⎝⎜

⎞
⎠⎟

n
n−1

⎛
⎝⎜

⎞
⎠⎟

B! + T −1
T

σ

B! +W! − ΔT
− 1n

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
.

 

(11)

As before, we set r = 1 if there is no mea sure ment error, n = ∞ if the data are col
lected from the full pop u la tion, and T = 1, and ΔT = 0 if the data are annual rather 
than pooled.

While we focus on S  for sim plic ity, alter na tive seg re ga tion indi ces can also be 
recov ered; in the online appen dix A, we describe how we esti mate the rankorder  
seg re ga tion indi ces used in the Bischoff and Reardon (2014) and Reardon et al. 
(2018) ana ly ses. Additionally, we can relax the assump tions that J and the total  
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Fig. 1 Simulated estimates of segregation (S) by sampling rate and data collection condition, where values 
based on observed income assume income is reported with a reliability of .75



1397Measuring Income Segregation

pop u la tion are large; online appen dix B pro vi des equa tions for when there are finite 
tracts or a finite pop u la tion.

In any case, we can use Eq. (11) to esti mate seg re ga tion from decen nial cen sus 
data given tract sam ple size n and an esti mate of r from the lit er a ture, but to esti mate 
seg re ga tion from ACS data we will need to first esti mate ΔT  and σ. To do so, we first 
con sider the case in which neigh bor hood seg re ga tion is com puted within met ro pol i
tan areas and income data are con tin u ous. We get our esti ma tors for ΔT  and σ from a 
sys tem of three equa tions, which we turn to now.

The first equa tion we con sider is cru cial to esti mat ing ΔT. Here, we lever age that 
the ACS pro vi des pub licly avail  able annual income data for metro areas, which allows 
us to com pute the unad justed sam ple var i ance of esti mated annual metro means over 
time, svar Yt

!⎛
⎝

⎞
⎠ . The observed esti mated metro mean in year t is

 Y!t = Yt + ut ,  (12)

where Yt is the true year t  metro mean in con stant dol lars and ut is the error in Y!t. Let 
ut ~MVN (0,U ). The expected sam ple var i ance of Y!t  over T  years is

 
svar Yt

!⎛
⎝⎜

⎞
⎠⎟ = ΔT+ T −1

T
U .

 
(13)

We observe svar Yt
!⎛

⎝
⎞
⎠  and T  but need more infor ma tion to esti mate the sam pling 

error var i ance, U, and to be  able to solve for ΔT.
The sec ond equa tion we con sider is cru cial to esti mat ing σ. Here, we make use of 

Var d̂j( ), the var i ance of the observed dif fer ence in pooled neigh bor hood mean income 
(in con stant dol lars) between adja cent pooled sam ples. Note that because this equa tion 
requires adja cent pools, it uses T +1 years of data. Suppose T = 5. The dif fer ence, d̂j,  
between neigh bor hood j’s observed pooled mean in the years 1 through 5 pool,  
Y!j15, and its observed pooled mean in the years 0 through 4 pool, Y!j 04, is

d̂j =Y!j15 − Y
!
j04

= Yj15− Yj04 + (qj15 − qj04)

 
= 1
T

δ5 − δ0( )+ vj5 − vj0( )⎡
⎣

⎤
⎦ + qj15 − qj04( ),  (14)

where qj15 and qj04 are the errors in neigh bor hood pooled mean income in the two 
pooled sam ples. Let qjab ~MVN (0,Q) . The var i ance of d̂j is

 
Var d̂j( ) = 2

T 2
σ +TQ( ).

 
(15)

We observe Var d̂j( ) and T , but need more infor ma tion to esti mate the error var i ance 
in the pooled neigh bor hood means, Q, and to be  able to solve for σ.
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Correcting for Bias Using Continuous Income Data

When data are con tin u ous, U  and Q are not observed because they rely on the within 

unit var i ance of observed income in the pop u la tion, ′W.  Specifically, U = T ′W
Jn

+ σ
J

 

and Q = ′W
n .2 We can use the equa tion for W! ′* to define W! in terms of ′W :

 
W! = ΔT + T −1

T
σ + n−1n ′W ,

 (16)

where n = ∞ when observ ing the full pop u la tion.
This gives us a sys tem of three equa tions (for svar(Yj!), Var(d̂j), and W!) with 

three unknowns (σ, ′W,  and ΔT ), which we can solve for ΔT  and σ. Solving  
for ΔT:

 
ΔT = svar Yt!

⎛
⎝⎜

⎞
⎠⎟ −

T T −1( )
2J

Var d̂j( ) ;
 

(17)

and for σ:

 

σ =
T n − J +T −1

J
⎛
⎝⎜

⎞
⎠⎟

2 n
T

− 1
⎛
⎝⎜

⎞
⎠⎟

 Var d̂j( ) −
W! − svar Yt

!⎛
⎝⎜

⎞
⎠⎟

n
T

− 1
,

 

(18)

where n = ∞ when observ ing the full pop u la tion.
Note that this esti ma tion strat egy leans on the assump tion of no time trends within 

neigh bor hoods dur ing the pooling period. This is nec es sary with out more infor ma tion 
about how neigh bor hood mean incomes change, but it risks inflat ing the mag ni tude 
of pooling bias and overcorrecting our seg re ga tion esti ma tes. In online appen dix C, 
we con sider pooling bias when there are lin ear neigh bor hood time trends and pro duce 
alter nate seg re ga tion trend esti ma tes under dif fer ent sce nar ios. Given lin ear time 
trends, the bias from pooling decreases when there is less resid ual var i ance among 
neigh bor hoods’ T  obser va tions and when there is less var i a tion between neigh
bor hoods’ trend mag ni tudes. However, even in extreme sce nar ios, it is likely that  
Bischoff and Reardon’s (2014) esti mated seg re ga tion increase from 2000 to 2005–
2009 was underestimated. Relaxing the assump tion decreases our biascorrected esti
ma tes of seg re ga tion and its increase over time, but the changes are small rel a tive to 
the dis crep ancy between our esti ma tes and prior find ings.

Correcting for Bias Using Coarsened Income Data

We typ i cally have income data that have been coars ened to pre serve pri vacy. In this 
case, we can use constrained heteroskedastic ordered probit (HETOP) mod els to  

2 Note in the equa tion for U that σ
J

 is the var i ance of the annual metro mean of vjt over years.
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esti mate tract and metroarea means and var i ances as needed under the assump
tion that income is lognor mal within neigh bor hoods (Reardon, Kalogrides, and Ho 
2017). Correcting for bias in coars ened data requires a dif fer ent approach because 
HETOP esti ma tes include error var i ance from the HETOP mod el ing. This mod el ing 
error var i ance inflates U , Q, and B!.

Estimating ΔT  and σ is eas ier in coars ened data because HETOP’s reported stan
dard errors can be used to esti mate U  and Q. In coars ened data, U  and Q include 
error var i ance from HETOP mod el ing in addi tion to sam pling error var i ance, and 
HETOP’s reported stan dard errors for each esti mated tract mean include error var i
ance from both sam pling and mod el ing. Thus, we can esti mate  U  and Q as the aver
age squared stan dard error of the esti mated metroyear means and tractpool means, 
respec tively, then com pute ΔT  and σ by a sim ple rearranging of terms in Eqs. (13) 
and (15).

However, there is an added step before plug ging into Eq. (11) once we have esti
mated ΔT  and σ, because B! is inflated by the HETOP mod el ing error in the neigh
bor hood means. Let B!

coarse
 refer to the esti mated betweenneigh bor hood var i ance in 

coars ened data while B!  is the betweenneigh bor hood var i ance one would esti mate if 
the data were con tin u ous. We esti mate B! by first remov ing the error var i ance in the 
esti mated neigh bor hood means, E, which includes both mod el ing error var i ance and 
sam pling var i ance, then adding the sam pling var i ance back in:

 B! = B!
coarse − E +W

!

n , 
(19)

where E is the error var i ance in the esti ma tes of the neigh bor hood means and W!n  

is the sam pling var i ance of neigh bor hood sam ple means. We esti mate E  from the 
aver age of the squared stan dard errors that HETOP reports for the esti mated neigh
bor hood means.

Assessing the Segregation Estimator’s Accuracy in Four Data Conditions

We assess the validity of our approach by sim u lat ing M = 100 met ros over K = 12  
years according to the datagen er at ing model in Eq. (1). In each metro, we set J = 500,  
n = 120 , S = .3, Θ = 0, r = .75, ω = .7, τ = .27, σ = .03, and Δ = .001, val ues sim i lar 
to what we observe for major metro areas in the anal y sis in the fol low ing sec tion. 
We first gen er ate tractyear means Yjt = δ t + µ j + vjt  such that the sam ple var i ance of 

δt over the K  years is exactly K −1
K

, the sam ple var i ance of µ j over the J  tracts is 

exactly τ,3 and the sam ple var i ance of vjt over the JK  tractyears is exactly JK
JK −1

σ.  

We then gen er ate sam ples of n house holds in each tractyear, draw ing eijt  and ∈ijt 
from nor mal dis tri bu tions with var i ances of ω and η, respec tively.

3 This is in accor dance with the assump tion that J  is suf fi ciently large to ignore sam pling over finite J.
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We use the resulting annual con tin u ous data to model three addi tional con di tions: 
annual coars ened data, pooled con tin u ous data, and pooled coars ened data. When 
coars en ing, we use 10 bins with cut points set at the dec iles of a nor mal dis tri bu
tion with var i ance V

r
+ 4
5
Δ, where Δ = 0 if data are annual. When pooling, we draw 

annual sam ples of n
T

 then pool over T = 5 years. We esti mate uncor rected seg re ga tion 

(S) and corrected esti ma tes, com put ing KM = 1,200 esti ma tes in the annual con di
tions and (K −T )M = 700 esti ma tes in the pooled con di tions.

Figure 2 reports our corrected esti ma tes of S  com pared with the uncor rected esti
ma tes in each con di tion (online appen dix D discusses the results for ΔT  and σ). We 
report the 95% con fi dence inter val around each mean esti mate to dis play the bias in 
the esti ma tes and we report the 90th per cen tile to 10th per cen tile range of our esti ma
tes to dis play their impre ci sion.

Across con di tions, our cor rec tion sub stan tially reduces bias; across all  sim u la tions 
and con di tions, the mag ni tude of bias is reduced by 99% on aver age. In both con tin
u ous data con di tions, our esti ma tes are unbi ased; in the annual con tin u ous con di tion, 
the 95% con fi dence inter val of the mean is (.2993, .3002), while in the pooled con
tin u ous con di tion it is (.2996, .3001). There is a small down ward bias in the annual 
coars ened and pooled coars ened con di tions, which have con fi dence inter vals of 
(.2982, .2991) and (.2982, .2988), respec tively. This appears to be due to HETOP 
mod els tending to slightly over es ti mate withintract var i ance, as has been noted else
where (Reardon, Shear et al. 2017).
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Fig. 2 Bias reduction in corrected segregation (S), by data collection condition (continuous or coarse), 
in simulations where the 90%–10% range is a range of estimates (indicating imprecision) and the 95%  
confidence interval—which is too narrow to show separation in each case—is the confidence interval of 
the mean estimate (indicating bias)
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The corrected esti ma tes are not sub stan tially less effi cient than uncor rected esti
ma tes, most of the impre ci sion owing to sam pling var i abil ity, but the impre ci sion is 
none the less nonnegligible. Across con di tions, the stan dard devi a tion of the corrected 
esti ma tes is 32.7–36.4% greater than that of the uncor rected esti ma tes. This var i a tion 
in the esti ma tes is some cause for cau tion when com par ing sin gle obser va tions of 
indi vid ual metro areas.

New National Trend Estimates

Data and Measures

In the fore go ing sim u la tions, apply ing our biascorrecting esti ma tor to annual data 
sharply increased esti mated seg re ga tion and apply ing it to pooled data raised esti
mated seg re ga tion fur ther still. This sug gests that the var i ous esti ma tes of national 
income seg re ga tion at the cen ter of recent debates are all  severe under es ti mates. 
Moreover, given the change from esti ma tes based on oneyear, decen nial cen sus data 
in 2000 to esti ma tes based on pooled ACS data starting in 2005–2009, the national 
trend may dif fer sub stan tially from the var i ous esti ma tes in prior research.

We pro duce new national trend esti ma tes using our biascorrecting esti ma tor. Our 
data rely pri mar ily on 1990 and 2000 cen sus and 2005–2009 through 2015–2019 
ACS tab u la tions of tractlevel house hold income in con stant dol lars. We focus on 
the Bischoff and Reardon (2014) sam ple of the 116 larg est metro areas. To facil i tate 
HETOP mod el ing, we fur ther coarsen income from 16 to 8 bins by com bin ing adja
cent bins.4 We also exclude the small num ber of tracts that have small pop u la tions 
(fewer than 50 house holds) or sparse income dis tri bu tions (obser va tions in fewer 
than five bins). In 2015–2019, for exam ple, these exclu sions remove 11 of the 45,882 
tracts with non zero pop u la tions.

Applying our esti ma tor requires esti ma tes of r , which we derive from the lit er a
ture. In online appen dix E, we review the lit er a ture on the reli abil ity of selfreported 
income. The lit er a ture pro vi des a wide range of esti ma tes; stud ies use a vari ety of 
meth ods, com pare observed data to a vari ety of approx i ma tions of true val ues, and 
esti mate the reli abil ity of var i ous types of income reports (e.g., house hold vs. per
sonal income, total income vs. wage income). As a result, it is not clear exactly how 
reli able income reports are, though most evi dence sug gests that the reli abil ity of 
selfreported house hold income in the decen nial cen sus and ACS is roughly between 
.7 and .8 . We use the mid point, r = .75, to pro duce our pri mary esti ma tes. We treat 
the reli abil ity of income as sta ble over time and place and assume it is the same for 
the decen nial cen sus and ACS income items, which have the same design.

To apply our esti ma tor to the pooled ACS data, we need to esti mate ΔT  and σ.  
We esti mate a con stant value of ΔT in each metro area using ACS oneyear  

4 Note that the ACS reports esti mated pop u la tion counts, which can be scaled to approx i mate sam ple bin 
counts by mul ti ply ing by the sam pling rate. Alternatively, the stan dard errors on esti ma tes using pop u la tion 
bin counts can be scaled up by divid ing by the square root of the sam pling rate.
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metroarea data from 2010 (when the data first became avail  able) to 2019.5 We esti
mate svar Yt′( ) when T = 5 by esti mat ing the pop u la tion var i ance of metro mean 
income over all  10 years with avail  able data, then mul ti ply this by 4

5
 to esti mate the 

fiveyear sam ple var i ance.6 This improves pre ci sion at the cost of forc ing ΔT  to be 
con stant over time within met ros. We esti mate a sixyear run ning aver age of σ in each 
metro area using adja cent fiveyear pools from the ACS in 2005–2009 (the start of 
the ACS) through 2015–2019. In prac tice, the σ esti ma tes are impre cise, which can 
inflate how much σ appears to vary over time and across met ros. In online appen dix 
F, we describe a pro ce dure we use to reduce impre ci sion and bet ter esti mate var i a tion 
in σ.

We esti mate house hold income seg re ga tion between tracts within metro areas and 
we esti mate it in three met rics: S, H, and R. While we use S  above for illus tra tive 
 pur poses, it is not a stan dard income seg re ga tion mea sure. It is more com mon to esti
mate income seg re ga tion using the rankorder infor ma tion the ory index, H R, and the 
rankorder var i ance ratio index, RR, mea sures for com put ing seg re ga tion of a coars ened 
con tin u ous var i able (Reardon and Bischoff 2011). More crucially for our pur poses, 
these are the met rics in which Bischoff and Reardon (2014) reported their unad justed 
esti ma tes and Reardon et al. (2018), Logan et al. (2018), and Logan et al. (2020) reported 
their finite sam pling biasadjusted esti ma tes. The rankorder mea sures esti mate seg
re ga tion in con tin u ous char ac ter is tics like income. Income seg re ga tion is esti mated 
by using binary seg re ga tion esti ma tes (i.e., H, which is based on entropy, and R,  
which is based on var i ance) taken at sev eral cut points along the income dis tri bu
tion to esti mate how binary seg re ga tion varies over the full dis tri bu tion of income. 
This seg re ga tion “pro file” is then inte grated over to col lapse the infor ma tion into 
rankorder seg re ga tion, a sin gle, dis tri bu tionwide mea sure that equally weights each 
income quantile. Online appen dix A describes how we extend our method to esti mat
ing rankorder seg re ga tion and includes a sim u la tion assess ment of the biasreduc tion 
using this strat egy.

Our esti ma tion pro ce dure is unbi ased under the sim pli fy ing assump tions that 
income is lognor mal within tracts and observed with mea sure ment error that is clas
si cal in the logged income met ric. Tract income dis tri bu tions are of course mess
ier than our sim ple datagen er at ing model, so we assessed whether this assump tion 
biases our esti ma tes and applied a post hoc adjust ment to remove the bias. We esti
mate unad justed rankorder income seg re ga tion in H R and RR in our ana lytic sam ple 
in two ways: first, using the income tab u la tions pro vided by the cen sus or ACS and, 
sec ond, using the income tab u la tions implied by the HETOPesti mated means and 
var i ances (see Eqs. (A1), (A2), and (A3) in online appen dix A for more details). The 

5 We esti mate a con stant value of ΔT  owing to data con straints. Moving aver ages of ΔT  would be exceed
ingly noisy (see Figure D2 in the online appen dix) and require sub stan tial impu ta tion to account for miss
ing obser va tions, most crit i cally dur ing 2005–2009, when we do not observe annual metro means.
6 Of the 116 metro areas in our ana lytic sam ple, 103 appear in all  10 years; two appear in the first nine 
years and eight appear in the first three years, so we esti mate ΔT from those years in these areas; two are 
miss ing, so we impute ΔT in these areas as the mean over the observed met ros; and the Philadelphia metro 
area appears in all  10 years but it has an unbe liev able income decline from 2012 to 2013, so we esti mate 
ΔT sep a rately using the 2010–2012 and 2013–2019 time spans and use the obser va tionweighted aver age 
of these esti ma tes as ΔT  in our ana ly ses.
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lat ter esti ma tes, which assume income is wellbehaved, tend to pro vide over es ti ma
tes of unad justed seg re ga tion com pared to the tab u la tionbased esti ma tes. The bias 
is smaller in later years (no more than 2.4% from 2006–2010 on) and is greatest in 
1990, where the esti ma tes are 11.1% greater. Our post hoc adjust ment removes this 
bias in each metroyear esti mate by mul ti ply ing our adjusted seg re ga tion esti ma tes 
by the ratio of the tab u la tionbased unad justed esti ma tes to the HETOPbased unad
justed esti ma tes.7

Findings

Figure 3 pres ents the esti mated national trends in each seg re ga tion met ric—S, H, and  
R—when   r = .75. The top panel por trays the trend in each met ric, while the bot tom 
panel por trays the trend as a per cent age change since 1990 to ease com par i sons across 
met rics. The trend is sim i lar across met rics. The rankorder seg re ga tion trends, H  and R,  
run nearly par al lel to one another, with esti ma tes in R  con sis tently above those in H  
such that they almost per fectly align when presented as a per cent age change. The 
trend in S , which is roughly dou ble the rankorder mea sures in scale, has a sim i lar 
pat tern but with a notice ably less steep per cent age increase from 2000 to 2005–2009 
(plot ted at the mid point, 2007). Across the three met rics, we find that income seg re
ga tion declined by roughly 4% from 1990 to 2000 and then increased sub stan tially 
through 2006–2010, such that the net increase since 1990 was 12.1% in S , 19.0% in R,  
and 20.3% in H . Over the fol low ing eight years, seg re ga tion declined, and by 2014–
2018, it was only about 5% above the 1990 value in the rankorder met rics and had 
returned to the 1990 value in the S  met ric. Segregation ticked back up between then 
and our last obser va tion, the 2015–2019 period.

Figure 4 com pares our esti ma tes of the national trend to what one would esti mate 
using extant meth ods, with the detailed esti ma tes reported in Tables 3 and 4. We 
pro vide three types of esti ma tes: an unad justed esti mate fol low ing the pro ce dure of 
Bischoff and Reardon (2014); an esti mate adjusted for finite sam pling fol low ing the 
pro ce dure of Reardon et al. (2018), denoted RBOT esti mate; and new esti ma tes that 
apply our cor rec tion to adjust for finite sam pling, atten u a tion, and pooled sam pling. We 
report three new esti ma tes at each time point depending on the reli abil ity of income, 
which is esti mated with a wide range in the lit er a ture. The top panel of Figure 4 and  
Table 3 pro vide esti ma tes in the H  met ric, while the bot tom panel of Figure 4  
and Table 4 pro vide esti ma tes in the R met ric.

We see three main takeaways in these find ings. First, seg re ga tion is far greater 
than pre vi ously believed. In the 2015–2019 ACS sam ple, we esti mate that if the reli
abil ity of selfreported house hold income is r = .75, the aver age seg re ga tion across 
major metro areas in the H  met ric is 52.1% greater than unad justed esti ma tes sug gest 
and 64.4% greater than would be esti mated using the Reardon et al. (2018) cor rec tion 
for finite sam pling bias. The find ings are sim i lar when using the R met ric: seg re ga tion 
is 49.5% greater than unad justed esti ma tes sug gest and 59.2% greater than esti ma tes  

7 We can com pute this ratio only in the H  and R met rics, and it is sim i lar across the two met rics, so the 
ratio we use for our adjusted esti ma tes in the S  met ric is the aver age of the H and R ratios.
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fol low ing the Reardon et al. (2018) pro ce dure. Most of the down ward bias in the 
unad justed and Reardon et al. (2018) esti ma tes is due to atten u a tion bias; atten u a tion 
bias accounts for the entirety of the dif fer ence between our esti ma tes and the Reardon 
et al. (2018) esti ma tes in the decen nial cen sus years, where our esti ma tes show that 
seg re ga tion is over 40% greater than pre vi ously believed.

Second, the increase from 2000 to 2005–2009 (plot ted at 2007) was much greater— 
not lower—than what we find when we use unad justed esti ma tes like Bischoff and 
Reardon (2014). This marks the switch from decen nial cen sus to ACS data, in which 
the addi tional down ward bias from pooled sam pling far out weighs the increase in the 
upward bias from sam pling at a lower rate. Using unad justed esti ma tes yields an esti
mated increase of .0049 in the H  met ric, or 5.0%. Following the Reardon et al. (2018) 
pro ce dure, we esti mate a sub stan tially smaller increase of .0015 (1.5%). At r = .75,  
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Fig. 3 Household income segregation trend estimates in S, RankRR (R), and RankH R (H) presented as 
a metric value (top) and as a percentage change relative to 1990 (bottom), with ACS fiveyear pooled esti
mates plotted at the middle year, for the 116 metro areas analyzed in Reardon et al. (2018)
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we esti mate that seg re ga tion actu ally increased by .0318 (23.4%), a change that was 
masked by unaccountedfor pooling bias in the other esti ma tes. The find ings are 
sim i lar when using the R met ric: we esti mate that seg re ga tion increased by 21.4% 
com pared with changes of 3.8% using unad justed esti ma tes and 0.8% using finite 
sam pling biasadjusted esti ma tes.

Third, the decline in seg re ga tion after 2005–2009 is underestimated in prior  
esti ma tion meth ods because those esti ma tes include timevary ing down ward bias 
from pooled sam pling bias. The dif fer ence in trends is starkest when com par ing 
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Fig. 4 Household income segregation trend estimates in RankH R  (top) and RankRR (bottom) with ACS 
fiveyear pooled estimates plotted at the middle year, by estimate type, for the 116 metro areas analyzed 
in Reardon et al. (2018), where RBOT estimates apply the Reardon et al. (2018) finite sampling bias 
correction
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2011–2015 to 2005–2009. Over this time, both unad justed esti ma tes and esti ma tes 
fol low ing the Reardon et al. (2018) pro ce dure find a small increase in seg re ga tion 
regard less of met ric, whereas we find a decrease of .0109 (6.5%) in the H met ric and 
a decrease of .0113 (6.2%) in the R met ric when r = .75. Our esti ma tes of σ over this 
period show that pooled sam pling bias was decreas ing in mag ni tude as tractlevel 
vol a til ity set tled down fol low ing the Great Recession, tilting the trend upward and 
masking the decline in esti ma tes that do not cor rect for it (see Figure G2 in online 
appen dix G).

This speaks to the sen si tiv ity of seg re ga tion trend esti ma tes to the trend in  
neigh bor hoodlevel income vol a til ity when using pooled sam ple data, which will 
be stan dard prac tice for the fore see able future. For exam ple, we might sus pect that 
both seg re ga tion and tract income vol a til ity have recently been increas ing dur ing the 
COVID19 pan demic, mean ing both seg re ga tion and the down ward pooled sam pling 

Table 3 RankH R  house hold income seg re ga tion esti ma tes (means), by year and esti mate type

Year
Unadjusted 

Estimate
RBOT 

Estimate

New Estimates

r = .7 r = .75 r = .8

1990 .1009 .0973 .1547 .1415 .1299
(.0232) (.0231) (.0393) (.0355) (.0322)

2000 .0977*** .0940*** .1488*** .1357*** .1247***
(.0203) (.0203) (.0346) (.0309) (.0279)

2005‒2009 .1026*** .0955* .1848*** .1675*** .1532***
(.0209) (.0206) (.0390) (.0346) (.0311)

2006‒2010 .1068*** .0985*** .1875* .1702* .1557**
(.0211) (.0209) (.0388) (.0349) (.0313)

2007‒2011 .1061 .0979 .1811*** .1642*** .1502***
(.0210) (.0208) (.0384) (.0342) (.0306)

2008‒2012 .1052 .0975 .1784* .1620* .1483
(.0208) (.0206) (.0379) (.0337) (.0303)

2009‒2013 .1045 .0970 .1783 .1620 .1482
(.0204) (.0202) (.0368) (.0329) (.0296)

2010‒2014 .1038 .0965 .1755* .1591** .1457**
(.0207) (.0206) (.0373) (.0333) (.0299)

2011‒2015 .1036 .0966 .1727* .1566* .1433*
(.0209) (.0208) (.0379) (.0335) (.0302)

2012‒2016 .1025 .0956 .1684*** .1527*** .1399***
(.0210) (.0209) (.0376) (.0335) (.0301)

2013‒2017 .1007 .0936 .1644 .1491 .1365
(.0208) (.0207) (.0370) (.0330) (.0297)

2014‒2018 .0991 .0917 .1639 .1486 .1361
(.0209) (.0208) (.0371) (.0330) (.0297)

2015‒2019 .1009 .0934 .1693 .1535 .1403
(.0207) (.0207) (.0373) (.0330) (.0296)

Notes: Standard devi a tions are shown in paren the ses. Statistical sig nifi  cance tests come from regres sion 
mod els with metroarea fixed effects that com pare the esti mate with that in the prior obser va tion. RBOT 
esti ma tes apply the Reardon et al. (2018) finite sam pling bias cor rec tion. The sam ple is the 116 metro areas 
ana lyzed in Reardon et al. (2018).

*p ≤ .05; ** p ≤ .01; *** p ≤ .001
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bias are greater. If we esti mate cur rent seg re ga tion with future ACS data with out 
adjusting for pooled sam pling, it is plau si ble that income seg re ga tion will appear 
steady despite hav ing increased. Correcting for pooled sam pling bias will be cru cial 
for accu rately esti mat ing seg re ga tion trends for as long as research ers are reli ant on 
pooled ACS data.

Limitations

Our esti ma tor improves on past approaches by for mal iz ing and account ing for atten u
a tion bias and pooling bias in addi tion to finite sam pling bias. However, our esti ma tor 
is a par tial solu tion that we hope will moti vate and facil i tate addi tional improve ments. 
Though we rely on weaker assump tions than prior esti ma tes—which have assumed 

Table 4 RankRR house hold income seg re ga tion esti ma tes (means), by year and esti mate type

Year
Unadjusted 

Estimate
RBOT 

Estimate

New Estimates

r = .7 r = .75 r = .8

1990 .1131 .1098 .1702 .1563 .1441
(.0261) (.0261) (.0432) (.0392) (.0358)

2000 .1103*** .1069*** .1650*** .1511*** .1394***
(.0230) (.0230) (.0381) (.0343) (.0311)

2005‒2009 .1145*** .1078 .2014*** .1834*** .1685***
(.0232) (.0231) (.0420) (.0375) (.0339)

2006‒2010 .1188*** .1110*** .2038 .1859* .1708*
(.0235) (.0235) (.0418) (.0378) (.0341)

2007‒2011 .1181 .1104 .1970*** .1795*** .1649***
(.0233) (.0233) (.0412) (.0370) (.0333)

2008‒2012 .1172 .1099 .1943* .1773 .1630
(.0231) (.0230) (.0408) (.0365) (.0330)

2009‒2013 .1165 .1095 .1944 .1775 .1631
(.0227) (.0227) (.0397) (.0357) (.0323)

2010‒2014 .1158 .1090 .1917* .1746* .1605*
(.0230) (.0230) (.0402) (.0361) (.0327)

2011‒2015 .1158 .1092 .1889* .1721* .1582*
(.0233) (.0233) (.0409) (.0365) (.0331)

2012‒2016 .1146 .1081 .1844*** .1680*** .1546***
(.0235) (.0236) (.0409) (.0366) (.0332)

2013‒2017 .1126 .1059 .1800 .1640 .1508
(.0233) (.0234) (.0404) (.0362) (.0328)

2014‒2018 .1107 .1039 .1794 .1635 .1503
(.0236) (.0236) (.0407) (.0364) (.0330)

2015‒2019 .1120 .1052 .1837 .1674 .1537
(.0237) (.0237) (.0411) (.0368) (.0333)

Notes: Standard devi a tions are shown in paren the ses. Statistical sig nifi  cance tests come from regres sion 
mod els with metroarea fixed effects that com pare the esti mate with that in the prior obser va tion. RBOT 
esti ma tes apply the Reardon et al. (2018) finite sam pling bias cor rec tion. The sam ple is the 116 metro areas 
ana lyzed in Reardon et al. (2018).

* p ≤ .05; *** p ≤ .001
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r = 1, σ = 0, and Δ = 0, and in many cases assumed a 100% sam pling rate—we none
the less had to rely on strong sim pli fy ing assump tions about the income dis tri bu tion, 
mea sure ment error in income, and neigh bor hood sam pling rates given gaps in the 
avail  able pub lic data and lit er a ture. With more detailed infor ma tion about the true 
income dis tri bu tion, mea sure ment error in selfreported income, and tract sam pling 
in the decen nial cen sus and ACS, we could pro duce esti ma tes that relax our assump
tions. We now turn to each set of assump tions and con sider how addi tional infor ma
tion might alter our find ings.

First, we assume income is wellbehaved such that there is inde pen dent annual 
var i a tion in neigh bor hoods’ means. This implies that there are no neigh bor hood time 
trends dur ing the pooling period, which is why we can esti mate σ and Δ with out 
annual data. If there are neigh bor hood trends, we have inflated the mag ni tude of pool
ing bias and overcorrected our seg re ga tion esti ma tes. Online appen dix C con sid ers 
how our esti ma tes would improve given addi tional infor ma tion about how neigh bor
hood mean incomes change. We dem on strate how to extend our esti ma tor to incor
po rate this infor ma tion. In the most extreme sce nario we con sider, neigh bor hoods 
fol low max i mally steep lin ear trends with annual obser va tions fall ing almost exactly 
on the trend line. Accounting for this infor ma tion would mean ing fully decrease our 
biascorrected esti ma tes of seg re ga tion and its increase, but our esti ma tes would 
remain much greater than esti ma tes based on existing esti ma tors.

Second, we assume mea sure ment error in income is wellbehaved such that (1) 
the reli abil ity of selfreported income is known and con stant and (2) mea sure ment 
error is clas si cal. Our assump tions about mea sure ment error are cru cial because our 
esti ma tes are par tic u larly sen si tive to our cor rec tions for atten u a tion bias. Though our 
esti ma tor can read ily incor po rate bet ter reli abil ity esti ma tes that vary over time and 
place, we are constrained by the avail  able lit er a ture. As Figure 4 dem on strates, our 
uncer tainty about the reli abil ity of selfreported income cre ates a large band of poten
tial seg re ga tion esti ma tes. A greater con cern for mak ing com par i sons over time or 
across places is the pos si bil ity that the reli abil ity varies. For exam ple, the decen nial 
cen sus is given near tax sea son and asks about the pre vi ous years’ income, whereas 
the ACS is given yearround and asks about the past 12 months’ cumu la tive income,  
a tougher recall task that may make ACS income reports less reli able. In this case, 
we are underestimating the increase in income seg re ga tion from 2000 to 2005–2009. 
With more detailed inputs, our esti ma tor may yield dif fer ent sub stan tive find ings.

Our esti ma tor can not, how ever, be read ily extended to account for vio la tions of the 
sim pli fied datagen er at ing model’s lognor mal ity assump tions, the fore most threat 
being non clas si cal reli abil ity. Yet we can spec u late how our esti ma tes may be affected. 
If lower income house holds report their incomes with more error, as Kim and Tamborini  
(2012) reported, mea sure ment error wid ens income dis tri bu tions more than we 
have assumed such that we may have undercorrected our esti ma tes. Conversely, we 
may have overcorrected our esti ma tes if selfreport errors at the tails are skewed 
toward the pop u la tion mean (Kim and Tamborini 2012; Pedace and Bates 2000; cf. 
Bingley and Martinello 2017). Nonclassical response error also raises the pos si bil
ity that response errors are related to tract and metrolevel vol a til ity. For exam ple, 
if selfreports err toward period means, our esti ma tes may have overcorrected for 
atten u a tion bias. This is less of a con cern if one is more inter ested in seg re ga tion  
by longrun income rather than annual income, but chal lenges remain. While there 
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exist esti ma tes of the reli abil ity of selfreported annual income as a proxy for long
run income (e.g., life time earn ings) (Brady et al. 2018; Haider and Solon 2006; 
Hyslop 2001; Mazumder 2001; Rothstein and Wozny 2013), they will imper fectly 
account for selfreports erring toward period means if there is mis align ment between 
the pooling period length, the longrun aver ag ing length, and the way selfreported 
income errs toward income in the recent past and near future.

Third, our equa tions assume sim pler sam pling than occurs in prac tice, treating 
neigh bor hood sam ple sizes as con stant within pop u la tions and ignor ing sam pling rate 
var i a tion within neigh bor hoods. We assume con stant sam pling across tracts within 
metro areas, but tract sam ple sizes can dif fer in prac tice. We relax this assump tion 
when com put ing biascorrected tract means and var i ances to esti mate rankorder seg
re ga tion (see online appen dix A) by using tractspe cific sam ple sizes, but we can not 
relax it for our com pu ta tions of σ.

To make our model trac ta ble using pub licly avail  able data, we must also ignore 
sam pling rate var i a tion within tracts. This is vio lated by weighted sam pling and, in 
pooled sam ples, by timevary ing sam pling rates. Logan et al. (2020) con sid ered bias 
from weighted sam pling in depth. Our esti ma tes of the national trend are likely over
estimated in light of bias from weighted sam pling, though the size of this bias is small 
rel a tive to the three biases con sid ered and the uncer tainty in seg re ga tion due to uncer
tainty in income reli abil ity. It poses a larger prob lem for racespe cific ana ly ses, for 
which sam ple weights dif fer more. Logan et al. (2020) pro vided for mu las correcting 
for weighted sam pling that, like our esti ma tor, esti mate seg re ga tion by esti mat ing 
withinunit var i ance and total var i ance, so extending our esti ma tor to accom mo date 
weighted sam pling is straight for ward when the nec es sary data are avail  able. Our esti
ma tor also does not con sider timevary ing sam pling rates in the ACS. Annual var i
a tion in tracts’ sam pling rates would lead to overcorrecting for finite sam pling bias 
and underestimating seg re ga tion, whereas annual var i a tion in sam ple weights would 
have the oppo site impli ca tions. We can not extend our esti ma tor to account for these 
con di tions with out microdata.

Discussion

We con sider three sources of poten tial bias in recent income seg re ga tion esti ma tes, 
yield ing sev eral impor tant find ings. We extend the recent dis cus sion of upward bias 
in sam plebased seg re ga tion mea sures by con sid er ing two sources of down ward bias 
that have received less atten tion. We con firm that seg re ga tion mea sures using noisy 
char ac ter is tic data, such as selfreported income, are severely biased down ward. We 
also dem on strate that seg re ga tion mea sures draw ing from pooled sam ples, as we find 
in ACS data, are biased down ward. This bias can be sub stan tial when the char ac ter is
tic of inter est varies over time; our esti ma tes of tract and metrolevel income var i a
tion in the ACS indi cate that pooling bias is typ i cally greater in mag ni tude than finite 
sam pling bias in the case of income seg re ga tion. Ignoring any of these three sources 
of bias may lead to incor rect infer ences.

Additionally, for mal iz ing the rela tion ship between the three sources of bias indi
cates that the direc tion of bias is often unclear, includ ing in both decen nial cen sus– 
and ACStype data. We also show how one can use a sin gle pro ce dure to com pute 
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seg re ga tion esti ma tes that are largely free of the three sources of bias. We dem on
strate that this is pos si ble using only pub licly avail  able cen sus and ACS tab u la tions 
and the extant lit er a ture on the reli abil ity of income.

Our biascorrected esti ma tes indi cate that income seg re ga tion is on the order of 
50% greater than pre vi ously believed owing to atten u a tion and pooled sam pling bias. 
The increase in seg re ga tion from 2000 to the 2005–2009 period esti mated with out 
adjust ment is an under es ti mate by more than a fac tor of 4, rather than an over es ti mate 
as has been argued. The decline in seg re ga tion in the years fol low ing 2005–2009 has 
been underestimated as a result of pooled sam pling bias: from 2005–2009 to 2011–
2015, a period of declin ing tractlevel vol a til ity and con se quently declin ing pooled 
sam pling bias, seg re ga tion declined by over 6%, but esti ma tes ignor ing pooled sam
pling bias instead find a small increase. The lat ter find ing is par tic u larly note wor thy 
because it indi cates that pooled sam pling bias sub stan tially dis torts unad justed seg re
ga tion trends when using only ACS data, and so correcting for pooled sam pling bias 
will be cru cial for the fore see able future.

Though the focus of this arti cle is the mea sure ment of income seg re ga tion, the 
new esti ma tes of the national income seg re ga tion trend also have impli ca tions for 
how we under stand income seg re ga tion. Reardon and Bischoff (2011) esti mated 
that an increase of 1 stan dard devi a tion in income inequal ity raises income seg re
ga tion by .25 stan dard devi a tions, pro vid ing one account for what drives the trends 
we observe here. However, it remains unex plained why we find seg re ga tion decline 
in the 1990s when income inequal ity sub stan tially increased, and why we find such 
a large increase in seg re ga tion from 2000 to 2005–2009, a period of only mod estly 
increas ingly inequal ity (World Bank 2022). Our esti ma tes call for fur ther exam i na
tion of what drives changes in income seg re ga tion and, poten tially, iden ti fi ca tion of 
addi tional mech a nisms.

The three types of seg re ga tion mea sure ment biases we con sider are not lim ited to 
income seg re ga tion esti ma tes, the seg re ga tion indi ces discussed here, or the datasets 
we focus on. As oth ers have discussed in more detail, finite sam pling bias is rel e vant 
to all  sam plebased mea sures of seg re ga tion (Logan et al. 2018; Reardon et al. 2018).

Similarly, all  seg re ga tion indi ces are biased down ward by noise in the char ac
ter is tic of inter est, whether because of reporting error (e.g., selfreported edu ca
tional attain ment), the use of data reduc tion tech niques (e.g., socio eco nomic sta tus), 
or using a noisy proxy (e.g., using annual income to proxy for per ma nent income). 
Attenuation bias can also lead to erro ne ous infer ences when com par ing across times, 
groups, or datasets in which the reli abil ity of the char ac ter is tic of inter est dif fers. For 
exam ple, income seg re ga tion com par i sons across groups that dif fer by edu ca tional 
attain ment, race and eth nic ity, or occu pa tions may be biased by group dif fer ences in 
response error (Kim and Tamborini 2012).

All seg re ga tion indi ces are poten tially biased down ward by pooled sam pling 
when data are col lected as a pooled sam ple, as in the ACS, or when research ers 
com bine sam ples to increase sta tis ti cal power. This is a rel e vant con cern regard less 
of the char ac ter is tic of inter est, but it depends on whether there is unitlevel (e.g.,  
neigh bor hoodlevel) var i a tion over time within the pooling period. This may occur 
pri mar ily because peo ple’s char ac ter is tics change over time, as in the case of income, 
or because of mobil ity across units. In addi tion to pooled sam pling in the ACS bias ing 
the com par i son of decen nial cen sus and ACS data, we find that changes over time in 
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tractlevel income vol a til ity mask the recent down ward trend in income seg re ga tion 
esti ma tes that ignore pooled sam pling bias. Comparing neigh bor hood seg re ga tion 
across groups in pooled sam ples will also be biased if the groups have dif fer ent lev els 
of neigh bor hood mobil ity or vol a til ity in the char ac ter is tic of inter est.

Moreover, out side of the case of annual pop u la tion data, the aggre gate bias in seg
re ga tion mea sures is both mul ti pli ca tive and addi tive, such that the bias depends on 
the true seg re ga tion level whether com par ing raw or pro por tional dif fer ences.

The biascorrected esti ma tor we describe here brings us much closer to yield
ing approx i ma tely unbi ased esti ma tes in each of these cases. Researchers can use 
it to make valid com par i sons when true seg re ga tion, sam ple sizes, unitlevel vol
a til ity, and reli abil ity dif fer. In the case of national income seg re ga tion trends, this 
approach allows us to com pare income seg re ga tion across metro areas and years with 
dif fer ent sam ple sizes, lev els of true seg re ga tion, neigh bor hoodlevel income vol a til
ity, and metrolevel income vol a til ity. It would also allow com par i sons across metro 
areas and years with dif fer ent reliabilities of income if such infor ma tion were avail 
able. Though our esti ma tor assumes a large num ber of units and a large pop u la tion, 
research ers can use the adjust ments in online appen dix B to esti mate seg re ga tion in 
smaller pop u la tions.

Biascorrected esti ma tes will not be accu rate in all  cases. Our esti ma tes are based 
on a sim pli fied datagen er at ing model with assump tions that may be vio lated. Income 
may not be lognor mal, and selfreported income may have non clas si cal reli abil ity 
(Kim and Tamborini 2012; Pedace and Bates 2000). Neighborhood income may have 
time trends within pooling peri ods, in which case one would need more infor ma tion, 
par tic u larly regard ing the nois i ness of the trends, to avoid overcorrecting for pooling 
bias (see online appen dix C). We also assume unweighted sam pling; though it is 
straight for ward, schol ars with access to sam pling weights would need to inte grate the 
adjust ments in Logan et al. (2020) with ours.

Income seg re ga tion is sur pris ingly dif fi cult to mea sure from decen nial cen sus or 
ACS data. In this arti cle, we par tially address the chal lenges of mea sur ing it. We 
for mal ize three impor tant threats to seg re ga tion mea sures. Note that these sources 
of bias per tain equally to aggre gated, pub licly reported cen sus and ACS data and to 
house holdlevel cen sus and ACS microdata. Given these sources of bias, we pro vide 
a strat egy for esti mat ing seg re ga tion when income and bias are wellbehaved and 
income reli abil ity is known. Our new esti ma tes of the national income seg re ga tion 
trend dem on strate that pre vi ous esti ma tes of both the lev els and trends in income seg
re ga tion were severely biased. That said, there remains some uncer tainty about the 
actual trend, because our esti ma tes rely on sim pli fy ing assump tions about the shape 
of income dis tri bu tions, the inde pen dence of neigh bor hood income means from dif
fer ent years, and esti ma tes of the reli abil ity of selfreported income. Violations of 
these assump tions or var i a tion (over time or place) in the reli abil ity of selfreported 
income might bias the trends fur ther in ways we have not been  able to cor rect for with 
the infor ma tion cur rently avail  able. Nonetheless, we hope the ground work laid here 
improves our under stand ing of the mea sure ment and trends in income seg re ga tion. ■
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