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Abstract 

This paper explores how observed and unobserved parental investments compensate for low 
birth weight.  Controlling for family fixed effects, which encompass unobserved parental 
investment, we find birth weight positively correlates with math and reading scores and these 
estimates are considerably larger in magnitude than estimates derived from models that do not 
control for family fixed effects.  Additionally, we examine how three specific parental 
investments ⎯ kindergarten entrance age, maternal labor supply, and family size ⎯ interact 
with birth weight in models of child test scores.  Of these investments, only smaller family size 
conveys particular advantage to low birth weight children. 
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1.  Introduction 

An extensive body of empirical research has shown that low birth weight (traditionally defined 
as weighing less than 2,500 grams) is associated with a wide range of poor outcomes in infancy, 
childhood, and adulthood (Aylward, et al., 1989).  Controlling for family background 
characteristics like race, mother’s education, and family income, low birth weight children suffer 
higher levels of neo- and post-natal mortality (MacDorman and Atkinson, 1999; McCormick, 
1985), higher incidences of childhood morbidity (McCormick, 1985; Paneth, 1995; Brooks, et al., 
2001), score lower on standardized tests (Lee and Barratt, 1993; Strauss, 2000; Richards, et al., 
2001; Matte, et al., 2001), perform worse in school (McCormick, et al., 1990; Corman and 
Chiakind, 1993; Conley and Bennet, 2000), and have lower wages and employment as adults 
(Behrman and Rosenzweig, 2004; Currie and Hyson, 1999) than normal birth weight children.  
Because birth weight is at least in part the product of unmeasured genetic and behavioral factors 
that could themselves affect later outcomes in children, however, we cannot be certain whether 
these reported correlations should be interpreted causally.   

A number of recent papers have employed data on identical twins in an effort to estimate the 
causal effect of birth weight on later outcomes (Behrman and Rosenzweig, 2004; Almond, et al., 
2002; Conley, et al., 2003).  Since identical twins possess identical genetic endowments and share 
a common in-utero environment, the correlation between within-twin differences in birth weight 
and later outcomes effectively controls for two important potential sources of unobserved 
heterogeneity between low and normal birth weight children.  Assuming genetic endowments 
and pre-natal parental investments are positively correlated with both birth weight and later 
outcomes, we would expect twin estimates of the effect of birth weight on later outcomes to be 
smaller in magnitude than those resulting from purely cross-sectional estimators. 

When examining longer-term outcomes, like educational attainment or wages, one must also 
consider the possibility that post-natal parental investment responds systematically to birth 
weight.  For example, parents may devote relatively more resources to their low birth weight 
children in an effort to mitigate some of the negative consequences of low birth weight.  On the 
other hand, it is equally possible that parents choose to devote more resources to their healthier 
children if the marginal returns to those investments are comparatively high and equity of 
investment is not a priority (Behrman, 1997).  In either case, failure to control for post-natal 
parental investment can lead to biased estimates of the effect of birth weight on later outcomes. 

In this paper, we examine the interaction of birth weight and post-natal parental investment in 
the production of later outcomes.  Specifically, we estimate how variation in birth weight 
between siblings correlates with variation in cognitive test scores between siblings and estimate 
how these correlations vary with three measures of post-natal parental investment: kindergarten 
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entrance age, maternal labor supply, and family size.  While there is mixed evidence on the 
question of whether delaying school entry or delaying return to work benefits younger children 
in general (e.g., Datar, 2003; Mayer and Knutson, 1999; Neidell, 2000; Baum, 2003; Ruhm, 2004), it 
is reasonable to treat the deliberate choice of parents to delay school entry or return to work as 
positive and costly investments in their children.  We treat smaller family size as a form of 
parental investment, hypothesizing, as in Becker (1991), that children in smaller families, all else 
equal, will receive more investment than children in larger families. 

We further test whether these three parental investments, all of which in some sense capture 
early time investments, differentially benefit low birth weight children.  One characteristic of low 
birth weight children is their relative immaturity.  Low birth weight children are more likely to 
be born prematurely and, as we show below, low birth weight children tend to be small for their 
age, at least in early childhood.  If low birth weight children are indeed delayed is some aspects 
of their physical or cognitive development, they might particularly benefit from more intensive 
parental time investments, especially when young.   

We use data from the National Longitudinal Survey of Youth—Child (NLSY-C) file, which has 
collected data on children born to a nationally representative sample of mothers biennially since 
1986.  Because the data is collected for all children born to a given mother and the mother herself, 
we can estimate the effect of birth weight on test scores controlling for both observed and 
unobserved family background characteristics.  As we make clear below, however, our estimates 
cannot be interpreted as causal estimates of the effect of birth weight on test scores.  A model 
with family fixed effects, like the model we estimate, controls only for family background 
variables shared in common among siblings.  Our empirical approach does not control for sibling 
differences in genetic endowments and unobserved parental investments.  Our estimates do 
constitute an improvement over purely cross-sectional estimates to the extent that unmeasured 
fixed family characteristics are correlated with both birth weight and test scores.  While our 
estimates do not tell us whether increasing birth weight will improve children’s test scores, they 
do indicate whether specific parental investments can compensate for low birth weight, whatever 
the proximate cause of low birth weight might be. 

We find that, net of family fixed effects, a one kilogram increase in birth weight is correlated with 
a 2.1 percent increase in math scores and a 1.5 percent increase in reading test scores.  These 
fixed-effects estimates do not vary with grade-level and are equally strong above and below the 
median birth weight in our sample.  Of considerable interest is the finding that our fixed-effects 
estimates are substantially larger in magnitude than our non-fixed-effects estimates.  Because our 
non fixed-effects estimates do include some controls for mother-level endowments, we interpret 
this finding as evidence that unobserved parental investments serve to mitigate the negative 
effects of low endowments and birth weight.  

In terms of specific observed parental investments, we find that mothers are somewhat more 
likely to delay kindergarten entry for their low birth weight children than their normal birth 
weight children and that mothers who were working prior to birth work less in the first year 
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following birth when that birth was to a low birth weight child.  We find that an exogenous one 
year delay in  kindergarten entrance age increases math scores by about eight percent and 
reading scores by about six percent, but that maternal labor supply following birth has little 
impact on test scores.  We find little evidence that low birth weight children differentially benefit 
from delayed kindergarten entrance or curtailed maternal labor supply.  Low birth weight 
children do, however, fare better when raised in smaller families.    

In the following sections, we first discuss the existing empirical literature on birth weight in the 
context of an empirical model relating child outcomes to birth weight and parental investment.  
We then present in Section 3 the particular empirical approach we adopt in this paper and 
discuss the data we use from the NLSY-C.  Section 4 presents our empirical findings and Section 
5 concludes. 
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2. Birth Weight, Parental Investments and Child 
Outcomes 

Consider the following model of child outcomes: 

 
Yijt = βBWij + Preijα + Postijtδ + X ijtφ + λi +ϕ j + ε ijt   (1) 

where Yijt is the positive outcome (e.g., good health, test scores) of child i in family j at time t, 
BWij is birth weight, Preij is a vector of pre-natal parental investments, Postijt is a vector or post-
natal parental investments, Xijt is a vector of time-varying child and family characteristics, λi is a 
child-specific intercept, ϕj is a family specific intercept, and εijt is an error term.  Estimation of 
Equation (1) without controls for λi  and ϕj  typically yields a positive coefficient on β.  A purely 
causal interpretation of β  argues there is something about birth weight itself that affects later 
outcomes.  For example, the “fetal programming hypothesis” argues that basic biological 
processes, such as lipid metabolism and motor development, may be permanently altered by 
negative conditions in-utero, such as fetal malnutrition, that directly lower birth weight (Barker, 
1998, Barker, et al. 1993).  

Equation (1), though, suggests a number of reasons why purely cross-sectional estimators are 
unlikely to yield estimates of β  that can be interpreted causally.  First, birth weight could be 
correlated with unmeasured individual endowments, λi .  For example, children born with poor 
endowments that lead to poor later outcomes might also have a tendency to be low birth weight.  
Estimates of β ,then, confound endowment effects and birth weight effects.  Similarly, it is 
entirely possible that birth weight is correlated with unmeasured family endowments, ϕj, that in 
turn affect later outcomes.  Parental preferences, abilities, and general resources, for example, 
may be correlated with both birth weight and child outcomes. 

Three recent papers use data on the birth weight of twins to control simultaneously for 
individual and family level endowments.  Monozygotic (MZ) twins share identical genetic 
endowments, λi, and pre-natal environments (Preij) and so differences in birth weight between 
identical twins are thought to be attributable solely to differences in nutrition each twin receives 
in-utero (Zhang, et al, 2001).  Dizygotic (DZ) twins share the same in-utero environment, but 
have different genetic endowments. Using large samples of MZ and DZ twins, Almond, et al. 
(2002) and Conley, et al. (2003) come to different conclusions on the effect of birth weight on 
infant mortality.  Almond, et al (2002) report that that within-twin differences in birth weight are 
uncorrelated with within-twin differences in the probability of surviving past one year of life.  
Using a slightly more recent sample of twins, Conley, et al. (2003) report that a one pound 
difference in birth weight between twins is correlated with a 13 to 22 percent difference in 
neonatal mortality and a 14 percent difference in post neonatal mortality.  Both papers report that 
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their within-twin estimates of the effect of birth weight on infant mortality are significantly 
smaller in magnitude than their between-twin estimates. 

With data on female MZ twins from the Minnesota Twin Registry, Behrman and Rosenzweig 
(2004) correlate within-twin differences in birth weight with within-twin differences in adult 
outcomes.  Their estimates imply that one a pound increase in birth weight increases schooling 
attainment by one-third of one year and hourly wages by about seven percent.  Of particular 
significance to this study, Behrman and Rosenzweig (2004) also report that between-twin 
estimates understate the positive impact of birth weight on schooling attainment by as much as 50 
percent.  This is surprising, because we expect genetic endowments to be positively correlated 
with both birth weight and schooling ability, which would tend to bias between-twin estimates 
upward in magnitude.  The downward bias in their estimates, then, suggests some other 
unobserved factor, negatively correlated with endowments and positively correlated with 
outcomes, is at work. 

One such factor that is notoriously difficult to measure in survey data is parental investment.  If 
parents have strong preferences for equity, they may choose to invest relatively more in their low 
endowment children even if the net return to that investment is low relative to the return to 
investing in their high endowment children.  The evidence of a net downward bias in the effects 
of birth weight on schooling and wages reported by Behrman and Rosenzweig (2004) favors this 
hypothesis.  A number of other studies have argued that that the estimated effect of early 
indicators of health (like height in the context of developing countries) on schooling are biased 
downward in magnitude for this reason as well (Behrman and Lavy, 1998; Alderman, et al, 2001; 
Glewwe and King, 2001).  

Returning to Equation (1), it is apparent that estimates of β  generated from twin studies control 
for potential correlations between birth weight, pre-natal investments (Preij), λI, and ϕj.  The 
absence of specific controls for post-natal investments, Postijt, in twin studies, though, could still 
lead to biased estimates of  β.  The reason for this is that birth weight and genetic endowments 
are not perfectly correlated (otherwise, we would not observe any difference in birth weight 
between MZ twins) and parents of twins may concentrate investment in the twin of lower birth 
weight even though both twins possess the same genetic endowment. 

As noted in the introduction, our data do not permit us to estimate models in which we fully 
control for pre-natal investments and child-specific endowments.  We do control for family fixed  
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effects, however, by estimating the effect of deviations of birth weight from their within-family 
means on deviations of child outcomes from their within-family means: 

 
∆ jYijt = β∆ jBWij + ∆ jPreijα + ∆ jPostijtδ + ∆ jX ijtφ + λi + ε ijt   (2) 

where all variables are now of the form ∆ jYijt = Yijt − Y ij  and Y ij  is the within-family mean of Yijt.  

Note that the family-endowment effect is eliminated but the individual endowment effect 
remains, implying our estimate of β  is likely to be biased.  We elaborate on the specific variables 
we include in this model and other estimation details in Section 3. 

Other than the twin-studies just cited, we know of only one published study that employs family 
fixed effects to estimate the effect of birth weight on child outcomes as in Equation (2).  Using 
data from the Population Study of Income Dynamics (PSID), Conley and Bennett (2000) report 
that the probability of graduating from high school by age 19 is 74 percent lower for low birth 
weight individuals.  They also report, like Behrman and Rosenzweig (2004), that OLS estimates 
understate the effect of birth weight on later child outcomes.  As in the present study, Boardman, 
et al. (2002) use data from the NLSY-C to estimate how child test scores vary with birth weight.  
They, however, choose to estimate a multilevel random effects model which emphasizes 
decomposing unmeasured variance in test scores into child-level and family-level components.  
Random effects assumes these individual and family-level variance components are uncorrelated 
with the explanatory variables and so the Boardman, et al. (2002) estimates cannot be directly 
compared to those we report here.1     

Family fixed effects capture differences in pre- and post-natal parental investment that siblings 
have in common, but not investments that differ across siblings.  One innovation of this paper is 
to investigate whether child-specific measures of post-natal parental investment differentially 
affect low birth weight children.  We do this by including in Equation (2) three measures of post-
natal parental investment⎯kindergarten entrance age, maternal labor supply, and family 
size⎯and their interaction with birth weight.2  One characteristic of low birth weight children is 
their relative immaturity.  About half of low birth weight children are born prematurely (before 
37 weeks of gestation), and, in this sense, they are literally young for their age.  Low birth weight 
children are also small for their age.  In the NLSY-C, for example, controlling for ethnicity and 
gender, low birth weight children on average weigh 2.5 pounds less and are an inch shorter than 
normal birth weight children at ages four and five.3  If being “young” for one’s calendar age 
inhibits learning, then it could be that low birth weight children will particularly benefit from 
entering kindergarten at a later age.  Mothers who spend less time at work and have fewer 
                                                                 

1 In our case, a Hausman test soundly rejects the equivalence of random and fixed-effects estimates.   
2 Our approach is similar in some ways to that of Currie and Hyson (1999) who investigate whether low birth weight 

children fare better in high SES families.  They find little evidence of variation in the effects of low birth weight on 
educational attainment and labor market outcomes by SES.  They do find that high SES women of low birth weight are 
less likely to report that they are in poor or fair health than other low birth weight women.   

3 Behrman and Rosenzweig (2004) report a positive correlation between within-twin differences in birth weight and 
within-twin differences in adult height for females. 
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children to care for, may devote more attention to their children and this additional attention 
could particularly benefit less advantaged children.   

Parental investment is also endogenous in Equation (2).  Family fixed effects control for 
unobserved maternal characteristics correlated with parental investment and test scores, but do 
not address the possibility that child-level endowments impact parental investment decisions.   
For example, parents might choose to delay kindergarten entry for children who exhibit early 
signs of developmental delay.  Such an investment pattern could lead to downwardly biased 
estimates of the effect of kindergarten entrance age on later outcomes.  On the other hand, 
parents might perceive higher marginal returns to investing in their more gifted children, and, if 
equity is not a direct concern, choose to delay kindergarten for these children.  This investment 
pattern would lead to upwardly biased estimates of the effect of kindergarten entrance age.    

In the case of kindergarten entrance age, instrumental variables offers a means for identifying 
variation in kindergarten entrance age that is independent of parental investment decisions.4  In 
most states, children must turn age five by a given month in order for them to enter kindergarten 
in that school year.  California, for example, requires children to turn age five by December in 
order for them to enter kindergarten in September of that year.  Indiana, on the other hand, 
requires children to turn age five by June.  Consequently, a child who is born in July would be 
eligible to enter kindergarten at age five and two months in California and age six and two 
months in Indiana. Cut-off month along with month of birth, then, largely determine at what age 
a child will enter kindergarten.   

Using data from the Early Childhood Longitudinal Study—Kindergarten Class (ECLS-K), Datar 
(2003) finds that OLS estimates of the effect of kindergarten entrance age on children’s academic 
achievement in kindergarten and first grade are smaller in magnitude than estimates in which 
she instruments for entrance age using state cut-off months and month of birth.   Her results 
indicate that a one-year delay in kindergarten entrance has a positive and significant effect on 
children’s test scores when they begin school and that these gains persist until the end of first 
grade.  Using a similar set of instruments, Mayer and Knutson (1999) report that a one-year delay 
in kindergarten entry has no impact on math achievement scores and that a one-year delay 
actually lowers percentile scores on a reading achievement tests by two points for children 
surveyed in the NLSY-C.  

We do not attempt to instrument for maternal labor supply as in Baum (2003) and Anderson, et 
al (2002).  Baum (2003) uses local economic conditions and demographic conditions as 
instruments for maternal labor supply in models of child test scores while Anderson, et al (2002) 
uses child care regulations, child care wages, and welfare benefits as instruments for maternal 
                                                                 

4 These instrumental variables have been used in a variety of contexts including modeling the effects of kindergarten 
entrance age on test scores (Datar, 2003; Mayer and Knutson, 1999), the effect of school enrollment on maternal labor 
supply (Gelbach 2002), the effect of grade retention on high school completion rates (Eide and Showalter 2001), and 
modeling the effects of schooling on wages (Angrist and Krueger, 1991).   Some researchers (e.g., Rosenzweig and Wolpin, 
2000) have argued that these instruments may be directly correlated with the outcome of interest.  In our case, we see little 
reason to believe cut-off month and month of  birth are directly related to test scores. 
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labor supply in models of childhood obesity.  The first stage of these regressions, though, are not 
strong and, a-priori, one could plausibly argue that these instruments have direct impacts on test 
scores themselves and so do not provide truly exogenous variation in maternal labor supply for 
our purposes.5  Furthermore, our fixed-effects specification demands that our instrumental 
variables vary at the child-level.  For example, we need within-mother variation in the 
unemployment rate or child-care regulations to exert a strong and statistically significant impact 
on within-mother variation in child test scores.6   

Finding appropriate instrumental variables for family size in this context is equally challenging.  
Angrist and Evans (1998) employ the gender-mix of the first two children as an instrument for 
having a third child under the hypothesis that parents are more likely to have a third child if the 
first two are both boys or both girls.  This instrument, while promising in the first stage, only 
allows us to examine the impact of having a third child on test scores as opposed to the effect of 
family size on test scores more generally.  It is also conceivable that gender mix has a direct 
impact on child test scores.   

Without suitable instruments for maternal labor supply and family size, we must be cautious in 
how we interpret estimated coefficients in these regressions.  In the case of maternal labor 
supply, where we can employ fixed effects, the primary concern is that mothers are less likely to 
return to work following the birth of children with low endowments, inducing a spurious 
positive correlation between return to work and test scores.  Thus, the estimated coefficients on 
maternal labor supply may be biased downward in magnitude.  In the case of family size, where 
fixed-effects methods cannot be used, the concern is both that family size may proxy for fixed 
maternal characteristics (like preferences for quantity v. quality) and that mothers who have low-
endowment children may be less inclined to have additional children.  These two forms of 
endogeneity work in opposite directions and so the net direction of the bias is unknown.  We will 
return to this point below in discussing our results.  

 

 
                                                                 

5 The price of child care is perhaps the most compelling instrumental variable in this context, but, to our knowledge, 
the Department of Labor did not begin publishing a state-level child care wage series until the late 1990s.  Other 
commonly used survey data on child care prices and expenditures (e.g., the Survey of Income and Program Participation) 
is not sufficiently comprehensive for our purposes. 

6 We have experimented with IV models in which we instrument for mother’s labor supply with the state-level 
unemployment rate and child care regulations (e.g., staff/children, maximum capacity, facility minimum square footage 
requirements).  The first stage is very weak suggesting the resulting second stage estimates could be rather misleading 
(Staiger and Stock, 1997).   
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3.  Data and Measurement Issues 

We use data from the NLSY-C, which contain detailed information about the children born to 
female respondents of the National Longitudinal Survey of Youth 1979 (NLSY79).  The NLSY79 
began in 1979 with a sample of 12,686 young adults between the ages of 14 and 21.  NLSY79 
respondents were surveyed annually between 1979 and 1994 and biennially thereafter.7  The last 
available wave of data was collected in 2000.  The children of the female NLSY79 respondents 
have been surveyed biennially since 1986.  As of the 2000 survey wave, the NLSY-C had collected 
data on 11,205 children born to 6,283 mothers. 

We exploit three key features of the NLSY-C for the purposes of this paper.  First, the NLSY-C 
collects data on all children born to NLSY79 mothers, which allows us to control for family-level 
fixed effects.  Second, the NLSY-C collects birth weight data for all surveyed children.  Mothers 
are asked to report the birth weight of children in the survey wave closest to the child’s birth.  
For 82 percent of the sample, this report occurs within one year of the child’s birth and, for 92 
percent of the sample, it occurs within two years.  Nonetheless, birth weight is likely measured 
with some error, especially for women whose children were born well before the closest survey 
wave.  The third key feature of the NLSY-C is that it conducts a variety of child assessments in 
each survey wave.  In this paper, we use test score data from the Peabody Individual 
Achievement Test (PIAT), which is administered to all children ages 5-14 in each survey wave.  
The PIAT assessments provide wide-ranging measures of academic achievement in the areas of 
mathematics and reading.  We conducted our analyses separately for the PIAT Mathematics 
(PIAT-M) and Reading Recognition (PIAT-RR) assessments.  In the tables below, we report 
results for the PIAT-M alone and note in the text cases in which our analyses produced 
substantively different results when PIAT-RR was employed as the dependent variable instead. 

We employ a number of sample restrictions, which we detail in Table 1.  First, we drop the 
military and poor, non-Hispanic white subsamples.  Children of the military subsample were 
never included in the child survey and children of the poor, non-Hispanic white subsamples 
were surveyed, at most, two times.  Next, we drop observations with missing birth weight, PIAT 
scores, and interview month.  We then keep the remaining children who we observe in 
kindergarten and later grades and drop children with no data on grade repetitions and a small 
number of children whose mothers reported they repeated more than two grades in the sample.  
Finally, since we estimate models with family fixed effects, we drop children with no siblings in 
the remaining sample, leaving us with 5,452 children born to 2,118 mothers.  Over the eight 
waves of the survey, we have 17,669 observations. 
                                                                 

7 Two subsamples, the military subsample, and the poor, non-Hispanic white subsample, were dropped from the 
survey in 1984 and 1990, respectively. 
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Our three measures of parental investment are kindergarten entrance age (KEA), maternal labor 
supply, and family size.  While family size and maternal labor supply are directly reported in the 
NLSY-C, KEA is not and must be imputed.  In principle, KEA can be identified with information 
on current age, grade attended, and number of grades repeated according to the following 
identity: 

    KEAi = Age it − (Gradeit + Repeatsit )×12    (3)   

where KEAi and Ageit are measured in months, Ageit is measured when the child first enters  
Gradeit (and we assume the school year starts in the same month every year), and Repeatsit is the 
number of repeated grades between when the child first entered kindergarten and when the child 
entered Gradeit.8   We encountered a number of difficulties in computing KEA, however, in the 
NLSY-C.  First, many mothers are interviewed during the summer months, and while these 
mothers are instructed to report the grade their child just completed rather than the grade their 
child is about to enter, it is clear from the data that there is substantial misreporting of grade in 
those months.   Second, and more importantly, grade repetition in the NLSY-C is poorly reported.  
The survey first asked mothers to report which grades, if any, their child repeated in 1994.  Prior 
to 1994, mothers were asked only if their child had ever repeated a grade.  For many children, 
then, we simply do not know which grades they repeated.  Additionally, grade repetition reports 
collected in 1994, 1996, 1998, and 2000 are internally inconsistent for a substantial fraction of 
children.  For example, a mother who reports in 1994 that her child repeated first grade, may not 
report so when asked in 1996, or a mother who reports in 1992 that her child ever repeated a 
grade, may not indicate which grade this child repeated when asked in 1994.9  

Despite these measurement issues, we impute KEA according to Equation (3) for the entire 
sample.   To do this, we first impute Repeats for 565 children with missing data on which grade 
the child repeated.10   We then apply the identity in Equation (3) assuming the school year starts 
on September 1.  The resulting distribution of kindergarten entrance ages compares favorably to 
the distribution of kindergarten entrances ages directly reported in the ECLS-K, a nationally 
representative sample of children in kindergarten.  The mean estimated KEA in our weighted 
sample is 65 months; 20 percent of the sample starts kindergarten at age four, 70 percent at age 
five, and 7 percent at age six.  Mean KEA in the ECLS-K is also 65 months.  A larger fraction (88 
percent) of the weighted ECLS-K sample, though, reports beginning kindergarten at age five.    

An awkward aspect of calculating KEA in this manner is that, for 46 percent of the sample, KEA 
varies over time for the same child, which, obviously, is not possible.  Rather than arbitrarily 
taking one estimate of KEA per child, we allow KEA to vary and include a control for whether 
                                                                 

8 To be precise, skipped grades should also be included in Equation (3).  The NLSY does not report skipped grades 
and so we abstract from that issue here. 

9 An additional complication is that the grade repetition questions were asked for children in a select age range and 
that age range has changed over the course of the survey. 

10 We impute grade repeated with a Poisson model using age, grade, PIAT scores, gender, race, birth order, number 
of siblings, mother’s age at birth, mother’s AFQT, poverty status at birth, marital status, and region dummies as 
explanatory variables.  The sample is restricted as in Table 1, but uses only the last observation for each child.  Imputed 
values for grade repeated are rounded to the nearest integer. 
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KEA varies at the child-level.  We also include in all of our regressions a control for whether 
Repeats was imputed and, to partially account for potential mismeasurement of Gradeijt, controls 
for interview month (Monthijt).   

We obtain data on kindergarten entrance age policies for the years 1975-2000 from the Education 
Commission of the States, the Council of Chief State Education Officers, or from individual state 
education offices.  We can match state-level cut-off months to children in the year they turned 
age five for 80 percent of the sample.  For another eight percent of the sample, we can match 
state-level cut-off months to children in the years they turn four or six.  Eleven percent of our 
sample lives in a state in which local school boards determine age-eligibility for kindergarten and 
we could not determine the state of residence for one percent of our sample.  Rather than drop 
observations with missing KEA policy data, we include in our set of instruments a dummy 
variable for whether a child lives in a state with locally established cut-off months and a dummy 
variable indicating whether we could determine the child’s state of residence. 

We use the NLSY work history file to generate maternal labor supply measures in the two 
quarters just before birth and in the first three years following birth for each child.  We 
characterize labor supply with total hours worked and a dichotomous variable for any work at 
all.  We follow recent papers on the effect of maternal labor supply on child cognitive outcomes 
(Neidell, 2000; Baum, 2003; Ruhm, 2004) in allowing the effects of maternal labor supply to vary 
by years after birth and, as in Ruhm (2004), including a control for labor supply prior to birth.   

Our primary estimating equation is as follows: 

  
PIATijt = β1BWij + Preijβ2 + Postijβ3 +Gradeijtβ4 + β5Repeatsijt + X ijtβ6 + ε ijt        (4) 

where all variables have been transformed as in Equation (2) by subtracting within-family 
means.  Postijt measures kindergarten entrance age and maternal labor supply.  Note that in the 
case of kindergarten entrance age,  β̂3 captures both the effect of delaying kindergarten entrance 

and a pure age effect.  Two children in the same grade, having repeated the same number of 
grades, but having entered kindergarten at different ages will, by necessity, be different ages.  
We estimate Equation (4) via generalized least squares (GLS) allowing for arbitrary correlation in 
errors at the child level.  In the case of family size, we cannot employ fixed effects and so estimate 
Equation (4) via GLS on the untransformed data.  Postijt in this case is a vector of sibling dummies 
(zero, one, and two siblings, with three or more siblings serving as the excluded category). 

We employ raw rather than age-normed PIAT scores throughout.  Our motivation for using raw 
scores is that we want to know how test scores vary between children of different birth weights 
who are attending the same grade, but, because of potential differences in kindergarten entrance 
age, are not necessarily the same age.  We graph PIAT-M raw scores by birth weight and grade in 
Figure 1 for the entire sample including children with no siblings.  The graph shows that PIAT-M 
raw scores increase with grade level and birth weight.  Although Figure 1 controls for no 
covariates, it is remarkable how steadily test scores increase with birth weight.  At almost every 
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grade, lower birth weight children score lower on the PIAT-M than heavier birth weight children.  
The erratic movement of the graph line representing children born at <1,500 grams is due to  
small sample sizes.  About one percent of our sample was born at <1,500 grams, 7 percent 
between 1,501-2,499 grams, 18 percent between 2,500-3,000 grams, 51 percent between 3,001-3,700 
grams, and 23 percent at >3,700 grams. 

We choose to employ a continuous measure of birth weight for several reasons.  Most 
importantly, specific birth weight cut-points (e.g., 2,500 grams) are arbitrary (Solis, et al, 2000) 
and the data summarized in Figure 1, at least, suggest a linear relationship between birth weight 
and test scores may be appropriate.  Second, our fixed-effects strategy requires variation in birth 
weight across siblings.  Employing categorical measures of birth weight reduces within-family 
variation in birth weight considerably.  Third, we wish to compare how the estimated coefficient 
on birth weight varies across specifications, and employing a single measure of birth weight 
facilitates those comparisons.  Finally, in models in which we interact birth weight with parental 
investments, employing a single measure of birth weight greatly reduces the number of 
coefficients we must estimate.   We do note, however, that our findings are robust to alternative 
birth weight specifications.11   

We control for a number of covariates in Xijt that vary over time or between siblings.  These 
include child’s gender, birth order, mother’s age at birth, log family income, and mother’s marital 
status.  We also include the Home Observation Measurement of the Environment-Short Form 
(HOME-SF) normed score, a measure of the quality of the cognitive stimulation and emotional 
support provided by a child’s family, first developed by Caldwell and Bradley (1984).  We 
include three measures of child-specific pre-natal investments as well: the mother’s log family 
income in the year of the child’s birth and whether the mother smoked or consumed alcohol 
during pregnancy.12 

In the family size regressions, we control additionally for a range of fixed family characteristics 
including mother’s race (Hispanic, black, non-Hispanic white), mother’s highest degree attained 
by the last interview date, and the mother’s score on the Armed Forces Qualifying Test (AFQT).  
Rather than drop additional observations with missing data, we impute the value of missing 
observations with the sample mean and include dummy variables for missing data.  Notably, 
family income is missing for 16 percent of the sample.  We present summary statistics for all 
variables in Table 2. 

It is worth noting that there exists a substantial amount of variation in birth weight within 
families.  Restricting our sample to children with same-sex siblings, a simple one-way analysis of 
                                                                 

11 Birth weight is highly correlated with gestation and many researchers test for separate birth weight and gestation 
effects.  We choose not to include gestation in our models primarily because we are interested in birth weight as a marker 
of low endowments rather than its causal impact on test scores independent of gestation.  Moreover, only biological tests, 
which women typically do not undergo, can accurately gauge gestation.    

12 For a substantial fraction of children, we do not know the mother’s family income in the year of their birth.  In 
these cases, we assign family income in the year closest to the child’s birth.  Additionally, family income is reported for the 
previous calendar year.  Starting with the biennial survey years 1994 and later, then, we assign family income in the 
previous calendar year to the current survey wave. 
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variance estimates that the family-effect accounts for about 40 percent of the overall variance in 
birth weight in our sibling sample and indicates that the standard deviation of birth weight 
within families (468 grams) is 23 percent less than the overall standard deviation of birth weight 
in the overall sample (606 grams).  About 16 percent of children in this sample reside in families 
in which there is at least one child with birth weight in the range traditionally considered low 
birth weight (<2,500 grams) and one child of normal birth weight (≥2,500 grams). 
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4. Results 

We present three sets of results in this section.  First, we compare OLS (by which we mean 
models without sibling fixed effects) and fixed-effect models of birth weight and test scores.  
Second, we test whether our three measures of parental investment respond to birth weight.  
Finally, we examine how the effect of parental investment on test scores varies with birth weight. 

 

OLS v. fixed-effects 

Table 3 presents coefficient estimates generated by three models.  The first model, presented in 
column (1), regresses PIAT-M on birth weight and a set of covariates that vary at the mother-
level and, in some instances, the child-level.  The statistically significant coefficient of 0.093 
(p<0.000) on birth weight  implies a 1,000 gram (2.2 pound) increase in birth weight increases 
raw PIAT-M scores by about 0.9 points, or 2.1 percent of the sample mean.  As expected, grade-
level exerts a strong positive effect on PIAT-M while repeating a grade is strongly negatively 
correlated with PIAT-M.  Female children score lower on PIAT-M and first born children score 
higher.  Mother’s age at birth, HOME score, family income, and being married are all positively 
correlated with PIAT-M.  In the model presented in column (2), we add three mother-level fixed 
characteristics: race, highest degree attained, and AFQT.  The addition of these covariates to the 
model substantially attenuates the coefficient on birth weight to 0.055 suggesting that mother-
level endowments are positively correlated with birth weight and test scores.      

In column (3), in which we present the results of our fixed-effects model, we see that the 
coefficient on birth weight (0.081) lies between the coefficient estimates of models (1) and (2).13  
Thus, it would appear that mother-level fixed effects encompass opposing forces: mother-level 
endowments that are positively correlated with birth weight and test scores (as suggested by 
model (2)) and some other fixed effect that is negatively correlated with birth weight, yet 
positively correlated with test scores.  One possibility is that this other component of the fixed 
effect that drives the coefficient on birth weight upward in magnitude from model (2) to model 
(3) is some unobserved parental investment, either pre- or post-natal, that compensates for low 
genetic endowments correlated with birth weight.  That is, mothers who are predisposed to give 
birth to relatively low birth weight children, compensate for that tendency by investing 
comparatively more in their pregnancies and in the post-natal period.  This result is consistent 
                                                                 

13A Hausman test rejects that the estimated OLS and fixed-effects birth weight coefficients are equal.  This is 
generally true for the estimated OLS and fixed-effects coefficients reported in Table 4 and Table A-2.  
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with that of Behrman and Rosenzweig (2004) who report that the effect of birth weight increases 
in magnitude when they control for mother-level fixed effects in their sample of twins.14 

This basic pattern of results holds across a range of samples from our data  (Table 4).  Throughout 
Table 4, we see that the coefficient on birth weight decreases in magnitude between OLS models 
(1) and (2) and then increases in magnitude between OLS model (2) and the fixed-effects model  
(3) (the one exception is for the sample of males, in which the coefficient on birth weight declines 
across the three specifications).  In Panel B of Table 4, we see that the fixed-effects coefficient on 
birth weight increases in magnitude across grade-level from 0.042 at grades K-2 to 0.077 at grades 
3-5 to 0.104 at grades 6-9.  Raw PIAT-M scores also increase with grade, so the effect of birth 
weight at the means of the data increases only slightly.  A 1,000 gram increase in birth weight 
raises PIAT-M by 1.8 percent at grades K-2 and by 2.0 percent at grades 6-9.  These estimates 
suggest that, if anything, low birth weight children fall further behind their normal birth weight 
peers as they age.15            

The fixed-effects estimates of birth weight in Table 3 employ variation in birth weight between 
different gendered siblings.  Girls tend to be both lighter at birth and score lower on math tests 
and including a simple dummy variable for gender, as we do in Table 3, may not be a sufficient 
control.  In panel C of Table 4, we report estimates for same-sex siblings.  The fixed-effects 
estimates suggest that the effect of birth weight on PIAT-M is somewhat less for male children 
than for female children.  A 1,000 gram increase in birth weight raises PIAT-M by 1.5 percent 
among male siblings and 2.6 percent among female siblings.  The mean effect of birth weight on 
PIAT-M is the same for whites and blacks (Panel D).  Panel E shows that birth weight has a larger 
effect on PIAT-M for children whose mothers scored above than below the 50th percentile on the 
AFQT. 

To examine whether birth weight has non-linear effects on test scores, we divide our sample into 
siblings who all weighed at least 3,300 grams at birth (the median birth weight in our sample) 
and siblings who all weighed less than 3,300 grams at birth (Panel F).   The fixed-effects results 
suggest that birth weight has a stronger influence on birth weight in the lower half of the birth 
weight distribution than in the upper half of the birth weight distribution (a mean effect of 5.2 v. 
3.7 percent for a 1,000 gram difference in birth weight).  Notice that the OLS estimates of birth 
weight in the upper half of the birth weight distribution are negative and statistically 
insignificant.  Coupled with the large and statistically significant coefficient on birth weight in 
the fixed-effects model, this suggests that mother-level endowment effects are unimportant in the 
                                                                 

14 Our fixed-effects estimates are still biased, however, since we can not control for child-specific endowments.  To 
the extent we can generalize from twin-studies to the general population, the results of Behrman and Rosenzweig (2004) 
suggest that this pattern of results would hold nonetheless. 

15 This finding is contrary to Boardman, et al (2002), who report that their random effects specification indicates 
convergence with age in the PIAT scores of children weighing 1,500-2,499 grams with the scores of children weighing  
2500 grams or more (the scores of children weighing less than 1,500 grams do not converge by their estimates).  When we 
employ the same categorical measures of birth weight, we find that the negative effect of weighing 1,500-2,499 grams is 
only statistically significant for children ages 5-7.  Curiously, though, when we further segment birth weight with 2,500-
3,000, 3,001-3,700, and 3,701 gram and above categories, we find that the negative effect of weighing 2,500-3,000 and 3,001-
3,700 grams (relative to weighing 3,701 grams and above) actually intensifies with age. 



 

   
 16 

 
 

upper half of the birth weight distribution, but unobserved parental investment effects are 
considerable.  In the final row of Table 4, we restrict our sample to families in which at least one 
sibling weighed less than 2,500 grams and at least one sibling weighed 2,500 grams or more.  
This sample is identical to what would be used to estimate a fixed-effects coefficient on a 
dichotomous measure of low birth weight (<2,500 grams).  The mean effect of birth weight is 
about the same here as estimated for the entire sample, but note that the coefficient on birth 
weight increases across the three specifications.  

 

The effect of birth weight on parental investment 

The evidence provided thus far points to the possibility that parents compensate for low 
endowments with parental investment in the post-natal period.  In the remainder of this paper, 
we first seek direct evidence that parents compensate for low birth weight with specific parental 
investments: delaying kindergarten entrance, limiting maternal work in the post-natal period, 
and limiting family size.   We then test whether low birth weight children differentially benefit 
from these particular parental investments. 

In columns (1)-(3) of Table 5, we present the results of fixed-effects regressions of birth weight on 
kindergarten entrance age and hours worked in the first 12 months following birth.  In column 
(1), we see that birth weight exerts a small effect on kindergarten entrance age.  The estimated 
coefficient on birth weight of –0.029 (p<0.017) indicates that a 1,000 gram decrease in birth weight 
increases kindergarten entrance age (conditional on grade and grade repetitions) by about 1/3 of 
one month.  Clearly, this is not a large effect, but the estimate implies parents are slightly more 
likely to delay kindergarten entrance for their low birth weight children than they are for their 
normal birth weight children.   In addition to the regressors reported in Table 5, the regression of 
column (1) also controls for a set of instrumental variables discussed in Section 3 above.  We 
report the coefficient estimates on the instrumental variables in Table A-1 (see below).16   

In columns (2) and (3), we regress hours worked in the first year following birth on birth weight 
and the same set of covariates.  For the entire sample of siblings (column (2)), birth weight has a 
small and statistically insignificant effect on hours worked in the first year.  If we examine 
mothers who were working in either of the two quarters preceding birth (column (3)), however, 
we observe much stronger effects of birth weight.  The coefficient on birth weight in column (3) 
implies a 1,000 gram increase in birth weight raises hours worked in the first year by 103 hours.   
Together, these results suggest that birth weight has a strong effect on the decision to return to 
work for mothers with prior labor force attachment, but weak effects on hours worked for 
women with comparatively weak labor force attachment.17  
                                                                 

16 We obtain somewhat weaker results if we restrict our sample to one observation per child.  Using only the first 
observation for each child, we estimate a coefficient of 0.030 (p<0.116) on birth weight.  

17 These estimates do not account for the possibility that, for some women, birth to a low birth weight child could 
involve trauma to the woman herself, which might affect her subsequent labor supply regardless of parental investment 
considerations. 
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In results not reported here, we estimate models (2) and (3) using weeks worked and whether the 
mother worked at all as the dependent variable.  We found that birth weight has a comparable 
effect on weeks worked, but no statistically significant effect on whether the mother worked at all 
in the first year.  We also examined how birth weight affects labor supply in the second through 
fifth years following birth.  These results suggested that the strongest effects of birth weight on 
labor supply are in the first and second years following birth.18  Birth weight has small and 
statistically insignificant effects on hours worked in the third through fifth years following birth 
in the prior-work sample. 

In the final column of Table 5, we regress number of siblings on birth weight and the same set of 
covariates.  We do not employ family fixed effects in this regression since number of siblings, 
measured as of the last survey wave for each child, does not vary across siblings.  We do, 
however, control for a range of fixed mother characteristics like race, education, and AFQT in 
addition to the time-varying controls included in our fixed-effects specifications. The estimated 
coefficient on birth weight of 0.006 (p<0.015) indicates that lower birth weight children have 
more siblings than higher birth weight children, although the correlation is small in magnitude.  
Although we control for some fixed mother-level characteristics, it is entirely possible that the 
coefficient on birth weight is capturing the effect of other fixed mother characteristics correlated 
with both birth weight and family size. 

 

The interactive effect of birth weight and parental investment 

The results reported in Table 5 suggest that mothers are somewhat more likely to delay 
kindergarten entrance and, at least for mothers with some prior attachment to the labor force, 
curtail labor supply in the first year for their low birth weight children.  Regardless of how 
parental investment responds to birth weight, though, it is of interest whether these particular 
parental investments differentially benefit low birth weight children.  We examine this possibility 
in Table 6. 

In Table 6, we first introduce kindergarten entrance age to the model.  We instrument for 
kindergarten entrance age using cut-off month and month of birth.  Table A-1 presents the 
coefficient estimates for the instrumental variables (we report the estimated coefficients for the 
other covariates in column (1) of Table 5)  and associated test statistics.19  We estimate a strong 
positive effect of kindergarten entrance age on PIAT-M.  The coefficient estimate of 0.239 on 
kindergarten entrance age in column (1) of Table 6 implies that delaying kindergarten entrance 
age by one year raises PIAT-M by 2.9 points, or 7.6 percent of the sample mean.20  Note that 
                                                                 

18 We obtain comparable results when we restrict our sample to one observation per child. 
19 An F-test of the joint significance of the instrumental variables indicates these instruments are sufficiently strong 

(F(20,5400)=34.56, Prob>F=0.0000).  The instrument set also easily passes a test of overidentifying restrictions.  
20 If we restrict our sample to grades K-2, our estimate of the effect of kindergarten entrance age rises considerably.  

The estimates imply delaying kindergarten by 12 months raises mean PIAT-M by 17 percent.  Conversely, kindergarten 
entrance age has a small and statistically insignificant effect on PIAT-M in grades 6-9.   
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adding a control for kindergarten entrance age increases the fixed-effects estimate of birth weight 
from 0.081 (column (1), Table 3) to 0.088, although the two estimates do not differ at conventional 
levels of statistical significance.  The increase in the estimated coefficient on birth weight arises 
from the fact that parents are more likely to delay kindergarten entrance of their low birth weight 
children than their normal birth weight children (column (1), Table 5).   In column (2) of Table 7 
we interact birth weight with kindergarten entrance age to test whether delaying kindergarten 
entrance disproportionately benefits lower birth weight children.  The negative coefficient on the 
interaction term of –0.014, hints that low birth weight children disproportionately benefit from 
later kindergarten entrance, but the effect is quite small and statistically insignificant. 

In columns (2) and (3) of Table 6, we introduce maternal labor supply to the model.  In these 
regressions we control for labor supply in the two quarters preceding birth and then test whether 
labor supply in the first year following birth and labor supply in the second and third years 
following birth impact test scores.   In column (2) of Table 6, we show that hours of work in the 
first year following birth has a small negative, but statistically insignificant effect on PIAT-M.  
Hours of work in years two and three has no effect on PIAT-M.  Interestingly, hours of work in 
the preceding year has a small positive and statistically significant impact on test scores.  We can 
interpret this finding in one of two ways.  One interpretation is that hours worked before birth is 
causally associated with better cognitive outcomes for children.  An alternative interpretation is 
that pre-birth labor supply captures some other time-varying mother-level characteristic that is 
positively correlated with test scores.   A similar pattern of results is evident when we measure 
labor supply by whether the mother worked at all (column (3), Table 6).  In results not shown, we 
find that the effect of labor supply on PIAT-M does not vary by grade level.21 

 We interact maternal labor supply with birth weight in the models reported in columns (2) and 
(3) of Table 7.  In the hours worked model (column (2)), none of the interaction terms are 
statistically significant.  In the models employing dichotomous work variables (column (3)) the 
interaction of birth weight and work in the first year is negative and statistically significant while 
the interaction of birth weight and work in the second and third years is positive, but statistically 
insignificant.  Taken at face value, the coefficient estimates imply that work in the first year is 
disproportionately damaging to heavier birth weight children while work in the second and 
third years is disproportionately damaging to lower birth weight children.  The strong colinearity 
of work in years one, two, and three could account for this pattern of results, however.  

Finally, we examine the interaction of family size and birth weight in column (4) of Tables 5 and 
6.   To facilitate interpretation of the interaction terms, we include a dummy variable for low 
birth weight (<2,500 grams) rather than a continuous measure of birth weight.  Again, we do not 
employ family fixed effects in these regressions since we have no variation in number of siblings 
                                                                 

21 Our labor supply results are most comparable to those reported by Neidell (2000).  In fixed-effects specifications, 
Neidell also estimates small negative, but statistically insignificant effects of maternal labor supply on PIAT scores.  Both 
Baum (2003) and Ruhm (2004) report that labor supply has negative impacts on PIAT scores, but their regression 
specifications are less comparable to ours.  Both employ extensive cross-sectional controls, but neither estimate fixed-
effects models. 
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within families.  In column (4) of Table 7, we see that the negative effect of low birth weight on 
PIAT-M is largely eliminated for low birth weight children growing up in single child families.  
The sum of the main effect of low birth weight (-1.784) and the effect of the interaction of being 
low birth weight and raised in a single child family (1.606) is  –0.178.  More generally the 
estimated coefficients on the interaction terms in column (4) of Table 7 terms decline with 
number of siblings implying low birth weight children score higher on the PIAT-M when raised 
in smaller families.         

Admittedly, both birth weight and family size are endogenous in these last regressions.  
Nonetheless, if we think of birth weight as a marker for being a disadvantaged child, the 
estimates imply that disadvantaged children perform considerably better on the PIAT-M when 
they are raised in smaller families.  Since family size is also endogenous here, we do not know 
whether it is something about being raised in a small family or something about mothers who 
choose to have small families that conveys an advantage to low birth weight children.  Either 
way, it is likely that low birth weight children growing up in smaller families do receive greater 
attention and resources, enough so as to substantially diminish their disadvantage vis-à-vis 
higher birth weight children. 

We obtained qualitatively similar results throughout when examining reading scores.  Fixed-
effects estimates predict a 1,000 gram increase in birth weight increases PIAT-RR scores by 1.5 
percent.  As with math scores, this birth weight effect persists at every age.  Delaying 
kindergarten entrance age by one year increases reading scores by about six percent and 
estimates indicate that an additional sibling has a small negative impact on reading scores.  
Delaying kindergarten entrance or maternal return to work does not differentially benefit lower 
birth weight children, but lowering family size does.  The results differ in one notable manner.  
In the overall sample, OLS and fixed-effects estimates of birth weight do not differ appreciably 
(see Table A-2).  For many subsamples (i.e., grades 3-5, grades 6-9, females, <3,300 grams, ≥3,300 
grams), however, the fixed-effects estimates are larger in magnitude than OLS estimates, as we 
saw for PIAT-M in Table 4.     
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5. Conclusions 

This paper, like several before it, finds that birth weight is positively correlated with scores on 
math and reading tests.  While our estimates control for family-level fixed effects, they do not 
control for the potentially confounding influence of unobserved child-specific genetic influences 
and so cannot be interpreted causally.  That is, our estimates do not tell us whether raising birth 
weight itself will lead to higher test scores.  They do tell us, though, that birth weight is a 
significant marker of cognitive ability, a marker that is independent of any fixed characteristic of 
the mother, persists at least through the early teenage years, and one that holds across a range of 
samples from our data. 

Comparing results across OLS and fixed-effects specifications, we find suggestive evidence that 
parents compensate for low family-level endowments with post-natal parental investment.  OLS 
specifications that proxy for family-level endowments via mother’s education and AFQT scores 
generate coefficient estimates on birth weight that are nearly 50 percent smaller in magnitude 
than those generated by fixed-effects specifications.  Since mother-level fixed effects encompass 
both family endowments and family-level unobserved parental investment, we take this as 
evidence that family-level unobserved parental investments respond strongly to family-
endowments and, by extension, low birth weight. 

We find mixed evidence on the question of whether child-specific parental investments respond 
to low birth weight and whether low birth weight children differentially benefit from particular 
investments.  Fixed-effects estimates indicate that parents are more likely to delay kindergarten 
entrance for their low birth weight children, but the effect is quite small.  We find that birth 
weight impacts labor supply following birth among women who worked prior to birth and that 
birth weight is negatively correlated with family size.  We estimate that delaying kindergarten 
entrance by one year substantially increases both math and reading scores in early grades.  We 
do not find any evidence that curtailing labor supply following birth affects child test scores, 
however. 

Only in the case of family size, do we find evidence that low birth weight children differentially 
benefit from parental investment.  The disadvantage of low birth weight is virtually eliminated 
for children raised in single child families and substantially diminished for low birth weight 
children raised with just one sibling.  Although family size is endogenous in these regressions, 
this finding suggests that low birth weight children differentially benefit from the additional 
attention and resources they receive in smaller families, whether it be because of smaller family 
size itself or because of unobserved characteristics of parents who choose to limit family size. 

Many public health and welfare programs seek to reduce the incidence of low birth weight.  The 
present research does not tell us whether such programs, if successful in raising birth weight, 
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will ultimately succeed in improving later child outcomes.  This research does indicate, however, 
that family-level parental investments substantially compensate for whatever disadvantage low 
birth weight conveys.  While, we were largely unsuccessful in uncovering what specific post-
natal parental investments convey particular advantage to low birth weight children, this 
research hints that public programs that focus on the post-natal period can help low birth weight 
children catch-up to their normal birth weight peers.       
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Figures 

Figure 1: PIAT-M Raw Scores by Grade and Birth weight 
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Notes:  See Table 1 for sample restrictions.  Data source: 1986-2000 NLSY-C. 
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Tables 

Table 1: Sample Restrictions 

Restriction Children Obs. 
Universe 1986-2000 11,205 89,640 
Non-military, non-poor white sample 9,460 75,680 
Non-missing birth weight 8,370 66,960 
Non-missing PIAT scores 6,986 23,401 
Non-missing interview month 6,981 23,379 
Grades K-9 6,796 21,246 
Ages 5-14 6,788 21,029 
Whether ever repeated unknown 6,564 20,712 
≤ Two grade repetitions 6,539 20,623 
At least one sibling in sample 5,452 17,669 
Data source: 1986-2000 NLSY-C.   

 



Table 2: Summary Statistics

Variable Mean Std. Dev.
PIAT-M raw score 37.72 15.94
PIAT-RR raw score 40.88 17.91
Birth weight (100g) 33.07 6.04
Age (months) 117.19 30.69
KEA 64.53 7.29
Worked 2Q before birth 0.49 0.48
Worked year 1 0.55 0.47
Worked year 2 0.61 0.46
Worked year 3 0.63 0.46
Hours 2Q before birth 336.39 406.8
Hours worked year 1 618.6 753.03
Hours worked year 2 789.78 846.15
Hours worked year 3 846.65 866.46
Grade 3.60 2.51
No. repeats 0.16 0.39
No. repeats imputed 0.09 0.28
Female 0.49 0.5
No. siblings ever 2.18 1.25
First born 0.41 0.49
Mother: Age at birth 23.1 4.11
Mother: Smoked 0.31 0.46
Smoked missing 0.03 0.17
Mother: Drank 0.42 0.49
Drank missing 0.03 0.16
Mother: Inc. at birth 9.47 1.24
Birth income missing 0.17 0.37
ln Family income 9.71 1.29
Family income missing 0.16 0.37
Mother: Married 0.61 0.49
HOME score 45.86 29.16
HOME score missing 0.03 0.16
Mother: Black 0.35 0.48
Mother: Hispanic 0.22 0.41
Mother: <High school 0.23 0.42
Mother: High school 0.56 0.5
Mother: Some college 0.08 0.28
Mother: AFQT 33.34 26.43
AFQT missing 0.03 0.18

Obs. 17669
Notes: See Table 1 for sample restrictions. Excluded edu-
cation category is ≥college and excluded race category is
non-Hispanic white. Data source: 1986-2000 NLSY-C.



Table 3: The Effect of Birth Weight on PIAT-M

OLS 1 OLS 2 FE 3
Birth weight (100g) .093 .055 .081

(.016) (.015) (.018)
Grade 5.108 5.071 5.026

(.029) (.028) (.027)
No. repeats -1.785 -1.546 -.364

(.27) (.27) (.226)
Female -.922 -.821 -.748

(.186) (.175) (.152)
First born 1.233 .401 .038

(.213) (.203) (.18)
Mother : Age at birth .11 -.077 -.174

(.027) (.027) (.034)
HOME score .062 .038 .027

(.003) (.003) (.003)
Mother : Smoked .195 .297 .241

(.209) (.203) (.29)
Mother : Drank 1.435 .477 -.027

(.202) (.193) (.215)
Mother : Inc. at birth .361 .023 -.058

(.083) (.075) (.087)
ln Family income .262 -.0009 .083

(.065) (.063) (.064)
Mother : Married .693 -.061 -.265

(.202) (.198) (.247)
Mother : Black -1.828

(.254)
Mother : Hispanic -1.221

(.266)
Mother : < High school -1.367

(.396)
Mother : High school -.565

(.324)
Mother : Some college -.327

(.421)
Mother : AFQT .089

(.005)

Obs. 17669 17669 17669
R2 .691 .713 .746
Notes: See Table 1 for sample restrictions. Dependent variable is
raw PIAT-M. All models include controls for missing data on grades
repeated, family income, drinking, smoking, income at birth, and
HOME score and controls for interview month and region of residence.
Model (2) controls for missing AFQT score as well. The excluded
categories in model (2) are non-Hispanic white and college. Standard
errors are in parentheses and clustered at the child level. Data source:
1986-2000 NLSY-C.



Table 4: OLS and Fixed-effects Estimates of Birth Weight on PIAT-M 

 β̂1    
Sample OLS 1 OLS 2 FE 3  

β̂1
FE / Sample 

Mean n 
A. Full-sample 0.093 0.055 0.081  0.0021 17,669 

 (0.016) (0.015) (0.018)    

B. Grade       

K-2 0.079 0.041 0.042  0.0018 6,403 

 (0.017) (0.015) (0.019)    

3-5 0.091 0.049 0.077  0.0018 5,818 

 (0.021) (0.021) (0.025)    

6-9 0.116 0.078 0.104  0.0020 3,858 

 (0.029) (0.028) (0.033)    

C. Gender       

Males 0.122 0.078 0.055  0.0015 5,837 

 (0.026) (0.024) (0.029)    

Females 0.089 0.047 0.097  0.0026 5,551 

 (0.028) (0.027) (0.033)    

D. Race       

White 0.061 0.052 0.102  0.0025 7,599 

 (0.024) (0.023) (0.027)    

Black 0.072 0.069 0.080  0.0023 6,176 

 (0.026) (0.025) (0.029)    

E. AFQT       

<50th percentile 0.085 0.067 0.072  0.0020 12,666 

 (0.018) (0.017) (0.020)    

≥50th percentile 0.042 0.025 0.120  0.0029 5,003 

 (0.031) (0.030) (0.041)    

F. Birth Weight       

<3,300 g 0.159 0.121 0.192  0.0052 6,355 

 (0.033) (0.032) (0.033)    

≥3,300 g -0.040 -0.035 0.144  0.0037 7,389 

 (0.038) (0.035) (0.036)    

<2,500/≥2,500 g* 0.030 0.040 0.066  0.0019 3,043 

 (0.033) (0.031) (0.025)    

Notes: See Table 1 for sample restrictions.  Dependent variable in PIAT-M.  Each cell contains the 
estimated coefficient on birth weight from a separate regression specification corresponding to the 
three models in Table 3.  Models include the same covariates as in Table 3.  Standard errors are in 
parentheses and clustered at the child level.  *Sample restricted to families in which at least one 
sibling weighed <2,500 grams at birth and at least one sibling weight 2,500 grams or more.  Data 
source: 1986-2000 NLSY-C. 

 



Table 5: The Effect of Birth Weight on Parental Investment

KEA Hours Y 1 Hours Y 1 Siblings
Birth weight (100g) -.029 1.317 10.294 -.006

(.013) (1.814) (4.012) (.003)
No. repeats -6.303 -18.881 -57.902 .097

(.186) (18.786) (49.082) (.044)
Female -.905 13.346 19.083 .029

(.119) (15.925) (31.789) (.031)
First born -.31 75.897 229.279 -.857

(.146) (19.289) (40.68) (.032)
Mother : Age at birth -.366 35.341 50.212 -.026

(.028) (3.676) (9.164) (.004)
HOME score -.003 -.047 .086 -.002

(.003) (.145) (.284) (.0005)
Mother : Smoked -.105 19.514 163.05 -.078

(.257) (31.381) (60.482) (.036)
Mother : Drank -.213 -6.73 -52.295 -.089

(.168) (22.672) (44.493) (.033)
Mother : Inc. at birth -.0003 49.873 127.718 -.027

(.068) (7.856) (27.507) (.014)
ln Family income .044 -2.511 -7.111 -.042

(.048) (2.456) (6.029) (.012)
Mother : Married .021 .96 16.359 .197

(.176) (13.277) (23.572) (.033)
Mother : Black .248

(.043)
Mother : Hispanic .27

(.047)
Mother : < High school .557

(.065)
Mother : High school .007

(.043)
Mother : Some college -.099

(.055)
Mother : AFQT .002

(.0008)

Obs. 17669 15877 5583 20623
R2 .232 .045 .072 .217
Notes: See Table 1 for sample restrictions. All models include controls for missing data
on grades repeated, family income, drinking, smoking, income at birth, and HOME score
and controls for interview month and region of residence. Model (4) controls for missing
AFQT score as well. The excluded categories in model (4) are non-Hispanic white and
college. Models (1)-(3) are estimated with family fixed effects. Model (3) is restricted to
children whose mothers worked in the two quarters preceding their birth. The sample in
model (4) includes children with siblings as well as children raised in single-child families.
Standard errors are in parentheses and clustered at the child level. Data source: 1986-
2000 NLSY-C.



Table 6: The Effect of Birth Weight and Parental Investment on PIAT-M

(1) (2) (3) (4)
Birth weight (100g) .088 .081 .08

(.018) (.02) (.019)
BW < 2500 -1.108

(.295)
KEA .239

(.049)
Hours 2Q before birth .001

(.0003)
Hours worked year1 -.0002

(.0002)
Hours worked years 2&3 .00002

(.00009)
Worked 2Q before birth .378

(.223)
Worked year 1 -.292

(.238)
Worked years 2&3 -.176

(.254)
No. siblings : 0 .617

(.362)
No. siblings : 1 .104

(.224)
No. siblings : 2 .16

(.216)

Obs. 17669 15272 15434 20623
R2 .756 .755 .755 .711
Notes: See Table 1 for sample restrictions. Dependent variable is raw PIAT-M. All
models include the controls listed in Table 3 as well as controls for missing data on
grades repeated, family income, drinking, smoking, income at birth, and HOME score
and controls for interview month and region of residence. Model (4) controls for missing
AFQT score as well. The sample in model (4) includes children with siblings as well as
children raised in single-child families. Standard errors are in parentheses and clustered
at the child level. Data source: 1986-2000 NLSY-C. Data source: 1986-2000 NLSY-C.



Table 7: The Interactive Effect of Birth Weight and Parental Investment

(1) (2) (3) (4)
Birth weight (100g) 1.079 .078 .083

(1.624) (.025) (.026)
BW < 2500 -1.783

(.493)
KEA .749

(.835)
Birth weight×KEA -.014

(.025)
Hours 2Q before birth .001

(.002)
Hours worked year1 -.00009

(.001)
Hours worked years 2&3 -0.0001

(.0004)
Birth weight× Hours before -1.05e-05

(.00005)
Birth weight× Hours 1 -1.73e-06

(.00003)
Birth weight× Hours 2&3 4.60e-06

(1.00e-05)
Worked 2Q before birth .478

(1.187)
Worked year 1 2.672

(1.322)
Worked years 2&3 -2.841

(1.283)
Birth weight× Worked before -.003

(.035)
Birth weight× Worked 1 -.088

(.039)
Birth weight× Worked 2&3 .08

(.038)
No. siblings : 0 .49

(.375)
No. siblings : 1 .012

(.231)
No. siblings : 2 .073

(.226)
BW < 2500× Siblings : 0 1.606

(1.155)
BW < 2500× Siblings : 1 1.024

(.745)
BW < 2500× Siblings : 2 .872

(.727)

Obs. 17669 15272 15434 20623
R2 .754 .755 .755 .712
Notes: Dependent variable is PIAT-M. See Table 6 for notes on model covariates. Standard errors
are in parentheses and clustered at the child level. Data source: 1986-2000 NLSY-C.



Table A-1: First Stage Estimates

KEA
January cutoff .255

(1.323)
June cutoff -1.255

(1.682)
July cutoff 2.896

(.984)
August cutoff .351

(.652)
October cutoff -.231

(.38)
November cutoff .795

(.578)
December cutoff -.837

(.402)
Local cutoff -1.34

(.661)
Missing cutoff -.908

(.44)
February DOB -.237

(.285)
March DOB -1.102

(.279)
April DOB -2.116

(.292)
May DOB -2.826

(.281)
June DOB -3.197

(.296)
July DOB -4.224

(.281)
August DOB -3.97

(.284)
September DOB -1.66

(.319)
October DOB -.692

(.332)
November DOB -.273

(.315)
December DOB .237

(.288)

Obs. 17669
R2 .232
Notes: See Table 1 for sample restrictions. First stage includes all
variables in model (1), Table 3. Omitted cut-off month is Septem-
ber and omitted month of birth is January. Standard errors are in
parentheses and clustered at the child level. Data source: 1986-2000
NLSY-C.



Table A-2: OLS and Fixed-effects Estimates of Birth Weight on PIAT-RR 

 β̂1    

Sample OLS 1 OLS 2 FE 3  
β̂1

FE / Sample 
Mean n 

A. Full-sample 0.093 0.060 0.063  0.0015 17,669 

 (0.020) (0.019) (0.022)    

B. Grade       

K-2 0.078 0.054 0.030  0.0012 6,403 

 (0.016) (0.015) (0.018)    

3-5 0.093 0.056 0.078  0.0017 5,818 

 (0.028) (0.027) (0.030)    

6-9 0.122 0.079 0.092  0.0016 3,858 

 (0.040) (0.040) (0.045)    

C. Gender       

Males 0.130 0.094 0.059  0.0015 5,837 

 (0.034) (0.031) (0.038)    

Females 0.080 0.039 0.065  0.0016 5,551 

 (0.039) (0.037) (0.038)    

D. Race       

White 0.087 0.074 0.101  0.0023 7,599 

 (0.032) (0.030) (0.031)    

Black 0.032 0.026 0.024  0.0006 6,176 

 (0.033) (0.031) (0.037)    

E. AFQT       

<50th percentile 0.077 0.064 0.056  0.0014 12,666 

 (0.023) (0.022) (0.025)    

≥50th percentile 0.072 0.063 0.096  0.0021 5,003 

 (0.037) (0.037) (0.043)    

D. Birth Weight       

<3,300 g 0.170 0.138 0.176  0.0044 6,355 

 (0.042) (0.041) (0.040)    

≥3,300 g -0.045 -0.042 0.142  0.0034 7,389 

 (0.049) (0.046) (0.045)    

<2,500/≥2,500 g* 0.017 0.025 0.043  0.0011 3,043 

 (0.041) (0.039) (0.031)    

Notes: See Table 1 for sample restrictions.  Dependent variable is PIAT-RR.  Each cell contains the 
estimated coefficient on birth weight from a separate regression specification corresponding to the 
three models in Table 3.  Models include the same covariates as in Table 3.  Standard errors are in 
parentheses and clustered at the child level.  *Sample restricted to families in which at least one 
sibling weighed <2,500 grams at birth and at least one sibling weight 2,500 grams or more.  Data 
source: 1986-2000 NLSY-C. 
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