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1 Preliminaries

In the time since Pareto first documented skewed distributions of incomes and wealth, economists
have focused attention on inequality in the distributions of earnings, income, and wealth. How-
ever, for a long time economists paid relatively more attention to inequality within generations
relative to inequality within families across generations.:

Solon (1999)’s chapter in the Handbook of Labor Economics starts with the following thought
experiment. Imagine two societies: society A and society B. The distribution of earnings is iden-
tical in the two societies, so in a within-generation sense the two societies are “equally unequal.”
But now suppose that in society A, one’s relative position in the earnings distribution is exactly

inherited from one’s parents: if your parents were in the 90"

Oth

percentile of earnings in their gen-

eration it is certain that you place in the 9
5th

percentile of your own generation; if your parents
were in the percentile in their generation you inevitably place in the 5" percentile. In con-
trast, in society B one’s relative position in the earnings distribution is completely independent
of the position of one’s parents: the offspring of parents in the 5 percentile and the offspring
of parents in the 90" percentile show the same distribution of earnings. We say that society B
displays high (complete) intergenerational mobility, whereas society A does not. Opinions differ
about the fairness of any given society’s degree of mobility, and what (if anything) should be
done from a policy perspective. The sources of the intergenerational correlation in earnings may

also matter for policy.

IThe latter topic was, earlier, more of a focus of research in sociology; see for example Blau and Duncan’s
1967 book The American Occupational Structure.



A key theoretical model in the economics literature on intergenerational mobility is the model

by Becker and Tomes (1979); we will start by presenting a simplified version of this model that

follows Solon (1999). We will then discuss issues that arise in estimating intergenerational
mobility: over the last several decades, a tremendous amount of progress has been made in
measurement, and we will review some of the key advances. Finally, in addition to empirical
papers that have developed estimates of intergenerational mobility, in recent years the literature
in this area has been placing increased emphasis on the causal mechanisms that underlie this

relationship. Following Black and Devereux (2011)’s Handbook of Labor Economics chapter, we

will describe several recent empirical papers in this area.

2 Theory

Two workhorse models of intergenerational mobility are those of Galton (1877) and Becker

and Tomes (1979). We will start by reviewing the Becker and Tomes (1979) model, reviewing

Goldberger (1989)’s critique of the Becker-Tomes model, and briefly summarizing Mulligan

(1999)’s comparison of empirical support for the predictions of the Galton model and the Becker-
Tomes model.

The intergenerational earnings elasticity is arguably a parameter of inherent interest, so
you may be wondering what the value added of a theoretical model is in this context. The
Becker-Tomes model is (not surprisingly) built on a foundation of utility-maximizing behavior:
parents choose how to allocate resources between consumption and investment in their children.
If some endowments (e.g. genetic endowments) are automatically transmitted between parents
and children, but the intergenerational earnings elasticity depends not only on these endowments
but also on parents’ decisions about what share of their income to invest in their children, then we
would like to have a theoretical model that generates predictions on what the effects of changes
in policy will be on parents’ decisions and in turn on childrens’ outcomes. As we will see, the
Becker-Tomes framework has strong predictions on whether public policies (such as the provision
of public education or Head Start programs) will be effective in reducing inequality given that
parents may change their investments in response to public subsidies. Many of the strong
predictions that come out of the Becker-Tomes model are an artifact of specific assumptions
that are not empirically tested in their paper, and relatively small changes in these assumptions
lead to dramatically different predictions. My goal in walking through the Becker-Tomes model
is not to give you a sense that this is the “right” model — indeed, as we will discuss, subsequent
research has in general not provided strong empirical support for the predictions of the Becker-
Tomes framework — but rather to give you a sense of why economic theory can be useful in this

area.



2.1 Becker and Tomes (1979)

This simplified version of Becker and Tomes (1979) follows Solon (1999). A family consisting

of one parent (generation ¢ — 1) and one child (generation t) must allocate the parent’s lifetime
earnings ¥y;—1 between the parent’s own consumption C;_; and investment I;_; in the child’s

earnings capacity. The budget constraint is:

yi—1 = Ci1+1 (1)

Note that this assumes that parents can’t borrow to invest in their children: there are imper-
fect capital markets. The technology which translates investment I;_; into the child’s lifetime

earnings 1 is:

gy = (1+r)L1+ E (2)

where r is a return to parents’ human capital investment I; 1 and E; represents the combined
effect of all other determinants of the child’s lifetime earnings. The parent divides ;1 between
Ci—1 and I;_1 to maximize a Cobb-Douglas utility function which takes as arguments their
consumption C;_1 and their child’s lifetime earnings y;. Substituting in the above expressions

for C;_; (from the budget constraint) and y; gives the following:

U = (1-a)log(Ci—1) + alog(y:) (3)
= (1—a)log(yi—1 — Ii—1) + alog((1 + r)[;—1 + Ey) (4)

where knowledge of Fj is assumed and the parameter a € (0, 1) indexes the parent’s taste for y,
relative to Ci_1. Solving for the first-order condition and re-arranging terms, we can write the

optimal choice of I;_; as:

oU
1—a)FE
=51 = ay1— (1_|_7)nt (6)

Once we know the level of investment that parents will choose given their earnings, we can
solve for the child’s earnings as a function of her parent’s earnings as follows. Substituting the

expression for I;_; into the equation for the child’s lifetime earnings y;, we can solve for ¥, as:

vy = (47— + E; (7)
= (1+7) <04yt—1 - ﬂl—fiEt> + E; (8)
= Byi1+ak; 9)



where = (14 r)a.
If the variance of earnings is the same in each generation and if E; is orthogonal to y;_1, then
B will measure the correlation between the child’s and the parent’s lifetime earnings. However,

Becker and Tomes argue this condition will generally not hold. They decompose E; as:

Et = €t + Ut (10)

where e, is the child’s ‘endowment’ of earnings capacity (aside from the part resulting from the
parent’s conscious investment I;_1) and u; is the child’s ‘market luck,” assumed to be independent
of 3,1 and e;. The endowment e; represents the combined effect of many child attributes
influenced by nature, nurture, or both. Becker and Tomes describe e; as “determined by the
reputation and ‘conmections’ of their families, the contribution to the ability, race, and other
characteristics of children from the genetic constitutions of their families, and the learning,
skills, goals, and other ‘family commodities’ acquired through belonging to a particular family
culture.” Given this characterization of the endowment, Becker and Tomes assume that the
child’s endowment e; is positively correlated with the parent’s endowment e;_1; in particular,

they assume e; follows a first-order autoregressive process:

e = Ae_1+w (11)

where 0 < A < 1 and v is serially uncorrelated with variance o2. Solon here switches to suppress
intercepts by expressing all variables in deviation-from-mean form. As long as A > 0, F; will
be positively correlated with y;_1 because both depend on the parent’s endowment e;_1; in this
case, the intergenerational earning correlation is not simply 5. Substituting from the equations

outlined above, we have:

Yy = Py +ak (12)
= Byi—1 + ale; +uy) (13)
= Byi—1 +aes + auy (14)

Becker and Tomes make a series of assumptions that assure stationarity in the process for y:
2
0 < 8 < 1, the population variance of e; is 02 = 1753

uy is o2 for all . They then derive an expression for the intergenerational earnings correlation

for all ¢, and the population variance of

generated by this model:

B+ A

corr(ye, yr—1) = 66+(1_5)1+ﬂ)\

(15)

2.2
where § = ﬁ is the proportion of the variance in y originating from innovations in the
Yy

u series rather than in the v series. I won’t work through this derivation in detail here, but

working through the math - particularly for some special cases - is helpful in building intuition



for this expression.
Solon (1999) highlights several limitations of the Becker and Tomes (1979) framework. First,

it ignores the intergenerational transmission of assets other than human capital; this distinction

is explored in Becker and Tomes (1986). Second, the model of course relies on functional form

assumptions, such as the specific Cobb-Douglas form of the utility function. Third, by assuming
single-parent families, it ignores the role of assortative mating in intergenerational mobility.
Fourth, by assuming single-child families, it ignores the role of division of family resources among
multiple children. However, despite these limitations, the model is very useful in illustrating
several key aspects of the intergenerational transition of earnings. The model clarifies that we
should expect intergenerational transmission to occur through multiple processes: investment in
human capital, parental earnings, and the child’s endowed capacity (which is influenced via some
combination of nature and nurture by the parent’s endowment). These processes depend on a
number of other parameters, such as the returns to human capital and the relative magnitudes
of variances in market luck and endowment luck. Loury (1981) presents a related model in which
he explores education-specific tax policies in a similar framework.

Becker and Tomes use this model to examine a number of comparative statics, a main
theme of which is to highlight the potential for “offsetting effects.” For example, their model
predicts that public education and other programs to aid the young (e.g. Head Start) may not
significantly reduce inequality (and in theory, could widen inequality) if there are compensating
decreases in parental expenditures. However, this type of prediction is quite fragile - if the effect
of luck on child’s income were multiplicative rather than additive, then no offsetting would
occur. Intuitively, what matters is whether public subsidies through programs such as Head
Start are complements or substitutes with parents’ investments (as well as assumptions about

capital market imperfections).



Gelber and Isen (2011) provide an empirical analysis of this offset prediction of the Becker-

Tomes model. Using data from the Head Start Impact Study - a randomized study of Head
Start - they find that in response to children’s Head Start access, parents are substantially and
statistically significantly more involved with their children along a wide variety of dimensions.
For example, parents read to their children more often, and for a longer amount of time, when
their children have access to Head Start than when they do not. This increased investment
appears to persistent even when the children are no longer attending Head Start. Table 3
summarizes their main estimates. These results are inconsistent with the prediction of the
Becker-Tomes model that an increase in publicly-provided Head Start should cause a decrease

in parental investment in children.

Table 3. Effect af HS on particular parent invelvement outcomes. The table shows cogfficients and
standard errors on the rearment dummy from probit, erdered probit, or IV regrassions of paremt
imvolvement on HS enrollment. Dependent variable: measuras of parent involvement (listed in column

headings)
1 )] ) 6] (3) (6) N (8)
MNumber Howlong Minutes Dayswith Practiced Visited Track Learning
of Times read reading father math art gallery child’s materials
Fead learming  available
Panel A: During
HS enrollment 021 278 18.71 091 026 012 0.37 010
(0.09yF**  (DR2)HE*  (4.T79)F*+ {0.85) (0.09yF**  (0.0T)*  (0.09)**+* (0.0T)
F-zquared - 0.00 0.00 - - - - -
Log-likelihood _1956648 - — -249374  -1161974 44006 548854 5679
N 7257 7211 7232 1729 3678 7257 3693 3097
Panel B: After
HS enrollment 0.01 1.46 T7.04 138 0.15 0.03 - 009
(0.06) (0.81)* (4.78) (0.69)*=*  (0.0T)* (0.06) (0.06)
F-squared - 0.00 0.00 - - - - -
Log-likelihood -2003609 -- - 0.00 -1092651 -B5T7878 - -10212
M 7075 7033 7051 3336 3539 7072 - 5808

Motes: The table shows the results of regressions in which measures of parent involvement are
related to HS enrollment or access. The dependent vanable in question is listed in each column
heading. The regression is a probit in Columns 5 and 6; an ordered probit in Columns 1, 4, and 8;
and two-stage least squares in Columns 2, 3, and 7. In Columns 1, 4, 5, 6, and &, we form the Wald
estimate by dividing the coefficient estimate by the first stage (0.68). The table shows coefficient
estimates and standard errors; since the regressions are estimated using different methods, these coefficient
estimates must be interpreted accordingly. Panel A shows results for the Dunng period, while children
are potentially enrolled in HS, and Panel B shows results for the period after which children are
potentially enrolled. The standard deviation of the dependent vanable in the During (A fier) period 15
1597 (16.13), 103.0 (101.3), and 9.53 (3.41) in Columns 2, 3, and 4 respectively. Standard errors are
clustered at the level of the program. All observations are weighted by the final parent weights. In
Column 1, the dependent variable 15 the number of times a parent read to the child per week {ordered
in categories). In Column 2, the dependent vanable 15 how long in minutes the parent read to the
child at each sitting. In Column 3, the dependent variable 15 how many minutes per week the parent
reads to the child, constructed by multiplying the dependent vanables from Columns 1 and 2. The
sample size 15 shghtly bigger for the constructed vanable in Column 3 than in Column 2 because
those occasional individuals who report that they do not read to their child (as recorded in Column 1)
do not answer the gquestion about how many minutes per sithng they read to their child {in Column
2}, but we nfer in constructing the dependent variable in Column 3 that they read to their child 0
minutes per week. In Column 4, the dependent vanable is “In the past month, on about how manvy days
has [CHILD] seen (his'her) father ™ In Column 5, the dependent variable 15 “Use dance or act out stories
to practice math 1deas such as pumbers or size.” In Column &, the dependent vanable 15 “Visited an art
gallery, museum, or historical site.” In Column 7, the dependent variable is “Track how child learms and
grows by keeping notes about (his/her) behavior or progress™; this vanable 15 not available in the After
pertod. In Column &, the dependent vanable is “A vanety of learming materials are available,” which 15
reported by the HSIS interviewer. The results are extremely similar when controlling for the covarnates
included in Columns 2 and 5 of Table 2. *** denotes significance at the 1% lewvel; ** at the 5%
level; and * at the 10% level.

Courtesy of Alexander M. Gelber and Adam Isen. Used with permission.



2.2 Galton (1877) and Mulligan (1999)

Goldberger (1989) famously critiqued the Becker-Tomes model and related work. Although his

critique is nuanced and touches on many points, one of his major criticisms was to ask whether

the Becker-Tomes model has added value relative to an existing, ‘non-optimizing’ model by
Francis Galton (Galton, 1877).

The key idea of the Galton model is that a person’s characteristics are positively correlated
with those of her parents, but also “regress to mediocrity” so that on average the personal
characteristics of a child are less extreme than those of her parents. Goldberger (1989) represents
Galton’s (Galton, 1877) model as:

et = (1—=ok+ce—1+ v (16)

where e; is the child’s height, e;_; is her parent’s height, k is the population mean height, c is the
inheritability parameter, and v; is the disturbance (assumed to be independent of past e’s). In
subsequent work, Galton collected data on the heights of thousands of adults and their parents,
cross-tabulated them, plotted the regression of child height on parental height, and found the
regression slope to be % (where parental height was measured as an average of maternal and
paternal height: “The deviates of the children are to those of the midparent as 2 to 3”).

In Mulligan (1999) and in previous work, Mulligan clarifies (building in part on Goldberger’s

critique) that the Galton and Becker-Tomes models indeed give many similar predictions: for
example, economic status regresses to the mean across generations in both models. Without
adding additional auxiliary assumptions, it is difficult to distinguish predictions of the two mod-
els. Mulligan describes five auxiliary assumptions that can be added to the Becker-Tomes model
(for example, that preferences do not vary “too much” across families and that “few enough”
families are borrowing constrained) that generate empirically testable distinct implications of
the Becker-Tomes model. Based on evidence from the existing literature as well as his own esti-

mates in Mulligan (1999), he finds that these distinct implications receive very limited empirical

support. Given the lack of strong empirical support for the Becker-Tomes framework, Mulli-
gan concludes that the challenge facing economists is to produce a model of intergenerational

mobility with predictions that are (a) distinct from Galton’s, and (b) true.

3 Measurement

Black and Devereux (2011) lay out a basic framework for empirical estimation of intergenera-

tional mobility. Consider the benchmark regression:

log(Y1) = a+ Blog(Yo)+¢ (17)

Using lowercase for logs, and taking deviations from population means to remove the intercept,

we can re-write this regression equation as:



Y1 = Byote (18)

where subscript 1 refers to the child, subscript 0 refers to the parent, and y is a measure of
permanent earnings. The parameter [ is the intergenerational earnings elasticity, and (1 — f3)
is a measure of intergenerational mobility.

The intergenerational correlation p is an alternative to the elasticity that has also been widely
used in the literature. The correlation between the log earnings of parent and child equals the

elasticity provided that the standard deviation of log earnings is the same for both generations:

Ccov (y07 Y1 )

Pyoy1 = 0001 (19)
1
— Cov(yga yl) . 0_8 . (20)
og 0001
g0
_ 400 21
5 @)

where o is the standard deviation of log earnings. The correlation therefore factors out the
cross-sectional dispersion of earnings in the two generations.

In practice, a number of issues arise when attempting to estimate intergenerational mobility.
We have defined y as a measure of permanent earnings, yet we do not observe permanent earnings
in many (or any) datasets. The estimate of 5 will be biased if father’s permanent earnings (the
right-hand-side variable) are measured with error, but not if the son’s earnings are subject to
classical measurement error.

Early estimates tended to use earnings in one year for both fathers and sons, and tended to
find quite small intergenerational earnings correlations for US data - 0.2 or less. From this, many
commentators concluded that the US was a highly mobile society. Solon (1992) investigated
whether measurement error was responsible for these low estimates using data from the Panel
Study of Income Dynamics (PSID), a nationally representative sample with panel data on wages

and income for father-son pairs.



Table 2 illustrates that estimates of p are much smaller when estimated based on one year

of data relative to when p is estimated on two- to five-year averages.

TapLe 2—O0LS EsTimaTes oF p FrROM LoG Earnings Data

Measure of father’s log earnings

Year of
father's Single-year Two-year Three-year Four-year Five-year
log earnings measure average average average average
1967 0.386
(0.079)
[322] 0.425
(0.090)
1968 0.271 [313] 0.408
(0.074) (0.087)
[326] 0.365 [309) 0.413
(0.081) (0.088)
1969 0.326 (317] 0.369 [301] 0.413
(0.073) (0.083) (0.093)
[320] 0.342 [309] 0.357 [290]
(0.078) (0L.0K8)
1970 0.285 [312] 0.336 [298]
(0.073) (0.084)
[318] 0.290 (301]
(0.082)
1971 0.247 [303]
(0.073)
[307]

MNores: Standard-error estimates are in parentheses, and sample sizes are in brackets.

Courtesy of Gary Solon and the American Economic Association. Used with permission.

Table 4 reports estimates that use father’s years of education as an instrument for father’s
income. While acknowledging caveats about the exclusion restriction, the results are consistent

with the across-year average OLS estimates in suggesting higher estimates of p.

TabLe 4—O0OLS anp IV EsTiMaTES OF p FOR VARIOUS
SinGLE-YEAR IncomeE MeEasures 1N 1967

Income measure OLS v Sample size

Log earnings 0.386 0.526 322
(0.079) (0.135)

Log wage 0.294 0.449 316
(0.052) (0.095)

Log family income 0.483 (0.530 313
(0.069) (0.123)

Log (family income /poverty line) 0.476 0.563 313
(0.060) (D.103)

Note: Standard-error estimates are in parentheses.

Courtesy of Gary Solon and the American Economic Association. Used with permission.

Solon’s estimates suggested that the intergenerational earnings correlations in the US were at
least 0.4, twice as high as the previous ‘consensus’ estimates of 0.2. As we discuss below,
subsequent research focused on obtaining better estimates of permanent earnings by averaging
over even more years of data (to allow for persistent transitory shocks), and by paying careful
attention to the ages of both fathers and sons at the time earnings are measured (to address

‘lifecycle bias’).



This line of research spurred a realization among economists that this was an area where the
sociologists had gotten it “right” and the economists had gotten it “wrong.” Economists had been
estimating very low intergenerational earnings correlations (0.2) whereas sociologists’ estimates
based on occupation data were more on the order of 0.4-0.5. In retrospect we understand that

occupation is a better measure of permanent income.

3.1 Persistent transitory shocks

Mazumder (2005) notes that the use of short-term averages of earnings may be problematic given

that the literature on earnings dynamics has suggested that transitory shocks to earnings are
persistent, so that averages of earnings taken over 4 to 5 years (as in Solon (1992)) will provide
rather poor measures of permanent economic status. He uses a simulation to demonstrate that
5-year averages of fathers’ earnings may be expected to yield estimates that are biased down by
approximately 30%.

To address this issue, Mazumder uses a new data source - the 1984 Survey of Income and
Program Participation (SIPP) matched to the Social Security Administration’s Summary Earn-
ings Records (SER) to generate new empirical estimates. Although the matched SIPP-SER
data has some disadvantages (such as high rates of censored earnings in some years), it provides
longer-term earnings histories for both parents and children with no problem of sample attrition.

Mazumder’s estimates in Table 4 suggest that when earnings are averaged over a 15-year

period, intergenerational earnings correlations are on the order of 0.6.

TABLE 4.—INTERGENERATIONAL ELASTICITIES USING SER FOR FATHERS' EARNINGS

Elasticity (Standard Error) N

Fathers Sons Daughters Pooled
Log Avg. Earn, 84-85 82-85 79-85 76-85 70-85 84-85 82-85 79-85 76-85 70-85 84-85 82-85 79-85 76-85 70-85

Father Earnings Must Be Positive Each Year

Drop 0253 0349 0445 0553 0613 0363 0425 0489 0557 0570 0308 0388 0470 0559 0.600

noncovered (0.043) (0.059) (0.079) (0.099) (0.096) (0.065) (0.087) (0.110) (0.140) (0.159) (0.039) (0.052) (0.067) (0.084) (0.093)

fathers 1262 1218 1160 1111 1063 1178 1124 1070 1031 982 2440 2342 2230 2142 2045

Impute 0.289 0313 0.376 — — 0.350 0.395 0.422 — — 0.322 0358 0404 — -

noncovered (0.050) (0.052) (0.062) (0.062) (0.081) (0.096) (0.039) (0.048) (0.056)

fathers 1485 1462 1433 1360 1339 1310 2845 2801 2743

Drop 0273 0419 0474 0533 0652 0526 0563 0635 0750 0754 0393 0487 0553 0643 0.707

government & (0.060) (0.082) (0.096) (0.111) (0.135) (0.089) (0.137) (0.150) (0.173) (0.192) (0.057) (0.077) (0.086) (0.100) (0.118)

self-employed 844 825 801 779 746 782 758 736 719 690 1626 1583 1537 1498 1436
Allow Some Years of Zero Father Earnings*

Drop 0.234  0.334 0434 — - 0.312 0423 0.506 — — 0.269 0377 0472 — —

noncovered (0.043) (0.057) (0.069) (0.060) (0.065) (0.091) (0.034) (0.043) (0.056)

fathers 1295 1268 1227 1201 1168 1127 2496 2436 2354

Impute 0238 0.342 0403 — — 0.295 0384 0474 — — 0.266 0.365 0.441 —_ _

noncovered (0.042) (0.057) (0.059) (0.055) (0.061) (0.080) (0.033) (0.042) (0.049)

fathers 1534 1550 1571 1394 1406 1424 2928 2956 2995

Drop 0242 0355 0441 0523 0575 0400 0504 0600 0731 0847 0304 0422 0570 0622 0.703

government & (0.059) (0.080) (0.084) (0.101) (0.109) (0.084) (0.083) (0.113) (0.130) (0.145) (0.046) (0.061) (0.073) (0.081) (0.087)

self-employed 874 869 862 895 917 803 794 785 825 831 1677 1663 1647 1720 1748

Dependent variable is children’s log average eamings, 1995-1998. All results use tobit specification.

Nore: For the dependent variable, probit models based on the 1996 SIPP matched to SER were used to determine if zero eamings reflected noncoverage or nunworkcl status and were imputed accordingly. For
fathers, earnings for those identified as noncovered are ¢ither dropped or imputed for the years 19791985 as indicated. For the years before 1979, no adj is Eamings for topcoded fathers are imputed
using March CPS data for 1970 to 1980 and using 1984 SIPP for 1981 to 1985. Standard errors are adjusted for within family correlation when more than one sibling is present.

*Required years of positive eamings are: | for 2-year averages; 2 for d-year averages; 3 for 7-year averages; 7 for 10-year averages; and 11 for 16-year averages.

Mazumder, Bhashkar. "Fortunate Sons: New Estimates of Intergenerational Mobility in the United States Using Social

Security Earnings Data." The Review of Economics and Statistics 87, no. 2 (2005): 235-55. © 2005 by the President

and Fellows of Harvard College and the Massachusetts Institute of Technology. Used with permission.
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3.2 Lifecycle bias

The association between current and lifetime income variables change over the life cycle. This
issue is important in practice because fathers’ earnings are often measured relatively late in life

whereas sons’ earnings are typically measured at young ages. Haider and Solon (2006) address

this issue by regressing log earnings at age a on the log of the present value of lifetime earnings:

Yoo = faYo tV (22)
Yia = Aal1tu (23)

Assume that the error terms are uncorrelated with each other and with lifetime earnings (a

strong assumption). Black and Devereux (2011) characterize the following expression for the

probability limit of the intergenerational elasticity:

s Aaftavar(yo)
pim § = ﬁuivar(yo)+var(v) 29

,uavar(yo) (25)

= BAub, where 0, =
PAala where pzvar(yo) + var(v)

The key thing to note from the above expression is the the 6, term is an additional term

contributing to the bias in B

11



A major innovation of the Haider-Solon paper is to use new data that allows them to observe
nearly career-long earnings histories based on 1951-1991 Social Security Administration (SSA)
earnings histories of the members of the Health and Retirement Study (HRS) sample. Using
this data, Figure 2 presents estimates of how A, (the correlation between earnings at age a and
lifetime earnings) and 6, (the additional term measuring the bias in the estimate B) varies over

the life cycle.

Estimates of A,
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FiGURE 2. MaIN ESTIMATES OF A, AND 8,

MNote: The solid lines graph the parameter estimates, and the
dotted lines are 1.96 estimated standard errors above and
below the solid lines,

Courtesy of Steven Haider, Gary Solon, and the American
Economic Association. Used with permission.

Haider and Solon’s results suggest that the correlation between current and lifetime earnings
is low when men are in their twenties (as low as 0.2 in the US before age 25), and are close to 1
once men reach their 30s - remaining high until their late forties. After the late fifties, estimates
of this correlation decline to around 0.6. These results suggest there could be large attenuation

bias if earnings of sons age 30 or younger are included in the analysis.
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3.3 Cross-country estimates of the intergenerational earnings elasticity

Given a growing number of estimates of the intergenerational earnings elasticity, researchers
have begun to analyze how this elasticity varies across countries. Solon (2002) reviews estimates
and concludes that the US and the UK appear to be less mobile than are Canada, Finland, and

Sweden. Black and Devereux (2011) review some more recent research which has attempted to

generate a more comparable set of international estimates (as well as correct for lifecycle bias)
which finds similar conclusions: intergenerational earnings elasticities appears to be highest in
the US (0.5-0.6), lower in the UK (0.3), and lower still in Nordic countries (less than 0.3).
Solon (2004) develops one model of why the intergenerational earnings elasticity might vary
across time and space as a function of governmental investment in children’s human capital that
may be progressive in the sense that the ratio of government investment to parental income

decreases with parental income.

4 Empirics

In their update of Solon (1999)’s chapter in the Handbook of Labor Economics, Black and Dev-

ereux (2011) note that in recent years researchers’ focus has largely shifted away from estimating

intergenerational earnings elasticities, and shifted towards trying to better understand the causal
mechanisms underlying these correlations. One strand of this research has aimed to quantify the
relative importance of genetic influences versus environmental influences versus the interaction
of the two in explaining childrens’ outcomes. A second strand of this research has aimed to
establish the effect of individual parent attributes (such as parents’ education and income) on
childrens’ outcomes. Much of the interest in both of these strands of research stems from a desire
to inform public policy: without understanding the mechanisms behind the intergenerational
correlations, developing appropriate public policies is difficult.

Black and Devereux (2011) frame their review of this literature in terms of different method-

ological approaches that researchers have used to shed light on mechanisms. I will follow their
discussion, but primarily emphasize two approaches that have seen particularly important ad-

vances in recent years:

1. Adoptee studies: particularly Sacerdote (2007) and Bjorklund, Lindahl and Plug (2006)

2. Natural experiment/IV estimates: particularly Black, Devereux and Salvanes (2005)

4.1 Sibling and neighborhood correlations

Sibling correlations in earnings provide one measure of intergenerational influences: positive
correlations imply that shared genetic and environmental factors cause siblings to be more
similar than two randomly chosen members of society. Solon (1999) reviews this literature and
cites a consensus value of 0.4 for the correlation of log earnings between brothers in the US.

Black and Devereux (2011) review some more recent estimates from Nordic countries that find
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lower correlations - on the order of 0.15-0.2 - consistent with the idea that family background
2

factors may be more important in the US than in Nordic countries.

Researchers have also decomposed the sibling correlation in earnings into the intergenera-
tional earnings elasticity and s, where s is a measure of all variables shared by siblings that
are unrelated to parental earnings (see Solon (1999) for details on this decomposition). One
component of s that has been the focus of empirical studies is neighborhood characteristics.

For example, Page and Solon (2003) use the PSID to examine correlations in adult earnings

between brothers and between unrelated boys in the same neighborhood. They estimate that
the correlation for unrelated boys is 0.16 - about half the size of the brothers correlation. The
estimates of neighborhood effects from this type of study are likely an upper bound on true
neighborhood effects if other family traits are also correlated within neighborhoods. Like the
sibling studies, these neighborhood studies have not aimed to distinguish causal mechanisms.
The (still ongoing) Moving to Opportunity project is a large-scale experiment in Baltimore,
Boston, Chicago, LA, and NYC that is providing experimental evidence on neighborhood effects

(relevant research papers are posted here: http://www.nber.org/mtopublic/). Families were

eligible for participation if they had children and resided in public housing or project-based
Section 8 assisted housing in a high-poverty census tract. Interested eligible families selected

from a waiting list were randomly assigned to one of three program groups:

1. Experimental group: receive a restricted Section 8 voucher that can only be used in a ‘low

poverty’ area (census tract with under a 10 percent poverty rate in 1990)
2. Section 8 group: receive a regular (non-restricted) Section 8 voucher
3. Control group: not offered additional housing assistance

Although results are still coming out from ongoing survey rounds, the initial evidence from Mov-
ing to Opportunity has suggested benefits for daughters and adverse effects for sons. Subsequent
research by the interdisciplinary Moving to Opportunity team has investigated some potential

mechanisms for these gender differences.

4.2 Regression analysis using adoptees

Psychologists and sociologists have long used adoption data as a way to examine the effects of
family environment, largely focusing on measuring the heritability of IQ. If (1) adopted children
are randomly assigned to families as infants, and (2) adopted children are treated exactly the
same as biological children, then adoption can be considered an experimental intervention that
randomly assigns children to families. Major contributions of recent economics papers in this
area have been to contribute much larger samples, to identify contexts where it is possible to

exploit quasi-random assignment of children to adoptive families, to investigate a wider range of

*Black and Devereux (2011) discuss some more recent research that has examined sibling correlations across
different sibling types (identical twins, fraternal twins, full siblings, half siblings, etc.) in an attempt to distinguish
the roles of nature and nurture.

14


http://www.nber.org/mtopublic/

outcome variables, and to adopt a “treatment effects” framework that relies on fewer assumptions
than the traditional behavioral genetics framework.

Three types of empirical approaches have been applied to adoptee data:

1. Bivariate regression approach. A first approach is to estimate a bivariate regression sep-

arately for adopted children and for non-adopted siblings of the following form: y; =
a + Ayo + &, where y; is a child outcome (say, log earnings), and yp is the analogous
variable for the adoptive parent. The comparison is then made between the value of A
for adoptees and non-adoptees. If nurture is unimportant, we would expect A to be 0 for
adoptees and positive for non-adoptees (because of the genetic correlation between parent
and child). If genetics and endowments in infancy are unimportant, we would expect A to
be positive and equal for adoptees and non-adoptees. Therefore, the relative value of A for

adoptees and non-adoptees gives an indication of the importance of nature versus nurture.

2. Multivariate regression approach. A second approach uses multivariate regressions on a

sample of adoptees to attempt to determine which particular parental characteristics mat-
ter most: y; = a4+ A1 55" + )\gSg + A3Z + ¢, where Sj* and Sg refer to education of mother
and father, and z refers to some other characteristics such as family income and family
size. Note that in general this approach cannot be used to identify the causal effects of
specific environmental factors on child outcomes because it is impossible to control for
enough variables to hold “all else” equal and isolate the causal effect of, say, mothers’

education.

3. Combining information on biological and adoptive parents. A third approach uses data

on both biological and adoptive parents to estimate regressions on the sample of adopted
children such as: y1 = a 4+ Ag¥oa + A\pYop + €, Where a references adoptive parents and b
references biological parents. This model allows a direct comparison of the influence of the

characteristics of biological and adoptive parents.

4.2.1 Sacerdote (2007)

Data and research design

Sacerdote (2007) analyzes a new data set of Korean-American adoptees who were quasi-

randomly assigned to adoptive families. The adoptees were placed by Holt International Chil-
dren’s Services during 1964-1985, and were quasi-randomly assigned to families conditional on
the family being certified by Holt to adopt: Holt uses a queuing (first-come first-served) policy to
assign Korean adoptees to families. As a result, assignment of children to families is effectively
random condition on the adoptee’s cohort and gender. Sacerdote validates this argument by
showing empirical evidence that adoptee’s pre-treatment characteristics are uncorrelated with
adoptive family characteristics.

This data collection was a major undertaking, involving a collaborative effort by Sacerdote

and Holt to survey adoptees and their families during 2004-2005. A public-use version of the
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data is publicly available: http://www.dartmouth.edu/~bsacerdo/holt_adoption_public_

use2006.dta. Sacerdote highlights two disadvantages of his data: first, the response rate to
the initial survey was low (34%); and second, he relies on parental reports of adult adoptee
outcomes. To deal with these issues, Sacerdote and Holt undertook two additional efforts.
First, they re-surveyed a sample of the non-respondents and documented that responses were
not significantly correlated with child outcomes. Second, they directly surveyed a smaller sample
of the adoptees/non-adoptees and found a high degree of correspondence between their responses

and their parents’ reports.

Empirical framework #1: Variance decomposition

Sacerdote (2007) outlines a standard behavioral genetics model which guides his first empiri-

cal approach. Suppose that child outcomes Y are produced by a linear and additive combination
of genetic inputs G, shared family environment F' and unexplained factors S. Then we can write

an outcome like years of education as:

Y = G+F+S (26)

Note the strong assumptions here: nature (G) and family environment (F') enter linearly and
additively. Assume further that G and F' are not correlated. Taking the variance of both sides

then gives:

032/ = 0% + U% + 0% (27)

2
Dividing both sides by the variance in the outcome (02) and defining h? = Z—? (heritability),
Y

2 2
c? = ZF (family environment), and e = 7§ (error term) yields the standard behavioral genetics
9y oy

equation:

1 = KP4t +e? (28)

That is, the variance of child outcomes is the sum of the variance from genetic inputs, the variance

from family environment, and the variance from non-shared environment (the residual).

FEmpirical framework #2: Treatment effects

Sacerdote also takes a different, “treatment effects” approach in order to investigate the effect
of being assigned to particular family types on adoptee outcomes. Interpreting these effects as
causal requires that assignment to the treatment group is quasi-random. Sacerdote defines three

different types of adoptive families based on their observables:

1. Type one (27% of the sample): highly educated, small families (3 or fewer children) where

both parents have four years of college education
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2. Type three (12% of the sample): neither parent has four years of college education and

there are four or more children in the family

3. Type two (61% of the sample): families not in either of the two extreme groups

Sacerdote calculates the treatment effects from assignment to type one versus three and
type two versus three. He does this by taking the set of adoptees in his sample and estimating

regressions of the form:

E; = a+ T+ 52172 + BsMale; + vA; + pCi + € (29)

where FE; is educational attainment for child 4, T'1; is an indicator for being assigned to a type one
family, T2; is an indicator for being assigned to a type two family, A; is a full set of single year of
age indicators (included because, e.g., educational attainment varies with age), and Cj is a full
set of cohort indicators (needed for random assignment; defined as the year in which the child
initially entered the Holt system). The less educated, larger adoptive families (type three) are
the omitted category. The gender indicator is included because adoptive families are sometimes
able to request the adoptee’s gender (hence, this is needed for random assignment). Because
of the quasi-random assignment, 81 can be interpreted as the causal effect of assignment to a
highly educated, small family relative to assignment to a less educated, large family; however,

education and family size are not necessarily the relevant channels.

Empirical framework #3: Estimation of transmission coefficients

In part for comparability between his results and the existing literature, Sacerdote calculates

transmission coefficients for a variety of outcome variables:

E;, = a+0Ey, + B3Male; +vA; + pCi + ¢; (30)

where )y, is adoptive mother’s years of education. The quasi-random assignment ensures that
01 is not biased by selection of adoptees into families: this estimate measures the transmission
that takes place purely through nurture. Sacerdote then estimates analogous regressions for

non-adoptees:

E; = a+ 52EMJ- + B3Male; +vA; + pCj + €, (31)

where E)y; represents mother’s education (instead of adoptive mother’s education). A compari-
son of 01 and 09 is an estimate of how much of the transmission of education (or other outcomes)

works through nurture, as opposed to through nature and nurture combined.
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Descriptive results

Figures 1, 2, and 3 display some of the raw means graphically. Figure 1 shows the probability
of graduating from college by family size, separately for the adoptees and non-adoptees. Both
groups show a steep decline in college graduation rates associated with each additional child
added to the family. Because this fact survives a host of robustness checks, it suggests that
either there is a direct impact of family size on educational attainment, or that family size

proxies for something important and unobserved about the family.
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Figure 2 shows the mean of children’s years of education for both the adoptees and non-
adoptees for each level of mother’s education. There appears to be strong transmission of

education from mothers to children, but the upward sloping line is steeper for nonadoptees.
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Figure 3 shows that income follows a different pattern: income transmission is almost non-

existent for adoptees but strongly positive for non-adoptees.
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Variance decomposition

Table 4 and Figure 4 (below) show the correlations in outcomes among sibling pairs after
removing age, cohort, and gender effects. For educational attainment, biological siblings have
a correlation of 0.34 - 2.4 times larger than the correlation of 0.14 for adoptive siblings. In
contrast drinking behavior is almost as correlated for adoptive siblings as for biological siblings.
Table 5 uses the behavioral genetics framework to translate these correlations into the percent

explained by nature, shared family environment, and the residual.
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This graph displays the results in Table IV.
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Treatment effects and multiple regression results

With the caveat that it is impossible to definitively separate out root causal mechanisms
in this framework, Table 6 presents multiple regression results that attempt to identify which
aspects of family environment are most important for adoptees’ outcomes. Mother’s education
and the number of children in the family stand out as having large estimated effects on adoptees’
educational attainment.

Table 7 estimates the treatment effects from assignment to specific family types as outlined
above. Assignment to a small, highly educated family relative to a lesser educated, large family
increases educational attainment by 0.75 years and raises the probability of graduating from
college by 16.1 percentage points. The probability of graduating from a US News Ranked
college is increased by 23.1 percentage points relative to a mean of 37.3. These are very large
estimated effects of family environment. The point estimates for child’s family income is also

large (11.3 percent increase) but not statistically significant.

TABLE VII
TREATMENT EFFECTS FROM ASSIGNMENT T0 HicH Epucamon, SMALL Faminy
Treatment effect Treatment effect
“middle group” high edueation Nonadoptees: High Effect from a 1
of families vs. small family vs. education small standard deviation
large, less large, less family vs. large, change in family
educated educated less educated environment indesx
Child’s years of education 0.314 (0.226) 0.749 (0.245)** 2.157 (0.264 )%+ 0.845
Child has 4+ years college 0.0601(0.068) 0.161 (0.05T)** 0.317 (0.031)** 0.179
Log child’s household income 0.0711(0.081) 0.113 (0.089) 0.210 (0.089)* 0.263
Child four-year college ranked by 0.082(0.052) 0.231 (0.060)** 0.365 (0.052)** 0.224
US News
Acceptance rate of child’s college =0.007 (0.035) 0.016 (0.036) —=0.053 (0.032) 0.098
Child drinks (yes/no) 0.099(0.050)* 0.178 (0.049)+* 0.229 (0.041)** 0.280
Child smokes (yes/no) 0.013(0.044) —0.006 (0.048) =0.075 (0.024)** 0.162
Child's BMI -0.509(0.460) —-0.941 (0.468)* —(.929 (0.498) 1.224
Child overweight =0.03000.047) =0.077 (0.045) —0.088 (0.048) 0.121
Child obese -0.020 (0.023) ~0.044 (0.018)* —0.037 (0.018)* 0.047
Child has asthma = 0,006 (0.028) 0.013 (0.031) =0.005 (0.034) 0.085
Number of children =0.070 (0.099) ~0.199 (0.103)* —0.6580 (0,132)** 0.267
Child is married 0.014 (0.050) 0.000 (0.056) =0.092 (0.053) 0.123

1 aplit the sample into theee groups: High education small familiess are defined as thoge with three or fawer children in which both the mother and father have a oollsge deagres
(Type 1), Twenty-seven percent of adoptes are assigned to mich a family. Large lesser aducated families are defined as thoss with four or more children and where ndther parent
has a mllege degree Type 31, Thirteen percent of adoptess are assigned to such a family. The remaining families (which are ether small or have a parent with a college degres) are
Type 2, Column (1) showa the ceffcient on the dummy for assignment t© Type 2 relative to Group 3, Colummn (20 ghowa the ooeflicient on the dummy for assignment to Type 1 (amall
high education) relative to Type 3 (lapge leas educated),

Column (3) shows this Type 1vems 3 “sfect” for the non-adoptess. In a each row, the efectain Cdumns (1) and (2) are estimated together with asingle regression while Cdumn
(3 1uses a peparate regression. Column (4)slows the effect for the adoptees from aone standard deviation move inan index of shared family envircnment. This is cleulated by taking
the agquare root of the variance share explained by ahared family environment in the previous table and multiplying by the standard deviation of the outcome variable: that ia, & =
iy = Oypgy = predicted effect on the outecome from a one standard deviation change in an index of family environment. Standard errors are corrected for within family correlation
(1 cluster by Family),

© Oxford University Press. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.
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Transmission coefficients

Table 8 shows estimated transmission coefficients. Each additional year of mother’s education
is associated with 0.09 years of education for adoptees and 0.32 years for non-adoptees; this
suggests that roughly 28 percent of measured transmission of education from mothers to children
is working directly through nurture. Body mass index and height exhibit no transmission for

adoptees, but drinking appears to be transmitted equally well to adoptees and nonadoptees.

TABLE VIII
TrawsmissioN CoEFFICIENTS FROM PARENTS To CHILDREN FOR
ADoPTEES AND NONADOPTEES

(1) (2)
Adoptees Nonadoptees’
Transmission transmission
coefficient coefficient
Years of education (mother to 0.089 (0.029)a™** 0.315 (0.038)**

child)
Has 4+ years college (mother
to child)

0.102 (0.034)%*

0.302 (0.037/*

Log household income 0.186 (0.111) 0.246 (0.080*
(parents to child)

Height inches (mother to —0.004 (0.034) 0.491 (0.049)*¥
child)

Is obese (mother to child) 0.003 (0.020) 0.108 (0.034)%*

Is overweight (mother to —0.026 (0.029) 0.174 (0.0377%%
child)

BMI (mother to child) 0.002 (0.025) 0.221 (0.045)%*

Smokes (0—1) (mother to 0.132 (0.088) 0.108 (0.115)
child}

Drinks (0-1) (mother to child) 0.210 (0.033)** 0.244 (0.038)%*

1 regress the child's outcome on the corresponding outcome for the mother (or in the case of income, the
parents). Each cell is from a separate regression whirh alss inclodes age dummies, dummiss for year of
admission to Holt, and & dommy for the child being male. For income and eduestion regressions [ restrict the
eample to children ages 25+. For log (income), [ attempt to correct for measurement error in parents’ income
by instrumenting for the survey measure of parents’ income using the parents’ income measure reportad in
Holt records.

a Robust standard errors in parentheses: I cluster at the family level.

* gignificant at 5%;

=* gignificant at 1%.

© Oxford University Press. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

In his conclusion, Sacerdote observe that the US black-white gap in years of schooling and
college completion could - based on his results - be produced by a one standard deviation change
in family environment. If black-white family gaps are one standard deviation, they would suffice

to explain black-white differences in educational attainment.
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4.2.2 Bjorklund, Lindahl and Plug (2006)

Bjorklund, Lindahl and Plug (2006) use administrative data from Statistics Sweden on a large

sample of adoptees that includes data on both biological and adoptive parents for each adoptee.

Using this data, they can estimate linear models of the form:

Y = ap+ (Xlebp + OéQY;-ap + U;zc (32)

7

where j subscripts the family in which the child is born, ¢ subscripts the family in which the child
is adopted and raised, and Y represents a characteristic like log income. To interpret oy and ao,
it must be that adoptees are randomly assigned to adoptive families; the authors acknowledge
that this assumption is often violated in their data and investigate potential biases.

Table 2 reports intergenerational transmission estimates for education and income using a

linear model. Panel 1 reports results for own-birth children, and Panel 2 reports results for

adoptees.
TABLE 1T
EsTiMATED TRANSMISSION COEFFICIENTS IN LINEAR MODELS
Years of schooling University Earnings Income
(1) (2) (3) (4) (5) (6) (7 (8)
Own-birth children
Bio father 240** A70**  _339** 237+ 235** 241%*
(.002) (.002) (.004) (.004) (.005) (.004)
Bio mother 243** _158%* 337" 246"
(.002) (.002) (.004) (.004)
Adopted children
Bio father J13* 094 184%* .148%* 047 .059*
(.016) (.016) (.036) (.036) (.034) (.028)
Bio mother 132** _101** 261* 220+
017y (.017) (.034) (.034)
Adoptive father d14%* .094%*  155%* J102%%  09g** 172w
(.013) (.014) (.024) (.026) (.038) (.031)
Adoptive mother 074%* 021 J146%* _09T**
(.014) (.015) (.024) (.026)

Sum of estimates  .227** 188%%  349%* 249%%  145%*  231**
for bio and (.019) (.029) (.040) (.059) (.049) (.040)
adoptive fathers

Sum of estimates 207 129%* A06** 326%*
for bio and (.021) (.016) (.039) (.029)

adoptive mothers

Standard errors are shown in parentheses; * indicates significance at 5 percent level, and ** at 1 percent
level. All specifications include controls for the child's gender, 4 birth cohort dummies for the child, 8 birth
cohort dummies for biological/adoptive father/mother, and 25 region dummies of where the biological/
adoptive family lived in 1965. The numbers of obzervations in the second panel for own-birth and adopted
children are 94,079%/2,125 in columns (1)4(6), 87,079/1,780 in column (7) and 91,932/1.976 in colummn (8).

© Oxford University Press. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

22


http://ocw.mit.edu/help/faq-fair-use/

The authors draw four conclusions from these results:
1. Biological parents matter
2. Adoptive parents matter

3. On the basis of a comparison of biological and adoptive parents, most of the mother’s
influence on children takes place through pre-birth factors; for fathers, pre- and post-birth
factors appear to be equally important for education, whereas post-birth factors are more

important for earnings and income

4. The total impact of adoptive and biological parents’ resources on the outcomes of adoptive
children is remarkably similar to the impact of the biological parent’s outcomes for that

of biological children

Where comparable estimates are available, these estimates line up reasonably well with Sacer-

dote’s estimates.
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The authors also estimate a model that allows for interactions:

)

Y% = oo+ ozly}bp + 042Y2-ap043y}bpy;ap + 07 (33)

The coefficient a3 will be positive if children with beneficial birth family backgrounds benefit
more from good adoptive family backgrounds.

Table 4 reports nonlinear intergenerational transmission estimates that include the square
of parental characteristics for non-adoptees, and include the interaction of birth and adoptive
parent characteristics for adoptees. The estimated coefficients on the quadratic terms are pos-
itive and statistically significant, suggesting that intergenerational associations are stronger in
families with higher education and income. Interacting the adoptive and biological parent mea-
sures, the authors find evidence of a positive interaction for mother’s education and father’s

earnings/income, but not for father’s education.

TABLE IV
EsTiMATED TRaNsMISSION COEFFICIENTS IN NoNunear MoneELs wiTH INTERACTIONS
Years of schooling University Earnings Inecome
Fathers Mothers Fathers Mothers Fathers Fathers
(1} (2) {3) (4) (5] (6) (7} (8) (9] (10
Own-birth children
Bio parent —.009 —.058** — BOT** —.93g**
(.015) (.017) {.075) (.DB4)
Bio parent squared A111%* 014+ B9+ 07T+
(001 (.001) {.005) (.004)
Adopted children
Bio parent 050 —.2272 — 055 — 4TI 100 166+* —.1B7 —.403 —1.164* —1.342%
(0510 (12T (.055) (.139) (.D45) (.041) {.108) {.502) (.525) {.6T0)
Bio parent squared 015* 023+ 017 015
(.00E) (006) {.037) {.034)
Adoptive parent 061 —.003 —.097 — 310+ 170+* 108+ —.208* —.076 —.B95* —.598
(.043)  (.090) (.050) {.121) (.02B) (.028) {.125) {.648) (.501) (7100
Adoptive parent 004 A12# —.0032 003
squared {.004) (.005) {.048) {.035)
Bio parent = Adoptive D08 003 018+  D13* —.041 2B+ 043+ 034+ 156* 151*
parent (.004) (.ODE) (.005) {.005) (074} {.071) {.015) {.010) (.DET) {.0G8)

Btandnnd errors are shown in parentheses; * indicates significance at 5 pereent level, and ** at 1 percent level. All specifications inclode controls for the child’s gender, 4 birth
cohort dummies for the child, B birth cohort dummies for biclogicalfadoptive fsther/mother, and 25 region dummiss of where the biologicalladoptive fnmily lived in 1985, The numbers
of obaervations in the second panel for ewn-birth nnd adopted children wre 84,072,125 in columns (106}, 87.07%1, 780 in column (T}, and 91,83271.978 in column (8}

© Oxford University Press. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

4.3 Natural experiment/instrumental variable estimates

One way to estimate causal effects of specific channels underlying intergenerational transmission
is to identify variation in e.g. parental education or income that is plausibly unrelated to other
parental characteristics. A number of papers have looked at how income provided through

welfare programs affect children’s outcomes; see Almond and Currie (2011) for a review of this

literature. Other papers have focused on the causal relationship between patents’ education

and childrens’ education. We here focus on Black, Devereux and Salvanes (2005) as one recent

example; Black and Devereux (2011) review other related papers in this literature.
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4.3.1 Black, Devereux and Salvanes (2005)

Parents with higher levels of education have children with higher levels of education. Why is
this? There are a number of potential explanations, including selection (the type of parents who
obtain more education has the type of child who will do well) and causation (obtaining more
education makes one a different type of parent, and leads to children having higher educational

outcomes). Black, Devereux and Salvanes (2005) examine this question in the context of a

(drastic) change in compulsory schooling laws in Norway in the 1960s.

Pre-reform, children were required to attend school through seventh grade; after the reform,
this was extended to ninth grade. Implementation of the reform occurred in different municipal-
ities at different times, providing regional as well as time-series variation. Using registry data
from Norway, the authors use this reform as an instrument to examine the causal relationship
between parent’s education and children’s education. Their empirical model is summarized by

the following two equations:

S1 = PBo+ B1So+ B2AGE; + B3AGEg + 84MUNICIPALITY + ¢ (34)
So = a9+ aREFORMg + as AGE; + asAGEy + a4MUNICIPALITYq + v (35)

where S is the number of years of education, AGE refers to a full set of age indicators, MUNIC-
IPALITY refers to a full set of municipality indicators, and REFORM equals 1 if the individual
was affected by the education reform (0 otherwise). Subscript 0 refers to the parent, and sub-
script 1 refers to the child. The authors estimate the model separately by parent gender and
child gender using 2SLS, where the second equation is the first stage with REFORMj serving

as an instrument for Sj.
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As had been documented previously, this Norwegian reform resulted in a significant change
in the educational attainment of individuals at the bottom of the educational distribution. Table
2 shows the distribution of education averaged over the two years prior to the reform ant the

two years immediately following the reform, and Table 3a shows the first stage estimates.

TABLE 2—DISTRIBUTION OF EDUCATION Two YEARS
BEFORE AND AFTER THE REFORM

Years of
education Before Afier
7 3.5% 1.2%
8 8.9% 1.6%
9 3.4% 12.9%
10 29.6% 26.6%
11 B.5% 8.8%
12 17.2% 19.1%
13 6.7% 6.7%
14 5.4% 5.8%
15 2.7% 3.4%
16+ 14.2% 14.1%
N 89,320 92,227

Notes: Before indicates education distribution of cohorts in
the two years prior to the reform, while After indicates the
distribution of those two years post reform. Note that be-
cause the reform occurred in different municipalities at
different times, the actual year of the reform varies by
municipality.

TABLE 3A—FIRST-STAGE RESULTS

Full sample of Parents’ education
parents <10 years

Mother's Father's Mother’'s  Father's
education education education education

All 0.142%* 0.192* 0.749% 0.795*
(.029) (.042) .017) (.024)
Sons 0.127* 0.196% 0.742% 0.814%

(035)  (051)  (019)  (.029)
Daughters  0.161*  0.197*  0.755*  0.779*
(036)  (050)  (019)  (027)

Notes: Each estimate represents the coefficient from a dif-
ferent regression. Robust standard errors in parentheses.
First stage also includes dummies for parent’s age, parent’s
municipality, and child's age.

* Significant at 5-percent level.

Courtesy of Sandra Black, Paul Devereux, Kjell Salvanes, and the
American Economic Association. Used with permission.
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Table 3 shows that, as expected, OLS estimates find a positive relationship between par-
ents’ and childrens’ education. The 2SLS estimates are imprecisely estimated and statistically
insignificant, in part because the first stage is relatively weak in the full sample. In order to
focus on the part of the distribution where the reform had bite, the authors show estimates in
columns (3) and (4) that restrict the sample to parents with nine or fewer years of education.
The OLS and 2SLS point estimates are quite similar to the full sample estimates in columns (1)

and (2), but the 2SLS estimates are much more precise.

TABLE 3—RELATIONSHIP BETWEEN PARENTS' AND
CHILDREN'S EDUCATION

Dependent variable: Children’s education

Parent's education

Full sample <10
OLS IV OLS v
Mother-all 0.237* 0.076 0.211% 0.122%
(0.003) (0,139 (0,017 (0.043)
N = 143,579 N = 39,605
Mother—son 0.212% 0.199 0.197* 0.176%
(0.004) (0.185) (0.021) (0.054)
N="T3663 N = 120,135
Mother- 0.264* —0.029 0.225%* 0.066
daughter (0.004) (0.186) (0.023) (0.063)
N=69916 N=19470
Father-all 0.217* 0.030 0.200% 0.041
(0.003) (0.132)  (0.021)  (0.062)
N = 96,275 N=122,148
Father—son 0.200% 0.029 0.151* 0.008
(0.004) (0.171)  (0.027)  (0.071)
N = 49,492 N=11.235
Father— 0.226% 0.022 0.244%* 0.081
daughter (0.004) (0.186) (0.033)  (0.094)
N = 46,783 N=10913

Notes: Sample includes children aged 25-35. Robust stan-
dard errors in parentheses. Each estimate represents the
coefficient from a different regression. All specifications
include dummies for parent’s age, parent’s municipality and
child’s age.

* Significant at 5-percent level.

Courtesy of Sandra Black, Paul Devereux, Kjell Salvanes, and the
American Economic Association. Used with permission.

For fathers, the estimates are all close to zero and statistically insignificant. For mothers,
there is a positive effect of maternal education on the education of sons, but no such relationship
for daughters. The authors’ interpretation of these results is that the positive correlation between
parents’ education and children’s education largely represents positive relationships between
other factors that are correlated with education (such as ability, family background, or income):

the true causal effect of parental education on child education appears to be weak.
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Figure 1 presents a visual representation of the estimates for the restricted sample.
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FiGURE 1. EFFECT OF NORWEGIAN EDUCATION REFORM ON EDUCATION FIRST STAGE (EFFECT
ON PARENTS) REDUCED FORM (EFFECT ON CHILDREN)

Notes: Estimated on the restricted sample. Lines represent average education for each group
with cohort and municipality effects taken out; time zero represents the year of the reform.

Courtesy of Sandra Black, Paul Devereux, Kjell Salvanes, and the
American Economic Association. Used with permission.

Although not included in the final version of the paper, in the conclusion the authors note
they find no evidence that women who received more education due to the reform married
better educated or wealthier men, nor that these women have fewer children. Overall, the
authors conclude that their results provide limited support for intergenerational spillovers as a

compelling argument for compulsory schooling laws.

4.3.2 Parental education and infant health

Several studies have examined the effect of parental education on infant health. While only
studying infant outcomes, as we will discuss next week these estimates can still be relevant to
intergenerational transmission because several studies have suggested better infant health has a
positive causal effect on later adult outcomes.

McCrary and Royer (2011) use a regression discontinuity design centered around school entry

dates in California and Texas. Women born just before the school entry date start school a year
earlier than women born just after the school entry date, and subsequently end up with higher
education on average. Using this variation in an instrumental variables framework, McCrary
and Royer find no effect of education on fertility or age-at-first-birth, and estimate very small
and statistically insignificant effects on infant health as proxied by birth weight.

Currie and Moretti (2003) use an instrumental variables strategy that relies on variation at

a higher level of the educational distribution than does the McCrary and Royer (2011) paper,

and find evidence that higher maternal education induced by college openings reduces fertility
and improves infant health as proxied by birth weight. Taken at face value, the results of these
two studies suggest there may be important heterogeneity in the effects of maternal education

on child outcomes.
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5 Within-US geography of intergenerational mobility: Chetty et al. (2014)

Chetty et al. (2014) investigate intergenerational mobility for the 1980-1982 birth cohorts in the
United States.

5.1 Data

1. Sample definition: The baseline sample includes U.S. citizens in the 1980-1982 birth co-
horts. The authors identify parents of a child as the first tax filers who claim the child as

a child dependent and were between the ages of 15 and 40 when the child was born. Note
that if the child was first claimed by a single filer, the child is defined as having a single

parent, which is how they measure family stability.

2. Income measures and intermediate outcomes: Parents’ income is collected from federal in-

come tax records. The definition of income includes labor earnings and capital income as
well as unemployment insurance, Social Security, and disability benefits reported to the
IRS. Family income is averaged over the five years from 1996 to 2000 to obtain a proxy
for parents’ lifetime income, when the children are between the ages of 15 and 20. Child
income is defined similarly, and averaged over the last two years of available data (2011
and 2012) when children are in their early thirties. Besides children’s income, the authors

collect data on college attendance, college quality, and teenage births.

Appendix Table III. Appendix Table III presents summary statistics for the parents

and the children in the baseline sample.

ONLINE APPENDIX TABLE 1l
Summary Statistics for Core Sample: Children Born in 1980-82
Variable Mean Std. Dev. Median
1 (2) (3)
Parents:
Family Income (1996-2000 average) 87,219 353,430 60,129
Top Earner's Income (1999-2003 average) 68,854 830,487 48,134
Fraction Single Parents 30.6% 46.1%
Fraction Female among Single Parents 72.0% 44.9%
Father's Age at Child Birth 28.5 6.2 28
Mother's Age at Child Birth 26.1 52 26
Father's Age in 1996 43.5 6.3 43
Mother's Age in 1996 41.1 5.2 41
Children:
Family Income (2011-12 average) 48,050 93,182 34,975
Fraction with Zero Family Income 6.1% 23.9%
Individual Income 31,441 112,394 24,931
Individual Earnings 30,345 98,692 23,811
Fraction Female 50.0% 50.0%
Fraction Single 44.3% 49.7%
Attend College between 18-21 58.9% 49.2%
Fraction of Females with Teen Birth 15.8% 36.5%
Child's Age in 2011 30.0 0.8 30
Number of Children 9,867,736

© Oxford University Press. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.
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5.2 National level analysis

The authors estimate the intergenerational income elasticity (IGE) as:

SD(logYs)

IGE = —_—
¢ pxy SD(log X;)’

(36)
where pxy is the correlation between log child income and parents’ income and SD() denotes

the standard deviation.

Figure I Panel B. Figure I Panel B plots the relationship between log child income and log
parent income. Note that the log-log specification discards observations with zero income, which

accounts for as high as 17% of the poorest families.
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The authors argue that a more stable model is a rank-rank specification, which identifies the
correlation between children’s and parents’ positions in the income distribution:
dE(log R;|P; = p] SD(log R;)

dlogp —PpR SD(log P;)’ (37)

where pppg is called the rank-rank slope and measures the association between a child’s position

in the income distribution and her parents’ position in the distribution.
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Figure IT Panel A. Figure II Panel A plots the relationship between child’s rank and parents’
rank in their respective income distributions. The relationship is roughly linear - on average,
a 10 percentile increase in parent income rank is associated with a 3.4 percentile increase in a
child’s income rank. The authors note that the slope is much more moderate in Denmark and

Canada.
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5.3 Spatial variation

The paper characterizes the variation in intergenerational mobility across commuting zones
(CZs). Children were assigned to CZs based on where they lived at age 16 as reflected by the
ZIP code on their parents’ tax return, irrespective of whether they left that CZ afterward.

The authors decompose the mobility measures in each CZ into relative and absolute mobility.

- Relative mobility: For a child with the R; percentile and parents in the P; percentile in

their respective income distributions, who grows up in CZ ¢, the authors estimate

Ric = ac + BePic + €ie, (38)
where 3. measures the relative mobility in CZ ¢. This is the difference in outcomes between
children from top versus bottom income families within a CZ.

- Absolute mobility: Using the a. and S, from previous estimates, consider

'ch =+ ﬁcpa (39)

where 7. is the expected rank of children with parents at p percentile in CZ ¢, which

measures the absolute mobility in CZ ¢ at percentile p. The authors also define the
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“absolute upward mobility” as the absolute mobility at the 25th percentile (i.e. the 7a5
from o5 . = a. + 250,.)

Figure VI. Figure VI presents heat maps of absolute upward mobility and relative mo-
bility. To illustrate the difference between the two measures, the authors note that San
Francisco has substantially higher relative mobility than Chicago (lower in §.) but lower
absolute mobility at the 60th percentile. The contrast means that part of the greater
relative mobility in San Francisco comes from worse outcomes for children from high in-
come families. Three broad spatial patterns found in Panel A are: large variation at the
regional level (lowest in the Southeast); large variation within regions; and lower levels of

intergenerational mobility in urban than rural areas on average.
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5.4 Correlates of intergenerational mobility

Figure VIII. Figure VIII presents a summary of the correlational results, plotting the un-
weighted univariate correlation between absolute upward mobility and various CZ-level char-
acteristics, which are proxies for each broad factor. The dots show the point estimate of the

correlation and the horizontal lines show a 95 percent confidence interval.
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Ficure VIII
Correlates of Spatial Variation in Upward Mobility
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