






tudinal Survey (ELS). This is a representative national sample that includes information

about parental income, children’s achievement (test scores) near the end of high school,

and educational attainment and early adult earnings and income. The ELS data can be

geocoded to commuting zones (CZs), the unit of geography considered by CHKS.

The ELS contains only about 15,000 respondents, far too few to produce reliable income-

achievement transmission measures for each of the 700 CZs in the United States. I show

that this is not necessary in order to accomplish the more limited goal of measuring the

across-CZ association between income-income transmission and income-achievement trans-

mission. That association is identified even with small numbers of observations from each

CZ – information can be pooled from many CZs with similar income-income transmission

to identify the average income-achievement transmission among them, even when the lat-

ter is not reliably estimated for any individual CZ. I develop an estimator for the slope

of the CZ-level regression of intergenerational income transmission on income-achievement

transmission, or for the correlation between the two, based on a mixed (random coefficients)

model for the relationship between children’s achievement and their parents’ incomes.

I find that CZs vary substantially in the strength of transmission from parental income

to children’s 12th grade math scores (which I call “test score transmission”), but that this

is only weakly correlated across CZs with income transmission. Income transmission is

more strongly correlated to the strength of transmission from parental income to children’s

educational attainment,1 though the magnitude of the variation in the latter is not large

enough to account for a large share of the former. These results suggest that differential

inequities in access to good schools are not an important mechanism driving the across-CZ

variation in income transmission; what role education does play seems to reflect access to

higher education more than the quality of elementary and secondary schools.

This motivates me to consider other channels for intergenerational income transmission

that may vary across CZs. One is the labor market return to skill. In every CZ, children

from low-income families obtain less human capital than do children from higher income
1This reproduces a CHKS result for college enrollment, discussed below. Another similar result comes

from Kearney and Levine (2016), who find that high school dropout gaps by family status are stronger in
more unequal states (which tend to have stronger income transmission). Kearney and Levine (2014) find
that non-marital childbearing is more common among low-SES women in these states as well.
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families. As a result, differences in the return to human capital could drive differences

in income transmission even if the skill acquisition technology were the same everywhere.

Indeed, I find that the return to education varies substantially across CZs, and explains as

much of the variation in income transmission as do achievement and attainment gradients

together. This points to labor market institutions as a potentially important factor.

I develop a decomposition that allows me to apportion the variation in CZ-level income

transmission into four components: Accumulation of human capital, the earnings returns

to human capital, the residual component of earnings that is explained by parental income

conditional on the child’s measured human capital, and non-earnings components of the

child’s family income (including spousal earnings and any non-labor income). I find that

the final component, spousal and unearned income, accounts for two-fifths of the relative

advantage of children from high-income families in high-transmission CZs. This reflects

differences in the likelihood of marriage or in the age of marriage rather than assortative

matching or inheritances. Another one-third operates through children’s residual earnings.

Skill accumulation and the return to skill each represents only one-ninth of the total.

My analysis is purely observational; my estimates of the association between CZ-level

income transmission and CZ-level transmission of parental income to children’s test scores

and other outcomes could be confounded by other CZ-level characteristics that are corre-

lated with both. Keeping this caveat in mind, my results indicate that human capital plays

a relatively small role in the geographic variation in the intergenerational transmission of

income. Much of this variation appears to reflect differences in adult earnings of children

with similar skills, perhaps due to labor market institutions (e.g., unions, or other deter-

minants of residual income inequality) or differences in access to good jobs (due, perhaps,

to labor market networks or socially stratified labor markets). An even larger component

is due to the use of family income-based (rather than individual earnings-based) measures

of income transmission. This may be spurious, as differences in the likelihood of having

spousal earnings, across income levels and across CZs, may simply reflect variation in age at

marriage rather than true differences in opportunity across CZs, and may not be indicative

of children’s economic success.

My results on the mechanisms driving the existing variation in income transmission do
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yields an estimate not just of β but also of σ

2
⌘

, so can be used to compute the forward regres-

sion (7). As in the fixed-coefficient specification, I separate p̄

c

from p

ic

− p̄

c

, to ensure that

only within-CZ variation identifies the coefficients of interest.11 The identifying assumption

(beyond normality) is that η

c

is orthogonal to θ

c

. Recalling that η

c

is the residual in (6),

this simply means that the mixed model identifies only the observational regression of π

c

on

θ

c

(and vice versa), and does not solve the causal inference problem.

One way to validate this strategy is to use the child’s income as the skill measure – that

is, let s

ic

≡ y

ic

. This makes transmission to skill, π

c

, identical to transmission to child’s

income, θ

c

, thus ensuring that β = 1 and σ

2
⌘

= 0 in (6). I implement a version of this in

Appendix Table A2. Results are encouraging, though not perfect. The estimate of σ

2
⌘

is

nearly identically zero – a result that does not occur for any of the other outcomes I examine

below. The estimated β coefficient, however, is attenuated by about one-third from what

was expected. I attribute this to the fact that this exercise mixes two different data sets –

θ

c

is measured in tax data, while I measure y

ic

and p

ic

in the ELS. As discussed above, the

ELS measure of p

ic

is of lower quality than the tax measure, while the ELS y

ic

is measured

at a younger age.

A different mixed model can be used to estimate the relationship between θ

c

and the

return to skill in the local labor market, defined as the coefficient of a regression of incomes

on human capital:

y

ic

= κ̃

c

+ s

ic

λ̃

c

+ ṽ

ic

. (13)

The standard omitted variables formula can be used to relate this reduced-form coefficient

to the transmission coefficients from the path diagram in Figure 1:

λ̃

c

= λ

c

+
cov (s

ic

, p

ic

)

V (s
ic

)
µ

c

= λ

c

+
σ

2
p

σ

2
s

π

c

µ

c

. (14)

estimates are very similar with and without weights, so this is not likely to dramatically affect my results. In
economics, it is common to estimate models like (10) in two stages, as in footnote 9. This does not require a
normality assumption on (↵c, ⌘c), but estimation of �2

η requires distinguishing what portion of the across-CZ
variation in ⇡̂c is due to sampling error. As noted above, this is poorly behaved in the ELS sample. The
mixed model approach can achieve better precision by pooling information across CZs.

11The random coefficient is specified to apply only to pic − p̄c, so the random intercept is ↵̃c = ↵c + p̄c⌘c.
I do not restrict the correlation between ↵̃c and ⌘c. In most specifications, the estimated correlation is quite
close to 1, suggesting that �2

α is small.
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or, using (18),

1 =
dπ

c

dθ

c

λ

c

+ π

c

dλ

c

dθ

c

+
dµ

c

dθ

c

. (20)

Each of the terms on the right side of (20) is interpretable as reflecting a distinct component

of income transmission. The first term represents differences between high- and low-θ
c

CZs

in human capital accumulation gaps between high- and low-income families, scaled by the

return to human capital. But for scaling by λ

c

, this term is identified by the β coefficient

of the “reverse” regression (6) discussed above in subsection 3.2. It would be large if high-θ
c

CZs offer less equal school quality to children from different family backgrounds.

The second term reflects covariance of the CZ-level return to skill with CZ-level income

transmission, scaled by π

c

≡ dsic
dpic

|
c

. This term would be large if high-θ
c

CZs have higher

returns to skill, producing better outcomes for children from high-income families who tend

to obtain higher skill. The third term reflects differences in the transmission of parental

income to children’s incomes holding skills constant. This might be large if high-θ
c

CZs

have segmented labor markets or employment networks that allow high-income parents to

ensure good outcomes for their children regardless of the children’s skills.

To decompose the variation across cities, I use fixed values λ̄ and π̄ to scale the first and

second terms:

d

2
y

ic

dp

ic

dθ

c

=
d

2
s

ic

dp

ic

dθ

c

λ

c

+ π

c

dλ

c

dθ

c

+
dµ

c

dθ

c

(21)

≈ d

2
s

ic

dp

ic

dθ

c

λ̄ + π̄

dλ

c

dθ

c

+
dµ

c

dθ

c

, (22)

This leads to a three-step method for the decomposition. First, I estimate λ̄ and π̄ via pooled

regressions of y

ic

on s

ic

and of s

ic

on p

ic

, respectively. Second, I estimate d

2
sic

dpicd✓c
= d⇡c

d✓c
= β

via a regression of s

ic

on p

ic

, θ

c

, and their interaction as in (11), above. Third, I regress

y

ic

on s

ic

, p

ic

, θ

c

, and the two interactions s

ic

∗ θ

c

and p

ic

∗ θ

c

. The interaction coefficients

estimate d�c
d✓c

and dµc
d✓c

, respectively. As earlier, I include in each step the CZ means of the

individual-level variables, as well as CZ random effects.

Next, consider the left side of (22). In principle, dyic
dpic

|
c

is identically equal to θ

c

, and
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have adult income gaps between children from high- and low-income families that are 0.32

percentiles larger, and CZs where the high-income children earn one more year of education

have adult income gaps that are 12 percentiles larger. Neither of these is significantly

different from zero.

The correlation between income transmission and attainment transmission is stronger

than for test scores, around 0.5. However, this is still quite far from 1; three-quarters of

the variance in income transmission across CZs is unexplained by differences in transmission

from parental income to children’s higher education attainment. As in the earlier analysis

of test scores, the evidence points to a role for educational attainment as a mechanism

driving variation in intergenerational income transmission, but does not indicate that it is

an overwhelming factor.

The R

2 statistics in the lower portion of Table 6 provide one way to measure the im-

portance of the attainment channel. Variation across CZs in the transmission of parental

income to educational attainment in years explains about one-quarter of the variability in

CZ-level income transmission. As with test scores, another way to understand this is to use

an estimate of the return to education to measure the importance of educational attainment

as a mediator of income transmission. I begin with CHKS’s measure of transmission from

parental income to college enrollment. They find that the standard deviation of π

c

, across

CZs, is 0.11 percentage point of college enrollment per percentile of family income, very

similar to my estimate in column 2 of Table 6. In a regression of family income percentiles

on an indicator for some college in the ACS sample, with CZ fixed effects, I find that those

with some college or more have family incomes about 19.2 percentiles higher than those

without college, on average. This implies that a one standard deviation increase in π

c

would

drive only a 19.2∗0.11 = 0.02 increase in θ

c

, or less than one-third of a standard deviation of

that variable. I obtain even smaller magnitudes when I use my estimates of transmission of

parental income to other attainment measures. For example, column 4 of Table 6 indicates

that a one standard deviation of π

c

is 0.0025 years of education per percentile of parental

income. Column 5 of Table 3 indicates that each year of education is associated with 3.6

additional percentiles of children’s income.16 Thus, a one-standard deviation increase in π

c

16I obtain slightly larger estimates when I use the ACS sample – 4.1 using the full sample, or 5.9 when
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direct effects of parental income on children’s income not operating through human capital

(i.e., to µ

c

).

As an initial exploration of this, I examine variation in the return to skill across CZs. As

before, I estimate mixed models, in this case allowing the return to human capital to vary

both with the CHKS income transmission measure and independently across CZs. These

models do not isolate the relationship between income transmission and λ

c

from Figure 1,

as to do that I would need to examine the return to skill controlling for parental income.

I simply examine the reduced-form return to skill, λ̃

c

= λ

c

+
�

2
p

�

2
s
π

c

µ

c

. If I find that this is

strongly associated with θ

c

, that could indicate either that λ

c

is a major component of the

across-CZ variation in θ

c

or that µ

c

is.

Table 7, Panel A presents results for a sample of 28-32 year olds surveyed in 2010-

2012 by the American Community Survey (ACS), and assigned to their current CZs.17

Column 1 shows that each year of education, relative to the CZ mean, is associated with 5.3

percentiles of adult earnings. Columns 2-4 present models that include interactions between

the individual’s education and CZ-level income transmission. The interaction coefficient is

positive and highly significant, indicating that the (reduced-form) return to education is

larger in high-income-transmission CZs. Column 5 presents the mixed model, allowing for

unexplained heterogeneity across CZs in the return to education. This heterogeneity term is

substantial. The correlation between the CZ-level return to education and CZ-level income

transmission is about 0.5, comparable to the attainment transmission results earlier and

much larger than that for achievement transmission. The overall variability in returns to

education across CZs (i.e., in λ̃

c

) is substantial, with a standard deviation of 0.7 (compared

to the mean of 5.3),. Only about 30% of this attributable to θ

c

.

The lower panel of Table 7 presents a parallel analysis of returns to skill in the ELS

data. Here, I combine my two human capital measures, constructing a skill index as the

fitted value from a regression of children’s earnings on their 12th grade math scores and

indicators for each possible attainment, with CZ fixed effects. This skill index is strongly
17I censor years of education at 9 and 17. Values outside this range are unusual. The earnings-education

relationship is approximately linear within this range, but not outside it. Table 7 shows results for the
individual earnings percentile as the dependent variable, but results are similar when the family income
percentile is used instead.
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related to earnings, as expected.18 It is much more strongly related in high-transmission

CZs, with interaction coefficients that are notably larger than the main effects. Column

5 indicates, however, that there is a great deal of variation in the returns to skill that is

orthogonal to income transmission, and the correlation between the two is only 0.3.

5 Decomposing the across-CZ variation in income transmis-

sion

The results thus far indicate that intergenerational income transmission is positively cor-

related across CZs with transmission from parental income to children’s test scores and

educational attainment, and with the reduced-form labor market returns to human capital.

Some preliminary calculations indicate that neither the achievement nor the attainment rela-

tionship is large enough, on its own, to be a primary channel in overall income transmission,

but I have not yet considered them together or quantified the contribution of the return-

to-skill effects. Moreover, the returns to skill estimates are reduced-form, and combine true

returns to skill with any effect of parental income on children’s income not operating through

education (i.e., with µ

c

). In this section, I explore decompositions of the across-CZ variation

in income transmission that address these shortcomings.

As a preliminary, I explore income-income transmission, θ

c

, in the ELS data. Mea-

surement differences between the ELS and the tax data used by CHKS mean that the θ

c

s

implied by the ELS data differ somewhat from the tax-data-based θ

c

s reported by CHKS

– though they are nearly perfectly correlated. I also show that marriage patterns and la-

bor force participation are quantitatively important channels for intergenerational income

transmission. This motivates me to extend the three-component path diagram from Figure

1 by considering transmission into children’s own earnings and into the other components

of family income (spousal earnings and non-labor income) separately. I decompose the

transmission of parental income to children’s earnings into the three components from the
18In constructing the skill index, I measure children’s earnings as a percentile of the adult income dis-

tribution, for use in my decomposition below. Thus, a child with median earnings ($22,000 in the ELS
sample) is assigned a percentile of 38, as $22,000 is the 38th percentile of the family income distribution.
The dependent variable in Table 7 is the percentile of the child earnings distribution, in which the same
child would be assigned a percentile of 50. This explains why the coefficient is larger than one in column 1.
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variation in income transmission reflects differences in assortative mating, we would expect

the β coefficient in column 7 to more closely resemble that in column 6 than that in column

1. This is not what I find. β̂ here is even larger than in column 1. Evidently, differences in

assortative mating are not contributing meaningfully to the across-CZ variation in family

income transmission.

I interpret the results in Table 8 as pointing to the importance of marriage as a mechanism

driving between-CZ variation in measured income transmission. Nearly one-third of the

across-CZ variation in income transmission is explained by differences in within-CZ gradients

of marriage (at the time of the age-26 ELS follow-up survey) with respect to parent income.

This may represent a spurious component of the variation in θ

c

. It is not clear whether a

two-earner couple should be seen as as successful as a single person with the same family

income. Moreover, the median age of marriage for the ELS cohorts is around 26 (U.S.

Bureau of the Census, 2004), so it is quite possible that many people who are not married

at age 26 or even at 30 will be later, and will eventually be able to pool their earnings with

their spouses to achieve much higher family incomes than I see in the age-26 survey.

Whether transmission operating through marriage is spurious or not, the interpretation

of income-marriage transmission is quite different than that of income-earnings transmission,

even though both may be statistically mediated by the child’s human capital. Going forward,

I separate children’s family incomes into the child’s own earnings and a second component

combining spousal earnings and non-labor income, and I focus on the mediating role of

human capital for the former.

5.2 Decomposition of income transmission

Table 9 presents my analysis of the decomposition of across-CZ variation in income trans-

mission into the four components indicated in Figure 3: Skill accumulation, as moderated by

the average own-earnings return to skill; returns to skill, moderated by the average parental

income gradient in skill accumulation; “direct” transmission of parental income to children’s

earnings conditional on human capital; and spousal and non-labor income.

Column 1 presents the baseline income transmission analysis, using the family income

percentile as the dependent variable. This specification is the same as in column 1 of Table 8,
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Figure 1. Path diagram of the transmission of parental income to child income, mediated by the 
child’s human capital. 
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Table 1. Summary statistics for CZ-level relative mobility (income transmission) 
 

 
 
Notes: Statistics are computed at the CZ level, without weights, and pertain to the preferred 
“relative mobility” measure from Chetty et al. (2014). Correlation 1 is with the relative mobility 
measure for the 1983-1985 birth cohorts, from Chetty et al. (2014). Correlation 2 is with the 
causal mobility measure from Chetty and Hendren (forthcoming). Correlation 3 is with CZ-level 
income-college enrollment transmission – the slope of college enrollment between 18 and 21 
with respect to parental income percentile – for the 1980-1982 birth cohorts, from Chetty et al. 
(2014). 
 

(1) (2) (3) (4)
N 709 100
Mean 0.325 0.338
Standard deviation 0.065 0.054
Minimum 0.068 Linton, ND 0.215 Santa Barbara, CA
10th percentile 0.240 Hutchinson, MN 0.257 Bakersfield, CA
25th percentile 0.280 Carroll, IA 0.298 Manchester, NH
50th percentile 0.330 Eagle Butte, SD 0.348 Des Moines, IA
75th percentile 0.373 Roanoke, VA 0.382 Greenville, SC
90th percentile 0.404 Vicksburg, MS 0.398 Indianapolis, IN
Maximum 0.508 Lake Providence, LA 0.429 Cincinnati, OH
Correlations
(1) Relative mobility for 1983-85 

birth cohorts 0.84 0.98
(2) Causal mobility measure from 

Chetty-Hendren 0.85 0.91
(3) Relative mobility for college 

enrollment 0.68 0.70

Full sample 100 largest CZs



Table 2. Summary statistics for individual-level samples 
 

 
 
Note: Sample sizes and demographics are computed for the base-year sample for each survey, 
and use sampling weights. Sample sizes in columns 1-3 are rounded to the nearest 10. Standard 
deviations in parentheses. 
 

Educational 
Longitudinal 

Study 

Early Childhood 
Longitudinal 

Study

High School 
Longitudinal 

Study

American 
Community 

Survey
(ELS) (ECLS) (HSLS) (ACS)

(1) (2) (3) (4)
Birth year 1985-1986 1992-1993 1994-1995 1980-1982
Number of observations 15,240 19,940 21,440 330,366
# of CZs 312 365 295 488
Female 0.50 0.48 0.50 0.50
Black 0.14 0.18 0.17 0.14
Hispanic 0.16 0.19 0.22 0.21
Asian 0.04 0.03 0.03 0.06
Other non-white 0.05 0.02 0.08 0.09
Parent income 61,417 51,789 70,464

(50,312) (47,419) (56,034)
Test scores available for grades 10,12 K,1,2,3,5,8 9,11 n/a

Post-high school outcomes Age 26 Age 28-32
Any college 0.84 0.53
College completion (BA degree) 0.33 0.22
Years of education 14.0 13.3

(1.8) (2.8)
Marital status 0.28 0.47
Presence of working spouse 0.24 0.40
Earnings 25,451 29,508

(24,672) (32,477)
Family income 36,095 73,039

(35,238) (62,890)





Table 4. Transmission of parental income to children’s 12th grade math achievement (ELS) 
 

 
 
Notes: Dependent variable in each column is the 12th grade math score, in national percentile 
units (0-100). Parental income is also measured in percentiles (0-100). CZ income transmission 
is the relative mobility measure for the 1980-82 birth cohorts from Chetty et al. (2014), 
demeaned across CZs. Specifications labeled “RE” and “FE” include CZ random effects and 
fixed effects, respectively. RE specification in column 3 is estimated via GLS; mixed model in 
column 5 is estimated by maximum likelihood. Specifications in columns 1, 2, and 4 are 
weighted using ELS sampling weights; columns 3 and 5 are unweighted. Standard errors are 
clustered at the CZ level. p-value in column 5 is for a likelihood ratio test of the mixed model 
against a random effects model with fixed coefficients (as in column 3, though estimated by 
maximum likelihood rather than GLS). Number of observations (rounded to the nearest 10) = 
13,650. 
 

(1) (2) (3) (4) (5)
Parental income - CZ mean 0.35 0.35 0.34 0.35 0.33

(0.01) (0.01) (0.01) (0.01) (0.01)
CZ mean parental income 0.69 0.69 0.70 0.70

(0.04) (0.04) (0.04) (0.04)
CZ income transmission (!) -97.0 -74.4 -72.6

(26.4) (28.1) (27.8)
(Parental income - CZ mean) 0.32 0.37 0.32 0.41

* CZ income transmission (!) (0.21) (0.15) (0.21) (0.17)
CZ mean parental income 1.75 1.23 1.20

* CZ income transmission (!) (0.53) (0.57) (0.56)
SD of parental income random coefficient (!) 0.07

(0.02)
CZ effects None None RE FE RE
Across-CZ distribution:

SD of CZ income transmission (!) 0.057 0.057 0.057 0.057
SD of parental income-test score transmission (") 0.018 0.021 0.018 0.072
Coefficient of between-CZ regression of ! on " 0.26

(0.12)
R2 0.11
Corr(!, ") 1 1 1 0.32
p-value, SD(!) = 0 / corr(!, ") = 1 (LR test) <0.01



Table 5. Parental income-child achievement transmission across grades, cohorts, and subjects 

 
Notes: Each row presents statistics from a single mixed model pertaining to a different test score 
(for a given sample, grade, and subject), each scaled as national percentile units (0-100). Parent 
incomes in columns 1-3 are percentiles, deviated from the CZ mean. Specifications are as in 
Table 4, column 5. See notes to Table 4 for details. Number of observations (rounded to the 
nearest 10) ranges between 9,140 and 20,430. 

Parental 
income

Parental 
income * CZ 

income 
transmission

SD of parental 
income random 
coefficient (!)

Coefficient of 
regression of income 
transmission (!) on 

test score 
transmission (")

Corr(!, ")
p-value, 

LR test of 
SD(!) = 0 

(1) (2) (3) (4) (5) (6)
Panel A: Math scores
ECLS K (spring) 0.35 0.33 0.08 0.17 0.24 <0.01

(0.01) (0.25) (0.01) (0.13)
ECLS G1 (spring) 0.35 0.08 0.06 0.09 0.08 <0.01

(0.01) (0.24) (0.01) (0.29)
ECLS G3 0.42 0.13 0.08 0.08 0.10 <0.01

(0.01) (0.23) (0.01) (0.14)
ECLS G5 0.39 0.31 0.09 0.13 0.20 <0.01

(0.01) (0.26) (0.01) (0.11)
ECLS G8 0.41 0.22 0.07 0.16 0.19 0.01

(0.01) (0.22) (0.02) (0.17)
HSLS G9 0.30 0.30 0.05 0.33 0.32 0.02

(0.01) (0.17) (0.01) (0.19)
HSLS G11 0.28 0.60 0.07 0.30 0.43 <0.01

(0.01) (0.18) (0.01) (0.09)
ELS G10 0.31 0.37 0.06 0.29 0.33 <0.01

(0.01) (0.16) (0.01) (0.13)
ELS G12 0.33 0.41 0.07 0.26 0.32 <0.01

(0.01) (0.17) (0.02) (0.12)
Panel B: Reading scores
ECLS K (spring) 0.38 0.16 0.08 0.09 0.12 <0.01

(0.01) (0.23) (0.01) (0.14)
ECLS G1 (spring) 0.38 0.23 0.06 0.21 0.22 <0.01

(0.01) (0.22) (0.01) (0.20)
ECLS G3 0.40 0.41 0.06 0.33 0.37 <0.01

(0.01) (0.21) (0.02) (0.19)
ECLS G5 0.39 0.48 0.06 0.37 0.42 <0.01

(0.01) (0.21) (0.01) (0.15)
ECLS G8 0.39 0.33 0.05 0.48 0.40 0.21

(0.01) (0.21) (0.02) (0.35)
ELS G10 0.30 0.25 0.07 0.15 0.19 <0.01

(0.01) (0.18) (0.01) (0.11)









Table 9. Decomposition of the variation in intergenerational transmission 
 

 
 
Notes: Each specification has controls for CZ mean parental income, the individual deviation 
from that mean, income transmission, and an interaction between CZ mean income and CZ 
income transmission. Columns 4 and 5 report a single specification, which also includes the CZ 
mean of the skill index (see notes to Table 7 for details) and its interaction with income 
transmission. See text for explanation of scale factors and scaling of dependent variables. 
 
 

Mechanism Family 
income

Non-labor and 
spousal income

Total 
transmission

Total 
transmission

Skills Return 
to skills

Residual Total 
transmission

Dependent variable Child income Child 
earnings

Child 
skill 

index

Family income 
less own 
earnings

(1) (2) (3) (4) (5) (6)
(Parental income - CZ mean) 0.69 0.37 0.08 0.28

* CZ income transmission (0.17) (0.15) (0.06) (0.11)
(Skill index - CZ mean)

* CZ income transmission
Scale factor

λ 0.99
π 0.09

Scaled component 0.69 0.37 0.08 0.07 0.23 0.28
100% 54% 11% 11% 33% 41%

Panel B: By gender
Men

Scaled component 0.50 0.31 0.08 0.16 0.09 0.21
Share of column 1 100% 63% 16% 32% 18% 42%

Women
Scaled component 0.78 0.32 0.05 -0.03 0.30 0.43
Share of column 1 100% 41% 7% -4% 39% 55%

Own earnings

Share of column 1

0.23
(0.15)
0.84

(0.66)

Child earnings





the coefficient across θ is quite high, and points are fairly tightly clustered around the best-fit

line. Panel B repeats Figure 2, using the child’s test score as the dependent variable. While

there is a positive slope here, it is much attenuated, and there is a great deal more variability

around the best-fit line. Panels C and D present coefficients from child income regressions

that control for test scores and parental income simultaneously. The test score coefficients,

in Panel C, estimate λ

c

, while the parental income coefficients, in Panel D, estimate µ

c

. We

see a steep slope in Panel C. In Panel D, the µ

c

estimates are also more strongly correlated

with θ

c

than are the π

c

coefficients in panel B. This supports the conclusion in the paper

that µ

c

is a more important channel for explaining θ

c

than is π

c

.

Appendix Table A2 presents interacted and mixed models for the relationship between

parental income and children’s income in the ELS. The mixed model in column 5 repeats

the results from Table 8, column 1; other columns here present simpler models without

random coefficients. Across all the columns, the interaction coefficients are around 0.65

or higher, and in the random effects specifications the expected coefficient of 1 is outside

of the confidence interval. CZs that CHKS estimate have higher parent-to-child income

transmission also have higher transmission in the ELS, but not by quite as much. In the

mixed model in column 5, the across-CZ standard deviation of income transmission is smaller

than in CHKS’s estimates, 0.037 vs. 0.057, but they are nearly perfectly correlated. This

high correlation is not surprising, of course, since θ

c

is defined as the return to parental

income in children’s income, and the π

c

obtained from the ELS sample differs from this only

because the income measures and cohorts differ slightly. Thus, the high correlation serves

to validate the use of the ELS sample for this exercise.

However, the small coefficient β, 0.64 in Column 5 and similar in earlier columns, and the

correspondingly low estimated σ

✓

ELS , remains a concern. If the ELS and tax measures were

perfectly comparable, β should equal one. The attenuated coefficient must reflect differences

in the income concepts between the ELS and the tax data, either for parents or for children.

A likely suspect is that the ELS children’s income is measured at a younger age than in the

tax data, mid-20s vs. the early 30s. This may attenuate income transmission, as 25-year-olds

are often not yet settled in their careers or families. Another potential explanation is that

the ELS parental income measure is from only a single year and is reported in bins, so likely

ii





having an associates degree or more. Each of these specifications yields a positive (albeit

weak in some cases) correlation between θ

c

and π

c

, suggesting that the anomalous results

in columns 1-2 are driven by the students with the least meaningful connections to college.

In column 8, the correlation approaches that obtained by CKHS.

A.3 Alternative transmission measures

All of the results in the main paper and in Appendix A.1 use CHKS’s preferred relative

mobility measure. Here, I explore three alternative measures.

Appendix Table A4 continues the exploration of transmission from parental income to

children’s educational attainment. Here, I repeat the mixed model specifications for each

of the attainment measures from Table 6 and Appendix Table A3, but in place of CHKS’s

preferred measure of income transmission, I use their analogous measure of the transmission

from parental income to children’s college enrollment in the CZ. That is, in this table θ

c

is the slope of an indicator for ever enrolling in college between 18 and 21 on the parents’

income percentile. Not surprisingly given the discussion above, this is only weakly correlated

with π

c

in column 1, where the dependent variable is an indicator for any college by the

age-26 ELS survey. This is a further indication that the ELS measure may be over-broad.

Correlations and slopes of θ

c

with respect to π

c

are much higher in the subsequent columns.

Indeed, transmission from parent income to child’s educational attainment in years, or to

attainment of a two-year degree, is correlated 0.8 with CHKS’s θ

c

measure. Appendix Table

A2 also indicated that college completion and years of education are more strongly related

to parental income, at a national level, than is the ELS college enrollment measure, further

indicating limitations of the latter.

Appendix Table A5 returns to the income transmission concept for θ

c

, but explores

two alternative measures. One, labeled “later,” is the measure computed by CHKS for the

younger, 1983-5 birth cohorts, with adult incomes measured at younger ages. The second,

“causal” measure is constructed by Chetty and Hendren (forthcoming) based on families that

move from one CZ to another. Three dependent variables are considered: Children’s adult

family income (in percentiles, 0-100), children’s 12th grade math scores (also in percentiles),

and the child’s years of completed education as of age 26 (multiplied by 100). Results

iv



are generally similar across mobility measures; if anything, the alternative measures yield

weaker relationships with ELS transmission from parental income to children’s achievement

and attainment.

A.4 Robustness to scaling and additional controls

CHKS’s θ

c

is strongly correlated with CZ-level racial composition, raising the possibility

that what appears to be variation in the transmission of parental income is in fact due to

differences in the omitted variable bias due to differences in the correlation of race with

parental income. Appendix Table A6 considers the same three outcomes considered earlier

along with the baseline CHKS mobility measure for the 1980-2 cohorts, but adds to this

base specification indicators for the child’s race and gender and, in columns 3, 6, and 9,

interactions of these with the income transmission measure. I do not present results for the

forward regression here, as with controls equation (7) is not valid. There is some evidence

here that race is an important factor – the standard deviation of income transmission implied

by the ELS data falls from 0.038 without controls to 0.023 when race is controlled and allowed

to interact with θ

c

. However, the general conclusions that income transmission is positively

but weakly correlated with test score transmission, and somewhat more strongly correlated

with attainment transmission, are robust to the additional controls. There is no indication

that the omission of race leads me to substantially overstate the mediating role of human

capital.

Appendix Table A7 explores the sensitivity of my main test score transmission results

to different scaling choices. In column 2, I use the child’s test score in standard deviations,

rather than in percentiles. Column 3 rescales the test score in terms of the predicted earnings

associated with that score, as in Bond and Lang (forthcoming). Columns 4 and 5 return

to using the test score percentile but rescale parental income, using first the log of parental

income and then a predicted test score percentile given parental income. While the scale of

the coefficients varies across these columns, the general pattern that π

c

is correlated around

0.3 with θ

c

is robust to each of the alternative scalings.
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to the signal we are attempting to extract from the estimated coefficients. The exercise

can perhaps be interpreted as evidence that normality assumptions are not leading me to

understate β. However, for the full variance decomposition and estimation of the forward

regression (7), there is no alternative for my purposes to the normality assumption imposed

in the main text.

A.6 Non-cognitive skills

Finally, Appendix Table A8 presents an analysis of children’s non-cognitive skills. These

are drawn from batteries included in the the ELS 10th grade survey (panel A), the ECLS

5th grade student survey (panel B), and the ECLS 5th grade teacher survey (panel C). The

specific measures are:

ELS 10th grade survey. Each of the measures used is created by principal factor analysis
from student responses to questions of the form “How often do these things apply to
you?”, with response options “almost never,” “sometimes,” “often,” and “almost always.”
Quotations are from National Center for Education Statistics (undated).

Instrumental motivation. Intended to capture “motivation to perform well academ-
ically in order to satisfy external goals like future job opportunities or financial
security.” Based on three responses about whether the student studies in order
to achieve long-run success.

General effort and persistence. Based on five questions characterizing effort put
into studying.

General control beliefs. Intended to capture “expectations of success in academic
learning.” Based on four responses characterizing the student’s self-perceived
ability to achieve desired academic outcomes.

Self efficacy, math. Based on five responses characterizing the student’s self-perceived
ability to succeed in math classes and his/her views about the importance of in-
nate ability in math.

Self efficacy, reading. Based on five responses characterizing the student’s self-perceived
ability to succeed in reading classes.

ECLS 5th grade student survey. Students rated 42 statements about their perceptions
of themselves as “not at all true,” “a little bit true,” “mostly true,” and “very true.”
These were averaged into several scales. Quotations are from Tourangeau et al. (2006).
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Appendix Figure A2. CZ-level estimates of parental income – child test score transmission 

 
Notes: Points represent individual CZs. The x-axis plots the CZ’s income transmission, as 
measured by CHKS. The y-axis represents the coefficient of a regression of the child’s test score 
percentile on the parents’ income percentile, estimated using data from a single CZ. Vertical 
spikes show 95% confidence intervals. Dashed line represents a regression of the CZ test score 
transmission coefficient on CZ income transmission, weighted by the inverse sampling variance 
of the former. 
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Appendix Table A2. Income transmission in the ELS 
 

 
 
Notes: Dependent variable in each column is the child's family income at age 26, in percentile 
units (0-100). Specifications are otherwise identical to those in Table 4; see notes to that table for 
details. Number of observations (rounded to the nearest 10) = 11,510. 

Appendix Table 2. Parent income - child income relationships in the ELS

(1) (2) (3) (4) (5)
Parental income - CZ mean 0.16 0.16 0.17 0.16 0.17

(0.01) (0.01) (0.01) (0.01) (0.01)
CZ mean parental income 0.32 0.33 0.34 0.34

(0.04) (0.04) (0.04) (0.04)
CZ income transmission (!) -62.7 -65.2 -76.5

(32.9) (29.8) (30.9)
(Parental income - CZ mean) 0.71 0.63 0.64 0.64

* CZ income transmission (!) (0.20) (0.16) (0.20) (0.16)
CZ mean parental income 1.08 1.27 1.34

* CZ income transmission (!) (0.66) (0.57) (0.61)
SD of parental income random coefficient (!) 0.006

(0.018)
CZ effects None None RE FE RE
Across-CZ distribution:

SD of CHKS CZ income transmission (!CHKS) 0.057 0.057 0.057 0.057
SD of ELS income transmission (!ELS) 0.040 0.036 0.036 0.037
Coefficient of between-CZ regression of !CHKS on !ELS 1.52

(0.37)
R2 0.97
Corr(!CHKS, !ELS) 1 1 1 0.99
p-value, SD(!) = 0 / corr(!CHKS, !ELS) = 1 (LR test) 0.92

Notes: Dependent variable in each column is the child's family income at age 26, in percentile units (0-
100). Parental income is also measured in percentiles (0-100). Specifications labeled “RE” and “FE” 
include CZ random effects and fixed effects, respectively. Specifications in columns 1, 2, and 4 are 
weighted using ELS sampling weights; columns 3 and 5 are unweighted. Standard errors are clustered at 
the CZ level. p-value in column 5 is for a likelihood ratio test of the mixed model against a random effects 
model with fixed coefficients (as in column 3, though estimated via maximum likelihood rather than 
generalized least squares). Number of observations (rounded to the nearest 10) = 11,510.



Appendix Table A3. Parental income and children’s educational attainment in the ELS 
 

 
 
Notes: Specifications are as in Table 4, columns 3 (odd numbered columns here) and 5 (even 
numbered columns). See notes to that table for details. Dependent variables are scaled as 0 for 
failures and 100 for successes. Columns 3-8 recode some successes from columns 1-2 as failures, 
but are otherwise identical. Number of observations (rounded to the nearest 10) = 13,250. 

Appendix Table 3. Parental income and children's college enrollment in the ELS

(1) (2) (3) (4) (5) (6) (7) (8)
Parental income - CZ mean 0.22 0.24 0.37 0.38 0.28 0.30 0.44 0.44

(0.01) (0.01) (0.02) (0.02) (0.01) (0.01) (0.02) (0.01)
CZ mean parental income 0.49 0.48 0.78 0.79 0.69 0.70 0.98 0.99

(0.05) (0.04) (0.07) (0.07) (0.06) (0.05) (0.07) (0.06)
CZ income transmission (!) -52 -51 -64 -67 -59 -59 -70 -68

(47) (41) (69) (66) (46) (42) (61) (60)
(Parental income - CZ mean) -0.11 -0.20 0.37 0.32 0.12 0.08 0.60 0.56

* CZ income transmission (!) (0.20) (0.21) (0.29) (0.27) (0.22) (0.23) (0.31) (0.27)
CZ mean parental income 0.97 0.93 1.42 1.42 1.02 1.01 1.42 1.41

* CZ income transmission (!) (0.91) (0.78) (1.37) (1.29) (0.90) (0.80) (1.20) (1.18)
SD of parental income random coefficient (!) 0.10 0.07 0.09 0.05

(0.02) (0.02) (0.01) (0.02)
Across-CZ distribution:

SD of CZ income transmission (!) 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06
SD of p-attainment transmission (") < 0 0.10 0.02 0.07 0.01 0.09 0.03 0.06
Coefficient of regression of ! on " -0.06 0.22 0.04 0.51

(0.06) (0.18) (0.10) (0.29)
R2 0.01 0.07 0.00 0.29
Corr(!, ") 1 -0.11 1 0.27 1 0.05 1 0.54
p-value, SD(!) = 0 / corr(!, ") = 1 (LR test) <0.01 <0.01 <0.01 0.04

Any college 
(0/100)

Exclude those 
with no 

credentials at 
all

Exclude 
certificates

2 year degree 
or more

Notes : Specifications are as in Table 4, columns 3 (odd numbered columns here) and 5 (even numbered 
columns). See notes to that table for details. Dependent variables are scaled as 0 for failures and 100 for 
successes. Standard errors are clustered at the CZ level. Number of observations (rounded to the nearest 10) 
= 13,250.













Appendix Table A8 (cont’d.) 
 

 
 
Notes: Each row presents a single mixed model regression, estimated without sampling weights. 
Dependent variables are discrete responses, scaled so that higher numbers are better and then 
converted to percentiles between 0 and 100 (with discrete responses assigned to the midpoint of 
the relevant range). Indexes are constructed by reversing the original response scale as necessary, 
converting to z-scores, averaging across responses and then converting to percentiles. Parental 
incomes in columns 1-3 are deviated from the CZ mean. Standard errors are clustered at the CZ 
level.  
 

Table A8 (continued)

Parental 
income

Parental 
income * 

CZ income 
transmission

SD of parental 
income 
random 

coefficient (!)

Corr(!, ")

Coefficient 
of 

regression 
of ! on "

p-value, 
LR test of 
SD(!) = 0 

(1) (2) (3) (4) (5) (6)
Panel C: ECLS-K 5th grade teacher survey
Approaches to learning 0.19 0.58 0.06 0.51 0.44 0.02

(0.01) (0.18) (0.02) (0.20)
Self-control 0.15 0.72 0.06 0.57 0.45 0.01

(0.01) (0.18) (0.02) (0.20)
Interpersonal skills 0.15 0.22 0.05 0.25 0.28 0.16

(0.01) (0.17) (0.02) (0.21)
Peer relations (self-control & 0.15 0.52 0.06 0.50 0.47 0.03
  interpersonal) (0.01) (0.18) (0.01) (0.20)
Externalizing problem behaviors 0.11 0.48 0.03 0.70 1.03 0.05

(0.01) (0.12) (0.02) (0.60)
Internalizing problem behaviors 0.11 -0.02 0.07 -0.01 -0.01 <0.01

(0.01) (0.20) (0.01) (0.16)
Index of six measures 0.21 0.59 0.07 0.47 0.37 0.02

(0.01) (0.21) (0.02) (0.15)

Notes : Each row presents a single mixed model regression, estimated without sampling weights. Dependent 
variables are discrete responses, scaled so that higher numbers are better and then converted to percentiles 
between 0 and 100 (with discrete responses assigned to the midpoint of the relevant range). Indexes are 
constructed by reversing the original response scale as necessary, converting to z-scores, averaging across 
responses and then converting to percentiles. Standard errors are clustered at the CZ level. 
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