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Abstract: I use improved statistical approaches and much larger samples than previous studies to provide
more robust estimates of the correlation in economic outcomes among siblings.  A key finding is that
more than half the variance in log wages among men is due to differences in family and community
background.  Slightly smaller estimates in the 0.45 to 0.5 range are found for earnings and family income.
For women, the sibling correlation in family income is the same as that found for men. I estimate that the
sibling correlation in years of schooling and AFQT test scores is higher than 0.6.  In contrast, estimates
for a variety of other non-economic outcomes (including physical attributes) are in the 0.2 to 0.4 range.
Family and community influences are particularly important for those who start at the bottom of the
income distribution.  An analysis of the variance in outcomes within families, by quartiles of parent
income provides a new set of facts that should inform theoretical models of family resource allocation.  I
also find that a large portion of the sibling correlation in some economic outcomes can be explained by
observable characteristics. 
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1. Introduction

How important are family background and community influences in determining economic

success in the Unites States?  The answer to this question will likely shape how we view the degree of

economic mobility in American society. On the one hand, if family circumstances during childhood do

not exert a large influence on one’s future labor market success, then it seems reasonable to conclude that

there is a fair degree of economic mobility and equality of opportunity.  On the other hand, if family and

community influences strongly influence economic outcomes such as adult labor market earnings, then

this at least raises the question of whether or not there is sufficient equality of opportunity in the U.S. and

what, if anything, ought to be done about it.  

A rapidly growing literature in economics has investigated the intergenerational mobility in

economic status between parents and children by measuring the intergenerational elasticity in earnings or

income.  This line of research has made some important strides in documenting the strong persistence in

economic outcomes across generations.  However, the intergenerational elasticity has some limitations.

First, from a conceptual point of view, it does not measure a broad range of family and community

influences on children’s future outcomes.  These factors are only captured to the extent that they are

correlated with parents’ income.  Second, there are many difficulties with empirical estimation since it

requires collecting good data on the economic outcomes for two generations of individuals in the same

family. 

For these reasons an important alternative approach for measuring intergenerational mobility is to

examine sibling correlations in economic outcomes. The sibling correlation answers the following

question: what percent of the variance in a particular outcome is due to factors that are common to

growing up in the same family and community?  This provides a broader measure of the overall

importance of a wide variety of factors common to the family ranging from parental involvement to

school and neighborhood quality – not just family income.  Perhaps more importantly, it avoids many of

the data problems that are inherent in intergenerational analysis by using contemporaneous accounts from
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siblings who grew up together.  The sibling correlation might also be more amenable to analyses that try

to tease out the underlying factors that create strong intergenerational persistence in economic outcomes.

Only a few studies that I am aware of examine the sibling correlation in permanent economic

outcomes in the U.S. using large national samples (Solon et al, 1991; Altonji and Dunn, 1991;

Ashenfelter and Zimmerman, 1997; Bj`rklund et al, 2002).  I improve upon these estimates in several

ways.  I employ variance component models using maximum likelihood that have desirable statistical

properties – most importantly, consistency – lacking in previous analyses.  I also use much larger samples

containing many more siblings than previous work.  I also examine more recent cohorts than previous

studies.  I present results on a variety of outcomes (earnings, family income, wages and hours worked) for

both men and women.  I also contrast the correlation in economic outcomes to the correlation in non-

economic outcomes including measures of human capital, criminal activity, illegal drug use, physical

attributes, health and psychological attitudes using the same sample.  

A key finding is that sibling correlations in economic outcomes and human capital are larger than

the correlations in a variety of other outcomes.  It may be especially surprising to note that even measures

of physical attributes such as height and weight which presumably have a strong genetic component, are

not as highly associated between brothers as is the permanent component of wages.

In addition, I use this analytical framework to make progress in addressing other important

questions.  For example, how do families allocate resources between children?  To what extent do

families reinforce sibling differences or equalize them?  Under certain assumptions theoretical models

have clear predictions of how economic outcomes will differ among siblings depending on the permanent

economic status of the parents (e.g. Becker and Tomes, 1976; Behrman et al, 1995; Dahan and Gaviria,

2003).  Using a large sample of families I present new descriptive evidence of how sibling differences

vary by initial family income and by racial group.  These results present some interesting anomalies that

ought to inform future work on this important question. 
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Finally I determine how much of the sibling correlation can be attributed to various observable

characteristics in order to gain insight into the underlying forces that may cause a strong persistence in

inequality across generations. 

2. Background and Literature Review

Why study the sibling correlation?

Conceptually, the sibling correlation in economic outcomes provides a summary statistic that

captures all of the effects of sharing a common family.  This may be contrasted with studies that only try

to isolate the effect of family income or parent education on children’s future outcomes.  If the similarity

in say, wages between siblings is not much different compared to randomly chosen individuals, then we

would expect a small correlation.  If, however, a large fraction of the variance in wages is due to factors

common to growing up in the same family environment then the correlation might be sizable.  In that

sense, the sibling correlation tells us how much of inequality is due to differences between families.

At the same time, the correlation among siblings does not only measure family background.  It

picks up all of the factors shared by siblings, not just having a common family.  These may include the

number of siblings, sharing the same neighborhood and school quality.  Conversely, many aspects of

family background will not be captured including genetic traits and parental behavior towards children

that are sibling-specific. Overall, though, this measure is a useful way to characterize how important

shared family and community characteristics are in explaining the overall variance in earnings. 

Previous studies on sibling correlations in economic outcomes

An excellent review of economic studies on sibling correlations in economic outcomes is found in

Solon (1999).  I will briefly summarize that review.  The estimates of brother correlations from studies

that use only a single year of earnings for each sibling range from a low of .11 to a high of .44.  The

central tendency is about .25.  Many of these studies use rather unique data sets that happen to track

siblings from a particular community (e.g. Mormons in 19th century Utah) making it unclear how
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representative these findings are.  A homogeneous sample is also more likely to lead to attenuation bias

because it will tend to have less “signal” in the data without a commensurate decline in the “noise” (Solon

et al, 1991). The studies also differ in the age at which they collect data on income, which may have

important effects on the results.  

Solon (1999) also argues that when estimates of the brother correlation based on single year

earnings are corrected for measurement error and transitory shocks, they should be scaled up by a factor

of somewhere between 1.4 and 2.0.  This suggests that the brother correlation in “permanent” status

should be close to 0.4.  

There are only four studies I am aware of which produce estimates of the sibling correlation in

permanent economic status.  Two of these studies use the PSID and two use the NLS original cohorts.

Solon et al. (1991) estimate the brother correlation in the permanent component of log annual earnings to

be .34 when using the nationally representative portion of the PSID for the years covering 1975 to 1982.

They estimate the brother correlation in log earnings at .45 when they include an oversample of poor

families in the PSID and use weights.1  Similar results using the latter sample are found for other

outcomes such as family income. The highest estimate is 0.534 for log wages.  Solon et al. also estimate

the correlation among sisters in log income (0.276) and the log of the income to needs ratio (0.507).  

More recently Bj`rklund et al (2002) have updated the PSID results of Solon et al (1991) in an

attempt to compare the brother correlation in log annual earnings in the U.S. to several Nordic countries.

They use the nationally representative portion of the PSID over the time period from 1977 to 1993 and

their estimates of the brother correlation in earnings range between .42 and .45.  

The methodological approach in both studies utilizes the random effects framework from the

statistics literature and uses Analysis of Variance (ANOVA) formulas on regression adjusted log earnings

to produce estimates of variance components.  These are then used to produce estimates of the sibling

correlation.  In combination, these PSID results appear to support Solon’s conjecture that the brother

correlation in permanent status in the U.S. is closer to 0.4 than 0.25.  
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With respect to the NLS, there are also two studies and both use only the original cohort of young

men who are tracked from 1966 to 1981, roughly the same time period as covered by Solon et al.2  Altonji

and Dunn (1991) estimate the correlation in the permanent component of a variety of outcomes using two

different methodological approaches to try to address the problem of transitory noise.  First they use

simple time averages of the outcome in question and calculate the covariance across all possible sibling

pairs and divide this by the sample variance.  Second, they use a method-of–moments approach that

assumes that outcomes separated by at least a year are uncorrelated.  For the brother correlation in log

annual earnings their estimates are .32 and .37 and for log hourly wage their estimates are 0.33 and 0.42.  

Ashenfelter and Zimmerman (1997) use the same NLS cohort to study the return to education and

in a table describing their sample they report a brother correlation coefficient of .31 in log annual wages

averaged over 1978 and 1981.  It should be noted that all of the estimates from both studies using the

NLS, include only individuals from multiple sibling families, use the oversample of black households,

and do not include sampling weights.  A reasonable reading of these results suggest that the brother

correlation may be slightly more than 0.3 using the NLS data suggesting a possible discrepancy with the

PSID results.  On the other hand the NLS results are roughly in line with Solon et al’s finding of 0.34

when using the nationally representative portion of the PSID during a similar time period.  

This study improves on the existing literature along several dimensions.  I use much larger

samples than previous studies and therefore provide more robust results.  I use maximum likelihood

estimators for variance component models that have more desirable statistical properties than ANOVA.  I

also apply a minimum distance estimator that has less strenuous data requirements as an alternative

approach to dealing with serially correlated transitory shocks.  Finally, I use data from a more recent

cohort, the NLSY79, and look at both brothers and sisters for a variety of economic and non-economic

outcomes.  

                                                                                                                                                                                          
1 This latter estimate also accounts for serial correlation in transitory shocks.  
2 Oettinger (1999) uses the NLSY79 to study the sibling correlation in years of schooling and AFQT scores but does
not analyze economic outcomes.
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In addition, there has been little empirical work by economists on understanding what factors

drive the sibling correlation in economic outcomes.  Altonji and Dunn (2000) find evidence of linkages

between family members (including siblings) in unobserved preferences for work hours using a factor

model.  Solon Page and Duncan (2000) find that little of the sibling correlation in years of schooling can

be explained by neighborhood effects.  Neither study however, attempts to break down the sibling

correlation in economic outcomes using a broad range of variables.  Recent studies by Osbourne (2004),

Heckman and Rubinstein (2001) and Dunifon, Duncan and Brooks-Gunn (2001) have demonstrated that

there are important non-cognitive factors such as psychological attitudes that explain some of the

intergenerational linkages in economic outcomes.  I extend this kind of analysis to the study of sibling

correlations.

Sibling differences and theories of family allocation 

Previous analyses of sibling correlations in economic outcomes have typically assumed that the

relationship among siblings is equally close for all families.3  However, the theoretical literature on the

allocation of resources within families suggests that there might be noticeable differences in sibling

similarity across the income distribution.  I begin by briefly summarizing some of the theoretical findings

from Becker and Tomes (1976) and Behrman et al (1995) before discussing previous empirical work. 

In the simplest case where parents are unconstrained in their ability to invest in their children’s

human capital, they will invest in each child’s education until the marginal cost equals the marginal

return.  In this case, children who have higher returns perhaps because they have higher cognitive ability,

will receive more schooling suggesting that we should observe differences in schooling and economic

outcomes among siblings.  If parents’ preferences are such that they would like to equalize the utility of

their children, they compensate less able children with transfers and bequests.4 

                                                          
3 A notable exception is Oettinger (1999) who explores differences by parent education level and family size.
4 Behrman et al (1982) present evidence that families have an aversion to inequality among their offspring. 
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Families that face liquidity constraints, in contrast, may face an equity-efficiency tradeoff when

dividing resources among children.  Since they are unable to use transfers and bequests to equalize

economic outcomes, parents who are averse to inequality may under-invest in children with high returns

thereby creating more similar levels of human capital investment among siblings.  This suggests that we

would observe smaller (larger) differences in human capital and earnings among siblings who are raised

in poorer (wealthier) families.  

Dahan and Gaviria (2003) present a very different model that emphasizes increasing returns to

human capital along with borrowing constraints.  Under their model, poor families will find it

significantly more advantageous to invest all their resources in one child rather than under-invest in each

child.  This model suggests greater inequality among moderately poor families. 

Since the sibling correlation provides a measure of sibling “similarity” it is tempting to infer that

this measure may be used to evaluate these theoretical models since more “similar” siblings will be less

unequal.  Strictly speaking, however, these models have nothing to say about the sibling correlation per

se, but do have a direct implication on measures that capture the variation in human capital and earnings

within families.  As I show in the next section, the use of a variance component model is ideally suited for

such an analysis since it produces estimates of exactly what is needed –the variance that is due to

differences within families.  Nonetheless, analyzing differences in the sibling correlation by parent

income is also of interest since it may be informative as to where family background is most important.  

Only a few previous studies have attempted to empirically examine sibling differences in human

capital or economic outcomes distinguishing families by some measure of borrowing constraints.5

Gaviria (2002) uses the PSID and the HRS finds no significant difference in the average coefficient of

variation across families in earnings (or education) by whether or not any sibling receives an inheritance.

Gaviria’s PSID sample is relatively small and uses only earnings from a single year.  His HRS sample

                                                          
5 Behrman et al (1995) using the PSID present a simple table showing the mean, standard deviation and coefficient
of variation of absolute differences in earnings between siblings in two sibling families, by the number of siblings
who have received transfers.  However, the authors do not use the table to try to make any statements about the
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uses responses from parents’ regarding their children’s earnings and schooling.  Gaviria also doesn’t

attempt to classify families by any other proxies for permanent income.  Finally Gaviria doesn’t compare

sibling differences in earnings with sibling differences in income, wages or hours.  

Oettinger (1999) uses the NLSY79 and implements a multi-step procedure to produce an

observation specific estimate of the sibling correlation in schooling and AFQT test scores that controls for

observable family and individual characteristics.6  He then regresses this measure on categories of

mother’s and father’s education as a proxy for permanent income.  He finds that this measure of sibling

similarity follows a U-shaped pattern in father’s education but that the differences are not statistically

significant. As mentioned earlier, a preferred measure would be to simply use the variance within

families rather than the sibling correlation.  In addition rather than using father’s education, arguably a

better proxy for parent’s permanent income would be to use parent income during the early years of the

NLSY79 for the subset of siblings who lived with their parents.  Finally, Oettinger does not examine

economic outcomes or split the sample by gender.7 

Statistical Models and Estimation

Sibling Correlations: Base Model

I begin by discussing the method to estimate sibling correlations where I have multiple measures

of the economic outcomes at different points in time.  I start with a simple model where there is no

persistence in transitory shocks.  

(1) yijt = βXijt + εijt

The economic outcome (e.g. earnings) for sibling j, in family i in year t is denoted as yijt.  Here, the vector

Xijt, contains age and year dummies to account for lifecycle effects and year effects such as business cycle

                                                                                                                                                                                          
pattern of sibling differences by family type.  They simply use the table to speculate as to the amount of inter vivos
transfers or bequests needed to reconcile the model with the data.
6 Due to its complex design, it is not entirely obvious to this author that Oettinger’s measure is analogous to an
obsevation-specific measure of the sibling correlation.
7 Oettinger pools all pairs of siblings and includes dummies for brother pairs and sister pairs.
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conditions.  These are considered fixed effects.  The residual, εijt, which is purged of these effects is then

decomposed as follows:

(2) εijt = ai + uij + vijt

The three terms on the right hand side of (2) are considered random effects that are assumed to be

independent of each other.8  The first term, ai, is the permanent component that is common to all siblings

in family i.  The second term, uij, is the permanent component that is individual-specific.  vijt, represents

the transitory component that reflects noise due to either temporary shocks to earnings or measurement

error in the survey.  I begin by assuming that the transitory component is white noise. The variance of

age-adjusted earnings, εijt, then is simply:

(3) σ2
ε = σ2

a + σ2
u + σ2

v

The first term, σ2
a, captures the variance in permanent economic outcomes that is due to

differences between families while the second term, σ2
u, captures the variance in permanent economic

outcomes within families.  These two components are then used to calculate the correlation in permanent

outcomes between siblings, ρ which is the focus of this analysis

(4) ρ = 22

2

ua

a

σσ
σ
+

,

This is also equivalent to the fraction of the overall variance of the permanent components that is due to

shared family and community background.9  Since σ2
u provides a measure of variation within families it

can be used to study theories of resource allocation by examining how the parameter changes depending

on the initial income level of families. 

                                                          
8 The assumption that ai and uij are uncorrelated is purely for analytical convenience and allows one conceptually, to
divide the permanent component into a part that is perfectly correlated among siblings, and a part that is perfectly
uncorrelated among siblings.  For the assumption that ai and vijt are uncorrelated I find (as did Solon et al, 1991) that
there is little or no cross-sectional correlation in the transitory component.
9 Conley (2004) has focused on the square of the correlation coefficient as a measure of explained variance since it
is equivalent to the R2 from a regression of one sibling on another.  However, this captures the degree to which one
sibling explains the variance in the other sibling’s outcome, not the variance explained solely by the common family
component.  In my view this is not the correct way to measure the importance of family background since it includes
information that is unrelated to family background.  The appropriate R2 for analyzing the importance of family
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Solon at al (1991) and Bj`rklund et al (2001) use a two step approach to estimate the variance

components in this “mixed model” (mixed because it contains both fixed effects and random effects).

First they use a regression to estimate (1) and to produce the residuals.  Then they use classical analysis of

variance (ANOVA) formulas that are adjusted for the fact that the data are “unbalanced” (the number of

siblings varies by family and the number of available years varies by sibling).10  It is not clear, however,

that ANOVA is the preferred approach.  Although ANOVA estimators of variance components have

many desirable statistical properties for “balanced data”, virtually none of these properties transfer over to

the case of unbalanced data (Searle et al, 1992).  For this reason, many practitioners prefer to use

maximum likelihood techniques, which have a number of advantages such as consistency, asymptotic

normality, and a known asymptotic sampling dispersion matrix.11  The main drawback of maximum

likelihood is that it requires imposing a distributional assumption.  Until recent years, computational

limitations also made practical implementation of maximum likelihood more difficult. 

Following the standard practice in the statistics literature I use a variation of maximum likelihood

for mixed models called Restricted Maximum Likelihood (REML).  REML partials out the fixed effects

and maximizes the likelihood of the residuals containing the random effects variance-covariance

structure.12  A comforting feature of REML is that it produces identical results to ANOVA when the data

are balanced.  I will present some results using both approaches to show that the results do not appear to

be overly sensitive to the technique used. Another nice feature of REML is that it directly produces

standard errors of the variance components.13  In addition, as I will show in the next subsection, REML

can more easily incorporate different assumptions about the time series properties of transitory shocks. 

                                                                                                                                                                                          
background is obtained from a regression of y on a. (were a available).  As a result the square of the correlation
coefficient is actually a downward biased estimate of the variance explained by family background.  
10 These may be found in the Appendix of Solon et al (1991)
11 Searle et al (1992, page 254) conclude “It is our considered opinion that for unbalanced data each of ML and
REML are to be preferred over any ANOVA method.”
12 For a full textbook description of REML see for example, Searle Casella and McCulloch (1993).  The analysis
here uses PROC MIXED in SAS.
13 Standard errors for ρ, however, are calculated by the bootstrap method.
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Sibling Correlations: Model with Serially Correlated Transitory Component

I also consider the case where the transitory component is serially correlated and follows a first

order autoregressive process:

(5) vijt = δ vijt + ξijt

One might expect that a failure to allow for serially correlated transitory shocks would result in variance

component estimates that assign more of the persistent part of earnings to the permanent component, σ2
u

instead of σ2
v,.  This would raise the denominator in (4) and could result in a lower estimate of ρ than

would be the case if the serial correlation were taken into account. 

To address this I use two approaches.  First I simply extend the REML framework to incorporate

a first order auto correlation parameter and adjust the variance-covariance matrix accordingly.  The only

limitation of this approach is that it requires that the data contain consecutive years of information on the

relevant outcome for each individual.  In other words there can be no missing data within a string of years

due to say, a missing survey year, non-response or a failure to meet sample selection rules. This is of

some value when examining the NLSY79, which moved from annual surveys to biannual surveys after

1994.14 

To address this issue and as a robustness check, I also employ a “minimum distance” (MD)

approach that has been utilized extensively in the study of earnings dynamics (e.g. Abowd and Card,

1989; Baker, 1997; Haider, 2001) to distinguish the permanent component of earnings from the persistent

transitory component. Here I exploit the autocovariance structure of earnings implied by the model to

create a set of “moment conditions” that can be compared to the actual empirical moments calculated

from the data in order to estimate the parameters of the model.  This approach does not require dropping

individuals who do not have consecutively ordered data.

I begin by combining the family component and the individual permanent component into one

overall term α that represents the permanent component of earnings.  This allows me to rewrite (2) as:
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(6) εit = αi + vit

where i now indexes individuals and I no longer track families.  Combining (6) and (7) I can write down

the full autocovariance structure of earnings residuals.  For example, the covariance between the earnings

of individual i in year t, and his own earnings five years earlier can be written as follows:

(7) cov(εit,εit-5)= σ2
α + ∑

=
−

5

0

2

s
v

s
st

σδ

The number of moments will depend on exactly how many years are available in the data.  For T

years of data, there will be (T X (T+1))/2 distinct moments. The empirical moments from the data are

then stacked in a vector, M.  The moment conditions implied by the model are viewed as a function of θ,

or f(θ), where θ  describes the parameters.  The estimation procedure minimizes a distance function:

(8) D = [M- f(θ̂ )]'W[M- f(θ̂ )]

where is a positive definite weighting matrix.  Following the recent literature, I use a variant of Equally

Weighted Minimum Distance (EWMD) where the identity matrix is used as the weighting matrix.15  

This provides an estimate of the overall permanent component σ2
α, which is the denominator of

ρ.  Of course, I still need an estimate of σ2
a, the family component in order to construct an estimate of the

sibling correlation.  I do this by simply calculating the covariance in earnings between all pairs of brothers

and across all possible earning-year combinations.  I weight the sample by the inverse of the number of

siblings to avoid “overweighting” families that contribute more observations (Solon et al, 2000).16  

These approaches overcome the data limitations of the technique proposed by Solon et al (1991)

and also employed by Bj`rklund et al (2001).  Solon et al (1991) use differenced residuals to uncover an

                                                                                                                                                                                          
14 This would be especially useful for researchers who wish to examine the original cohort of the NLS, which was
not surveyed annually.
15 Since I use unbalanced data I adjust the weighting matrix based on the proportion of non-missing data following
Haider (2001).
16 This is equivalent to Solon Page and Duncan’s weighting scheme (2) which produces estimates in the middle of
the range of all of their estimates.  They find that the results are not very sensitive to the weighting scheme
employed.
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estimate of δ.17  They then implement ANOVA on the “delta-differenced residuals”.  This method results

in losing one observation per individual and in dropping individuals who only have one year of available

data.  In addition, as with REML, Solon et al’s approach requires consecutive years of data.  

Attributing the Sibling Correlation to Observable Characteristics

In order to understand how different observable characteristics (e.g. parent income, schooling)

influence the sibling correlation in economic outcomes, I calculate an upper bound estimate of the

contribution of various factors.  I add the relevant variables to the vector X in (1) and treat them as

additional fixed effects in the REML framework.  The inclusion of additional fixed effects should sop up

some of the residual variation in the outcome variable and produce lower estimates of the family

component (σ2*
a) than what was found without their inclusion (σ2

a).  I then take the reduction in the

variance of the family component (σ2
a - σ2*

a) as an upper bound estimate of the amount of the overall

variance of the family component that can be explained by the specific factor(s) in question.18  The

change in the variance of the family component divided by the overall variance of the permanent

component tells us what fraction of the overall sibling correlation is due to the factor(s) in question.

Implementing this approach for a wide variety of possible explanatory variables, either by including them

one at a time or all at once, should tell us something about which measures are critical to explaining the

correlation in economic outcomes.  

Sibling Correlation in Other Outcomes

I also investigate the sibling correlation in several non-economic outcomes where I do not need to

examine multiple measurements at different points in time.  This requires a far simpler model where I

simply drop vijt  from (2) and then use REML to simply calculate the two variance components σ2
a and σ2

u

in order to calculate ρ.  

                                                          
17 The residuals from (1) are first-differenced and the first difference is then regressed on its one period lag.  The
resulting coefficient is transformed to create an estimate of δ. 
18 This is an upper bound because it includes all omitted factors that are also correlated with the included fixed
effects.  For example, the reduction in σ2

a due to the inclusion of years of schooling would be comprised of both the
direct effects of schooling as well as any omitted factors (e.g. perseverance) that also contribute to the outcome
variable and are correlated with years of schooling.
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In these cases I could consider a more straightforward approach to estimate the sibling correlation

by simply calculating the correlation coefficient between all possible sibling pairs.  However, this

technique would force me to eliminate all “singletons” (those without a sibling) from the analysis

resulting in less efficient estimates of the family component.  Another drawback to using sibling pairs is

that the researcher must make a decision as to how to weight families because larger families will

contribute many more sibling pairs (Solon et al, 2000).  Nonetheless, as an additional check I also

estimate the sibling correlation by following the methodology of Solon et al (2000).  In this approach I

calculate the covariance in years of schooling between all possible pairs of brothers, and calculate the

variance in years of schooling for the sibling sample, and take the ratio of the two measures.19  

3. Data

The analysis uses the National Longitudinal Survey of Youth, (NLSY79) which followed

individuals between the ages of 14 and 21 on December 31, 1978 every year from 1979 through 1994 and

then every other year.  For economic outcomes, I use the NLSY data through the 1998 survey.  The

survey includes an oversample of black, Hispanic, and (non-black, non-Hispanic) disadvantaged families.

However, the NLSY identifies a nationally representative cross section of families.  I make use of the full

sample by using survey year weights and also use the nationally representative sample without weights in

some specifications.  

I begin by identifying men and women between the ages of 14 and 22 in the initial survey in

1979.  I examine four outcomes: log annual earnings, log annual family income, log hourly wages and log

annual hours.  The outcome variable must be observed and positive at least once when they are at least 26

years old and not enrolled in school.20  The NLSY identifies up to 5 siblings for each individual.  An

obvious limitation of the dataset is that only siblings born within the eight year cohort window are

                                                          
19 In calculating the covariance I weight the sample by the inverse of the number of siblings.
20 Earnings include earnings from wage and salaries as well as business income.  I also imposed the following
sample restrictions for each outcome; earnings and family income had to be at least $500 in 1979 dollars; wages had
to be at least $0.50 and no greater than $100; and annual hours had to be at least 100. 
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tracked.  Second there is a potential problem with sample attrition, though the attrition rate is considerably

lower than in the PSID.

I also examine a variety of non-economic outcomes with the NLSY and in some case include the

2000 survey, if relevant.  For education, I examine years of completed schooling by age 26.  For test

scores I use the Armed Forces Qualifying Test (AFQT)21.  Specifically, I use the percentile ranking for

the renormed (1989 version) score.  For illegal drug use I use a 1988 survey question asking how many

times the respondent has used marijuana or hashish in their lifetime.  The responses are presented in 5

categorical groups.  I use the type of residence variable from all survey years starting in 1983 to

determine if individuals were ever in jail at the time of the interview.  For women, I examine the age of

first pregnancy (for the subset of women who were ever pregnant) and also an indicator of whether

pregnant before age 20.  I look at three measures of physical attributes, height (in 1985), weight at age 28

or 29 and body mass index (BMI).22  Finally, I look at two attitudinal measures from the psychology

literature.  The first is the “Rotter scale” which measures the degree to which individuals feel they have

control over their lives.  Osbourne (2000) shows that this variable has an effect on the earnings of women.

The second measure is a self-esteem scale, which combines responses to ten questions designed to

determine respondent’s views of self worth.  In all the samples that examine non-economic outcomes, I

require that observations not have missing data on the relevant outcome.

In most of the analysis the samples include siblings as well as non-siblings or “singletons” in

estimating population variances.  I do this to increase efficiency and to maintain comparability with Solon

et al (1991) who had too small a sample of siblings to confine the analysis only to multiple sibling

families. Solon et al speculate that including singletons in the analysis may lead to an overestimate of ρ if

                                                          
21 The AFQT is part of the Armed Services Vocational Aptitude Battery (ASVAB) given to applicants to the U.S.
military.  The ASVAB consists of a battery of ten tests.  The AFQT score is based on four of the tests that focus on
reading skills and numeracy.  The AFQT is a general measure of trainability in the military and is a primary criterion
for enlistment eligibility. The test was administered to nearly all respondents in the NLSY in 1980 in order to
provide new norms for the test based on a nationally representative sample.  The AFQT is not viewed by the military
or by most researchers as a measure of general intelligence or IQ.
22 Unfortunately height is only asked in 1985 so I am unable to control for age.  However, the youngest respondents
who are born in 1964 will be 21 by 1985.  Note that height is also used to calculate BMI.
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outliers tend to be more common among singletons than siblings.  This is because while singletons

earnings are used to calculate σ2
a, the variance of the family component used in both the numerator and

denominator of ρ, they are not included in σ2
u, the variance of the individual component which is only in

the denominator of ρ.  In the results that follow in the next section I conduct a wide range of robustness

checks that include using a sample of only siblings.  

For a subsample of the NLSY79, I have information on family income reported by the parents

when the individuals lived at home.  I use reported family income for 1978 and 1979 for this subsample

to study differences in the sibling correlation and the within family variance by parent income level.  A

set of summary statistics is provided in Table 1.

4. Sibling Correlations in Economic and Non-Economic Outcomes

Base Model for Economic Outcomes

I begin by presenting results where I do not allow for serially correlated transitory shocks. Since

this is the first study to utilize the REML framework I start by contrasting a few selected results with

those obtained by using ANOVA formulas.  In Table 2 I present estimates of the variance components

and the sibling correlation in annual earnings and hourly wages separately for brothers and sisters.  Panel

A shows the results for men and Panel B shows the results for women.  The estimated brother correlations

are 0.492 and 0.536 for earnings and wages, respectively.  These results are similar to the higher set of

estimates in Solon et al (1991) but are much more robust due to the significantly larger number of

observations used.  For example for men, Solon et al use around 2500 observations, 750 individuals and

600 families while this analysis uses 30,000 observations, 5000 individuals and 4000 families.  

The results are lower for both outcomes when using ANOVA although the differences are not

statistically significant.  If REML produces more consistent estimates, then the consensus view of a

sibling correlation in log earnings of around 0.4 expressed in Solon (1999) perhaps ought to be revised up

to near 0.5. The results also suggest that the correlation in log wages appears to be higher than 0.5, which
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is also consistent with Solon et al’s  (1991) finding.  In any case, these results reinforce the main point in

Solon et al. (1991) that accounting for the transitory variance is critical –though at this point I have not

yet examined the effects of serially correlated shocks.  The implied correlation in wages, for example,

were I to use data from just a single year would be just 0.306. 

The results for the sister correlation in earnings and wages are somewhat lower at 0.340 and

0.360, respectively.  This is not so surprising because women’s labor force participation patterns during

their 20s and 30s are very different from men and may produce much noisier estimates of long-term

economic status for these outcomes.  Indeed, both the permanent individual component and the transitory

components are dramatically higher than for men.  I will look at the correlation in family income, a

broader measure of economic status, in the next set of results.  The ANOVA results are a bit lower for

women’s earnings but are actually higher for women’s wages.

In Table 3, I confine the results to men and only present REML estimates.  I present the same

estimates for earnings and wages as in Table 2, but I now add family income and annual hours as

additional outcomes.  In column 1, I employ the base specification, which uses the full sample of men,

including singletons and weights the sample with survey year weights.  The brother correlation in family

income is estimated to be 0.466 or slightly lower than the correlation in earnings, 0.492.  Since family

income includes spouse income it may be that assortative mating acts to lower the correlation between

brothers in this outcome.  The correlation in annual hours is estimated to be just under 0.4, which is

similar to the reported results in Solon et al (1991) and the method of moment results in Altonji and Dunn

(1991). 

In Table 3 I also test whether the results are sensitive to the use of weights on the oversample of

poorer families.  In column 2 I use only the sample of families that are identified as nationally

representative in 1979.  This results in keeping a little more than half the observations.  The estimates

drop only slightly for three of the four outcomes and are virtually identical for the fourth.  

I also experiment with confining the sample to only individuals from families with multiple

siblings.  In column 3, I show that compared to column 1, the results are virtually identical when using a
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sibling only sample.  This is true even though only about a third of the total observations are used.  In

column 4, I combine both conditions (a nationally representative sample of only siblings).  This strongly

suggests that including singletons has little effect on the results.  

In Table 4 I do the same analysis for women.  The estimates for the correlation in family income

among sisters are in indeed much higher than for the other outcomes.  In fact, they are virtually identical

to the correlation between brothers.  For the nationally representative samples (columns 2 and 4), the

correlation in family income is actually higher among sisters than among brothers (Table 3).  The

correlation in annual hours is very low but not surprising given the wide variance in labor force

participation.  Having established that with respect to the most comprehensive measure of economic

status, family income, the sibling correlation is essentially the same for men and women, I proceed with

the most of remaining analysis focusing just on men. 

Model with Autocorrelated Errors

Thus far I have assumed that the transitory shocks are uncorrelated.  I now assume that the

transitory component follows an AR(1) process.  As I discuss in section 2 both REML and the modified

ANOVA approach require that the data must be consecutively ordered.  Since ANOVA is done on

differenced residuals this also requires dropping the first year for each individual.  In Table 5, the first

column shows the results from using REML.  The estimates for the brother correlation in earnings

(0.465), family income (0.439) and hours (0.322) are lower than what was found with the full sample in

Table 3, while the estimate for wages (0.572) is higher.  However, the differences from Table 3 are due to

sample composition issues.  I lose about one third of the person-year observations with the “consecutive

sample”.  In fact, running REML on this sample without the AR(1) results in estimates that are about 0.04

lower, on average, than the estimates in column 1 of Table 5.  So including the AR(1) term (holding the

sample constant) actually raises the estimates as I expected. 

Using REML, the estimates for λ, ranges from around 0.35 to 0.37.  This is roughly in line with

previous estimates in Solon et al (1991) and virtually identical to the estimates found by Bj`rklund et al
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(2002).  I find that the estimates for this autoregressive parameter are near 0.3 irrespective of the outcome

observed or the methodology used.  

In column 2 I use the proposed minimum distance (MD) estimator on the same sample used in

column 1 to isolate the effects of using a different methodology.  For earnings and family income the

estimates are close but they differ from REML quite a bit when examining wages and hours.  The brother

correlation in wages is now estimated to be 0.441 compared to 0.572 with REML.  When I employ the

MD estimator on the full sample that was used in Table 3 I find that the results go up for most outcomes

and are now closer to the REML estimates in Table 3.  The brother correlation in wages is estimated at

0.479, which is still very close to 0.5. 

Finally, in column 4 I follow Solon et al (1991) and use ANOVA on the differenced residuals.

The estimates for earnings (0.449) and family income (0.425) are lower than the REML and MD

estimates while the estimates for wages (0.567) and especially hours (0.501) are relatively high.  One key

drawback with this approach is that I lose many more observations.  

The main point to take from this table is that after accounting for sample composition, the results

are fairly similar and perhaps slightly higher when I account for autocorrelated shocks to earnings. .  In

addition, I find that compared to REML our MD approach leads to roughly similar results for three of the

four outcomes, the exception is wages where MD results in a significantly lower estimate.  These results

provide confidence in using the MD approach when using data that contains missing survey years and

where it is important to account for autocorrelated transitory shocks.

Sibling Correlations in Non Economic Outcomes 

Table 6 presents the results for a variety of non-economic outcomes for brothers, sisters and all

siblings as appropriate.  This serves as a useful point of contrast with the economic outcomes and is also

interesting in its own right.  I use much larger samples than previous studies and extend the components

of variance approach using REML.  In contrast to most previous work I do not need to rely on samples

consisting only of sibling pairs although I do present results using this approach.  The first three columns
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use the REML approach including singletons while the fourth through sixth columns use only sibling

pairs, and follow the methodology employed by Solon et al (2000) described earlier.  I will refer to this

approach as “SPD” (for Solon, Page and Duncan).  In both cases I use only the nationally representative

portion of the NLSY.23

The correlation in years of schooling appears to be roughly similar for both brothers and sisters

and the correlation across all sibling pairs is about 0.6.  When I use the SPD approach I get slightly lower

estimates that are roughly in line with the results in Solon et al (2000) who use the nationally

representative portion of the PSID.  For AFQT scores, the estimates are also similar across genders and

are even higher than the education estimates. 

I next focus on a few socioeconomic outcomes that have been commonly analyzed in studies of

neighborhood/peer effects (e.g. Case and Katz, 1991).  I find that the correlation in drug use among all

siblings is a bit below 0.3.  However, there does appear to be a significantly higher correlation among

sisters (0.37 using REML) than brothers (0.3).  The fact that the overall correlation is lower than the

correlation within gender type suggests that the correlation across siblings of different genders is lower.

When I examine whether respondents were ever in jail, I find that the correlation is actually slightly

negative using SPD.  Since variance component models, by definition, are bounded at zero, the REML

estimate for sisters is zero.  For brothers the correlation estimates are around 0.25.  Finally, the correlation

in age at pregnancy is less than 0.2 when I use REML but slightly greater than 0.2 using SPD. 

I now turn to physical characteristics/health outcomes.  When I use REML, the correlation in

height between siblings is slightly below 0.5.  The estimates are closer to 0.4 when I use SPD.  The

estimates for weight are around 0.3 for brothers and sisters using REML.  The SPD estimates, however,

are quite a bit higher for sisters.  Similarly for BMI I find that the correlation among sisters is higher than

                                                          
23 Including the oversample of poorer and minority households without weights results in similar estimates.  I found,
however, that when I used weights with REML on the non-economic outcomes it sometimes led to very large
estimates of ρ that seemed implausible.  Therefore, I chose to only use the representative sample without weights
when studying non-economic outcomes.
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among brothers using either method.  Finally, with the attitudinal variables, the correlation in the Rotter

scale is only about 0.1 in all cases while the correlation in self esteem is in the 0.2. to 0.3 range.

Overall, it appears that the correlations in the human capital measures are actually the highest at

around 0.6.  Otherwise, the only variable with a sibling correlation comparable to the economic outcomes

is height.  This further points to the fact that economic status in particular is strongly influenced by family

and community factors.  

5. Sibling Inequality and Resource Allocation

I now examine the extent to which sibling similarities and differences vary by parents’ economic

status and how this might influence theories of resource allocation within families.  For this analysis I use

a subset of families for whom parents in the NLSY answered questions about the income received in

1978 and 1979.24  The two-year inflation adjusted average of parent income is then used to split the

sample in order to identify groups of families that should experience varying degrees of borrowing

constraints.  In this exercise I present results on the correlation as well as the individual component, σ2
u,

which captures the variation within families.  The results for men’s economic outcomes are shown in

Table 7.  

The first column shows the results for the whole sample with available information on parent

income.  The next two columns show the results when the sample is split at the median level of parent

income.25  The last four columns show the results by quartile of parent income.  It is immediately evident

that for all four economic outcomes, the correlation is higher for families whose parents had below

median income compared to those with above median parent income although only in the case of hours is

the difference statistically significant.  Still, this provides some fairly suggestive evidence that family

background is especially important for families in the lower half of the distribution. 

                                                          
24 Footnote explaining NLSY income 
25 These results include the oversample of poorer households and so the quartiles are based using weights.
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Looking across the quartiles, the highest estimates are in the bottom quartile for wages and

earnings.  For wages, the difference between the first two quartiles is especially large and is statistically

significant.  The brother correlation in wages is close to 0.6 for families in the bottom quartile.  For family

income and hours the estimates for the second quartile are slightly higher.  For hours the difference is

statistically significant.  This suggest that while the correlation in annual earnings is roughly equal

between the first two quartiles that this masks underlying differences in the correlation in wages and

hours worked.  

There is evidence of an increase in the correlation for the top quartile for three of the four

outcomes, but in no case are the differences between the third and fourth quartiles statistically significant.

No other obvious patterns are detected that are consistent across the outcomes.  

As an additional check, I also examined the estimates using the nationally representative sample

without weights where the sub-samples are now more evenly split across the four quartiles.  These are

shown in Panel B of Table 7.  With this sample I once again observe that the correlation is higher among

below median families than above median families for all four outcomes.  But also as before, the

difference is only significant for hours.  With these samples there is stronger evidence of an increase in

the correlation among the top quartiles for all four economic outcomes.  The differences are now

statistically significant for earnings and family income.  Overall, the evidence strongly suggests that

family background is particularly important at the low end of the income distribution but also suggests

that family differences are pronounced at the top of the distribution.  

As noted earlier, it is incorrect to infer that since sibling similarity in economic outcomes (as

measured by the sibling correlation) is highest for the bottom quartile that it necessarily follows that

sibling differences within families, are smallest for this group.  Recall, that the sibling correlation for a

particular subgroup essentially scales that “between family” component of variance (σ2
a),  relative to the

overall variance for that subgroup (σ2
a.+ σ2

u).  If the magnitude of differences between families varies

across the quartiles of the income distribution but the magnitude of differences within families does not,

then I could observe variation in the sibling correlation across quartiles but observe no variation in the
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within family variance component.  Note that it is the latter parameter that is more relevant for the

theoretical models. 

In fact, Table 7 also shows that the estimates for the individual component, which measures the

variance within families in permanent outcomes, do not follow a consistent pattern across the four

economic outcomes.  For earnings, there appears to be almost no difference in the variance within

families across the parent income distribution.  Still, there is some sketchy evidence that is consistent with

the theoretical models.  Specifically, it appears that sibling differences in wages are very small in the

bottom quartile of parent income while sibling differences in family income are relatively small in the top

quartile.  This is roughly consistent with the idea that poorer families may be forced to choose equity over

efficiency while wealthier families are able to reinforce sibling differences in ability through human

capital investments but compensate less able siblings through transfers.  I will provide more insight on

this shortly when I examine inequality in years of schooling and test scores.  It also appears that the

within family variance in hours worked is especially high for families in the bottom quartile which

explains why the greater equality in wages among siblings in the bottom quartile is not reflected in greater

equality in annual earnings.  

In Table 8, I examine differences in the sibling correlation and the within family variation for a

few non-economic outcomes.  Specifically I examine measures of human capital, education and AFQT

scores, which should have direct bearing on theoretical models.  These are also contrasted with results for

a few physical characteristics, height, weight and BMI for which we may not have any pre-conceived idea

of how the estimates might differ across the parent income distribution.  I also examine both brothers and

sisters and both genders combined for the human capital outcomes.  Some previous studies (e.g. Butcher

and Case, 1992) have found that gender composition of families may effect intra-family resource

allocation.  

Looking first at education, there is no evidence that there is any significant difference in either the

correlation or the within family variance when I combine men and women.  The only noticeable

differences appear to be at the top end of the distribution when I examine brothers and sisters separately. 
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For brothers the correlation is significantly lower for the top quartile than the third quartile.  The variance

within families is also a bit higher (though not significant) for the top quartile compared to the third

quartile but not much different from the first and second quartiles.  Interestingly, for women, the reverse

pattern holds.  The correlation rises sharply for the top quartile and is statistically significant while the

within family variation drops sharply for this group.  This appears to suggest that there are gender-

specific differences in human capital investment among wealthier families.  

For AFQT scores, the differences are far more striking and accord more closely with the patterns

in men’s economic outcomes.  The correlation in AFQT scores is significantly higher for families with

below median parent income compared to above median families.  This is true whether I examine all

siblings or look at brothers or sisters independently.  For example, for sisters growing up in families in the

bottom quartile the correlation is a stunning 0.7.  The within family variation is also significantly lower

for families in the bottom half of the distribution.  In fact, inequality appears to rise with income for both

sexes.26  This conforms to the Becker-Tomes model where richer families are able to invest more

efficiently in their children’s human capital leading to more unequal outcomes.  For the top quartile,

however, there is a noticeable break in the pattern by gender.  Unlike the case with years of schooling,

there is more equality in test scores among brothers and less equality among sisters.  

These results raise at least two interesting questions.  First, why are there differences between

schooling and AFQT scores? Second, why do the patterns differ by gender?  With respect to the first

point, it could be that parents use different strategies for human capital investment depending on how

observable their actions are.  This could be due to reasons of fairness and/or social norms.  For example,

society may perceive parents who send only one of their two children to college as acting unfairly.  In

contrast, choosing to read more books to a child who appears to have greater potential scholastic ability

(and who may enjoy school more) may not seem so unfair.  The disparity in AFQT scores among siblings

may capture differences in parent investment in children’s cognitive ability that are not easily observed.

Given that the data on education doesn’t appear to fit the standard models this seems to be an explanation
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that ought to be examined more closely.  With respect to the second question, this study does not offer

any new insight but simply provides more evidence suggesting that there appear to be gender differences

at play in family resource allocation decisions. 

Table 8 also examines differences across the income distribution in the sibling correlation and

within family variation with respect to height, weight and BMI.  These are examined separately for

brothers and sisters.  For 5 of the 6 cases, the estimate for the sibling correlation is higher for families

with below median parent income.  But in only one case (men’s height) is the difference statistically

significant.  Looking at the sibling correlation by quartiles there are really no consistent patterns.  For two

of the outcomes (sister’s height and men’s weight) the difference in the correlation is significantly higher

for families in the bottom quartile compared to the second quartile but in other cases the second quartile

estimate is higher.  Overall, the results provide some weak evidence that for physical characteristics

family background appears to be more important at the low end of the distribution.  

There is also evidence that there is greater inequality within families at the low end of the

distribution.  For 5 of the 6 outcomes, the variation within families is higher for families with below

median parent income but in only one case (men’s BMI) is the difference statistically significant.

Similarly, for 5 of the 6 cases the variation is higher for families in the bottom quartile compared to the

second quartile but again only in one case is the difference statistically significant.  Interestingly, for 5 of

the 6 outcomes there appears to be a decline in inequality as families move from the third quartile to the

top quartile.  However, in no case is the difference statistically significant.  

A comparison between the economic outcomes, human capital measures and physical

characteristics across the parent income distribution, suggests the following.  Across nearly all outcomes

the sibling correlation tends to be higher in the bottom half of the distribution and generally in the bottom

quartile.  This is particularly pronounced, however, with respect to AFQT scores and wages.  This

suggests that while family and community influences are generally important for poorer families they are

particularly important in determining skill levels and wages.  This pattern is still evident though much

                                                                                                                                                                                          
26 The variance falls slightly for men in the top quartile but continues to rise for women.
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more muted when examining years of schooling.  This is not so surprising given that for this cohort

compulsory schooling has probably made differences in the correlation by income level much weaker.  

Comparisons across the various outcomes also offer some mixed evidence in support of the

theoretical models of intra-family resource allocation that emphasize parental aversion to inequality,

ability differences among siblings and borrowing constraints.  As these models imply, I find evidence of

higher inequality in test scores and wages among better-off families and less inequality in family income.

On the other hand, the variation in years of schooling across the parent income distribution does not fit

the expected pattern as neatly.  This raises the possibility that there might be differences in how parents

use observable versus unobservable forms of human capital investment.  There also appear to be clear

differences in how parents invest in their children by gender.  Finally, previous studies that have solely

focused on the within family variation in annual earnings may have overlooked the importance of labor

supply effects that might have obscured the relationship between parent income level and sibling

inequality in hourly wages.

Examining physical characteristics suggests that inequality within families appears to be higher in

the lower end of the distribution.  This suggests that the patterns observed with respect to some of the

human capital and economic outcomes are unique and not found for other outcomes for which we are less

likely to have any prior belief about how inequality might vary across the distribution. 

6. Sibling Correlation and Inequality by Race

Most previous studies have had insufficient samples to study sibling similarity by race or ethnic

group. At a general level, it would be interesting to know the extent to which the overall differences

between families are due to differences across racial groups.  Does family background matter just as

much in white families as in black families?  Examining differences between families within racial or

ethnic minorities could also offer greater insight into the factors that might generate inequality between

families. For example, if the sibling correlation is higher for minority groups who tend to live in

geographically concentrated areas it could reflect a greater role for community influences (e.g. Borjas,
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1992).  Also analyzing differences within racial groups might also serve as an additional check on the

results related to differences by parent income level.  In other words, is the finding that family

background matters more for families starting at the bottom of the income distribution really just picking

up the effects of race or ethnicity?  Finally, given the central importance of the black-white gap in

earnings, assembling the basic facts on family inequality by race should be of interest in its own right. 

Table 9 presents the results for economic outcomes.  The sibling correlation appears to be quite a

bit lower for blacks than whites for both earnings and family income although the differences are not

statistically significant different from zero.  Unfortunately, even with the larger samples available with the

NLSY, the standard errors are too high to detect meaningful differences.  The white-black difference in

the correlation in wages appears to be negligible and the magnitudes of the correlation for each group are

only slightly lower than for the whole sample.  This suggests that the earlier finding that about half the

variance in men’s wages is due to family and community influences, is not due to race.  Interestingly, the

correlation in hours is sharply higher for blacks but also not statistically significant.  

In contrast, the brother correlation in earnings, family income and wages among Hispanic

families are slightly higher than for whites, though in no case are the differences statistically significant.

The correlation in hours worked is quite a bit higher for Hispanics than whites and is almost identical to

that found for blacks.

Looking at the individual variance component by race shows much greater inequality in earnings

and family income in black families.  For example, the variance in family income within white families is

0.259 compared to 0.419 for black families.  These differences are statistically significant.  The black-

white gap in sibling wage inequality is much more muted.  So to a large extent, greater sibling inequality

in earnings among blacks is driven by differences in labor supply.  The pattern in sibling inequality

among Hispanic families appears to be virtually identical to whites.  

Table 10 presents the analogous results for human capital measures.  For education there are no

statistically significant differences in the sibling correlation when all siblings are pooled irrespective of

gender.  The variation in education within families however is significantly lower for blacks.  This result
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fits the basic spirit of the Becker-Tomes model where there is greater equality among poorer families that

are presumably borrowing constrained.  It appears that while the tendency to equalize schooling levels is

not characteristic of families with low parent income it does seem to characterize black families.  Looking

at the samples of brothers and sisters, separately, I now find that the correlation is higher among blacks

and that the difference with whites in the sister correlation is statistically significant.  This seeming

discrepancy with the results when pooling brothers and sisters suggests that the cross-gender correlation is

lower among blacks –pointing to yet another example where gender differences appear to matter.  The

finding that sibling inequality is lower for black families also holds up when examining brothers and

sisters separately.  For Hispanics, there are no significant differences with whites although the

correlations differ substantially by gender.  

For AFQT test scores, in no case are the white-minority differences in sibling correlations

statistically significant.  As with education, sibling inequality is found to be much lower in black families.

Interestingly, for Hispanic families, I now find that the variation among siblings is also significantly

lower than for whites.  These results are more in line with the Becker-Tomes model and also appear to be

consistent with the results in Table 8.  One stunning finding is that the estimate for the correlation in test

scores among Hispanic sisters is 0.77.  The results for physical characteristics (not shown) do not exhibit

the same patterns as the human capital outcomes. 

Overall, the results for race raise more questions for the theoretical models.  While there is

evidence of less inequality in human capital investments among minority families this does not appear to

translate into lower sibling inequality in wages.  The sharp differences in sibling inequality within racial

groups by gender, also raise concerns about the adequacy of the theoretical models. 

7. Contributions to the Brother Correlation in Economic Outcomes

I now examine the potential impact of various explanatory variables on the sibling correlation in

economic outcomes among men.  In Table 11 results are presented that show upper bound estimates of

the contribution of various variables using the methodology described in section 2.  One obvious
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candidate for explaining the sibling correlation is parent income.  With the NLSY79 sample there is only

information for a subset of individuals for just a few years on parent income.  As Solon (1992) has shown,

using income from just a single year is a poor proxy for permanent income and leads to downward biased

coefficients.  Similarly, using just a two-year average of income from 1978-79 will also likely to lead to

biased estimates of the residuals (purged of parent income), and therefore, biased estimates of the

variance components.  In any case using this proxy for parent permanent income I find that the variance

in the family component in earnings residuals is reduced by 0.17, which explains about 36 percent of the

sibling correlation in earnings.27 The contribution to the sibling correlation in family income is slightly

higher at 41 percent but the contributions to the sibling correlations in wages and hours are 27 percent and

21 percent, respectively.  

I next examine how the two measures of human capital used earlier, years of schooling and

AFQT scores, influence the sibling correlation.  Both measures fare almost equally well in explaining the

sibling correlation in various outcomes.  For earnings, family income and wages, each measures explains

anywhere between 40 and 50 percent of the sibling correlation.  Including both human capital measures in

conjunction explains more than half of the sibling correlation in earnings and family income.  These

human capital measures, however, only explain about 20 percent of sibling correlation in annual hours.  

Physical characteristics only account for about 5 percent of the sibling correlation, most of which

is due to the inclusion of height.  Accounting for any time spent in jail explains more than 20 percent of

the sibling correlation in earnings, family income and hours but less than 10 percent of the sibling

correlation in hourly wages.  Illegal drug use, however, appears to explain virtually none of the sibling

correlation.  Both psychological measures make an important contribution to explaining the sibling

correlation in earnings, family income and wages.  Combined, they account for about 20 percent of the

sibling correlation in these measures.  This result adds to the growing number of studies that have found

                                                          
27 Solon (1999) shows that using the consensus estimates of the intergenerational elasticity in earnings of 0.4, one
would expect the contribution to be (0.4)2 or 0.16.  If, however, the intergenerational elasticity is actually closer to
0.6 (Mazumder, forthcoming) then this is a vast underestimate of the true contribution of parent income.
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that an important part of the intergenerational persistence in economic status is related to non-cognitive

factors.  

Finally, I also try to explain the importance of occupation by including three-digit occupation

dummies.  This is perhaps more controversial since occupation is often viewed as an outcome rather than

a causal factor determining economic success.  Still, occupation may act as a proxy for other forms of

human capital or capture social connections that perpetuate intergenerational inequality.  In any case, it

would be interesting to document exactly how much of the correlation could be accounted for by

occupation.  The results show that occupation accounts for around 60 percent of the sibling correlation in

earnings, family income and wages.  

Including all of the variables at the same time accounts for 80 percent or more of the brother

correlation in earnings and family income and, upwards of 70 percent of the brother correlation in wages

and hours worked.  Excluding the occupation dummies, 65 percent of the correlation in earnings between

brothers and 73 percent of the correlation in family income can be accounted for by these variables.  On

the other hand just under half of the sibling correlation in wages is still unexplained even after including

all of these variables.  

8. Conclusion

This study bolsters the findings of previous economic research that has demonstrated that family

and community influences account for a large portion of the variation in economic outcomes.  Using

larger samples and arguably better statistical approaches, I find that the sibling correlation in wages

among men is greater than 0.5 reinforcing the results found in Solon et al. (1991).  This implies that more

than half of the variance in wages is due to factors shared by siblings.  The sibling correlation in earnings

and family income is also close to 0.5.  The results for family income are similar for both brothers and

sisters.  
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The sibling correlation in economic outcomes and human capital are larger than the sibling

correlation in a variety of other outcomes including some measures of physical attributes.  The fact that

the correlation in the permanent component of wages among men is higher than the correlation in height

is quite striking and suggests that the “inheritance” of economic inequality is particularly strong.  

I find evidence that the sibling correlation in many outcomes appears to be higher for individuals

whose parents had lower income when they were growing up.  This finding suggests that family and

community influences are stronger among poorer families.  An analysis of inequality in human capital

measures and economic outcomes among siblings across quartiles of the parent income distribution

provides some evidence that is consistent with theoretical models of resource distribution within families

but raises some interesting anomalies that ought to be studied further. 

The study also finds that observable measures of family and individual characteristics can explain

a large portion of the sibling correlation in earnings and family income.  However, a significant portion of

the sibling correlation in wages and hours is not easily accounted for by standard variables.
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Table 1: Selected Summary Statistics for Men

Number Weighted
of Mean Weighted Weighted Weighted Weighted Weighted Weighted Weighted Weighted

Year Individuals* Age* Mean S.D. Mean S.D. Mean S.D. Mean S.D.

1983 192 26.0 9.31 0.75 10.14 0.64 1.86 0.52 7.40 0.56
1984 610 26.2 9.57 0.74 10.35 0.60 2.03 0.55 7.61 0.37
1985 1103 26.7 9.61 0.72 10.22 0.86 2.03 0.59 7.61 0.36
1986 1601 27.2 9.69 0.71 9.94 0.78 2.10 0.57 7.64 0.36
1987 2224 27.7 9.76 0.67 10.01 0.76 2.13 0.56 7.65 0.37
1988 2803 28.2 9.75 0.76 10.01 0.83 2.15 0.63 7.65 0.38
1989 3405 28.7 9.77 0.71 10.02 0.79 2.15 0.59 7.66 0.37
1990 3516 29.2 9.74 0.73 10.00 0.80 2.14 0.62 7.64 0.40
1991 3793 29.8 9.79 0.90 10.04 0.96 2.15 0.64 7.63 0.40
1992 3674 30.8 9.80 0.72 10.06 0.81 2.16 0.60 7.66 0.39
1993 3687 31.8 9.80 0.76 10.08 0.82 2.16 0.61 7.67 0.38
1995 3594 33.8 9.89 0.75 10.18 0.83 2.21 0.65 7.70 0.39
1997 3365 35.8 9.97 0.75 10.24 0.83 2.28 0.66 7.71 0.39

Log Earnings Log Fam. Inc. Log Wage Log Annual Hours

Note:s  Log earnings, log family income and log wages are expressed in 1983 dollars.  The statistics for the outcomes pertain to those used in 
column 1 of Table 3.
* These pertain to the earnings sample.



Table 2:  Sibling Correlations in Earnings and Wages, REML vs ANOVA 

Panel A: Brothers

Earnings Wages Earnings Wages

Family component 0.194 0.114 0.157 0.103
(0.013) (0.008) (0.015) (0.011)

Individual component 0.201 0.099 0.208 0.116
(0.012) (0.006) (0.015) (0.010)

Transitory component 0.206 0.161 0.215 0.169
(0.002) (0.001) (0.006) (0.004)

Correlation 0.492 0.536 0.430 0.470
(0.024) (0.022) (0.039) (0.047)

Observations 33567 31528 33567 31528
Individuals 5213 5102 5213 5102
Families 4303 4215 4303 4215
Singletons 3542 3471 3542 3471

Panel B: Sisters

Earnings Wages Earnings Wages

Family component 0.164 0.071 0.149 0.075
(0.020) (0.009) (0.021) (0.012)

Individual component 0.318 0.127 0.312 0.131
(0.020) (0.009) (0.021) (0.010)

Transitory component 0.295 0.180 0.306 0.187
(0.003) (0.002) (0.008) (0.006)

Correlation 0.340 0.360 0.323 0.363
(0.037) (0.033) (0.044) (0.054)

Observations 28177 27263 28177 27263
Individuals 4994 4956 4994 4956
Families 4267 4245 4267 4245
Singletons 3648 3635 3648 3635

REML ANOVA

REML ANOVA



Table 3:  Brother Correlation in Economic Outcomes, Assuming No Autocorrelated Errors

Whole Sample Rep. Sample Whole Sample Rep. Sample
Weighted Unweighted Weighted Unweighted

Include Singletons Include Singletons No Singletons No Singletons
Earnings

correlation 0.492 0.464 0.494 0.459
(s.e.) (0.024) (0.030) (0.026) (0.030)

obs 33567 19518 10723 6516
ind'ls 5213 2791 1671 950

families 4303 2279 761 438

Family Income

correlation 0.466 0.423 0.468 0.418
(s.e.) (0.024) (0.033) (0.027) (0.034)

obs 32371 18998 10576 6402
ind'ls 5164 2796 1680 953

families 4248 2282 764 439

Wages

correlation 0.536 0.509 0.535 0.519
(s.e.) (0.022) (0.029) (0.023) (0.028)

obs 31528 18642 10087 6198
ind'ls 5102 2756 1631 931

families 4215 2255 744 430

Annual Hours

correlation 0.392 0.398 0.374 0.371
(s.e.) (0.042) (0.053) (0.041) (0.049)

obs 33511 19621 10833 6568
ind'ls 5179 2785 1660 942

families 4275 2278 756 435

REML estimates for men, assuming no autocorrelated errors



Table 4:  Sister Correlation in Economic Outcomes, Assuming No Autocorrelated Errors

Whole Sample Rep. Sample Whole Sample Rep. Sample
Weighted Unweighted Weighted Unweighted

Include Singletons Include Singletons No Singletons No Singletons
Earnings

correlation 0.340 0.301 0.333 0.287
(s.e.) (0.037) (0.038) (0.029) (0.033)

obs 28177 17013 7660 4952
ind'ls 4994 2781 1346 816

families 4267 2339 619 374

Family Income

correlation 0.453 0.438 0.466 0.428
(s.e.) (0.026) (0.033) (0.026) (0.032)

obs 31038 19290 8669 5749
ind'ls 5195 2906 1435 879

families 4420 2431 660 404

Wages

correlation 0.360 0.318 0.357 0.301
(s.e.) (0.033) (0.040) (0.033) (0.042)

obs 27263 16528 7388 4810
ind'ls 4956 2767 1321 806

families 4245 2333 610 372

Annual Hours

correlation 0.149 0.149 0.140 0.142
(s.e.) (0.032) (0.039) (0.035) (0.037)

obs 29434 17628 8091 5130
ind'ls 5068 2817 1383 833

families 4321 2366 636 382

REML estimates for women, assuming no autocorrelated errors



Table 5: Brother Correlation in Economic Outcomes, Assuming Autocorrelated Errors

MD MD
REML REML sample full sample ANOVA

Earnings

correlation 0.465 0.445 0.461 0.449
(s.e.) (0.033) (0.078)

lambda 0.359 0.296 0.330 0.286
(s.e.) (0.010)

obs 20943 20943 33567 16897
ind'ls 3989 3989 5213 3653

families 3314 3314 4303 3141

Family Income

correlation 0.439 0.424 0.444 0.425
(s.e.) (0.031) (0.076)

lambda 0.372 0.320 0.388 0.300
(s.e.) (0.026)

obs 20421 20421 32371 16340
ind'ls 4016 4016 5164 3751

families 3335 3335 4248 3223

Wages

correlation 0.572 0.441 0.479 0.567
(s.e.) (0.036) (0.063)

lambda 0.379 0.286 0.299 0.294
(s.e.) (0.015)

obs 19188 19188 31528 15312
ind'ls 3804 3804 5102 3431

families 3174 3174 4215 2971

Hours

correlation 0.322 0.370 0.346 0.501
(s.e.) (0.054) (0.167)

lambda 0.348 0.269 0.298 0.460
(s.e.) (0.036)

obs 21532 21532 33511 17380
ind'ls 4112 4112 5179 3785

families 3408 3408 4275 3230



Table 6: Sibling Correlation in Selected Non-Economic Outcomes

corr.
(s.e.)

N

All Brothers Sisters All Brothers Sisters

Yrs of Schooling 0.602 0.622 0.602 0.582 0.580 0.568
(0.008) (0.012) (0.013)
6097 3000 3097 3207 1068 955

AFQT scores 0.619 0.620 0.618 0.591 0.595 0.619
(0.008) (0.011) (0.011)
5751 2811 2490 3052 1013 925

Illegal Drug Use 0.268 0.300 0.371 0.281 0.335 0.357
(0.013) (0.019) (0.015)
5413 2639 2774 2869 953 863

Ever in Jail 0.152 0.263 0.000 0.146 0.238 -0.001
(0.042) (0.041) (0.086)
6111 3003 3108 3214 1068 958

Age of Pregnancy -- -- 0.176 0.236
(0.017)
2495 777

Height -- 0.492 0.467 0.420 0.414
(0.017) (0.017)
2803 2937 1014 916

Weight -- 0.330 0.293 0.292 0.365
(0.021) (0.032)
2652 2768 966 869

Body Mass Index -- 0.265 0.301 0.220 0.388
(0.024) (0.032)
2580 2696 948 851

Rotter Scale 0.094 0.067 0.112 0.087 0.095 0.094
(0.015) (0.024) (0.017)
6053 2974 3079 3185 1060 952

Self Esteem 0.248 0.219 0.281 0.228 0.206 0.277
(0.011) (0.015) (0.020)
5809 2860 2949 3084 1021 929

REML, include singletons SPD Approach, Sibling Pairs

Note:   "SPD approach" refers to methodology employed by Solon, Page and Duncan in Solon et al (2000).



Table 7: Brother Correlation and Variation in Economic Outcomes by Initial Family Income

Panel A: Full sample, weighted

REML estimates using full sample and weights

Below Above First Second Third Fourth
All Median Median Quartile Quartile Quartile Quartile

Earnings
correlation 0.473 0.427 0.367 0.423 0.351 0.264 0.389

(s.e.) (0.028) (0.033) (0.039) (0.045) (0.060) (0.065) (0.053)

ind'l component 0.212 0.234 0.190 0.244 0.222 0.215 0.174
(s.e.) (0.013) (0.019) (0.016) (0.026) (0.028) (0.025) (0.020)

obs 24580 14341 10239 8450 5891 5297 4942
ind'ls 3947 2471 1476 1540 931 793 683

families 3108 1975 1133 1228 747 616 517

Family Income
correlation 0.438 0.390 0.317 0.344 0.360 0.232 0.320

(s.e.) (0.026) (0.040) (0.038) (0.048) (0.054) (0.079) (0.065)

ind'l component 0.289 0.324 0.256 0.356 0.287 0.293 0.229
(s.e.) (0.017) (0.025) (0.021) (0.035) (0.035) (0.034) (0.026)

obs 24200 14221 9979 8399 5822 5195 4784
ind'ls 3957 2483 1474 1553 930 795 679

families 3112 1982 1130 1237 745 615 515

Wages
correlation 0.529 0.520 0.434 0.597 0.395 0.443 0.383

(s.e.) (0.026) (0.044) (0.039) (0.052) (0.065) (0.063) (0.050)

ind'l component 0.098 0.094 0.104 0.074 0.119 0.097 0.111
(s.e.) (0.007) (0.009) (0.009) (0.011) (0.017) (0.014) (0.013)

obs 23295 13461 9834 7894 5567 5051 4783
ind'ls 3877 2418 1459 1507 911 780 679

families 3060 1937 1123 1204 733 608 515

Hours
correlation 0.370 0.412 0.214 0.363 0.410 0.171 0.247

(s.e.) (0.042) (0.052) (0.065) (0.056) (0.098) (0.098) (0.098)

ind'l component 0.038 0.042 0.034 0.053 0.030 0.040 0.029
(s.e.) (0.003) (0.004) (0.003) (0.006) (0.006) (0.005) (0.005)

obs 24786 14564 10222 8721 5843 5273 4949
ind'ls 3947 2476 1471 1552 924 788 683

families 3113 1981 1132 1240 741 614 518



Table 7: Brother Correlation and Variation in Economic Outcomes by Initial Family Income (cont.)

Panel B: Represenatative sample

REML estimates using representative sample and no weights

Below Above First Second Third Fourth
Median Median Quartile Quartile Quartile Quartile

Earnings
correlation 0.441 0.435 0.328 0.435 0.341 0.139 0.403

(s.e.) (0.032) (0.046) (0.056) (0.080) (0.079) (0.066) (0.061)

ind'l component 0.226 0.243 0.206 0.260 0.232 0.253 0.178
(s.e.) (0.016) (0.027) (0.019) (0.042) (0.036) (0.031) (0.022)

obs 14844 6964 7880 3264 3700 3702 4178
ind'ls 2210 1093 1117 538 555 548 569

families 1753 892 861 435 457 435 426

Family Income
correlation 0.389 0.371 0.269 0.293 0.325 0.066 0.333

(s.e.) (0.038) (0.043) (0.059) (0.082) (0.074) (0.082) (0.068)

ind'l component 0.311 0.349 0.276 0.422 0.296 0.360 0.231
(s.e.) (0.022) (0.037) (0.025) (0.064) (0.044) (0.046) (0.029)

obs 14633 6931 7702 3261 3670 3644 4058
ind'ls 2217 1101 1116 545 556 550 566

families 1758 897 861 439 458 436 425

Wages
correlation 0.495 0.489 0.403 0.523 0.413 0.317 0.391

(s.e.) (0.033) (0.047) (0.043) (0.085) (0.080) (0.086) (0.050)

ind'l component 0.115 0.117 0.112 0.105 0.128 0.115 0.118
(s.e.) (0.009) (0.015) (0.011) (0.021) (0.022) (0.018) (0.015)

obs 14170 6579 7591 3052 3527 3540 4051
ind'ls 2177 1075 1102 529 546 538 564

families 1731 878 853 427 451 429 424

Hours
correlation 0.382 0.486 0.190 0.454 0.478 0.100 0.285

(s.e.) (0.060) (0.084) (0.078) (0.088) (0.113) (0.111) (0.094)

ind'l component 0.040 0.040 0.038 0.052 0.030 0.046 0.030
(s.e.) (0.004) (0.006) (0.004) (0.010) (0.008) (0.007) (0.005)

obs 14902 7027 7875 3365 3662 3688 4187
ind'ls 2200 1089 1111 539 550 542 569

families 1748 889 859 436 453 432 427



Table 8: Sibling Correlation and Variation in Selected Non-Economic Outcomes by Initial Family Income
REML, representative sample, unweighted, include singletons

Below Above First Second Third Fourth
Median Median Quartile Quartile Quartile Quartile

Yrs of Educ.
  All Siblings

correlation 0.580 0.535 0.552 0.535 0.506 0.510 0.555
(s.e.) (0.011) (0.021) (0.014) (0.031) (0.025) (0.021) (0.019)

ind'l comp. 2.421 2.522 2.335 2.686 2.369 2.328 2.353
(s.e.) (0.081) (0.124) (0.106) (0.191) (0.162) (0.155) (0.146)

  Brothers
correlation 0.594 0.555 0.564 0.581 0.495 0.600 0.502

(s.e.) (0.015) (0.022) (0.023) (0.033) (0.032) (0.030) (0.038)

ind'l comp. 2.391 2.486 2.328 2.411 2.595 2.015 2.620
(s.e.) (0.144) (0.221) (0.190) (0.305) (0.325) (0.251) (0.288)

  Sisters
correlation 0.583 0.530 0.578 0.519 0.497 0.383 0.660

(s.e.) (0.017) (0.033) (0.021) (0.038) (0.041) (0.036) (0.027)

ind'l comp. 2.253 2.403 2.086 2.680 2.181 2.645 1.728
(s.e.) (0.145) (0.219) (0.186) (0.352) (0.279) (0.363) (0.200)

AFQT scores
  All Siblings

correlation 0.610 0.617 0.499 0.645 0.551 0.466 0.498
(s.e.) (0.009) (0.014) (0.016) (0.023) (0.022) (0.022) (0.023)

ind'l comp. 320.9 288.3 346.5 237.2 335.5 377.8 320.0
(s.e.) (11.1) (14.9) (15.9) (18.1) (23.7) (25.1) (20.2)

  Brothers
correlation 0.594 0.620 0.485 0.620 0.561 0.443 0.495

(s.e.) (0.012) (0.017) (0.024) (0.027) (0.026) (0.036) (0.028)

ind'l comp. 351.5 309.1 377.3 274.0 348.2 429.7 331.5
(s.e.) (22.0) (30.1) (30.0) (38.8) (47.1) (49.3) (36.3)

  Sisters
correlation 0.606 0.650 0.446 0.703 0.574 0.492 0.360

(s.e.) (0.013) (0.018) (0.026) (0.023) (0.034) (0.025) (0.039)

ind'l comp. 299.7 236.1 361.9 171.0 290.9 337.1 379.7
(s.e.) (19.1) (21.8) (31.4) (24.5) (35.4) (46.0) (42.4)

Notes:   Shaded areas represent statistically significant differences at the 5 percent level.  Tests are only 
conducted for differences between: below median and above median; first quartile and second quartile; and 
third quartile and fourth quartile. 



Table 8: Sibling Correlation and Variation in Selected 
Non-Economic Outcomes by Initial Family Income (cont.)

REML, representative sample, unweighted, include singletons

Below Above First Second Third Fourth
Median Median Quartile Quartile Quartile Quartile

Height
  Brothers

correlation 0.482 0.576 0.352 0.544 0.614 0.331 0.375
(s.e.) (0.018) (0.018) (0.036) (0.025) (0.021) (0.056) (0.045)

ind'l comp. 4.482 4.035 4.899 4.703 3.327 4.969 4.809
(s.e.) (0.286) (0.383) (0.424) (0.617) (0.461) (0.598) (0.598)

  Sisters
correlation 0.458 0.430 0.460 0.503 0.368 0.524 0.400

(s.e.) (0.020) (0.031) (0.023) (0.027) (0.054) (0.028) (0.033)

ind'l comp. 3.995 4.535 3.523 3.760 5.249 3.217 3.754
(s.e.) (0.265) (0.434) (0.325) (0.519) (0.695) (0.454) (0.455)

Weight
  Brothers

correlation 0.332 0.362 0.291 0.417 0.273 0.348 0.181
(s.e.) (0.025) (0.031) (0.037) (0.045) (0.051) (0.043) (0.055)

ind'l comp. 759.2 815.2 706.1 852.6 794.5 755.8 678.0
(s.e.) (48.9) (77.4) (61.1) (112.3) (111.1) (92.2) (83.4)

  Sisters
correlation 0.297 0.303 0.285 0.252 0.343 0.229 0.347

(s.e.) (0.030) (0.037) (0.053) (0.051) (0.043) (0.083) (0.059)

ind'l comp. 870.7 916.6 818.4 1131.5 715.0 893.1 740.4
(s.e.) (53.0) (86.0) (64.7) (143.3) (101.6) (96.1) (84.6)

BMI
  Brothers

correlation 0.276 0.276 0.259 0.329 0.205 0.331 0.141
(s.e.) (0.031) (0.043) (0.036) (0.059) (0.054) (0.043) (0.056)

ind'l comp. 14.25 16.69 12.03 17.74 15.76 13.42 10.60
(s.e.) (0.949) (1.674) (1.038) (2.503) (2.256) (1.716) (1.179)

  Sisters
correlation 0.309 0.317 0.282 0.292 0.304 0.242 0.345

(s.e.) (0.038) (0.034) (0.065) (0.049) (0.055) (0.087) (0.051)

ind'l comp. 23.64 25.71 21.20 29.76 22.37 22.13 19.65
(s.e.) (1.487) (2.584) (1.656) (4.261) (3.163) (2.241) (2.395)

Notes:   Shaded areas represent statistically significant differences at the 5 percent level.  Tests are only 
conducted for differences between: below median and above median; first quartile and second quartile; and 
third quartile and fourth quartile. 



Table 9:  Brother Correlation in Economic Outcomes by Race

REML estimates, full sample, weighted

All Whites Blacks Hispanics
Earnings

correlation 0.492 0.431 0.336 0.467
(s.e.) (0.024) (0.038) (0.052) (0.059)

ind'l comp. 0.201 0.195 0.304 0.199
(s.e.) (0.012) (0.014) (0.031) (0.026)

obs 33567 18617 8889 6061
ind'ls 5213 2904 1399 910

families 4303 2460 1108 738

Family Income
correlation 0.466 0.381 0.308 0.450

(s.e.) (0.024) (0.042) (0.053) (0.055)

ind'l comp. 0.271 0.259 0.419 0.285
(s.e.) (0.015) (0.019) (0.042) (0.036)

obs 32371 17793 8677 5901
ind'ls 5164 2860 1396 908

families 4248 2416 1099 736

Wages
correlation 0.536 0.487 0.466 0.518

(s.e.) (0.022) (0.027) (0.073) (0.078)

ind'l comp. 0.099 0.108 0.114 0.102
(s.e.) (0.006) (0.009) (0.016) (0.016)

obs 31528 17743 8086 5699
ind'ls 5102 2851 1356 895

families 4215 2420 1073 725

Annual Hours
correlation 0.392 0.288 0.404 0.406

(s.e.) (0.042) (0.055) (0.066) (0.072)

ind'l comp. 0.036 0.036 0.050 0.036
(s.e.) (0.003) (0.003) (0.007) (0.006)

obs 33511 18504 8922 6085
ind'ls 5179 2889 1386 904

families 4275 2449 1099 729

Notes:   Shaded areas represent statistically significant differences between whites and blacks or whites and 
Hispanics at the 5 percent level.  



Table 10: Sibling Correlation and Variation in Selected Non-Economic Outcomes by Race

REML, representative sample, unweighted, include singletons

All Whites Blacks Hispanics
Yrs of Educ.
  All Siblings

correlation 0.602 0.594 0.538 0.608
(s.e.) (0.008) (0.012) (0.026) (0.035)

ind'l comp. 2.399 1.997 2.797
(s.e.) (0.087) (0.174) (0.321)

  Brothers
correlation 0.622 0.597 0.618 0.670

(s.e.) (0.012) (0.015) (0.038) (0.039)

ind'l comp. 2.524 1.653 2.173
(s.e.) (0.163) (0.280) (0.416)

  Sisters
correlation 0.602 0.577 0.717 0.557

(s.e.) (0.013) (0.014) (0.022) (0.057)

ind'l comp. 2.351 1.228 3.408
(s.e.) (0.164) (0.197) (0.796)

AFQT scores
  All Siblings

correlation 0.619 0.542 0.549 0.601
(s.e.) (0.008) (0.010) (0.037) (0.039)

ind'l comp. 342.8 209.5 265.4
(s.e.) (12.7) (19.1) (32.6)

  Brothers
correlation 0.540 0.624 0.621

(s.e.) (0.013) (0.049) (0.035)

ind'l comp. 374.7 188.5 284.0
(s.e.) (24.8) (33.4) (63.3)

  Sisters
correlation 0.516 0.502 0.771

(s.e.) (0.015) (0.055) (0.022)

ind'l comp. 329.6 209.2 129.4
(s.e.) (22.5) (34.2) (29.7)



Table 11: Contributions to the the Brother Correlation in Economic Outcomes

REML estimates using full sample and weights

Table 3 estimate

contrib % contrib % contrib % contrib %

Parent Income 0.169 36% 0.178 41% 0.145 27% 0.077 21%

Human Capital 0.248 51% 0.261 57% 0.252 47% 0.070 20%

Education 0.215 44% 0.223 48% 0.209 39% 0.062 16%

AFQT scores 0.217 45% 0.233 51% 0.219 41% 0.066 18%

Physical Characteristics 0.027 5% 0.035 7% 0.024 5% 0.015 4%

Height 0.024 5% 0.031 7% 0.023 4% 0.013 3%

Weight 0.006 1% 0.011 2% 0.002 0% 0.007 2%

BMI 0.001 0% 0.009 2% 0.004 1% 0.000 0%

Illegal Behavior 0.108 22% 0.111 24% 0.043 8% 0.112 28%

Jail 0.112 23% 0.122 26% 0.042 8% 0.112 29%

Illegal Drug Use 0.001 0% 0.006 1% 0.005 1% 0.003 1%

Psychological Char. 0.094 20% 0.096 21% 0.097 18% 0.029 8%

Rotter Scale 0.050 10% 0.054 12% 0.058 11% 0.009 2%

Self Esteem 0.073 15% 0.076 17% 0.068 12% 0.027 8%

Occupation 0.289 59% 0.288 62% 0.291 54% 0.204 52%

All except occupation 0.311 65% 0.310 73% 0.294 56% 0.140 45%

All 0.382 80% 0.360 84% 0.380 71% 0.230 73%

Earnings Family Income Wages Hours

Upper Bound estimates of the contribution to the correlation from…

0.492 0.466 0.536 0.392



1 

Working Paper Series 
 

A series of research studies on regional economic issues relating to the Seventh Federal 
Reserve District, and on financial and economic topics. 

 
Does Bank Concentration Lead to Concentration in Industrial Sectors? WP-01-01 
Nicola Cetorelli 
 
On the Fiscal Implications of Twin Crises WP-01-02 
Craig Burnside, Martin Eichenbaum and Sergio Rebelo 
 
Sub-Debt Yield Spreads as Bank Risk Measures WP-01-03 
Douglas D. Evanoff and Larry D. Wall 
 
Productivity Growth in the 1990s: Technology, Utilization, or Adjustment? WP-01-04 
Susanto Basu, John G. Fernald and Matthew D. Shapiro 
 
Do Regulators Search for the Quiet Life?  The Relationship Between Regulators and 
The Regulated in Banking WP-01-05 
Richard J. Rosen 
 
Learning-by-Doing, Scale Efficiencies, and Financial Performance at Internet-Only Banks  WP-01-06 
Robert DeYoung 
 
The Role of Real Wages, Productivity, and Fiscal Policy in Germany’s  
Great Depression 1928-37 WP-01-07 
Jonas D. M. Fisher and Andreas Hornstein 
 
Nominal Rigidities and the Dynamic Effects of a Shock to Monetary Policy WP-01-08 
Lawrence J. Christiano, Martin Eichenbaum and Charles L. Evans 
 
Outsourcing Business Service and the Scope of Local Markets WP-01-09 
Yukako Ono 
 
The Effect of Market Size Structure on Competition:  The Case of Small Business Lending WP-01-10 
Allen N. Berger, Richard J. Rosen and Gregory F. Udell 
 
Deregulation, the Internet, and the Competitive Viability of Large Banks  WP-01-11 
and Community Banks 
Robert DeYoung and William C. Hunter 
 
Price Ceilings as Focal Points for Tacit Collusion: Evidence from Credit Cards WP-01-12 
Christopher R. Knittel and Victor Stango 
 
Gaps and Triangles WP-01-13 
Bernardino Adão, Isabel Correia and Pedro Teles 
 
A Real Explanation for Heterogeneous Investment Dynamics WP-01-14 
Jonas D.M. Fisher 
 
Recovering Risk Aversion from Options WP-01-15 
Robert R. Bliss and Nikolaos Panigirtzoglou 
 
Economic Determinants of the Nominal Treasury Yield Curve WP-01-16 
Charles L. Evans and David Marshall 
 
 



2 

Working Paper Series (continued)  
 
Price Level Uniformity in a Random Matching Model with Perfectly Patient Traders WP-01-17 
Edward J. Green and Ruilin Zhou 
 
Earnings Mobility in the US:  A New Look at Intergenerational Inequality WP-01-18 
Bhashkar Mazumder 
The Effects of Health Insurance and Self-Insurance on Retirement Behavior WP-01-19 
Eric French and John Bailey Jones 
 
The Effect of Part-Time Work on Wages:  Evidence from the Social Security Rules WP-01-20 
Daniel Aaronson and Eric French 
 
Antidumping Policy Under Imperfect Competition WP-01-21 
Meredith A. Crowley 
 
Is the United States an Optimum Currency Area?  
An Empirical Analysis of Regional Business Cycles WP-01-22 
Michael A. Kouparitsas 
 
A Note on the Estimation of Linear Regression Models with Heteroskedastic  
Measurement Errors WP-01-23 
Daniel G. Sullivan 
 
The Mis-Measurement of Permanent Earnings: New Evidence from Social WP-01-24 
Security Earnings Data 
Bhashkar Mazumder 
 
Pricing IPOs of Mutual Thrift Conversions: The Joint Effect of Regulation 
and Market Discipline WP-01-25 
Elijah Brewer III, Douglas D. Evanoff and Jacky So 
 
Opportunity Cost and Prudentiality: An Analysis of Collateral Decisions in 
Bilateral and Multilateral Settings WP-01-26 
Herbert L. Baer, Virginia G. France and James T. Moser 
 
Outsourcing Business Services and the Role of Central Administrative Offices  WP-02-01 
Yukako Ono 
 
Strategic Responses to Regulatory Threat in the Credit Card Market* WP-02-02 
Victor Stango 
 
The Optimal Mix of Taxes on Money, Consumption and Income WP-02-03 
Fiorella De Fiore and Pedro Teles 
 
Expectation Traps and Monetary Policy WP-02-04 
Stefania Albanesi, V. V. Chari and Lawrence J. Christiano 
 
Monetary Policy in a Financial Crisis WP-02-05 
Lawrence J. Christiano, Christopher Gust and Jorge Roldos 
 
Regulatory Incentives and Consolidation: The Case of Commercial Bank Mergers 
and the Community Reinvestment Act WP-02-06 
Raphael Bostic, Hamid Mehran, Anna Paulson and Marc Saidenberg 
 
 



3 

Working Paper Series (continued)  
 
Technological Progress and the Geographic Expansion of the Banking Industry WP-02-07 
Allen N. Berger and Robert DeYoung 
 
Choosing the Right Parents:  Changes in the Intergenerational Transmission  WP-02-08 
of Inequality  Between 1980 and the Early 1990s 
David I. Levine and Bhashkar Mazumder 
 
The Immediacy Implications of Exchange Organization WP-02-09 
James T. Moser 
 
Maternal Employment and Overweight Children  WP-02-10 
Patricia M. Anderson, Kristin F. Butcher and Phillip B. Levine 
 
The Costs and Benefits of Moral Suasion:  Evidence from the Rescue of  WP-02-11 
Long-Term Capital Management 
Craig Furfine 
 
On the Cyclical Behavior of Employment, Unemployment and Labor Force Participation WP-02-12 
Marcelo Veracierto 
 
Do Safeguard Tariffs and Antidumping Duties Open or Close Technology Gaps? WP-02-13 
Meredith A. Crowley 
 
Technology Shocks Matter WP-02-14 
Jonas D. M. Fisher 
 
Money as a Mechanism in a Bewley Economy WP-02-15 
Edward J. Green and Ruilin Zhou 
 
Optimal Fiscal and Monetary Policy:  Equivalence Results WP-02-16 
Isabel Correia, Juan Pablo Nicolini and Pedro Teles 
 
Real Exchange Rate Fluctuations and the Dynamics of Retail Trade Industries WP-02-17 
on the U.S.-Canada Border 
Jeffrey R. Campbell and Beverly Lapham 
 
Bank Procyclicality, Credit Crunches, and Asymmetric Monetary Policy Effects:   WP-02-18 
A Unifying Model 
Robert R. Bliss and George G. Kaufman 
 
Location of Headquarter Growth During the 90s WP-02-19 
Thomas H. Klier 
 
The Value of Banking Relationships During a Financial Crisis:  WP-02-20 
Evidence from Failures of Japanese Banks 
Elijah Brewer III, Hesna Genay, William Curt Hunter and George G. Kaufman 
 
On the Distribution and Dynamics of Health Costs WP-02-21 
Eric French and John Bailey Jones 
 
The Effects of Progressive Taxation on Labor Supply when Hours and Wages are  WP-02-22 
Jointly Determined  
Daniel Aaronson and Eric French 



4 

Working Paper Series (continued)  
 
Inter-industry Contagion and the Competitive Effects of Financial Distress Announcements:  WP-02-23 
Evidence from Commercial Banks and Life Insurance Companies  
Elijah Brewer III and William E. Jackson III 
 
State-Contingent Bank Regulation With Unobserved Action and WP-02-24 
Unobserved Characteristics 
David A. Marshall and Edward Simpson Prescott 
 
Local Market Consolidation and Bank Productive Efficiency WP-02-25 
Douglas D. Evanoff and Evren Örs 
 
Life-Cycle Dynamics in Industrial Sectors. The Role of Banking Market Structure WP-02-26 
Nicola Cetorelli 
 
Private School Location and Neighborhood Characteristics WP-02-27 
Lisa Barrow 
 
Teachers and Student Achievement in the Chicago Public High Schools WP-02-28 
Daniel Aaronson, Lisa Barrow and William Sander 
 
The Crime of 1873: Back to the Scene WP-02-29 
François R. Velde 
 
Trade Structure, Industrial Structure, and International Business Cycles WP-02-30 
Marianne Baxter and Michael A. Kouparitsas 
 
Estimating the Returns to Community College Schooling for Displaced Workers WP-02-31 
Louis Jacobson, Robert LaLonde and Daniel G. Sullivan 
 
A Proposal for Efficiently Resolving Out-of-the-Money Swap Positions  WP-03-01 
at Large Insolvent Banks 
George G. Kaufman 
 
Depositor Liquidity and Loss-Sharing in Bank Failure Resolutions WP-03-02 
George G. Kaufman 
 
Subordinated Debt and Prompt Corrective Regulatory Action WP-03-03 
Douglas D. Evanoff and Larry D. Wall 
 
When is Inter-Transaction Time Informative? WP-03-04 
Craig Furfine 
 
Tenure Choice with Location Selection: The Case of Hispanic Neighborhoods WP-03-05 
in Chicago  
Maude Toussaint-Comeau and Sherrie L.W. Rhine 
 
Distinguishing Limited Commitment from Moral Hazard in Models of WP-03-06 
Growth with Inequality* 
Anna L. Paulson and Robert Townsend 
 
Resolving Large Complex Financial Organizations WP-03-07 
Robert R. Bliss 



5 

Working Paper Series (continued)  
 
The Case of the Missing Productivity Growth: WP-03-08 
Or, Does information technology explain why productivity accelerated in the United States 
but not the United Kingdom? 
Susanto Basu, John G. Fernald, Nicholas Oulton and Sylaja Srinivasan 
 
Inside-Outside Money Competition WP-03-09 
Ramon Marimon, Juan Pablo Nicolini and Pedro Teles 
 
The Importance of Check-Cashing Businesses to the Unbanked: Racial/Ethnic Differences WP-03-10 
William H. Greene, Sherrie L.W. Rhine and Maude Toussaint-Comeau 
 
A Structural Empirical Model of Firm Growth, Learning, and Survival WP-03-11 
Jaap H. Abbring and Jeffrey R. Campbell 
 
Market Size Matters WP-03-12 
Jeffrey R. Campbell and Hugo A. Hopenhayn 
 
The Cost of Business Cycles under Endogenous Growth WP-03-13 
Gadi Barlevy 
 
The Past, Present, and Probable Future for Community Banks WP-03-14 
Robert DeYoung, William C. Hunter and Gregory F. Udell 
 
Measuring Productivity Growth in Asia: Do Market Imperfections Matter? WP-03-15 
John Fernald and Brent Neiman 
 
Revised Estimates of Intergenerational Income Mobility in the United States WP-03-16 
Bhashkar Mazumder 
 
Product Market Evidence on the Employment Effects of the Minimum Wage WP-03-17 
Daniel Aaronson and Eric French 
 
Estimating Models of On-the-Job Search using Record Statistics WP-03-18 
Gadi Barlevy 
 
Banking Market Conditions and Deposit Interest Rates  WP-03-19 
Richard J. Rosen 
 
Creating a National State Rainy Day Fund: A Modest Proposal to Improve Future  WP-03-20 
State Fiscal Performance  
Richard Mattoon 
 
Managerial Incentive and Financial Contagion  WP-03-21 
Sujit Chakravorti, Anna Llyina and Subir Lall 
 
Women and the Phillips Curve: Do Women’s and Men’s Labor Market Outcomes  WP-03-22 
Differentially Affect Real Wage Growth and Inflation? 
Katharine Anderson, Lisa Barrow and Kristin F. Butcher 
 
Evaluating the Calvo Model of Sticky Prices WP-03-23 
Martin Eichenbaum and Jonas D.M. Fisher 
 
 



6 

Working Paper Series (continued)  
 
The Growing Importance of Family and Community: An Analysis of Changes in the WP-03-24 
Sibling Correlation in Earnings 
Bhashkar Mazumder and David I. Levine 
 
Should We Teach Old Dogs New Tricks? The Impact of Community College Retraining WP-03-25 
on Older Displaced Workers 
Louis Jacobson, Robert J. LaLonde and Daniel Sullivan 
 
Trade Deflection and Trade Depression  WP-03-26 
Chad P. Brown and Meredith A. Crowley 
 
China and Emerging Asia: Comrades or Competitors?  WP-03-27 
Alan G. Ahearne, John G. Fernald, Prakash Loungani and John W. Schindler 
 
International Business Cycles Under Fixed and Flexible Exchange Rate Regimes  WP-03-28 
Michael A. Kouparitsas 
 
Firing Costs and Business Cycle Fluctuations  WP-03-29 
Marcelo Veracierto 
 
Spatial Organization of Firms  WP-03-30 
Yukako Ono 
 
Government Equity and Money: John Law’s System in 1720 France  WP-03-31 
François R. Velde 
 
Deregulation and the Relationship Between Bank CEO  WP-03-32 
Compensation and Risk-Taking 
Elijah Brewer III, William Curt Hunter and William E. Jackson III 
 
Compatibility and Pricing with Indirect Network Effects: Evidence from ATMs  WP-03-33 
Christopher R. Knittel and Victor Stango 
 
Self-Employment as an Alternative to Unemployment  WP-03-34 
Ellen R. Rissman 
 
Where the Headquarters are – Evidence from Large Public Companies 1990-2000  WP-03-35 
Tyler Diacon and Thomas H. Klier 
 
Standing Facilities and Interbank Borrowing: Evidence from the Federal Reserve’s  WP-04-01 
New Discount Window  
Craig Furfine 
 
Netting, Financial Contracts, and Banks: The Economic Implications  WP-04-02 
William J. Bergman, Robert R. Bliss, Christian A. Johnson and George G. Kaufman 
 
Real Effects of Bank Competition  WP-04-03 
Nicola Cetorelli 
 
Finance as a Barrier To Entry: Bank Competition and Industry Structure in  WP-04-04 
Local U.S. Markets? 
Nicola Cetorelli and Philip E. Strahan 
 
 
 



7 

Working Paper Series (continued)  
 
The Dynamics of Work and Debt  WP-04-05 
Jeffrey R. Campbell and Zvi Hercowitz 
 
Fiscal Policy in the Aftermath of 9/11  WP-04-06 
Jonas Fisher and Martin Eichenbaum 
 
Merger Momentum and Investor Sentiment: The Stock Market Reaction 
To Merger Announcements  WP-04-07 
Richard J. Rosen 
 
Earnings Inequality and the Business Cycle  WP-04-08 
Gadi Barlevy and Daniel Tsiddon 
 
Platform Competition in Two-Sided Markets:  The Case of Payment Networks WP-04-09 
Sujit Chakravorti and Roberto Roson 
 
Nominal Debt as a Burden on Monetary Policy  WP-04-10 
Javier Díaz-Giménez, Giorgia Giovannetti, Ramon Marimon, and Pedro Teles 
 
On the Timing of Innovation in Stochastic Schumpeterian Growth Models  WP-04-11 
Gadi Barlevy 
 
Policy Externalities: How US Antidumping Affects Japanese Exports to the EU WP-04-12 
Chad P. Bown and Meredith A. Crowley 
 
Sibling Similarities, Differences and Economic Inequality WP-04-13 
Bhashkar Mazumder 
 


	Sibs 8-02-04.pdf
	1.Introduction
	2.Background and Literature Review
	
	
	Why study the sibling correlation?
	Previous studies on sibling correlations in economic outcomes
	Sibling differences and theories of family allocation
	Statistical Models and Estimation
	
	Sibling Correlations: Base Model
	Sibling Correlations: Model with Serially Correlated Transitory Component
	Attributing the Sibling Correlation to Observable Characteristics
	Sibling Correlation in Other Outcomes

	3.Data
	Base Model for Economic Outcomes
	Model with Autocorrelated Errors
	Sibling Correlations in Non Economic Outcomes







