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This article examines the causal link between family background characteristics—parental education and
family size—and returns to schooling. I implement a model of schooling and earnings with heteroge-
neous returns to education using data from the Occupational Change in a Generation Survey. I find that
men raised in larger families have substantially lower returns to education, whereas the combined ef-
fects of parental education are more modest. In addition, like other “supply-side” instrumental variables
studies of the causal effect of education, I find two-stage least squares estimates that are larger than the
corresponding ordinary least squares estimates. The results suggest an alternative explanation for this
phenomenon: constant marginal return to schooling, combined with a negative absolute ability bias and a

positive comparative advantage bias.
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1. INTRODUCTION

Economists have long been interested in the effects of family
environment on the subsequent labor market success of individ-
uals (see, e.g., Becker 1967; Taubman 1977; Griliches 1979).
Part of this interest stems from the strong correlation between
the educational attainment of parents and children, which may
contribute to the transmission of socioeconomic status and in-
equality across generations. In recent years, this issue has drawn
even more attention due to the changing nature of the American
family and the increasing role of education as a determinant of
economic well-being.

Recent studies of the causal association between schooling
and earnings have emphasized the heterogeneity in the eco-
nomic return to an additional year of education across otherwise
comparable individuals (see, e.g., Heckman and Vytlacil 1998;
Card 1999). Despite increased attention to the possibility of het-
erogeneous returns to education across individuals, there is still
considerable uncertainty about the mechanism generating this
heterogeneity. Part of this uncertainty is attributable to the ab-
sence of a formal model that explicitly recognizes the possi-
bility that the causal return to schooling varies with observable
characteristics, such as family background variables.

This article examines the relationship between family back-
ground characteristics and the return to schooling subsequently
received by individuals in the labor market. The article be-
gins by documenting several features of the relationship among
family background factors, educational attainment, and earn-
ings. Using a large sample from the 1973 Occupational Change
in a Generation Survey, I find that men raised by better edu-
cated parents acquire more schooling and have higher earnings,
whereas those raised in larger families are less educated and
have lower earnings. Next, I show that the negative effect of
family size varies with the gender composition of the sibship.
In particular, holding family size and parental education con-
stant, I find that men raised with more sisters have substantially
lower schooling and earnings. These patterns are robust to a
wide variety of specifications.

The contribution of this article is to develop and implement a
formal model of schooling and earnings to interpret these pat-
terns. In light of the recent instrumental variables studies of the
causal effect of education, the return to schooling is allowed to

vary across individuals, and, in particular, with the observable
characteristics of the family. This distinguishes the current ar-
ticle from most of the literature, which typically assumes that
the return to schooling is constant across the population or is a
single random variable. A key implication of the model is that
family background can potentially affect both the payoff to an
additional year spent in school and the level of acquired school-
ing. Therefore, a complete assessment of the link between fam-
ily background and the return to schooling must examine the
effect of family background on both the marginal benefit and
the marginal cost of schooling.

An extensive literature has clearly established that the identi-
fication of the causal relationship between schooling and earn-
ings requires an exogenous source of variation in educational
choices. It follows naturally that the identification of the para-
meters describing the costs and benefits of schooling requires
two types of exclusion restrictions. The identification of the
parameters in the marginal benefit function requires the ex-
istence of an observable variable affecting schooling choices
only through its effect on the cost of schooling (i.e., an instru-
mental variable for schooling). Similarly, the identification of
the parameters from the marginal cost function requires the ex-
istence of an observable variable affecting schooling choices
only through its effect on the benefit of schooling. In this study,
measures of school quality are used as variables that affect the
benefit, but not the cost of schooling, conditional on family
background characteristics. Then, following Butcher and Case
(1994), I exploit the randomness embodied in the gender com-
position among siblings, holding family size constant, as a vari-
able influencing only the cost of schooling. These two exclusion
restrictions allow the estimation of the average causal effect of
education, and of the parameters describing the effect of fam-
ily background on the return to schooling. Moreover, because
the effects of gender composition on educational attainment
are presumably larger for poorer families (conditional on fam-
ily size), it is possible to test the implicit assumption that sib-
ling gender composition has no independent effect on earnings.
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The results of a series of specification tests provide no evidence
against the hypothesis that, conditional on family size, sibling
gender composition is an exogenous determinant of schooling.

The results can be summarized as follows. First, men raised
in larger families have significantly lower returns to education.
This finding is entirely attributable to the lower benefits per year
of education received by individuals raised with more siblings
(i.e., it is not related to differences in the costs of schooling).
The combined effects of parental education on the returns to
schooling are more modest. Men who were brought up by bet-
ter educated fathers have higher marginal returns to schooling,
while those with better educated mothers have lower marginal
returns to schooling. In addition to their opposite signs, the
analysis suggests that these effects of parental education oper-
ate through distinct mechanisms relating familial environment
and returns to education. Father’s education is associated with
higher benefits per year of education, whereas mother’s educa-
tion is associated with lower costs per year of education, con-
sequently raising education levels but lowering the marginal re-
turn.

This article is organized as follows. Section 2 describes the
data and provides a preliminary descriptive analysis. Section 3
presents a model of schooling and earnings, emphasizing the
contribution of family background characteristics to the hetero-
geneity in the returns to schooling across the population. Sec-
tion 4 presents the identification and estimation strategies used
in this article. Section 5 discusses the empirical results. Sec-
tion 6 concludes.

2. PRELIMINARY ANALYSIS AND
DATA DESCRIPTION

An ideal dataset for the study of the effects of family back-
ground on the return to schooling would provide detailed in-
formation on current labor market outcomes of individuals, as
well as information on the characteristics of their families dur-
ing the childhood years. The data in this article are taken from
the 1973 Occupational Changes in a Generation survey (OCG).
This dataset provides a unique source of family background in-
formation (number of siblings, education of both parents, fam-
ily income at age 16, state of birth, etc.). Whereas other datasets
such as the NLSY and the PSID contain similar family back-
ground information, small samples and missing-data problems
limit the interpretation of any result derived from them. The
data from the OCG are drawn from a large and representative
sample of the adult male population in the United States. The
survey was carried out as an eight-page mailout-mailback sup-
plemental questionnaire to individuals in the sampling frame
for the 1973 March Current Population Survey (CPS). The tar-
get population consisted of civilian males aged 20-65. The
present analysis is based on the sample of 32,986 males aged
20-65 from the March CPS population.

This study focuses on a sample of men aged 24-65 who
were born in the United States excluding Hispanics. Table 1
presents some summary statistics for the baseline sample and
the subsample of prime-aged workers. All statistics reported
in this article are weighted by the OCG sample weights. As
column 1 shows, the OCG sample provides a nationally rep-
resentative sample of the population of men aged 20-65. The
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Table 1. Summary statistics

M ?
Full OCG sample  Full-time workers

Age 40.0 41.2
Years of education 11.75 12.15
Percent black .10 .10
Weekly wage 180.9 229.3
Labor market experience 20.8 21.3
Number of siblings 4.01 3.87
Number of brothers 2.02 1.94
Number of sisters 1.99 1.93
Father’s education 8.50 8.20
Mother’s education 9.00 8.72
Lived on a farm open

country at age 16 .19 .19
Lived with both parents

at age 16 .83 .83
Born in the South 33 .35
Living in the South in 1973 31 31
Living in an SMSA in 1973 .69 72
Pupil-teacher ratio — 30.26
Relative teacher salary — 1.07
Observations 32,032 17,300
NOTE: (1) All observations in the baseline sample of men aged 20—65. (2) Sample of

men aged 2465, earning at least $60 per week, working at least 48 weeks last year, not in
school during the reference week, and with nonmissing information on size of the sibship.

family background information reveals that the average sibship
size was about 4 for these cohorts of men. Individuals were
also asked to report the education of their parents, and the en-
tries in Table 1 show that mothers are slightly better educated
than fathers. A small fraction of individuals did not report their
parents’ education. Observations with missing data on parental
education were imputed with the predicted values from sepa-
rate regressions of father and mother’s education on other mea-
sures of family background and children’s education. The sta-
tistical models reported later always include dummy variables
indicating whether either parent’s education was imputed, and
the inclusion or exclusion of such observations does not affect
the results presented below. Column 2 reports the characteris-
tics of individuals aged 24-65 who worked full time in 1972
and earned more than $60 per week (which corresponds to the
weekly earnings of those working 40 hours per week at the 1972
federal minimum wage). The analyses in this article will be per-
formed on the subsample of 17,300 observations in column 2.
Comparisons of the mean characteristics in columns 1 and 2
indicate no important differences between the baseline sample
and the subsample of workers.

The data from the OCG samples are supplemented by charac-
teristics of public schools in each state for the years 1918—1968.
In particular, semiannual data from the Biennial Survey of Ed-
ucation covering the years 1918-1958 and annual data from the
Digest of Education Statistics starting in 1960 provide infor-
mation about statewide enrollment, number of teachers, teacher
salary, and term length. These data have been used in previ-
ous studies, notably by Card and Krueger (1992), from whom
I draw the school characteristics data used to supplement the
OCG data. Based on state and year of birth, I assigned the av-
erage elementary and secondary school quality that was poten-
tially available to each individual if he were to complete the first
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12 years of schooling. Focusing on “potential” school quality
rather than actual school quality leaves the endogeneity of edu-
cational attainment with school quality aside. In this study, I fo-
cus on two measures of school quality: the pupil-teacher ratio
and the average teacher salary, relative to the average wages in
each state. As Card and Krueger (1992) and Heckman, Layne-
Farrar, and Todd (1996) documented, other characteristics of
public schools, such as term length, are only weakly related to
returns to schooling and do not vary as much across cohorts.
Despite this evidence, expenditure-based measures of school
quality, such as teacher salary, remain controversial (see, e.g.,
Hanushek 1986).

The analysis begins by examining regressions of educa-
tional attainment and log earnings on measures of family back-
ground and school quality. All models include cohort dum-
mies (for men born between 1910 and 1919, 1920 and 1929,
1930 and 1939, and 1940 and 1949), a race dummy, three dum-
mies for the region of birth, three dummies for the region of
residence in 1973, and an indicator for residence in a Standard
Metropolitan Statistical Area (SMSA) in 1973. In addition, the
models include other measures of family structure at age 16:
a dummy indicating if the respondent lived with both parents
at age 16 and a dummy indicating if the respondent lived on a
farm. Table 2 presents a variety of reduced-form regressions for
years of completed education. The models in columns 1-3 add
an increasing set of family background characteristics: parental
education (column 1) and number of siblings (column 2). Col-
umn 3 adds a simple measure of sibling gender composition:
an indicator variable for the presence of any sisters among a
person’s siblings. Finally, column 4 adds the two measures of
school quality. As shown by the F statistics in row 7 and the
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t statistics, the family background characteristics are always in-
dividually and jointly significant at the 5% level.

Rows 1-3 show that men with better educated parents com-
plete more years of education, whereas those from larger fami-
lies acquire less schooling. Row 4 confirms this, but also shows
that the effect of the number of siblings varies with the gen-
der composition of the sibship: The estimates in columns 3
and 4 indicate that holding the number of siblings and fam-
ily characteristics constant, men with at least one sister have
.2 fewer years of education than otherwise comparable men
(p value = .001). School quality, as measured by the pupil—
teacher ratio and relative teacher pay, is strongly correlated
with years of education, as indicated by an F statistic of 73.61
(p value = .001). In columns 5-8 the models are estimated
separately for four different birth cohorts (for men born be-
tween 1910 and 1919, 1920 and 1929, 1930 and 1939, and
1940 and 1949). The within-cohort analysis is motivated by the
important changes in family structure and school quality for the
cohorts born between 1910 and 1949. Those important changes
might not be fully captured by the cohort dummies included in
models 1-4. As indicated by the F statistics in rows 7 and 8,
family background and school quality are jointly significant for
each of the four birth cohorts. Column 9 provides the F sta-
tistics for testing the equality of the effects across the four co-
horts. The results indicate that the effect of father’s education
on schooling is similar across cohorts (p value = .625). The
effects of family size and gender composition are also similar
across cohorts (p values = .922 and .620, respectively). Anal-
ogous results are also found for the effect of school quality on
educational attainment.

Table 2. Reduced-form regressions of educational attainment on family background and school quality

(L 2 3) ) (5) Q) )] ) )
F statistics:
Born Born Born Born equality of
1910-1919  1920-1929 1930-1939  1940-1949 (5)-(8)
1. Father’s education 1737 1583 1578 1576 .1693 1702 1546 1524 .59
[.0072] [.0071] [.0071] [.0070] [.0161] [.0129] [.0123] [.0110] (.625)
2. Mother’s education 2175 1858 1856 1852 1913 .1766 2144 1641 3.32
[.0079] [.0078] [.0078] [.0078] [.0168] [.0132] [.0130] [.0122] (.019)
3. Number of siblings — —.1699 —.1571 —.1542 —.1607 —.1590 —.1566 —.1468 .16
[.0071] [.0078] [.0078] [.0176] [.0149] [.0152] [.0150] (.922)
4. Sibling composition — — —.2066 —.2127 —.1001 —.2693 —.2940 —.1672 .59
(=1 if any sisters) [.0534] [.0532] [.1431] [.1072] [.1033] [.0893] (.620)
5. Pupil-teacher ratio — — — —.0624 —.0485 —.0370 —.0330 —.0342 23
[.0061] [.0108] [.0105] [.0132] [.0159] (.873)
6. Relative teacher salary — — — .5883 .6766 3672 .3500 2187 1.92
[.0911] [.1501] [.1190] [.1582] [.2106] (.125)
F statistics
7. Family background 994.15  936.34 73840  778.20 184.51 271.31 294.50 220.76 —
main effects (.001) (.001) (.001) (.001) (.001) (.001) (.001) (.001)
8. School quality
main effects — — — 73.61 24.01 12.33 5.65 3.47 —
— — — (.001) (.001) (.001) (.004) (.031)
9. R? 30 32 32 33 31 31 32 29 —

NOTE:

Sample size is 17,300. Standard errors in brackets, p values in parentheses. All models include a race dummy, three cohort dummies, three region of birth dummies, three

indicators for region of residence in 1973, SMSA status in 1973, and imputation dummies. Other family background controls are indicators for living with both parents at age 16 and for

living on a farm at age 16.
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Table 3. Reduced-form regressions of log earnings on family background and school quality

(€] @ 3 @

(&) Q) ) ®) O]

F statistics:

Born Born Born Born equality of
1910-1919  1920-1929  1930-1939  1940-1949 (5)-(8)
1. Father’s education .0114 .0104 .0104 .0104 .0083 0151 .0130 .0064 4.57
[.0011] [.0011] [.0011] [.0011] [.0026] [.0021] [.0020] [.0018] (.003)
2. Mother’s education .0159 0139 .0139 .0143 .0182 0140 .0172 .0081 5.39
[.0012] [.0013] [.0013] [.0013] [.0027] [.0021] [.0021] [.0020] (.001)
3. Number of siblings — —.0109 —.0090 —.0084 —.0078 —.0122 —.0097 —.0043 1.92
[.0011] [.0013] [.0013] [.0028] [.0024] [.0024] [.0024] (.124)
4. Sibling composition — — —.0310 —.0312 —.0474 —.0293 —.0318 —.0243 25
(=1 if any sisters) [.0086]  [.0086] [.0229] [.0172] [.0165] [.0143] (.863)
5. Pupil-teacher ratio — — — —.0033 —.0048 —.0028 —.0010 .0065 4.88
[.0010] [.0017] [.0017] [.0021] [.0026] (.002)
6. Relative teacher salary — — — 1381 1215 .0848 .1638 .1904 4.37
[.0149] [.0240] [.0191] [.0254] [.0337] (.005)
F-statistics
7. Family background 20020 179.58  151.96  150.22 37.16 70.73 70.65 19.18 —
main effects (.001) (.001) (.001) (.001) (.001) (.001) (.001) (.001)
8. School quality — — — 50.36 19.64 12.00 21.19 17.31 —
main effects (.001) (.001) (.001) (.001) (.001)
9.R? 18 18 18 19 17 21 24 11 —

NOTE:

Sample size is 17,300. Standard errors in brackets, p values in parentheses. All models include a race dummy, three cohort dummies, three region of birth dummies, three

indicators for region of residence in 1973, SMSA status in 1973, and imputation dummies. Other family background controls are indicators for living with both parents at age 16 and for

living on a farm at age 16.

Table 3 presents reduced-form regressions (i.e., excluding
schooling) of log weekly earnings on the same specifications
of family background and school quality displayed in Table 2.
The estimated coefficients have the same signs as those reported
in Table 2, but they are smaller in magnitude. In the estimated
models, all but one of the family background variables are in-
dividually significant at the 5% level and all are jointly signif-
icant. Consistent with the findings in Table 2, men with bet-
ter educated parents have higher earnings, whereas those from
larger families have lower earnings on average. Again, the re-
lationship between sibship size and log earnings appears to de-
pend on the gender composition: Holding family size constant,
men with at least one sister earn 3% less than otherwise compa-
rable men (p value = .001). These patterns of parental educa-
tion and gender composition typically hold true for the within-
cohort regressions as well, with smaller estimated effects for
the men born between 1940 and 1949. The school quality indi-
cators are always jointly significant, although for some of the
cohorts the effects are individually insignificant. Nevertheless,
the point estimates indicate that individuals who received bet-
ter primary and secondary education have higher earnings on
average.

In summary, the evidence contained in Tables 2 and 3 sug-
gests three clear patterns for the effects of family background
and school quality on educational attainment and earnings.
First, individuals with better educated parents have higher edu-
cational attainment and earnings. Second, men from larger fam-
ilies have less schooling and lower earnings on average. More-
over, holding family size constant, those with at least one sister
have further lower earnings and education. Third, individuals
educated in states and cohorts with better school quality (lower
pupil-teacher ratio and higher relative teacher salary) also have

more schooling and higher earnings, although the relationship
is not as strong as it is for family background. Most of these
patterns hold true within and across cohorts and are robust to a
wide variety of specifications. The next section will exploit and
further analyze these patterns in order to identify the effect of
family background on the return to education.

3. THEORETICAL FRAMEWORK

The purpose of this study is to identify the effect of family
background on the return to education. With this objective in
mind, I set out a formal model of schooling and earnings that
explicitly specifies the connection among family background
factors, schooling, earnings, and return to schooling. In light
of recent studies of the causal effect of education, the model
allows the return to schooling to vary across individuals. Un-
like previous studies, however, the model considers the effect
of family background on both the marginal benefit and the mar-
ginal cost of an additional year of education. Therefore, family
background characteristics will affect the return to education
in two distinct ways: First, the benefits of an additional year
of education, can be directly affected for example, through the
transmission of innate ability; and second, families can influ-
ence the amount of schooling acquired by individuals through
higher benefits of lower costs, indirectly affecting the marginal
return to schooling. A key point is that unless the marginal ben-
efit of an additional year of education is constant, both effects
must be considered in order to assess the effect of family back-
ground on the return to schooling. Consequently, the parameters
of the family background gradients in the marginal benefit and
marginal cost schedules must be estimated.
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To proceed, I augment the simple causal model for earnings
and schooling proposed by Heckman and Vytlacil (1998) and
Card (1999) to allow family background to directly influence
the level of earnings:

logyi = a; + biS; — .5k1S7 + Fly + &;, 1)

where S; represents years of completed education and F; rep-
resents a vector of family background variables. Other deter-
minants of log earnings, such as labor market experience and
race, are ignored at this point to keep the presentation simple.
The intercept a; represents the level of ability of individuals,
which does not interact with the level of schooling (i.e., the
absolute advantage). The other ability factor b;, is the heteroge-
neous component of the education slope, which interacts with
the level of schooling and grants higher net returns to schooling
to individuals with higher b; (i.e., the comparative advantage).
Both g; and b; represent an unspecified combination of individ-
ual specific abilities, influences of familial environment, and in-
herited skills. In the following specification, both ability factors
will be allowed to be freely correlated with family background
characteristics.

Consistent with the quadratic structural earnings function in
(1) are linear marginal benefit and marginal cost schedules with
heterogeneous intercepts:

MB; = b; — k1 S;,
MC; =r;i + kS;,

where kj and k; are positive constants representing the slopes
of the schedules and r; is a person-specific discount rate. Again,
r; will be allowed to be freely correlated with family back-
ground characteristics. Equating marginal benefit and marginal
cost yields an expression for the optimal schooling level:
S b,’ — T )
=7 2
where k = k1 + k». Equation (2) illustrates that schooling is de-
termined by comparing the marginal benefit and marginal cost
of an additional year of schooling. In this model, family back-
ground affects schooling through its effects on b; and r;. I then
decompose the heterogeneity factors a;, b;, and r; into an av-
erage effect and components due to family background vari-
ables, denoted by F. The decomposition also embodies two
types of exclusion restrictions, which will be key for identifi-
cation later:

J
ai=a0+zaf(Fji_Fj)+V1i, 3.1

j=1

J K
bi=bo+ Y bF(Fi—F)+ > bZ(Qu— 00 +vai. (32)
j=1 k=1

J L
ri:ro—{—erF(Fji—Fj)+ZrZZ(Zli_ZI)+V3i' (3.3)

Jj=1 =1

According to the model in (3), Z;;, [ =1, ..., L, are instrumen-
tal variables for schooling in (1): They are observable variables
that affect schooling choice, but are uncorrelated with the log
earnings heterogeneity factors a; and b;. Therefore, instrumen-
tal variables like Z;; can be used to identify the parameters of the
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marginal benefit equation. The model embodies another exclu-
sion restriction: Conditional on measures of family background,
the observable variables Oy, k =1, ..., K, affect the marginal
benefit of schooling but not the marginal cost. Therefore, these
are not proper instruments for schooling because they directly
influence the return to schooling. However, variables satisfying
this kind of exclusion restriction will identify the parameters of
the marginal cost equation.

Equations (1)—(3) provide a generalized version of the linear
causal model for schooling and log earnings. In the standard
model, the unobserved determinants of log earnings and school-
ing a;, b;, and r; are treated solely as random variables, and the
family background gradients are all equal to 0. In the present
context, by denotes the average causal effect of schooling on
log earnings and ry is the average discount factor in the popula-
tion. The objective of this article paper is to develop and imple-
ment a methodology to estimate the parameters bg and r¢ and
the parameters bf and er , which measure the effect of family
background measure j on the marginal benefit and marginal cost
of schooling. To facilitate the interpretation of the family back-
ground gradients in (3.1)—(3.3), consider the case of parental
education. If better educated parents transmit their innate abili-
ties and enrich the “learning environment” or reduce the “cost”
of learning in their families, then associated parameters b and
I will be positive and negative, respectively.

Without further assumptions, however, it remains diffi-
cult to fully understand the implications of the preceding
model for the observed relationship between log earnings,
schooling, and family background variables. In what fol-
lows, the assumption of linearity of the conditional expec-
tations in (3.1)-(3.3) will be maintained: E[v;|F;, Q;, Z;] =
E[vi|Fi, Qi, Zi]1 = E[v3j|Fi, Qi, Zi] = 0. This assumption does
not impose a particular dependence structure on the stochastic
components vy;, v2;, and v3;. Moreover, it allows the stochastic
components of the marginal benefit and cost equations to be
correlated with other variables of the model, in particular with
schooling. In fact, the conventional absolute ability bias arises
because of a correlation between vy; and S;, whereas the com-
parative advantage bias arise because of a correlation between
V2i and Si.

Substituting (3.2) and (3.3) in the schooling (2) yields an
equation for the realized schooling levels as a function of fam-
ily background, and the variables excluded from the marginal
benefit and marginal cost schedules (Z; and Q;):

J
1 —
Si=7 [(bo —r)+) 1j(bf — 1 )(Fji = F))
J:

K L
+ Zka(Qki — 00 = Y 1 (Zi—Z1) +vai — V3i:|-
k=1 =1
It follows that the effect of a family background variable F; on
the marginal return to schooling is given by
OMB; _ db; X AY;
OF;  oF;  oFy

’

=bf(l-w) +rfow,  j=1...J,

where w = kj/k. This expression shows that the heterogene-
ity in the return to schooling arises because of the variation in
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b; and r;. Family background can affect the return to schooling
through its “direct” effect on b; (captured by bf ) and its “in-
direct” effect on amount of schooling acquired, via b; and r;
[captured by a)(b}7 — rJF )]. Therefore the direct and indirect ef-
fects must be estimated to fully assess the effect of family back-
ground on the return to schooling. In the special case where the
earnings function (1) is linear in schooling, the marginal benefit
of schooling is constant (which implies w = 0), and it is suffi-
cient to measure the effects of family background on b; only.
This is the case considered by Altonji and Dunn (1996) and
Ashenfelter and Rouse (1998) who obtained mixed evidence
on whether parental education affects the return to education.
This article generalizes their studies to the case where family
background is allowed to jointly influence education levels and
return to education.

4. EMPIRICAL FRAMEWORK

4.1 Identification of the Family Background Gradients

In the empirical application of this model, I consider three
measures of family background, two measures of school qual-
ity, and one instrumental variable. In that setting, the model in
(1)-(3) implies the following reduced-form regression model
for schooling:

Si = E[S;|F;, 0i, Zi] + &

J K
=m0+ Yy ahFi—F)+ Y 73 — Op)

j=1 k=1

L
+Z7rlzl(zzi -Z)+&, “
I=1

where the reduced-form coefficients in (4) depend on the pa-
rameters from the marginal benefit and marginal cost equa-
tions (3.2) and (3.3). The complete correspondence between the
reduced-form coefficients and the parameters of the model is
given in the Appendix. The regression function for log earnings
is given by

EllogyilSi, Fi, Qi, Zi]
= Ela;lS;, Fi, Qi, Zi1 + E[bi|S;, Fi, Qi, Zi1S;
— 5kiS? + Fly + Q8.

It follows from (4) and the assumption of linear conditional ex-
pectations embodied in (3.1)—(3.3) that the linear projections of

vy; and vp; on (S;, Fy, Q;, Z;) are given by
E*[viilSi, Fi, Qi, Zi] = Aséi,
E*[v2ilSi, Fi, Qi, Zi] = Wsé;,

(5.1)
(5.2)

where E*[Y|X] denotes the linear projection of ¥ on an inter-
cept and X, and where Ag and Wg are the linear projections
coefficients of v{; and vy; on &;. Therefore, the conditional ex-
pectations of the unobserved heterogeneity factors a; and b; are
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given by

Ela;|S;, Fi, Qi, Zi]
J
=ao+ Y _af (Fji — F)) + Aski,
=1
E[b;1S;, Fi, Qi, Zi]

J K
=bo+ Y bF(Fi—F)+ Y bZ(Qu — Op) + sk
j=1 k=1

In this model, Xg is the absolute ability bias due to the correla-
tion between a; and S;, and W is a comparative advantage bias
due to the correlation between b; and S;. The parameter Wy is
proportional to the total variance in schooling outcomes at-
tributable to the heterogeneity in the schooling slopes. Letting f
denote this (unobservable) fraction, one can show that Vg = kf,
where k is the sum of the slopes from the marginal benefit and
marginal cost equations. Substituting the conditional expecta-
tions of the unobservables a; and b; in the regression function,
I obtain the following estimating equation:

logyi = 720 + 7218; + 72287 + w3E; + 724 Sii

7 K
+ Z”Z(Fji —F)Si+ Z ﬂsz(Qki —0p)Si
=1 k=1

+Fly + 08 +ei, (6)

where the regression coefficients in (6) depend on the parame-
ters of the structural earnings function (1) and on the parame-
ters from the marginal benefit and marginal cost equations (3.2)
and (3.3). The complete correspondence between the regression
coefficients and the parameters of the model is given in the Ap-
pendix. Given the two types of exclusion restrictions discussed
previously, the regression coefficients in (4) and (6) identify all
the parameters of interest in the model: the population averages
by and ry, the family background gradients bf and rf , and the
slopes of the schedules, k1 and k». The inclusion of &; and &;S;
as controls in the regression will eliminate any ability or endo-
geneity biases from the relationship between log earnings and
years of education and will allow direct estimation of the para-
meters Ag and Wg.

This control function approach is due to Garen (1984) and
has been further extended in several articles since (see Heck-
man and Vytlacil 1998; Card 1999; Woolridge 2000; Florens,
Heckman, Meghir, and Vytlacil 2004). In particular, one could
include higher order terms in &; and S;&; and relax the linearity
assumptions in (5.1) and (5.2). Given the already large number
of parameters to be estimated in the current setting, I elected
not to pursue this possibility.

4.2 Estimation

This study will focus on the effects of three measures of fam-
ily background on the return to schooling: father’s education,
mother’s education, and number of siblings (denoted by Fi,
F5, and F3 respectively). In most datasets, these three mea-
sures of familial environment are the strongest predictors of
children’s future outcomes. Two measures of school quality,
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the pupil—teacher ratio, and the relative teacher pay (denoted by
01 and Q», respectively), will be used as exclusion restrictions
in the marginal cost equation. Therefore, a maintained assump-
tion in this article is that holding family background and size
constant, measures of school quality at the cohort and state level
only influence the marginal benefit of schooling and have no
effect on the marginal cost. This assumption would fail, for ex-
ample, if an increase in school quality raises the perceived cost
of schooling because of the higher effort required to progress
through the academic curriculum. Following Butcher and Case
(1994), measures of sibling gender composition, in particular
the presence of any sisters in the sibship (conditional on fam-
ily size), will be used as instrumental variables for schooling.
This exclusion restriction identifies the parameters of the mar-
ginal benefit equation. The motivation for this approach is that
gender composition of the sibship is random. Its drawbacks are
discussed later.

The first step of the empirical analysis is to estimate the re-
gression coefficients of the schooling and log earnings equa-
tions. This following system of two regressions is estimated
jointly:

S; =m0 + 7} (F1; — F1) + {5 (Fai — Fa)

+ {3 (F3 — F3) +711Q1(Q11 -0p +711Q2(Q21 -0

+71(Zi = Z) + gX1i. T1) + &, @)
logy; = ma0 + 721 + 12287 + T23E; + w24Siks

+ h SiF 1+ T SiFa + TN SiFs + 72 Si01i

+ 728100 + §(X21, T2) + ;. ®)

Both X;; and X»; contain three cohort dummies, a race indica-
tor, three dummies for the three region of birth, three indica-
tors for the region of residence in 1973, and an indicator for
residence in a metropolitan area (SMSA) in 1973. In addition
to these regressors, X; includes a quartic in labor market ex-
perience and the main effects of the family background and
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school quality variables. The parameters are obtained by us-
ing optimal minimum-distance (OMD) estimation (Chamber-
lain 1984). In the present context, the OMD procedure seeks es-
timates of the 13 parameters of the marginal cost and marginal
benefit schedules that are as close as possible to the predictions
of the model, based on the 14 relevant regression coefficients
from (7) and (8). The details of the estimation procedure are
presented in the Appendix.

5. RESULTS

5.1 Educational Attainment and Gender

Composition Among Siblings

Before proceeding with the estimation of the parameters of
the model, I further examine the relationship between educa-
tional attainment and gender composition of the siblings. Ta-
ble 4 presents regressions of completed education on the same
specifications as Table 2, adding controls for the presence of
any sisters, any brothers, and the fraction of females among
siblings. This simple analysis might shed some light on the
mechanisms through which family composition affects educa-
tional attainment. In each specification, the effects of family
size are controlled for by a linear main effect or by includ-
ing a series of unrestricted dummies. The entries in Table 4
again provide clear evidence that holding family size and back-
ground constant, men who grew up with at least one sister have
significantly lower levels of education. The point estimates in-
dicate that the presence of at least one sister reduces educa-
tional attainment by .17 to .21 year on average. Moreover, in
all specifications, the “any sisters” variable is a stronger pre-
dictor of educational attainment than parental education, and it
is also has a larger effect than number of siblings in the lin-
ear specifications. This finding is contrary to that of Butcher
and Case (1994), who concluded that sibship gender composi-
tion had no effect on the educational attainment of men. They
note that “For men in older age cohorts, completed education

Table 4. Gender composition, family size, and educational attainment

(n 2 3) C))] )] (6) (7 ®
Linear Unrestricted Linear Unrestricted Linear Unrestricted Linear Unrestricted
effects effects effects effects effects effects effects effects
Any sisters —.2066 —.1679 — — — — —.1958 —.1149
[.0534] [.0617] [.0830] [.0904]
Any brothers — — —.0633 .0523 — — — —
[.0536] [.0631]
Percent female — — — — —.2821 —.2490 —.0243 —.1156
[.0920] [.0982] [.1428] [.1437]
Father’s education 1578 1553 1581 1554 1581 1554 1578 1554
[.0071] [.0071] [.0079] [.0071] [.0071] [.0071] [.0071] [.0071]
Mother’s education .1856 1844 .1859 .1845 1855 1843 .1586 1844
[.0078] [.0078] [.0078] [.0078] [.0078] [.0078] [.0078] [.0078]
Number of siblings —.1571 Yes —.1657 Yes —.1624 Yes —.1571 Yes
[.0078] [.0079] [.0075] [.0078]
R? 32 33 32 32 32 33 32 32

NOTE: Dependent variable: years of education. Sample size is 17,300. Standard errors in brackets. Number of siblings is controlled for by linear main effects (columns 1, 3, 5, 7) or
by unrestricted effects (19 dummies, columns 2, 4, 6, 8). All models include a race dummy, three cohort dummies, three region of birth dummies, three indicators for region of residence
in 1973, SMSA status in 1973, and imputation dummies. Other family background controls are indicators for living with both parents at age 16 and for living on a farm at age 16.
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appears to be negatively related to the presence of any sis-
ters if one does not control adequately for the number of sib-
lings in the family.” Interestingly, even with flexible controls
for the number of siblings, the OCG data show a strong nega-
tive relationship between educational attainment and the pres-
ence of any sisters. However, it is important to keep in mind
that even with unrestricted dummies in family size, the model
considered here is meant to be parsimonious. With a richer
and larger dataset, one would condition on the full pattern of
gender composition and consider other predictors of educa-
tional attainment, such as the gender of the next youngest sib-
ling and birth order (see, e.g., Black, Devereux, and Salvanes
2005). Unfortunately, this information is not available in the
OCG.

Table 4 also shows that the effects of sibling gender compo-
sition are not “exchangeable” in gender. As columns 3 and 4 in-
dicate, conditional on family size and background, there are no
differences in the educational attainment of men who grew up
with at least one brother and those who did not: The estimated
“any brothers” effect is small and insignificant. Moreover, the
estimated difference is positive or negative, depending on the
specification of the family size effects. Columns 5 and 6 show
that the fraction of females in the sibship is also an important
determinant of the educational attainment of men. In columns
7 and 8, both the “any sisters” and the percent female variables
are included to determine which one has the strongest effect on
educational attainment. It is apparent that the effect of sibling’s
gender composition on the educational attainment of males is
mainly working through the presence of sisters in the sibship.
In both specifications, the percent female variable is insignifi-
cant and is smaller in magnitude. The indicator for at least one
sister has essentially the same magnitude as in column 1 and is
relatively precisely estimated in the linear effects specification,
whereas it is less precisely estimated in the unrestricted effects
specification. Overall, the estimates in Table 4 demonstrate that
holding family size and background constant, men who grew
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up with at least one sister have significantly lower educational
attainment than those who did not.

These patterns are consistent with a model where parents
care about the lifetime wealth and labor market earnings of
their children and where the return to educational investments is
lower for women (Berhman, Pollak, and Taubman 1982). In that
case, the presence of sisters in the sibship will be negatively cor-
related with the educational attainment of males because more
family resources will have to be allocated to females in order to
equalize labor market earnings. Given that the gender compo-
sition of the sibship is random (conditional on other measures
of family background), this suggests that indicators of the gen-
der composition can potentially be used as variables affecting
schooling only through their effects on the cost of schooling.
One drawback of such an instrument is that fertility is a choice
variable and that some theoretical models of fertility predict that
family size and child ability are negatively related. Because the
probability of having at least one sister increases with family
size, it is possible that the “any sisters” variable might still be
correlated with the unobserved ability factors, even after con-
trolling for family size. Rosenzweig and Wolpin (2000) pre-
sented a discussion along those lines. Section 5.5 reports some
tests of the validity of the “any sisters” variable as an instrument
for years of education.

5.2 Two-Stage Least Squares Estimates of
the Return to Education

As a prelude to the empirical implementation of the model
developed in Sections 3 and 4, Table 5 presents a series of
reduced-form regressions for schooling and log earnings, as
well as the ordinary least squares (OLS) and two-stage least
squares (2SLS) estimates of the return to education, using the
presence of any sisters as an instrumental variable (IV) for
years of completed education. All specifications are based on
the same set of controls as in Tables 2—4, plus a quartic in la-
bor market experience. The second and third columns of Ta-
ble 5 indicate that holding family size and background constant,

Table 5. Reduced-form, OLS, and two-stages least square estimates of the return to schooling

ey 3 3) C))
Reduced-form: Reduced-form:
OLS log earnings years of education 2SLS
Any sisters — —.0311 —.1609 —
[.0084] [.0492]
Years of education .0533 — — .1932
[.0012] [.0656]
Father’s education .0035 .0100 1220 —.0136
[.0011] [.0011] [.0065] [.0081]
Mother’s education .0055 .0133 .1463 —.0150
[.0012] [.0012] [.0073] [.0097]
Number of siblings —.0017 —.0073 —.1324 .0183
[.0011] [.0012] [.0072] [.0094]
Pupil-teacher ratio —.0002 —.0019 —.0308 .0040
[.0009] [.0010] [.0056] [.0023]
Relative teacher salary .1037 1341 5721 .0236
[.0137] [.0143] [.0843] [.0417]

NOTE:

Sample size is 17,300. Standard errors in brackets, p values in parentheses. All models include a race dummy, three cohort dummies,

three region of birth dummies, three indicators for region of residence in 1973, SMSA status in 1973, and imputation dummies. Other family
background controls are indicators for living with both parents at age 16 and living on a farm at age 16.
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men who grew up with at least one sister have lower education
(about .16 fewer years) and lower earnings (about 3% less). The
use of the “any sisters” indicator as an instrumental variable
yields a 2SLS estimate of the return to schooling of about .193
(standard error = .066), which is 3 times as large as the cor-
responding OLS estimate reported in column 1. This result is
consistent with the recent literature (see, e.g., Card 2000). In all
studies, the IV estimates are larger than the corresponding OLS
estimates, but in most cases the hypothesis that this difference is
due to sampling error cannot be rejected. In this sample of men
from the OCG, however, a Hausman test rejects the hypothesis
that the difference between the OLS and 2SLS point estimates
is due to sampling error (p value = .005).

5.3 Estimates of the Family Background Gradients

An alternative to 2SLS is a linear control function approach,
as specified by (8) and (9). One advantage of the control func-
tion approach over 2SLS is that it permits the identification of
the average causal effect, as well as the identification of the cor-
relation between the endogenous variable (schooling) and the
unobserved determinants of earnings a; and b; that are corre-
lated with schooling. One drawback of this approach is that it
requires stronger assumptions on the nature of the relationship
between unobserved ability factors and the observable vari-
ables. With a larger dataset and more powerful instruments,
one could relax such linearity assumptions and use the non-
parametric control function methods proposed in Florens et al.
(2004).

Table 6 reports the coefficients from the schooling and log-
earnings control function regressions, following the specifi-
cation of (7) and (8). Although interesting in its own right,

Table 6. Estimates of the schooling reduced-form and “augmented”
log-earnings regression

Years of education Log earnings

Any sisters —.1597 —
[.0491]
Years of education — .1606
[.0625]
Years of education — —.0003
squared [.0008]
Reduced-form — —.1212
residuals [.0602]
Reduced-form — .0016
residuals x education [.0009]
Father’s education? 1220 .0010
[.0065] [.0004]
Mother’s education® 1462 —.0005
[.0073] [.0003]
Number of siblings® —.1325 —.0010
[.0072] [.0004]
Pupil-teacher ratio? —.0303 —.0003
[.0056] [.0002]
Relative teacher salary® .5702 .0095
[.0842] [.0033]

NOTE: Sample size is 17,300. Standard errors in brackets, p values in parentheses. See
the note to Table 5 for a list of variables included in the regressions. The regressions cor-
respond to (7) and (8) in the text.

“Interacted with education in the log-earnings model.
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this table is used to show the regression estimates from which
the structural parameters of the model will be estimated using
OMD. Consequently, I only briefly discuss the entries in Ta-
ble 6. In column 1, coefficients from the reduced-form regres-
sion of schooling are reported. The estimates are essentially the
same as the reduced-form coefficients displayed in the third col-
umn of Table 5. Column 2 reports the coefficients from the log-
earnings regression specified in (8). In this specification, the
residuals from the reduced-form regression of schooling are in-
cluded in the earnings equation, as are their interactions with
schooling. These controls will purge the other regression co-
efficients of any ability or endogeneity biases. The estimated
average return to schooling is .161 (with standard error .063),
which is smaller than the 2SLS estimate.

Table 7 presents OMD estimates of the parameters of the
marginal benefit equation (in column 1) and marginal cost equa-
tion (in column 2) derived from the regression coefficients re-
ported in Table 6. For each measure of family background, the
“total effect” of that variable on the marginal return to school-
ing is reported in column 3. The total effect of a family back-
ground measure F; on the marginal return to schooling corre-
sponds to IMB;/dF;; = b]F (1—ow)+ er wforj=1,2,3, where
w = k1 /(k1 + k7). The estimated intercepts of each schedule (bg
and rp) are displayed in row 1. The family background gradi-
ents for the marginal benefit and marginal cost equations (3.2)
and (3.3) are shown in rows 2—4. The slopes of each schedule
(i.e., k1 and ky) are reported in row 5. Finally, rows 6 and 7 show

Table 7. OMD estimates of the effects of family background on the
return to schooling

(1 2 (3)
Marginal benefit Marginal cost Total
schedule schedule effect
1. Intercept .1580 .0192 —
[.0437] [.0433]
2. Father’s education .0011 —.0003 .0011
[.0002] [.0003] [.0002]
3. Mother’s education —.0005 —.0023 —.0006
[.0002] [.0003] [.0003]
4. Number of siblings —.0010 .0005 —.0009
[.0003] [.0003] [.0003]
5. Slopes (k; and kp) .0005 .0112 —
[.0010] [.0012]
Other parameters
6. Absolute ability —.1207 — —
bias (Lg) [.0424]
7. Comparative .0015
advantage [.0005]
bias term (g)
8. Pupil-teacher ratio —.0003
[.0001]
9. Relative teacher
salary .0071 — —
[.0012]
10. N x Objective 1.01 — —
[df] (1]
(p value) (.002)
NOTE: Standard errors in brackets, p values in parentheses. Based on the estimated co-

efficients and covariance matrix from Table 6. See the Appendix for details on the OMD
procedure.
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the absolute ability bias term (is) and the comparative advan-
tage bias term (Wy), whereas row 10 reports the goodness-of-fit
statistic associated with the model.

Based on this specification, the estimated average causal ef-
fect of education is .158 (with standard error .044), which is
about 20% smaller than the 2SLS estimate from these data. This
is not surprising because the framework underlying Table 7 de-
composes the causal effect of education into an idiosyncratic
component and a component due to variation in family back-
ground. The average discount rate is .0192 (with standard error
.043). Men with better educated fathers have a higher return
to schooling, because of the positive effect of father’s educa-
tion on the heterogeneous component of the marginal bene-
fit, b;. Conversely, men with better educated mothers have a
lower return to schooling on average, resulting from the large
reduction in the marginal cost of schooling associated with
mother’s education. One possible explanation for this finding is
that better educated fathers increase children education through
transmission of innate ability, whereas better educated moth-
ers raise children education by enhancing the “family learning
environment.” This finding can also be stated in terms of the
characteristics of the production function (1): Own education
and father’s education are g complements, whereas own edu-
cation and mother’s education are g substitutes (see Sato and
Koizumi 1973). Interestingly, the differential impact of father’s
and mother’s education on educational attainment and labor
market earnings is also noticeable in Tables 2 and 3. In both
cases, mother’s education has a larger reduced-form effect than
father’s education on educational attainment and labor market
earnings. Finally, men raised in larger families have lower mar-
ginal returns to schooling, a result entirely attributable to lower
b; in larger families, conditional on parental education.

An important implication of these results is that measures
of family size and parental education are not valid instrumental
variables for years of education because they affect the marginal
benefit of an additional year of education. This point is impor-
tant because measures of parental education are commonly used
as instruments for schooling in the literature. Another interest-
ing result in Table 7 is that the number of siblings is the mea-
sure of family background with the largest effect on the return
to schooling. This follows because the positive effect of father’s
education on the return is essentially offset by the negative ef-
fect of mother’s education. The estimated slope of the marginal
benefit schedule k is essentially 0, which suggests that the mar-
ginal return to schooling is roughly constant. As expected, the
slope of the marginal cost is positive and much steeper. This fol-
lows from the fact that the marginal benefit schedule is almost
horizontal, so the marginal cost of schooling must be increasing
to ensure interior solutions. In these data, the absolute ability
bias is negative and relatively important in magnitude at —.12
(with standard error .042), whereas the comparative advantage
bias term (the projection coefficient of b; on S;) is .0015. These
results are consistent with a model of nonhierarchical sorting:
Individuals with higher levels of absolute ability acquire less
schooling, whereas individuals with higher benefits of school-
ing acquire more schooling. In other words, there is positive
selection on the slope of the earnings equation and negative se-
lection on the intercept. This result has also been found in other
applications by Willis and Rosen (1979), Garen (1984), and
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Carneiro, Heckman, and Vytlacil (2005). Finally, the goodness-
of-fit statistic for this model is 10.01, which is slightly higher
than the X<21) critical value, suggesting that this model and its
embodied exclusion restrictions provide a too simplistic statis-
tical representation of the data.

5.4 Interpretation of the Results

Taken as a whole, the results in this article provide new ev-
idence on observable and unobservable sources of variation in
the return to education. Contrary to the results of Ashenfelter
and Rouse (1998) and Altonji and Dunn (1996), the results in
this article indicate that family background variables play an
important role in generating variation in the return to schooling
across individuals. Allowing the returns to education to vary
with family background variables reduces the estimated aver-
age causal effect of education by 20%.

Moreover, the results provide clear evidence on the relative
importance of the different sources of heterogeneity in explain-
ing schooling outcomes. Because Wg = kf in this model, the
entries in Table 7 imply that the fraction of the total variance in
schooling (9.86) attributable to variation in ability as opposed
to variation in the cost (or tastes) for schooling is 13%. In other
words, for these data, most of the difference in educational at-
tainment across individuals can be attributed to differences in
the cost of an additional year of education.

Finally, there is no evidence that the benefits of an additional
year of education are declining with the level of education. The
entries in Table 7 suggest that the slope of the marginal bene-
fit schedule is essentially 0. When combined with the negative
absolute ability bias reported in Table 7, this suggests a novel
interpretation of the recent findings from studies of the causal
effect of education based on instrumental variables. Similar to
the results in Table 5, these studies (see Card 2000 for a survey)
have documented IV estimates of the return to schooling sys-
tematically exceeding the corresponding OLS estimates. The
leading explanations for this pattern are as follows: (1) small
(absolute) ability bias combined with a downward bias in the
OLS estimate due to measurement error in reported schooling
(Griliches 1979; Angrist and Krueger 1991); and (2) hetero-
geneity in the returns to education (along with declining mar-
ginal benefit to educational investments) combined with instru-
mental variables that affect the schooling outcomes of individ-
uals who would have relatively low schooling in the absence of
the supply-side innovation (see, e.g., Angrist and Imbens 1995).
The results in Table 7 are not consistent with these two expla-
nations. First, attenuation bias alone cannot explain the large
gap between the OLS and 2SLS estimates in Table 5: Using re-
interview data, Bielby, Hauser, and Featherman (1977) reported
that the reliability of reported schooling is about 94% in the
OCG. Second, the marginal returns to education are essentially
constant across education levels (i.e., k; &~ 0). Therefore, as im-
plied by the results of Tables 5 and 7, one novel explanation for
the larger IV estimates is a negative absolute ability bias in the
OLS estimates. Under the assumptions of Section 3, it can be
shown that the OLS estimate reported in Table 5 converges to
by + As + \DSE; that is, the OLS estimate is confounded by an
ability bias (Ag) and a comparative advantage bias (WsS). As
long as |As| > |WsS|, a negative value for Ag implies that the
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simple OLS estimate is biased downward. With the relatively
high reliability of reported schooling in these data (94%), and
essentially no concavity in the “structural” earnings function,
this is the only explanation why the 2SLS estimates are about 3
times as large as the OLS estimates of the return to education.

5.5 Sensitivity Analysis

Finally, I briefly describe the results of a sensitivity analy-
sis. The full set of results is available in the result appendix
(Deschenes 2006). Three issues are investigated: (1) the valid-
ity of the exclusion restrictions, (2) measurement error in own
and parental schooling, and (3) robustness of the OMD to finite-
sample bias. I discuss the results of the sensitivity analysis in
that order.

As discussed in the previous section, sibling gender compo-
sition (conditional on family size) can be rightfully excluded
from the marginal benefit equation (3.2) if it affects educational
attainment but has no independent effect on earnings. If gender
composition is still related to unobserved determinants of earn-
ings ability after controlling for family background and size,
then it does not satisfy the exclusion restriction. Although this
assumption is not directly testable (because a;, b;, and r; are all
unobservable), various pieces of evidence can be examined to
evaluate its validity.

First, I use data from the Project TALENT (1960) study of
400,000 high school students in grades 10-12 in 1960. These
students responded to a lengthy questionnaire and cognitive
tests during the two full days of class devoted to the study (see
Kuhn and Weinberger 2005 for a more detailed description of
these data). I estimate regression models relating the different
measures of ability (such as math and verbal test scores) on
measures of family background and sibling composition, grade
dummies, and a host of demographic variables. The estimated
effects of sibling gender composition on the various test scores
are small in magnitude and insignificant, whereas parental ed-
ucation is a strong predictor of achievement. Second, with the
OCG data I used the interaction between an index of “poor”
family background and the presence of any sisters as an ad-
ditional instrumental variable. This approach is motivated by
the fact that the negative effect of the presence of any sisters
on the educational attainment of men (conditional on family
size) should be larger for poorer households if it only operates
through the marginal cost of schooling. The reduced-form es-
timates confirm that the (negative) effect of the “any sisters”
variable on educational attainment is larger for individuals with
poorer family backgrounds. The 2SLS estimate of the return
to schooling is slightly smaller but more precisely estimated
than the 2SLS estimate reported in Table 5. The results also
show that the presence of any sisters has a very small and in-
significant effect on log earnings (—.003, with a standard error
of .011). These two simple tests do not provide any evidence
against the maintained assumption that holding family size and
background constant, the gender composition among siblings is
unrelated to the unobserved determinants of earnings.

It is well known that 2SLS estimates are not affected by clas-
sical measurement error, although they are possibly biased un-
der other forms of measurement error (see, e.g., Kane, Rouse,
and Staiger 1999). Less is known, however, on the effects of
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classical measurement error in nonlinear models, and few ana-
lytical formulas describing the bias are available. In the context
of the model presented in Section 3, identification of the pa-
rameters of the marginal benefit schedule requires consistent
estimates of the interaction terms between family background
and schooling in the augmented log-earnings regression. Con-
versely, identification of the parameters of the marginal cost
schedule, based on the schooling reduced-form estimates, is
not affected by classical measurement error in schooling. Even
if schooling and father’s education are reported with classi-
cal measurement error, the nonlinearity due to the interaction
terms introduces nonclassical measurement error in the regres-
sion. The asymptotic bias in the OLS slope estimates depends
on multiple features of the (unobserved) joint distribution of the
measurement error components. I assume a reliability of .90 for
own schooling and .85 for father’s education and use simula-
tions to assess the magnitude of the biases (see Bielby et al.
1977 for analysis of the measurement error in schooling in the
OCQG). The results of a simple analysis suggest that the higher
order terms are more sensitive than the main effects. In all spec-
ifications used, the simulation results suggest that the interac-
tion between schooling and father’s education is biased down-
ward and that the relevant entries in Table 7 should be inflated
by a factor of 1.25. Therefore, the results presented in this study
should be interpreted as conservative estimates of the effects of
family background on the return to schooling.

In certain applications, OMD can be biased downward (in
absolute terms) if there is correlation between the sampling er-
ror in the vector of moments and the sampling error of the el-
ements in the weighting matrix (Altonji and Segal 1996). Fol-
lowing Altonji and Segal (1996), who concluded that equally
weighted minimum distance (EWMD) dominates OMD, I es-
timate three alternatives to OMD: EWMD, variance-weighted
minimum distance (VWMD), and direct “one-step” nonlinear
least squares (NLLS) estimates of the parameters. These alter-
native estimates of the parameters are similar to those reported
in Table 7.

6. CONCLUSION

This article develops and implements a simple model of
schooling and earnings where the return to schooling varies
across individuals and where family background characteristics
play a direct role in generating the heterogeneity. The model il-
lustrates the influence of family background variables in the op-
timizing behavior of individuals and, thus, generalizes the stan-
dard causal model of schooling and earnings. It is shown that
a correct assessment of the relationship between family back-
ground and return to schooling entails the identification of the
effect of family environment on both the marginal benefit and
the marginal cost of schooling. Only with such information can
the impact of family background characteristics on subsequent
labor market outcomes be determined.

The empirical analysis, based on a large sample from the
1973 Occupational Change in a Generation survey, docu-
ments several patterns concerning the relationship among fam-
ily background, schooling, earnings, and return to schooling.
Parental education raises both the educational attainment and
the labor market earnings received by individuals. Men from
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larger families acquire less schooling and have lower earnings.
Moreover, the negative effect of family size is shown to vary
with the gender composition of the sibship. When holding fam-
ily background and sibship size constant, men raised with more
sisters have lower educational attainment and earnings. These
inferences are robust to a wide variety of specifications.

The patterns are then interpreted in the context of the model.
The identification of the parameters of the marginal benefit and
cost functions requires two exclusion restrictions. This article
considers measures of elementary and secondary school qual-
ity as variables affecting only the marginal benefit of schooling,
conditional on family background. The randomness embodied
in the gender composition among siblings, holding family size
and background constant, is used as an exogenous source of
variation affecting only the marginal cost of schooling. The re-
sults provide new evidence on the effects of family background
on the return to schooling. Men raised in larger families have a
lower return to schooling, with each additional sibling reducing
the return to schooling by as much as 5% of the conventional
Mincerian estimate. The combined effects of parental education
are more modest. Men who grew up with better educated fathers
have a higher return to education, whereas those who grew up
with better educated mothers have a lower return to schooling.
This finding suggests that own education and father’s educa-
tion are g complements in the production of earnings capacity,
whereas own education and mother’s education are g substi-
tutes in the production of earnings capacity. Overall, account-
ing for family background differences reduces the estimate of
the average causal effect of education by 20%. The disparity
of these results clearly indicates that different aspects of famil-
ial environment have different effects on the marginal benefit
and marginal cost of schooling. Family size and father’s educa-
tion entirely operate through the benefits of an additional year
of education. The negative impact of maternal education on the
return to schooling is solely attributable to lower costs per year
of education and, hence, improved educational prospects. These
insights should be a key component of any appraisal of policies
targeted at children from disadvantaged families.

Finally, this article documents new facts about the sources of
variation in schooling outcomes and in the components of the
return to education. A new finding is that almost 90% of the to-
tal variance in schooling outcomes is attributable to differences
in the costs (or tastes) of schooling, as opposed to differences
in ability. There is little evidence of declining marginal benefits
of an additional year of education (i.e., the human capital pro-
duction function is linear in years of education). The results of
the optimizing model of schooling choices indicate a negative
absolute ability bias and a positive comparative advantage bias.
These last two pieces of evidence support a new interpretation
of why the IV estimates exceed the OLS estimates of the return
to education: A negative absolute ability bias combined with
constant marginal benefit to schooling is the only explanation
consistent with the results presented in this article.
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APPENDIX: OPTIMAL
MINIMUM-DISTANCE ESTIMATION

Let = denote the vector of relevant regression coefficients
from (7) and (8):

F _F _F _0 _0
T =[m10, 7Ty, T1o, W13, Ty Tpos

F _F _F _0 _Qvy
T21, 7022, 7123, 7024, )1, TT9n, 7193, TThy s 7722] .

When multiple family background and school quality measures
are included, the results of Section 4.1 generalize to

by —ro
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oF = by —rf —pF
11 k1+k2’ 22 ’
bF—rF
F 1 F
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2= T h 23
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0
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ki +k
3 2
mor=bo— Y _bFj— ) b0k
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myp = —.5k,
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Optimal minimum-distance estimates (OMDs) are obtained by
minimizing the following quadratic form:

0= min| 77 —fFOTWIF —fO)],

where 7 is the vector of estimated regression coefficients, f(6)
is the vector of restrictions imposed by the model on the re-
gression coefficients, W is an estimate of the inverse covariance
matrix of 77, and @ is the vector of parameters:

0 = [bo, b11, bi2, b13, b1, boa, ki, ro, ri1, ri2, ri3, ko, As, Wsl'.
Chamberlain (1984) showed that, under mild regularity con-
ditions, the optimal minimum-distance estimator is asymptot-
ically efficient. Moreover, the value of the objective function at
the optimum can be used to perform specification tests of the
model.

[Received October 2004. Revised May 2006.]
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