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1 Introduction

Many empirical studies find family income to be an important factor in explaining
school success of children (Becker and Tomes, 1985; Taubman, 1989; Haveman
and Wolfe, 1995). The mechanism economists offer to explain this family rela-
tion is that children from poor families are restricted in their pursuit of more
and higher quality education because their parents face credit constraints when
financing their children’s education.

More recently, economists are aware that such conclusions are as yet unwar-
ranted because of flaws in the underlying empirical models (Blau, 1999; Cameron
and Heckman, 1998; Cameron and Taber, 2000; Mayer, 1997; Shea, 2000). The
problem is that most studies ignore the strong correlation of both family income
and educational attainment with (mostly unobserved) ability. Any correlation be-
tween family income and children’s school success may therefore not be causative
at all: parents with high earnings are on average better endowed with ability than
parents with low earnings, and they also tend to produce children who do well
in school by virtue of superior genes. The fact that these children are successful
and come from high income families fails to prove causality.

Without a doubt, the dynamics of the distribution of income hinges critically
on the role of family income. If family income has no impact on the production
of human capital in their offspring, the distribution of income at any point in
time is merely a reflection of the distribution of ability among the then-existing
population. On the other hand, if family income does matter, the distribution
of income also depends on the income distribution among the previous genera-
tion and on the existence of credit constraints. Thus, a better understanding of
the role of family income is also required when designing educational policies. If
public resources spent on educational systems are believed to alleviate the finan-
cial constraints of students from poor families, it is important to know whether
family income is the actual mechanism at work. Similarly, income tax policies
may, or may not, have a long term impact on the distribution of income of the
next generation.

The aim of this paper is to estimate true (causal) family income effects on
the educational attainment of children. The following discussion spells out four
alternative approaches that attempt to distill this illusive effect, but each strategy
has its limitations. The four approaches form the ingredients for the empirical
analysis in Section 4.2

The first and most convenient approach is to find a rich data set that allows
one to control for the effect of ability. Studies that do so mostly use 1Q test
scores and found that the impact of family income falls but remains significantly
positive. Of course, the main problem with this approach is that ability controls

2This is the reason we restrict the discussion to these four approaches. We do not claim
completeness and are aware that there are other approaches too.



like IQQ measures inevitably remain incomplete (Griliches, 1977; Plug, Van Praag
and Hartog, 1999). Accordingly, we do not think that the estimated income
effects obtained with this approach warrant a causal interpretation.

The second approach is to use data panels to compare the impact of family
income on children’s educational attainment at different stages of the educational
career. Since direct schooling costs are in essence independent of ability but vary
over the different schooling stages, the impact of income should vary accordingly.
In this vein, Alvin and Thornton (1984) find that the impact of family income
is greater when the child is 15 years old than when the child is 4 years of age.
Similarly, Mayer (1997) finds that the impact of family income increases over the
years, but she also finds that the impact remains positive when the child has
already left school. Mayer argues that because family income is generated after
the educational outcome is observed, the positive impact of family income rather
points to unobserved ability effects than to income effects per se. The main
problem with this interpretation is that lifecycle theories of consumption per-
mits temporal income to have an impact on educational attainment even before
schooling is commenced or after schooling is completed. For example, if parents
borrow money to finance their offspring’s education, future income affects cur-
rent expenditures. Vice versa, if parents saved income to finance their offspring’s
education, past income affects current educational spending. Altogether, it is
difficult to conclude that income matters on grounds of estimates like these.

The ideal approach to establish the causal relation between family income
and the educational attainment of children is to use experimental designs where
family income and children are randomly connected. Two designs are evidentiary:
(i) in the case that children are raised by randomly selected parents, if children
brought up in high-income families do better in school, income matters; (ii) if
money is given to randomly selected parents and if their children then receive
more schooling, income matters. The main problem with social experiments is
that they are seldom carried out. Our solution is to imitate these experiments.

The first experiment requires children that are not genetically descended from
the family that rears them. Adopted children fulfill this requirement. Thus, if the
relationship between family income and educational outcomes is estimated on a
sample of adopted children, estimated income effects can be interpreted as causal
effects. The idea to use adopted children to measure the difference between the
environmental and genetic influence of family background is not new. Studies on
family income effects and school success of adopted children, however, are rare
and offer mixed results. On the one hand, using a very small and selective sample,
Scarr and Weinberg (1978) estimated positive income effects on 1Q for biological
children and no effects for adopted children. On the other hand, Sacerdote (2000)
found substantial income effects on the educational outcomes of adopted children.
The problem with such studies is that adoption samples are small in size and
that adoption outcomes remain biased to the extent that children and income
are not connected at random. This is the case whenever adoption agencies apply



recruitment programs to select families that are suited for adoption.

The second experiment imitates a lottery and requires the measurement of
an ability-free income component in order to separate income effects from ability
effects. Perhaps closest in the spirit of this experiment is the study by Shea
(2000). He isolates that part of income that he defines as income luck using
instruments like union status, industry, and involuntary job loss due to plant
shutdowns. He finds that parental income only matters when the father has less
than 12 years of schooling but not in families with low income per se. The main
problem is whether his instruments are valid instruments, i.e., variables that are
substantially correlated with family income but somehow are not correlated with
the unobserved ability factors that influence the educational outcome of children
(Bound, Jaeger, and Baker, 1995). For union status or industry choice this is
rather questionable. According to mainstream sociological theories of mobility,
not only education and income but also occupations are transmitted from father
to son.

The empirical analysis below estimates the effect of family income on the edu-
cational attainment of children with a strategy inspired by these four approaches.
In isolation each approach is rather limited, but in combination, they will offer
a better understanding of the role of family income. Data are provided by a
unique US dataset, the Wisconsin Longitudinal Survey (WLS), that contains
very detailed multigenerational information about households. Among the most
important variables are family income measured in 1975 and 1992, IQ of one of
the parents measured when (s)he was a high school senior in 1957, educational
attainment of the children as of 1992, and information whether these children are
their parents’ own offspring as opposed to adopted children. The final conclu-
sion is that family income has a causative impact on children’s schooling that is
independent of parental ability.

The plan of the paper unfolds as follows. Section 2 describes the data from the
Wisconsin Longitudinal Survey. Section 3 briefly discusses our empirical strategy.
Section 4 presents and discusses the empirical findings. Section 5 summarizes our
conclusions.

2 Data

This paper employs the Wisconsin Longitudinal Survey which is an unique Amer-
ican dataset with information on people who were born around 1940.2 The col-
lection of these data started in 1957 with a questionnaire administered to the
complete cohort of students who graduated from a high school in the American
state Wisconsin in that year. The information in that first wave relates to the
students’ social background (parents’ education and occupation, numbers of older

3For more information on the WLS data, see, among others, Sewell and Hauser (1992),
Hauser et al. (1996), and Plug and Vijverberg (2000).



and younger sibling), intelligence (measured as standardized 1Q test scores), and
aspirations. Subsequently, research was continued on a randomly selected one
third of the original cohort. In 1964 and 1975, the respondents was approached
again to obtain information about, among others, their schooling and labor mar-
ket careers. In 1992, the same sample was contacted once more in order to collect
new information about their labor market experiences between their late thirties
and early fifties. As well, this latest round contained questions about many life
events, attitudes, and facets of life.

Of particular interest for the present study, a set of questions targeted the
educational attainment of the respondents’ children. Respondents were asked
to list for each child the highest grade or year of regular school that child ever
attended, whether (s)he completed this grade or year, and whether (s)he attended
a regular school in the last 12 months. From the information on educational
attainment we create the variable “years of schooling.” For those children who
completed the highest level attended, years of schooling equals the number of
years nominally required for that. Children who were still in school constitute
censored observations and will be treated accordingly in our empirical analysis;
this is the case for about 20 percent of our sample. Note that deleting these
censored observations from the analysis would cause the results to be biased.
This holds true especially for the age variable because in that case only low
achieving young children would be included in the sample.

As the respondents in the sample often have more than one child, we construct
sibling information variables for each child. We also use information on the
relationship of the child to the respondent. In particular, we distinguish children
who are adopted from children who are the biological offspring of their listed
parents.

The other explanatory variables are common to all children from a family.
These variables can be divided into two groups: human capital variables and
financial variables. We discuss each group in turn. Human capital variables
are years of schooling of the children’s parents (one of whom is a respondent
of the original 1957 sample); the respondent’s 1Q score at age 16; and years of
schooling of the respondent’s parents. Financial variables included in our analysis
are family income measured in 1975 and in 1992, as well as income components
that represent random income shocks that are not correlated with observed and
unobserved ability. Section 3.1 discusses how we derive these income components.

The number of observations in the 1957 sample equals 10317, but we restrict
ourselves basically to the 8500 people who responded to the 1992 questionnaire.
Since in this paper we do not want to get involved in complications that arise if
children are brought up in incomplete families, we exclude about 1800 childless
and one-parent families. After also removing 1350 observations with missing
or incomplete information on income in 1975 and 1992 and on their children’s
age, gender and educational attainment, we have a sample with 5365 families
and 13626 children, 549 of whom are adopted. For our sibling model we further
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restrict the sample to families with at least two children, and if a family has more
than two children we randomly select two for the analysis. Thus, we end up with
a sample of 6460 siblings from 3230 families.

Summary statistics appear in Table 1. The first column reports statistics
on the full sample using all children in the WLS database. The second and
third column tabulate the restricted samples consisting of siblings and adopted
children.

3 Empirical strategy

3.1 Determining causality

Focusing on the question how family income affects the educational attainment
of children, the Introduction already discussed four alternative approaches, each
tackling the ability bias in its own (limited) way. The first two approaches are
traditional and use additional ability measures and periodic measurement of fam-
ily income. The other two approaches negate the genetically based correlation
between parental income and children’s ability with adoption and lottery experi-
ments. We will frame our tests in terms of combinations of these four approaches.

We begin by estimating the usual relationship between family income, other
family and individual characteristics and the educational outcomes. We com-
bine the first two approaches by using an additional parental ability measure, as
measured by an IQ test score at the age of 16, and two family income measures,
measured in 1975 when most children are in primary or lower secondary education
and in 1992 when most of the children have left school. We estimate a censored
regression model because the analysis uses all children and some children are still
in school in 1992. Since the income coefficients can only be interpreted as causal
income effects if IQ scores sufficiently capture the genetic link between parents
and offspring and if there are no omitted variables that correlate with both family
income and educational achievement, we do not wish to conclude causation, for
obvious reasons.

We apply the same strategy once more but this time we deal with these
omitted ability variables. If we assume that siblings reared together in one family
are similarly affected by these unobserved family characteristics we might consider
fixed effects estimators: in principle, through differencing the schooling functions
of siblings, unobservable components that vary only across families drop out
and unobservables that vary across siblings remain. However, differencing also
removes family income effects. Instead, therefore, we focus on a model that
allows unobserved family-specific characteristics in the schooling function to be
correlated across siblings. The model is one with a bivariate random effect and
allows for censoring.* We estimate this model on a sample of siblings and compare

4For the econometric specification of this sibling model, please see Appendix A.



these new estimates with those obtained using a censored regression model on a
sample of all children.

Again, we cannot safely say that this sibling model yields estimated income
effects that are causal. The problem remains that unobserved ability effects might
operate through income as well. Only if family income is randomly assigned to
children could one interpret the estimated income coefficient as the causal ef-
fect of family income on educational outcomes. The ideal research design would
disconnect the family link between children and the family that rears them. Hy-
pothetically, one could achieve this by dropping either children or money on the
doorsteps of randomly selected parents, and then follow the children to see how
well they do in school. Conceptually, this is precisely the objective of the adoption
and lottery experiments.

To examine the outcomes of an adoption experiment we simply estimate a
censored regression model on a sample of adopted children. Unfortunately, the
sibling model cannot be estimated in this way because the sample of adopted
siblings is too small. For the lottery experiment we first compute those parts
of income that are arguably generated by luck in both 1975 and 1992 and are
independent of observed and unobserved ability (see section 3.2). With these
new income measures we then re-estimate income effects in both the censored
regression model and the sibling model.

To sum up, each approach is rather limited in obtaining the causal relation
between family income and the educational attainment of children. Our combined
approach, however, generates a set of results that, with the nuances addressed in
the discussion below, makes a compelling case that we can indeed make the step
from correlation to causation.

3.2 Identifying random income shocks

Identification of that part of family income that is arguably generated by luck
in the market requires family income to be measured at (at least) two different
points in time. Define family income measured in 1975 as y;5 and in 1992 as
Yoo Both incomes are generated through observed ability variables (a7; and ags),
unobserved ability variables (e75 and egy) and through sheer luck in the market
(I75 and lgy). The latter variables are unobserved as well. Thus:

Yrs = Q75 + €75 + lrs, Yoo = ago + €92 + g2 (3.1)

All income generators are allowed to vary over time. Since we plan to imitate
a lottery where (prize) money is given to randomly selected parents at different
points in time, we are interested in finding unobservables 75 and lgs.

The first step is to predict log family income in both years on the basis
of observed ability measures, and to compute residuals for both years. These



residuals express family income net of observed ability and therefore measure
unobservable ability and market luck:

Yrs — Q75 = €75 + l75, Yoo — Qg2 = €92 + lgo (3.2)

Assuming that (i) luck and unobserved ability are unrelated; (ii) luck moves
randomly over time; (iii) only unobserved ability is temporally correlated, we
have

E(yr5 — ar5)(yo2 — aga) = E(ers + lzs5) (€92 + lo2) = Eersegs (3.3)

Define the residuals as 75 and tgs. The result in equation (3.3) constitutes the
motivation behind the second step which is (i) to regress gy on 75 and to com-
pute the residuals which may be denoted by Zgg; and, in reverse, (ii) to regress
U5 on Ugs and to compute the residuals of this regression which may be denoted
by lzs. By equation (3.3), the regression purges the left hand side @ from com-
mon unobserved ability factors common with the right hand side 4. Therefore,
the remaining residual of this regression proxies that income component that
reasonably represents luck.

Two notes are still in order. First, this technique purges any observed or
unobserved income determinant that remains constant over at least this portion
of the lifecycle, including ethnic factors, personality traits, et cetera. This is
fortuitous, since such factors should not be ascribed to luck anyway. Second, the
timing of the measurement of income is such that in 1975 children are still in a
compulsory education stage, whereas in 1992 most children have finished their
schooling career. This feature will be put to good use in the analysis below.

4 Results

To gain insight into how family income affects the educational attainment of the
next generations, the empirical results will be presented along the lines set out in
Section 3. Section 4.1 evaluates estimates based on standard approaches; Section
4.2 proceeds to the adoption experiment; and Section 4.3 examines the outcomes
of the lottery experiment. It should be noted that throughout the analysis we
use parental 1Q) test scores measured when one of the parents was 16 years old
as an ability control.’

4.1 The role of family income

Table 2 reports estimates of the relation between family income (and other fam-
ily and individual characteristics) and the educational achievement of children

5Since the WLS measures 1Q of only one parent (except in infrequent occasions where two
high school seniors of the 1957 sample married each other), we assume father and mother to
be in same IQ class.



using WLS samples consisting of all children, siblings and adopted children,
respectively.® First, consider the impact of family income measured in 1975.
At this time the respondent is about 34 years old and, on average, his or her
children will be in primary or the early years of secondary school. At this stage,
schooling is compulsory, implying (at first glance) that family factors should at
most have a muted effect. But recall that the dependent variable is completed
(or, if so be the case, censored) years of schooling. 1975 family income may have
three effects on eventually completed schooling: (i) according to the lifecycle the-
ory of consumption, schooling later on is paid for by savings from income received
earlier; (ii) according to the permanent income hypothesis, variations in 1975 in-
come are indicative of, though imperfectly correlated with, permanent income on
which parents base their consumption; (iii) according to the theory of household
production, early income creates a family environment that is conducive to the
child’s success in school, which in turn invites further schooling investment when
the child has become a young adult. In any case, column 1 of panel A reports a
strong positive parental income effect.

Column 2 uses family income of 1992. At this stage of the parental lifecycle,
most children have just ended their schooling career, and college expenses may
still be taking a big bite out of the parents’ budget. Again, one may offer a
permanent income and a lifecycle theory argument. If parents anticipate on their
future income (which is closely related to permanent income) while funding their
children’s education, 1992 income will still be important when the children have
finished school. Even so, whether we use 1975 or 1992 income the estimated
income effects are not substantially different.

To see whether it is income in 1975 or income in 1992 that is most important
we include both income measures simultaneously. Compared to the first two
columns, both estimates fall but remain significantly positive, with the impact
of 1992 income marginally higher than that of 1975 income. Thus, parental
income seems important, whether it is obtained when students are in their in
early childhood, or when they already left school.

Yet, even if these findings indicate that income matters, they do not reveal
that it is indeed parental income itself that has a beneficial impact on children.
The problem is that ability is only incompletely measured with 1Q) test scores
and that unobserved ability components also transfers from parent to child and
operate through income. The sibling model captures the correlation between the
errors of the schooling functions of siblings. The structure of the sibling model
allows the correlation (px) to vary between households. Estimates in panel B of
Table 2 indicate income effects that tell the same story as above, but they also
imply that p, hovers around 0.29 and is actually quite stable across households.

6All regressions include family and individual characteristics as additional controls. In the
paper we only report the estimated income coefficients. Appendix B briefly discusses the other
estimates.



To the degree that this correlation picks up the unobserved ability component,
it appears to be substantial, which implies the potential that our family income
estimates are biased. Further research is needed, to which we now turn.

4.2 The adoption experiment

A more sophisticated way to study parental income effects is to look at children
that are genetically unrelated to the family they are raised in. We approximate
this experiment by regressing the years of schooling of adopted children on the
characteristics of adopting families. We observe that both family income mea-
sured in 1975 and 1992 create identical and significant income effects. When
income in 1975 and income in 1992 are included simultaneously, the parameter
estimates are statistically insignificant individually but are jointly significant at
a 10 percent level.” Since all these income estimates are genetically unbiased we
tentatively conclude that income matters.

Closer inspection, however, suggest that one should be careful about drawing
inferences. One might expect the impact of family income on the educational
achievement to be stronger for children raised by their own biological parents than
for adopted children. The reason is that for parents and their biological children
the income transfers capture genetic transfers. For adopted children, however,
these genetic transfers do not exist with respect to the family of rearing. But this
is not what the evidence in Table 2 indicates: the income effects for biological
children, siblings and adopted children are about the same.

Is there an explanation for this? Is there something in the process of adop-
tion that might compensate for the lack of genetic transfer between biological and
adopted children which would lead to equal income effect estimates? Adoption
experiments (like ours) produce biased estimates if adopted children are not ran-
domly assigned to the family of rearing. The descriptive statistics in Table 1 illus-
trate that adoption families are not randomly drawn from the population at large
and that adopted children live in higher-income families with better educated par-
ents who have a higher 1Q. This suggests either (i) that adoption agencies use
family recruitment programs to sort out families that are suited for adoption or
(ii) that adoption families just select themselves. In either case, adoption families
have more favorable socio-economic backgrounds, which, in combination with the
underlying sample selectivity process, results in family income coefficients that
tend to be too high.8

Even if these estimated income effects may be tainted by selectivity bias, there
is reason to take them seriously. First of all, with different U.S. data where the

"The x? test score equals 5.31 with a p-value of 0.07.

8Plug and Vijverberg (2000) discuss the potential dangers in much more detail. That study
focuses on differences between the educational outcomes of biological and adopted children
and discusses how the estimates are affected if there are (unobserved) differences in genetic
make-up, environment, matching process, and upbringing.



mechanism of assigning children to adoptive parents is fairly random, Sacerdote
(2000) finds income coefficients for adoption and natural families that are sta-
tistically identical when explaining the years of schooling of children. Secondly,
up till now, we have implicitly assumed that families treat their biological and
adopted children equally with respect to the time and money they invest in them.
If there are differences in upbringing and these differences are captured by the
income coefficient, such an interpretation of income effects is not correct. When
parents do treat their adopted children differently, they either invest less in their
adopted children and income effects will be smaller, or they invest more and in-
come effects are larger. In fact, previous research by Dawkins (1976) and Case,
Fin and McLanahan (2000) has found that parents invest less in their adopted
children. They argue that parents feel the urge to protect their own genetic
material and therefore underinvest in their genetically unrelated children. An
alternative economic motive that explains the same mechanism would be that
parents expect closer ties (financially and emotionally) in their old age with their
biological children than with their adopted ones and, thus, invest more in the
education of their biological children. In either case, the income estimates for
adopted children may serve as lower bounds for biological children: if income
matters for adopted children, it definitely matters for biological children.

In sum, because adoption does not have the nice randomization characteristic
of typical laboratory experiments, the sample of adopted children offers estimates
that are subject to contradictory interpretations due to selectivity bias and un-
derinvestment arguments. The parallel findings in Sacerdote (2000) give us a
compelling reason to believe that we do have evidence of a true causal effect in-
come effect, but the case for such a conclusion must still be bolstered with further
support.

4.3 The lottery experiment

An alternative experimental design is to identify that part of parental income
that represents luck. The idea is to imitate a lottery where money is given
to randomly selected parents at different points in time, and then to track the
subsequent school performance of their children. If income truly matters we
should observe at least two things. First, children should do better in school
when parents are handed over their prize money while their offspring are still
in school. And second, no effects are expected when parents win their lottery
prize and children have already left school. Since parents cannot foresee (future)
variation in their income when their children have completed their schooling, it
is impossible to anticipate on it while funding their children’s education.

In this paper we extract random income shocks using information on 1975
and 1992 income, along the lines set out in Section 3.1. The first stage regres-
sions predict the logarithm of family income in both 1975 and 1992 on the basis
of observed human capital and ability measures. The parameter estimates are
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reported in panel A of Table 3; while for the purposes of this paper they are not
particularly interesting, the estimates are entirely plausible, and the strong ef-
fects of education and IQ are notable. The residuals from these equations consist
of two components: unobserved parental ability and a non-structural part (which
might be income generated by luck in the market). Regressing the 1992 income
residual on the 1975 counterpart should pick up these unobserved parental abil-
ities; the residual of this equation proxies that component of the 1992 family
income that is reasonably ability-free. Vice versa, if regressing the 1975 resid-
ual on the 1992 measure yields a measure for ability-free income generated in
1975. These equations are found in the second part of Table 3. The R?-values
turn out to be rather low, suggesting that, beyond observable skill factors, it is
predominantly luck in the market that generates family income.”

Next, both luck components are entered into the children’s human capital
equation as a parental income measure; see the first two columns in Table 4.
Recall that the 1975 income is received when children are still in school, and
that most children have left school when parents receive the 1992 income. In
the light of the discussion above, we should expect the former to have an impact
but the effect of the latter to be negligible. The estimates are in fact rather
paradoxical. On the one hand, family income observed in 1975 matters even
after one purges the income component that derives from ability transfers between
parents and offspring. Not unexpectedly, the estimate is somewhat smaller than
those estimated in Table 2. On the other hand, the impact of the 1992 luck
component shows similar patterns and does not disappear.

This is surprising. It might suggest to some that the interpretation of this
lucky income component is somehow faulty. Should one perhaps conclude that
the random income variable measures unobservable traits that drive educational
achievement, such as personality? By design, such lifelong traits have been purged
away. Could one argue that a 1992 income shock, being uncorrelated with 1975
income, may not have been not foreseeable in 1975 but that it was reflective
of (un-)favorable financial events that played out over a period of several years
prior to 1992, during which more children were still in school? There is nothing
in the data to prevent one from making such a case, but let us see where this
argument leads: the 1975 random component affects all children whereas the 1992
component only hits those who are relatively young (and are still in school or left
school recently). Let us therefore respecify the model and interact lucky income
with the child’s age; see columns 3 and 4 of Table 4. Only the 1992 random
income generates negative significant interacted age effects, such that younger

9The R2-values of 0.113 and 0.115 indicate a correlation between the two first-stage residuals
of about 0.114'/2 = 0.34, which, if this extraction strategy may so be interpreted, reflects
unobservable ability factors impinging on the generation of income. This value is strikingly
close to the average correlation of 0.29 of the unobservable ability components in the schooling
functions of siblings; see Section 4.1. In future research, it will be worthwhile to explore the
role of such ability factors in greater depth.
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children are more strongly impacted. Interacted 1975 random income effects are
smaller and not significant. The only conclusion that is warranted here is that
income itself has to be a beneficiary influence on the child’s school performance.

Finally, to get an idea of the magnitude of the income effect, the income elas-
ticities are about 0.02 to 0.03 (Table 4, columns 1 and 2). Comparable estimates
taken from existing literature, ranging from 0.01 to 0.04,'° are biased because
there is hardly any study that corrects for genetic and environmental transmis-
sions. The literature also shows that by far the most fundamental economic
factor describing the educational attainment of children is the human capital
of parents, typically measured by the number of years of schooling (Haveman
and Wolfe, 1995). Our model yields the same result, with elasticities of about
0.22 for both parents (0.23 to 0.28 in Sacerdote, 2000; 0.11 to 0.13 in Case, Lin
and McLanahan, 2000). In addition, the parental IQ elasticity is about 0.09.'!
Thus, income effects are less important, but they are not unimportant. Con-
sider a random income shock in 1992 of two standard deviations, which would
lift a household from a relatively disadvantaged (one standard deviation below
the mean) to a relatively advantaged position (one standard deviation above the
mean). The family’s 10 years old child would complete 0.77 year of additional
schooling; their 20 years old young adult would stay 0.55 year longer (on the basis
of Table 4, column 4). Given a private rate of return to education of 8 percent,
such an income shock would raise the children’s lifetime earnings by 4.4 to 6.2
percent.

5 Concluding remarks

This paper examines how family income affects the educational attainment of
children. It tackles the problem that estimated income effects are potentially
biased by the fact that high ability parents not only generate more income but
produce high ability children as well.

To summarize our explorations, we use three strategies to test the idea that
a better access to financial resources improves the children’s educational achieve-
ment, namely (i) the relation between observed family in 1975 and 1992 in com-
bination with 1Q as an explicit ability measure and the educational outcomes
of children; (ii) the relation between observed family income in 1975 and 1992
and the educational outcomes of adopted children (who are by definition genet-
ically unrelated to the family that rears them); (iii) the relation between those

10Table 2 yields elasticities to these biased values.

" However, one must be aware of the many complexities that are encountered when comparing
elasticities across studies, such as large variation in estimation techniques, small overlap of the
variables used in models, different variable specifications, design of the sample, and so forth.
For example, in our model the number of siblings has a significantly negative effect in all
specifications and captures a portion of an indirect income effect.
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components of 1975 and 1992 family income that reasonably represent random
income shocks and the educational outcomes of children. In isolation each test
demonstrates that family income is a significant factor. Taken together and after
careful consideration of the meaning of each estimate, the results strongly suggest
that the positive relation between family income and school success is causal and
quantitatively not unimportant.

This implies that children living in poor families where resources are lacking
are restricted in their educational career. From an economic point of view, this is
not at all surprising. To overcome their financial difficulties while financing their
children’s education, parents have two options. The first option is to borrow. This
is not likely to happen since capital markets are unwilling to let (poor) parents
borrow against the expected human capital of their children. The second option
is to save. That is, parents who foresee difficulties in financing their children’s
higher education have incentives to save money when their children are very
young. This seems unlikely as well, since young parents mostly consume all of
their income.'? In the end financial constraints turn out to be rather decisive in
explaining the school success of children.

This conclusion is a motivator for designing educational policies that benefit
the poor. Provided that one has a reliable method to measure children’s abil-
ity, society benefits from alleviating the financial constraints that keep able but
low-income students from seeking a more advanced education. Such short-run
assistance will also have long-term benefits: these program beneficiaries will not
only earn higher incomes but also, given the intergenerational genetic transfer
of ability, tend to have higher-ability children, who, because of their parents’
income, will be able pursue their desired level of education on their own.
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A The sibling model

The children’s educational achievement is measured as years of initial school-
ing. Schooling depends on observables that vary within and across families,
Tk = |21k, 2]', and unobservables that vary within and across families 7;,, where
i and k indexes individuals and families, respectively.!® In our sibling model we
view heterogeneity due to unobserved family characteristics in the context of a
random coefficient model. If the unobservable family components vary stochas-
tically across families we write down

hik = &' zig + Bz + ik (A1)
where

Br = B+ (A.2)

13 Attributes that vary across members within a family are, for example, age of the child or
gender. Examples of attributes that vary across families are family income, parental ability
and education levels of parents.
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Substitution of (A.2) in (A.1) gives a linear schooling function
hik = O/Zik + ﬁ’zk + €ik (A3)

where €, = nix + Mp2x. The disturbance terms are normally distributed with
means equal to 0 and variances denoted as Var|nix| = 73 and Var[n] = T. This
implies that the distribution of ¢;;, is normal; its mean is equal to

Eleir] = Enar + 2] =0 (A4)
and variance is defined by
Varlex] = Ele] = 75 + 2.0z, = 02 (A.5)

€;r 1s independent between households but correlates across members of the same
household. The covariance between members ¢ and j of family k is

Covleir, €jx] = Eleirejr] = 2Tz (A.6)

Hence, we will estimate a linear schooling function that allows for familywise
heteroscedasticity and covariance.

The distribution of €, in (A.4)-(A.6) is indeed richly parameterized. This
represents a drawback for the iterative maximization of the log-likelihood func-
tion defined below, as there is a distinct possibility that the iterated value of o
(not to mention the final estimate) becomes negative for at least some k. This
derails the maximization procedure. For this reason, we respecify the distribu-
tional assumption by allowing for familywise heteroscedasticity in the following

manner: 14

o, = exp(i) + exp(y'zy) (A7)
The variance depends on individual characteristics through ~;, which in our anal-
ysis differs only by the child’s gender. The component of the variance that owes
to the heterogeneity in unobserved family characteristics (1 above) is given by
exp(7'zx). Consequently the within-family correlation py between family mem-
bers ¢ and 7 may be defined as

exp(v' zx)
lexp(:) + exp(7/2x)]/2[exp(v;) + exp(y/z;)]1/2

The use of exponentiation ensures positive values both for the variance % and
the correlation py.'°

Pk = (A.8)

14The vector zj, does not include a constant. This constant would be only weakly identified,
as ; already anchors the average variance.

15Individual characteristics determine the variance but not the correlation coefficient because
the latter is driven by family variables that are common across siblings. Overall, one might wish
to simplify the model by omitting this complicated covariance structure. The estimation results
strongly suggest that the heteroskedasticity and correlation characteristics of the covariance
structure are empirically meaningful. Thus, a simpler model with an i.i.d. assumption would
not yield consistent parameter estimates, owing to the frequent censoring on years of schooling.
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We now turn to the derivation of the likelihood function. For reasons ex-
plained below, we consider a family with two children. Children who are still
in school constitute censored observations and will be treated accordingly in our
empirical analysis. Based on this information, we must make a distinction be-
tween three types of families: (i) those where all children have completed their
school career; (ii) families where one of the children is still in school; and (iii)
families where all children are still in school. For the first group the contribution
to the likelihood function is

Ll(gl) = f(€ir, €jk) = O2(€ik/Tiks €1/ Tjk, P) [ OikO i (A9)

where ¢s(.,., pr) is the standard bivariate normal probability density function
(pdf) with correlation coefficient py. For families where one of the children has
not completed school yet, we have a censored schooling variable resulting in a
different schooling distribution. For a child still in school we know that his or
her schooling career took at least hf, years, and we know for certain the total
period of schooling will be prolonged beyond h§,. In this situation the likelihood
function equals

LY = [ Flews eqndden = drleg) (1= @5 (sin | e41)) /o (A.10)
Sik
where ¢, is the univariate standard normal pdf, and where
Sip = i, — & zip — B2, (A.11)

and where ®{ is a conditional univariate standard normal cumulative distribution
function (cdf), defined as

S (sir | €jk) = P1((sik + prejn)/oiny/1 — p7) (A.12)

and @, is the standard normal cdf. Finally, if all children still attend school, the
contribution to the likelihood function reads as

Lz(fg) Z/ / f€irs €ji)deirder, = Po(—Sik/Oik, —Sjk/ ik, Pk) (A.13)
Sik Sk

where @, is the bivariate standard normal cdf with correlation p,. Together, the
equations (A.9), (A.10) and (A.13) summed over the respective household types
form the likelihood function.

If a family has only one child or has more than two children, the likelihood
function can be derived along similar lines. Conceptually, this is not difficult,
but there are major practical obstacles. One is the censoring of the depen-
dent variable: for large families, censoring generates a multidimensional normal
probabilities.!® To simplify the analysis, we restrict the sample to families with at

16High-dimensional normal probabilities may be evaluated with simulation techniques; e.g.,
see Vijverberg (1997). However, with different households offering different dimensions, this is
a daunting programming task, which we leave for future research.
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least two siblings, and if a family has more than two children we randomly select
two for the analysis. This greatly reduces the complexity of the programming
effort and comes only at the cost of diminished precision and a small amount of
randomness in the outcomes of the investigation.

B Family characteristics and educational out-
comes of children

We explain children’s educational outcomes with the usual set of variables such as
family income and other family background characteristics while adding the 1Q
measure of ability, but in Section 4 we only discuss the income coefficients. This
Appendix reports on the effects of other individual, family and ability controls
tabulated in Table B.

Among individual-level determinants we find that younger children invest
more in human capital than older ones, and that daughters stay in school some-
what longer. Having brothers or sisters has a negative effect on the educational
attainment of children. All individual effects have signs and magnitudes similar
to other recent work (see Haveman and Wolfe, 1995).

Among family-level variables we find, not surprisingly, that high scores on
childhood IQ tests (of either mother or father) raises the number of years of
schooling, and that highly educated parents stimulate their children’s education.
The level of education of the mother seems somewhat more closely related to the
educational attainment of the child than is that of the father. This is in line with
what is usually observed (Haveman and Wolfe, 1995; Ermisch and Francesconi,
2000). Statistically, however, the effect of both father’s and mother’s education
are the same. We suspect that these findings may not be all that robust, owing
to the sampling design that is inherent in the Wisconsin Longitudinal Survey:
by design, the sample only includes families where one of the parents is at least
a high school graduate. Since more education raises labor market attachment,
mothers in our sample will probably spend relatively more time working and less
time raising her offspring than the average U.S. (or Wisconsin) mother, which
might explain our findings.

Note that all our estimates are about the same for both the full and sibling
sample.!” This we cannot say for our adoption sample estimates; see column 3,
Table B. In terms of the effects of individual variables, family income and father’s
education, adopted children are mostly quite similar. The major differences con-
cern the parental IQ measure and the years of education of the mother. The
effect of parental IQ fully disappears. This is not surprising since for adopted

17Similarly, for all other income specifications (i.e., income measured in 1992, income com-
ponents that reflect on market luck experienced in 1975 and 1992) the estimated coefficients
for all other individual and family characteristics remain about the same.
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children the genetic transfers within the rearing family are absent. Plug and Vi-
jverberg (2000) use a somewhat different model, with different assumptions, and
estimate that about 80 percent of all IQQ transmissions run through the genes. The
negligible impact of the years of education of the mother is difficult to rationalize.
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Table 1: Descriptive statistics on children in the WLS sample

all adopted

children siblings children
children characteristics:
years of education 13.238  2.597 13.337 2.543 12519 2.7}2
still in school (censored) 0.229 0.420 0.221 0.415 0367 0.482
gender (daughter) 26.231  5.171  0.482 0.499 0.480 0.500
age 0.488 0.499 26.399 5.062 23.643 5.396
number of children 13626 6460 549
family characteristics:
number of siblings 2.245 1.511 2323 1.339 2.019 1.561
gender (mother) 0.489 0.499 0484 0.499 0.381 0.486
1Q parent 10.161 1.418 10.064 1.406 10.398 1.457

education of father in years  13.627 2.666 13.422 2.541 14.284 2.809
education of mother in years 12.915 1.763 12.810 1.697 13.287 1.992
log family income 1975 9.698 0.491  9.678 0.486  9.759 0.443
log family income 1992 11.000 0.656 10.966 0.655 11.111 0.633
log ability-free income 1975 0.000 0.435 0.000 0.428 0.000 0.374
log ability-free income 1992 0.000 0.555 0.000 0.552  0.000 0.522
number of families 5365 3230 406

Standard deviations in italics.

Table 2: The influence of family income on the children’s years of schooling

(1) (2) (3)
A: Censored regression model: All children, N = 13626
log income 1975 0.376  0.040"** 0.255  0.042°**
log income 1992 0.363  0.031*** 0.299 0.033**
B: Sibling model: Siblings, N = 6460
log income 1975 0.371  0.068** 0.242  0.072°**
log income 1992 0.374  0.050"* 0.315  0.053**
C: Censored regression model: Adopted children, N = 549
log income 1975 0.403 0.241* 0.232  0.263
log income 1992 0.403 0.189** 0.330 0.207

Standard errors in italics; * significant at 10% level,** significant at 5% level, et cetera. The
estimated models also include individual and family variables.
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Table 3: Estimating ability-free income measures in 1975 and 1992

A: Estimating family income using observed ability and human capital characteristics

WLS samples: all all sibling sibling
households households households households
log family income: 1975 1992 1975 1992
intercept 8.524 0.057* 8879 0.07%**  8.466 0.07/*  8.825 0.095**
female -0.066 0.012*** -0.131 0.016"* -0.045 0.016** -0.142 0.020"**
1Q parent 0.028 0.004*** 0.059 0.006***  0.025 0.006*** 0.064 0.008"**
education of father 0.034 0.002*** 0.057 0.003** 0.041 0.004** 0.061 0.005"**
education of mother 0.026  0.004***  0.048 0.005***  0.023 0.005*** 0.044 0.007**
education of grandfather 0.009 0.002**  0.007 0.005**  0.008 0.003** 0.007 0.004*
education of grandmother  0.001  0.002***  0.008 0.003**  0.002 0.003 0.007 0.004*
R? 0.111 0.192 0.120 0.197
N 5365 5365 3230 3230

Table 3 continued: Estimating ability-free income measures in 1975 and 1992

B: Estimating ability-free income using unobserved ability and human capital characteristics

WLS samples: all all sibling sibling
households households households households

log unexplained income: 1975 1992 1975 1992

intercept 0.000 0.005*** 0.000 0.007** 0.000 0.007 0.000 0.009

unexplained income 1975 0.429 0.016"** 0.438 0.021***

unexplained income 1992 0.264 0.010"** 0.264 0.012***

R? 0.113 0.113 0.115 0.115

N 5365 5365 3230 3230

Standard errors in italics; * significant at 10% level,** significant at 5% level, *** significant at 1%.
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Table 4: The influence of random income shocks on the children’s years of schooling

(1) (2) (3) (4)
A: Censored regression model: All children, N = 13626
log random income 1975 0.248  0.0427** 0.640 0.308**
log random income 1975xage -0.013  0.010
log random income 1992 0.301  0.033** 0.803  0.246™**
log random income 1992 xage -0.018  0.008**
B: Sibling model: Siblings, N = 6460
log random income 1975 0.261  0.075** 0.764  0.5207
log random income 1975xage -0.019 0.018
log random income 1992 0.321  0.055** 0.900 0.379"**
log random income 1992 xage -0.020 0.013*

Standard errors in italics; * significant at 10% level,** significant at 5% level, et cetera.

Table B: The influence of all family characteristics on the children’s years of schooling

WLS samples: all adopted
children siblings children

years of schooling:

intercept 5.257  0.420°** 4.744  0.682** 8.276  2.307**

daughter 0.158  0.037** 0.125  0.055** 0.204 0.199

age -0.070  0.005*** -0.075  0.007** -0.037  0.023

number of siblings -0.107  0.0117** -0.108 0.022*** -0.165  0.066"*

1Q of parent 0.128 0.014*** 0.156  0.0258*** -0.105 0.075

education father 0.227  0.009"** 0.239 0.016*** 0.267  0.045*

education mother 0.230 0.0147** 0.262  0.024*** 0.004 0.063

log income 1975 0.376  0.040°** 0.371  0.068** 0.403 0.241*

family-dependent variance and correlation:

intercept 1.193  0.024%**

daughter -0.187  0.030***

number of siblings -0.054  0.0407

1Q of parent 0.027  0.044

education father 0.085  0.0207**

education mother 0.110 0.029***

log income 1975 -0.269  0.060***

Mean loglikelihood -1.728 -3.435 -1.506

number of observations 13626 6460 549

Standard errors in italics; * significant at 10% level,** significant at 5% level, et cetera.
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