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ABSTRACT. This paper investigates the role of initial health endowments on school achievement in early child-

hood through adolescence. Using birth weight as a proxy for childhood endowments, we investigate this link

using twins and siblings fixed effects estimators. We collected birth weight and basic demographic data onall

twins and siblings born in Chile between 1992-2000 and matchthese births to administrative school records

between 2002-2008. Twins effects reveal that a 10% increasein birth weight improves performance in math

by nearly 0.05 standard deviations in 1st grade. We exploit repeated observations on twin pairs to show that

the effect of birth weight is apersistenteffect that does not deteriorate as children advance through grade 8.

Siblings fixed effects estimators between grades 1 through 8show a birth weight effect that declines as children

age, but the decline is less among siblings closer together in age than among siblings who are further apart.

OLS estimators also show a steady decline in the birth weighteffect as children age: birth weight has a large

effect in grade 1, but this effect diminishes significantly by grade 8. Using data from a unique survey that asks

both parents and children about parental investments relating to school work, we suggest parental investments

as a plausible mechanism for the observed patterns in twins and siblings fixed effects estimators, and OLS.

While parental investments are negatively correlated withbirth weight, we find evidence of no differential care

(by birth weight) within twin pairs; however, within siblings pairs and across families in general, the lower birth

weight child appears to receive greater investments. Thus,it appears that parental investments that compensate

for lower initial endowments can lessen the impact of birth weight on later life outcomes.
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"We came into the world like brother and brother; And now let’s go hand in hand, not one before

another." Shakespeare, Comedy of Errors

1. INTRODUCTION

Initial endowments, be it in the form of health, parental background, or income are considered

important determinants of cognitive and non-cognitive abilities and as a consequence, determinants of later

life labor market success (Heckman 2008). If cognitive and non cognitive ability during childhood predicts

completed schooling and adult labor market success, it is important to ask: To what extent do initial endow-

ments play a role in determining these abilities? If initialendowments do play a role in the development

of these abilities, do the effects show up early in life? Moreover, do these effects increase or decrease (or

stay constant) during the child’s formative years? Finally, do parental investments related to human capital

accumulation respond to initial endowments? This paper explores these important questions by examining

the role of initial health endowments in determining schoolachievement.

Using birth weight as a proxy for initial health endowments,we examine whether, and to what

extent birth weight plays a role in educational achievementbetween grades 1-8. Given the sizable medi-

cal literature associating birth weight with numerous cognitive, developmental and mortality related out-

comes,1 birth weight is considered the "primary measure of a baby’s health in most analyses of infant

health and welfare in economic research" (Almond, Chay, andLee 2005). Academic research on birth

weight has been bolstered by the immense policy and public health interest in this topic in both developing

and developed countries. In 2002 UNICEF declared reducing the incidence of low birth weight a prior-

ity in South Asia; the World Bank allocated tens of millions of dollars in integrated nutrition programs in

countries like Bangladesh and India where one of the stated goals was to significantly reduce incidence

of low birth weight births. In the United States, many papershave noted the stated goal of increasing

birth weight in programs such as Medicaid, the WIC program etcetera (Currie and Gruber 1996). It is no

surprise then that numerous papers in economics have examined the role of maternal behavior and environ-

mental factors in affecting birth weight (Grossman and Joyce 1990, Currie and Moretti 2007, Deschênes,

Greenstone, and Guryan 2009, Almond and Mazumder 2008), while others have examined the link be-

tween birth weight and socioeconomic status, adult labor market outcomes, completed schooling, maternal

1A small sampling of papers examining the association between birth weight and cognitive development include: (Lewis and
Bendersky 1989, Richards, Hardy, Kuh, and Wadsworth 2002, Hack, Klein, and Taylor 1995, Davies and Stewart 1975, Jefferis,
Power, and Hertzman 2002)
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complications et cetera (Currie and Hyson 1999, Behrman andRosenzweig 2004, Black, Devereux, and

Salvanes 2007, Royer 2009).

Since educational attainment and its link to the labor market has been studied extensively in the

labor literature, a natural, intermediate outcome to examine is whether birth weight affects human capital

accumulation. While there is some debate about short-run health impacts of birth weight (Almond, Chay,

and Lee 2002), long-run impacts on labor market outcomes appear fairly well established. However, most of

the literature on the impacts of birth weight has examined outcomes soon after birth or in adults. As opposed

to other studies that have looked at birth weight and completed schooling (Behrman and Rosenzweig 2004,

Black, Devereux, and Salvanes 2007), by looking at performance on test scores in schools we are able

to provide a more in-depth look at some of the mechanisms by which birth weight might affect ultimate

educational attainment and performance in the labor market. This paper also examineswhenbirth weight

begins to have an impact on test outcomes, and (by virtue of being able to follow a child’s performance in

school over multiple years) whether this effect is apersistentone. One might imagine that initial differences

in test scores due to birth weight differences might be wipedout (or exacerbated) by the responses of teachers

and parents - hence, examining whether birth weight has a persistent effect throughout a child’s schooling

years is important in making sense of the results that find effects of birth weight on completed schooling

and labor market outcomes.

As always, the challenge in estimating these objects of interest is the idea that allocation of birth

weight is not random. Children with higher birth weight might have other, unobserved characteristics that

affect their school performance. One way to deal with this problem of bias due to unobservables is to

examine twins, who differ in birth weight, but are presumably similar along other observed and unobserved

characteristics that affect that the outcome of interest. Using twins as a way to get around omitted variables

bias has been quite popular in economics since Rosenzweig and Wolpin (1980). We use a large sample of

twins from Chile to derive the causal impact of birth weight on test scores. By using twins in the context

of birth weight, our paper is similar in methodology to some recent papers like Behrman and Rosenzweig

(2004), Black, Devereux, and Salvanes (2007), Royer (2009), Oreopoulos, Stabile, and Walld (2008) and

Almond, Chay, and Lee (2005). However, our study differs in afew important ways. One of the novel

additions to the estimation in this paper is that we have apanel of twins, hence, can address questions
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regarding the persistent effect of birth weight.2 We also have the ability to estimate a siblings fixed effects

estimator for the outcomes of interest. An advantage of estimating a siblings estimator alongside a twins

estimator is that differences in these two estimates gives asense of what the sources and magnitude of

omitted variables might be. Siblings and twins share many similar features, however, they are likely to

differ along important dimensions that matter for academicachievement.

One such dimension that we examine is that of parental investments. For a subset of our data,

we have detailed information on parental investments (bothfrom the perspective of parentsand from the

perspective of children) at the individual child level. We use this data to examine whether parental invest-

ments systematically vary by birth weight within twins pairs and within sibling pairs. Not only is our data

on parental investments unique, but examining whether parental investments vary by birth weight within

sibling and twin pairs helps clarify the underlying assumptions that most twins and sibling based estimators

make.

We find that birth weight plays a significant role in determining academic outcomes. Moreover,

twins effects show that the effect of birth weight on test scores begins early in the life of the child and

is persistent throughout the schooling years (observed up to Grade 8) of the child. In Grade 1, a 10%

increase in birth weight increases outcomes in math scores by 0.05 standard deviations. We see smaller

increases in language test scores of around 0.038 SD. Low birth weight (less than 2500 grams) and very

low birth weight (less than 1500 grams) children perform worse in math by approximately 0.1 and 0.2

SD respectively. For the most part, it appears that the effect of birth weight on test scores is fairly stable

between grades 1 through 8. This implies a persistent effectof birth weight that is seemingly not undone

(or exacerbated) by the behavioral responses of parents andteachers. We verify our findings using a nation

wide test covering math, social science and language administered to all students in fourth grade. A 10%

increase in birth weight increases math scores on this national test by 0.06 SD. To put the magnitude of our

results in perspective, consider that recent examples of large scale interventions in education in developing

2By employing a correlated random effects strategy in the context of twins as in Ashenfelter and Krueger (1994), we are also able
to address the impact of potentially unobserved family characteristics on test scores over time. Using the panel feature also enables
us to modify a standard value added model used in the education literature to a twins-based value added model. The advantage of
the twins value added model in this context is that it comes with fewer assumptions compared to both, a standard twins model and
a standard value added model. These results are discussed inthe Appendix.
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countries show increases in test scores between 0.17 SD to 0.47 SD (Duflo and Hanna 2005, Muralidharan

and Sundararaman 2009, Banerjee, Cole, Duflo, and Linden 2007).3

The twins fixed effects results are in contrast to siblings fixed effects and OLS estimators, which

show a steady decline in the effect of birth weight on test scores. However, the decline is less among siblings

who are closer together in age, than among siblings who are further apart. For example, for siblings who are

a year or two apart, the impact of birth weight as measured by asiblings estimator ranges from BLAH in

grade 1 to BLAH in grade 6. For siblings who are 4-5 years apart, the effect in grade 1 is BLAH, but BLAH

by the time grade 6 approaches. We hypothesize that this is likely due to unobserved parental investments

"making up" for the effect of low birth weight. Using detailed data on parental investments we find that

education related investments are indeed negatively correlated with birth weight; i.e. parents invest more,

via time spent reading, time spent helping out with home worketc, in children with lower birth weight. A

twins fixed effect on the other hand nets out this component ofparental investment (the likely source of bias

in the OLS and siblings estimates) and finds a persistent effect.

Our data allows us to test whether school absences might be a mechanism that drive our results. If

lower birth weight children have to stay out of school for longer periods of time due to health reasons, then

the relationship between birth weight and test scores mightbe a pure health phenomenon rather than some

notion of birth weight affecting cognitive ability. However, using individual data on school attendance, we

do not find any effect of birth weight on school absences.

This paper bridges a gap in the literature investigating therole of initial endowments, in particular

health endowments. Most papers either examine the impact ofbirth weight on early life outcomes or adult

outcomes. By examining repeated educational performance outcomes for children between the ages of 6-14,

we are able to provide a more complete picture of how birth weight might affect adult labor market outcomes.

We are also one of the first papers to causally link birth weight to school test outcomes and examine its effect

over time. While Black, Devereux, and Salvanes (2007) look at IQ at age 18 as an outcome in their analysis

of the impact of birth weight, they do not have repeated observations on cognitive achievement. We are

able to show that test scores differences due to birth weightdifferentials arise early, and in the absence of

differential parental investments, likely to persist as children progress through school.

3We only cite a small sample of papers where interventions have resulted in increased test scores. There are certainly examples of
interventions that have not led to significant increases in test scores as in Glewwe, Kremer, and Moulin (2009).



6 BHARADWAJ, EBERHARD & NEILSON

This paper also adds to the literature on parental investments and initial endowments (Aizer and

Cunha 2010, Rosenzweig and Zhang 2009, Ashenfelter and Rouse 1998). Like Loughran, Datar, and Kil-

burn (2004) and others, we use birth weight as a summary measure of initial endowments. We find that

parental investments are negatively correlated with birthweight; this behavior likely drives the difference

between the siblings fixed effects and OLS, and twins fixed effects estimates (we are certainly aware that

this is not acausalstatement, but a relevant and interesting correlation in this discussion). Additionally,

this paper partially addresses an important assumption used in many twins based studies. Most twins papers

that examine the role of birth weight, have toassumethat parental investments are not related to individual

birth weight. We find that while parents in general invest more in lower birth weight children, they do not

differentiate based on birth weight between twins.

We are also able to address some of the concerns that arise when using twins estimators to derive

the returns to education. A crucial question in this context, raised by Bound and Solon (1998), is: "[...] if

monozygotic twins are perfectly identical, why do they everdisplay any schooling difference at all?"4 That

is to say, why should we believe that twins similar along every other characteristic, randomly end up with

different years of completed schooling? While we do not havedata on school dropouts, we do find that the

heavier twin is less likely to ever repeat a grade. Hence, twins can differ in completed schooling attainment

at a given age simply because the twin with less birth weight is more likely to fail a grade. While this might

address Bound and Solon’s (1998) question, it raises similar concerns with the use of twins in examining

returns to education - if inherent ability does differ within twins (as shown in this paper using test scores)

due to birth weight, then even using a twins estimator does not completely eliminate the ability bias.

This paper is subject to caveats similar to other recent papers that use twins estimation. For ex-

ample, we do not observe zygosity of the twins, often considered critical in twins estimation. The paper by

Black, Devereux, and Salvanes (2007) utilizes zygosity information on a subsample of their data to show

that the effect of birth weight on labor market outcomes is similar for monozygotic and dizygotic twins. We

attempt to deal with this issue by showing the robustness andstability of our results by various twin paris

- same sex, boy-boy, boy-girl and girl-girl.5 A similar analysis was conducted by Almond, Chay, and Lee

(2005) who also do not observe zygosity of the twins. Moreover, generalizability of our findings is another

4A similar concern is voiced by Antonovics and Goldberger (2005): "We are left wondering just which contexts and policy inter-
ventions would ... [lead] some Minnesotan identical twins born between 1936 and 1955 to acquire nonidentical years of schooling."
5Ivanovic et al (2006) show that the DZ-MZ ratio in Chile is 1.14, and thatwithin same sex twins, MZ twins make up around 63%.
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issue as twins tend to be of lower birth weight and tend to havemore health problems than non twins. We

are cognizant of these shortcomings of this analysis and discuss the implications these shortcomings have

for our overall results later in the paper. We also recognizethat birth weight is largely a proxy for initial

health conditions. Hence, while we think this paper picks upon the causal link between birth weight and test

outcomes, if birth weight proxies for some other (unobservable) initial health measure that affects cognitive

development, then we are also picking that up. In that sense,we think of birth weight as capturing initial

health conditions.

The rest of this paper is as follows: section 2 discusses the methodology, section 3 explores some

of the relevant medical literature, section 4 describes ourunique data set, section 5 discusses results and

section 6 concludes.

2. METHODOLOGY

We begin by specifying a production function for cognitive achievement similar to that in Todd and

Wolpin (2007). We start with an education production function of the form:

Tijt = Tt(Xij(t), Eij0,Ψj)(1)

WhereTijt is the achievement in school by studenti born to motherj at timet. Xij(t) is the vector of all

inputs applied until timet, andEij0 is the child specific endowment at birth (birth weight is a proxy for

this in this paper, and hence forth, we will useBWij to capture the notion of initial endowments), while

Ψj is the mother (or family) specific endowment. The observed component ofΨj we will call Fj and the

unobserved component, we will callµj. An estimable version of1 is:

Tijt = λtBWij + αtFj + ωtµj + β1Xijt + β2Xijt−1 + . . .+ βtXij1 + ǫijt(2)

WhereT is the test outcome measured with errorǫ, andX ’s are educational inputs up to timet. Estimating

2 would require detailed input histories as well as data on family specific endowments inFj andµj. In this

exercise, we are interested in estimatingλt. We do not have data on educational inputs, hence, theX ’s will

form part of the error term in the estimating equation. In theabsence of detailed input histories and family

specific endowments, identifyingλt will be problematic if lagged inputs (i.e. theX ’s) are correlated with

birth weight, or if unobserved family specific characteristics affect test outcomes as well as birth weight (i.e.
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if BWij and unobserved components ofµj are correlated). In order to get around these issues we employ

different versions of a twins estimator.

2.1. Twins Fixed Effects

Before we write down the twins fixed effects estimator, it is useful to rewrite equation2, with a

new error term that captures all the unobservables:

Tijt = λtBWij + αtFj + ωtµj + β1Xijt + β2Xijt−1 + . . .+ βtXij1 + ǫijt
︸ ︷︷ ︸

uijt

(3)

A twins estimator is particularly useful in estimatingλt from equation3. As a twins fixed effects estimator

essentially differences equation3 within twins, it would difference out observable (theFj ’s) and unobserv-

able (µj) mother (or family) components, since these are shared within twin pairs. Calling the other twini′,

a twins estimate of equation3 results in:

Tijt − Ti′jt = λt(BWij −BWi′j)(4)

+β1(Xijt −Xi′jt) + . . .+ βt(Xij1 −Xi′j1) + ǫijt − ǫi′jt
︸ ︷︷ ︸

uijt−ui′jt

(5)

Consistent estimation ofλt from equation5 requires that parents make input decisions (observed and un-

observed) that are not based on individual child specific endowments. Hence, in this version of a twins

fixed effects estimate ofλt, we assume that lagged inputs are essentially the same when it comes to twins

- i.e.,Xijt=Xi′jt for all t. Empirically we know whether twins go to the same school, andshare the same

class room, teacher et cetera. The assumption applies more for parental inputs - for example, we have to

assume that parents spend equivalent time with their twin children, or that if do spend differential amounts

of time, the decision to do so is not based onBWij andBWi′j . Hence, our estimable version of equation5

is essentially identical to the specification used by Almond, Chay, and Lee (2005) and Black, Devereux, and

Salvanes (2007), withXijt=Xi′jt for all t. Since we have multiple observations per twin pair (i.e. as they

progress through elementary and middle school) we estimateequation5 for each grade level that we have

data for.
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2.2. Siblings Fixed Effects

A siblings fixed effects estimator is similar in spirit to thetwins fixed effects estimator. However,

it is less likely that lagged inputs are uncorrelated with initial endowments. Lagged inputs in a sibling

estimator are unlikely to be uncorrelated with initial endowments as these lagged inputs simply occur at

very different times. Other aspects, not just lagged inputs, make siblings estimators more problematic for

estimating the effect of birth weight on test outcomes. For example, siblings do not have as similar a genetic

make up as twins do, and siblings also differ along other dimensions such as exposure to different economic

conditions during the prenatal stage and at different ages et cetera. Finally, siblings are also exposed to

different teachers who may or may not act in compensating or reinforcing ways, hence making it difficult to

interpret the coefficient from a siblings fixed effects estimator.

However, it can be argued that siblings closer together in age experience more similar childhood

conditions, compared to siblings further apart in age. For example, we might believe that siblings a year

apart experience more similar parental investments and economic conditions than siblings say, five years

apart. Hence, a siblings estimator using siblings only a year apart might come closer to the ideal of a twins

estimator in terms of similar conditions. For siblings (i andi′) who are observed in gradeg, we estimate a

siblings fixed estimator of the form:

Tijg − Ti′jg = λt(BWij −BWi′j)(6)

+β1(Xijg −Xi′jg) + . . .+ βt(Xij1 −Xi′j1) + ǫijt − ǫi′jt
︸ ︷︷ ︸

uijt−ui′jt

(7)

We estimate equation7 for siblings varying in age difference from 1-5 years. Data limitations do

not allow us to estimate this equation for very large age differences.

3. RELEVANT MEDICAL LITERATURE

This section provides some background from the medical literature on two topics important for

this paper: why twins differ in birth weigh in the first place,and what some of the pathways between birth

weight and cognitive development might be.

3.1. Why do twins differ in birth weight?
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Figure 1shows the distribution of birth weight differences within twins for our sample.

FIGURE 1. Histogram of Birth Weight Differentials among Twins
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Note: This histogram shows the distribution of birth weightdifferentials among twins born in Chile between 1992 and 2000.

Two recent papers using a twins estimator do an excellent jobreviewing the medical literature

regarding why differences in birth weight arise within twinpairs. Rather than reinvent the wheel, in this

section we summarize the arguments made in Almond, Chay, andLee (2005) and Black, Devereux, and

Salvanes (2007).Figure 1shows the density of birth weight differentials within twinpairs in our sample of

twins. The average birth weight differential is around 175-200 grams. The main reason why birth weight

differentials arise within twins is due to IUGR (intrauterine growth retardation).6 The leading reason for

differential fetal growth is nutritional intake - in the case where two placentae are present, nutritional dif-

ferences can arise due to position in the womb. Among monozygotic twins (a majority of MZ twins share

a placenta), the placement of the umbilical chord affects nutritional intake. For more details and paper

citations on the subject, we refer the reader to footnote 13 in Almond, Chay, and Lee (2005).

6The other common reason for low birth weight is gestational age - however, gestational age is identical for twins in our sample,
hence, the birth weight differentials must arise from fetalgrowth factors.
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3.2. Birth Weight and Cognitive Development

Medical research suggests a few pathways by which birth weight and the incidence of low birth

weight affects cognitive development. Hack, Klein, and Taylor (1995) suggest an association between brain

damage and low birth weight, leading to poorer performance by low birth weight babies on tests. The

extent of brain damage and lesions associated with low birthweight can be as severe as resulting in extreme

forms of cerebral palsy. Another pathway that is highlighted in Lewis and Bendersky (1989) is that of

intraventricular hemorrhage (bleeding into the brain’s ventricular system). However IVH is often thought

to be due to shorter gestational periods, and therefore lesslikely to be the mechanism in the case of twins

(Annibale and Hill 2008). Using detailed MRI data from very low birth weight and normal birth weight

babies, Abernethy, Palaniappan, and Cooke (2002) suggest that learning disabilities might be related to

the growth of certain key brain structures like the caudate nuclei (pertaining to learning and memory) and

the hippocampus. Hence, it appears from our reading of a sampling of the medical literature that low birth

weight is correlated with developmental problems of the brain, which might lead to lower to cognitive ability

later in life.

4. DATA

4.1. Birth Data

The data on the birth weight and background information on parents come from a dataset provided

by the Health Ministry of the government of Chile. This dataset includes information on all the children

born in the year 1992-2000. It provides data on the sex, birthweight, length, weeks of gestation and several

demographics of the parents such as the age, education and occupational status. In addition, the dataset

provides a variable describing the type of birth, be it a single birth, double (twins), triple (triplets), etc.

While the data identifies whether a particular birth was a twin or not, it does not automatically provide an

identifier for the sibling of the twin. The twin sibling is determined by matching the date, location (exact

hospital), and type of birth. In addition, the demographicsof both parents are used to determine each twins

sibling. For details on the exact matching algorithm, please see the Data Appendix. Unfortunately. the data

doesnot provide information on zygosity of the twins.
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4.2. Education Data

The data on school achievement comes from the SIMCE and RECH database that consists of

administrative data on the grades and test scores of every student in the country between 2002 and 2008.

This database was kindly provided by the Ministry of Education of Chile (MINEDUC).

4.2.1. RECH - Registro de Estudiantes de Chile.This database consists of the grades by subject of each

student in a given year and is a census of the entire student population. This database provides the informa-

tion on the educational results of twins broken up by subjects and allows the construction of the ranking and

level measures of academic success at the school/class/grade level.

4.2.2. SIMCE. The SIMCE test covers three main subjects: Mathematics, Science and Language Arts and

is administered to every student in grade 4 as well as 8 and 10 depending on the year. It is used to evaluate the

progress of students regarding the national curriculum goals set out by MINEDUC. The test is constructed

to be comparable across schools and time. This test is also accompanied by two surveys, one to parents and

one to teachers. These surveys include questions about household income and other demographics. The

education data sets were subsequently matched to the birth data using individual level identifiers. Since we

observe grades for all students in a given class, we normalize the test scores of individual twins with respect

their class. Hence, all test scores reported in this paper are normalized test scores.

4.3. Parental Investments Data

Data on parental investments come from surveys that are conducted alongside the SIMCE national

exams. These tests and surveys began to be used in Chile in 1988 as a way of giving information to parents

on the quality of schools which is important in the Chilean education system which is compromised by a

large private and voucher school system. The tests and surveys are a census of all children in a given grade

which from 1988 to 2005 alternated between 4th, 8th and 10th grades. From 2006, the test is administered

to 4th grade every year and alternates between 8th and 10th grade every year. The total number of children

varies between 250,000 and 280,000 across approximately 8000 schools. The response rate to the test is

generally over 95%, (which is higher than average attendance) while the parent survey has a response rate

above 80%. This survey is a large endeavor that requires visiting even the most remote schools in the
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northern and southern regions of the country and substantial efforts are made to evaluate all schools, both

private and public.

The parent survey covers questions about the demographics of the household as well as the parents

opinion of the school the teacher. In some years the survey covered specific questions regarding parental

investments. These years are 2002 and 2007. In 2009, the latest year available, SIMCE surveyed not only

the parents but also the students while in the school. This lead to a high response rate and allowed students

to give their opinion regarding their perception of school in many dimensions. One of these was the help

they received from their parents and how they perceived their parents role in their education. We use this

data in conjunction to the data on parental investments.

5. RESULTS

5.1. OLS Results

Figure 2shows the relationship between test scores in math and birthweight. The relationship is

remarkably linear, with higher birth weight babies doing better in math.
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FIGURE 2. Standardized math scores and Birth Weight
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Note: This graph shows the relationship between birth weight and grade math scores for students born from 1992-
2000 in Chile. The math grades have been standardized at the classroom level. The black solid line represents a local
second order polynomial regression. The dots represent a moving average with a centered window width of 50 grams.
The straight line represents the predicted values from a simple OLS regression. Vertical dashed bars represent the
percentiles{1, 5, 25, 50, 75, 95, 99}. The mean is represented by a vertical solid bar.

Further exploration of this relationship via regressions confirms that this correlation is robust to the

addition of various controls. The regressions estimated take the form:

Tijt = λtBWij + F ′

jαt + ǫijt(8)

WhereTijt is the normalized test score in a subject (math or language) obtained by studenti, born to mother

j in gradet. BW is the birth weight (log birth weight in all specifications) and F is a vector of parental

characteristics like education, age and occupation.

Using the full sample of all students observed at some point in grade 4 between 2002-2008 and for

whom we have birth information, Table 1 shows that the OLS coefficient on log birth weight stays robust

to the addition of various controls like year of birth, parental characteristics and school and classroom fixed

effects when these variables are added sequentially. Table2 (row 1) estimates equation8 for every grade
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with a full set of controls - birth year dummies, parental educations, parental age, parental employment

status and occupation, sex of the child, and municipality ofbirth dummies.

OLS estimates ofλt from Table 2 suggest that a 10% increase in birth weight raises test scores in

1st grade in math by 0.032 SD (column 1, row 1). However, by grade 8, a similar increase in birth weight

appears to raise math scores by only 0.019 SD (column 8, row 1;these differences are statistically significant

and the decline in the twins only sample is even more). In fact, there appears to be a steady decline in the

impact of birth weight on math and language test scores as students move from grade 1 to grade 8. A

simple explanation for this declining effect of birth weight in later grades could be attributed to responses

by teachers and/or parents. However, any such claim cannot be made unless we first know the true impact of

birth weight on test scores. As we discussed earlier,λt as obtained under OLS might not reflect the impact

of birth weight on test scores even in grade 1. Moreover, due to lack of data, we are not able to control for

parental lagged inputs, which are quite crucial in this context as per the empirical model. This is because

parents who have higher birth weight children might have other unobserved characteristics that might affect

both birth weight and test scores.

5.2. Twins Fixed Effects Estimates

To tackle the problem of unobserved characteristics and inputs, we modify equation8 by including

a dummy for the mother - i.e. a twins fixed effect. As suggestedearlier, under certain assumptions, a

twins estimate does a good job of recovering the trueλt. Tables 3 (various panels) estimates equation9

using log birth weight, a dummy variable for low birth weightand variable for very low birth weight as the

independent variables of interest.

Tijt = λtBWij + µj + ǫijt(9)

In table 3, we use log birth weight on the right hand side to uncoverλt in grades 1 through 8. Statistical

tests reveal thatλ8 andλ1 as obtained under the fixed effects estimation are not different, suggesting that

the twins estimates of the impact of birth weight on test scores do not appear to diminish over time.

Table 3 suggests that a 10% increase in birth weight (corresponding to a 250 gram increase) raises

test scores in math by 0.046 SD in 1st grade. Scores in language are affected less; as mentioned above, the

impact on both math and language are fairly constant betweengrades 1 through 8. This is in sharp contrast
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to the OLS and siblings effects (see Table 2). Panels C and D ofTable 3 explore some non linear aspects of

this relationship between birth weight and test scores. Lowbirth weight is defined as being less than 2500

grams at birth and is associated with numerous developmental issues. We find that the impact of being born

low birth weight is fairly severe on math grades - on average,being low birth weight reduces math scores

by 0.1 SD. However, the most severely affected group appearsto be babies who were born as very low birth

weight (less than 1500 grams). As we can see in Panel D, for this group, the effect is around 0.2 SD less in

math; however, very low birth weight babies form a small fraction of the entire population (approximately

3%).

5.3. Siblings Fixed Effects Estimates

Table 2 (rows 3-5) and Table 4, Panels A-D estimate equation9 for siblings. Siblings far apart in

age cannot be used because we need to observe siblings in the same grade between 2002 and 2008. The

siblings effects as Table 2 Row 3 shows, are quite similar to OLS estimates in that there seems to be a decline

in the birth weight effect in later grades. In first grade, a 10% increase in birth weight increases test scores in

math by 0.033 SD - essentially similar to the OLS estimate. Bygrade 8, the siblings effects shows a decline

similar to the OLS estimates (although for some of the gradeslike grade 5 for example, the siblings effect is

smaller than the OLS estimate).

Panels B-D show the effect by different age differences among siblings. We find that siblings

closer together in age showlessdecline in the birth weight effect as they go through grades 1through 8. For

example in grade 4, siblings estimate where siblings are 1 year apart show a coefficient of 0.296, whereas

siblings 5 years apart show a coefficient of almost half the size( 0.151). Hence, it appears that the persistent

effect of birth weight as found in the twins case is not found in the case of siblings, and in particular, siblings

who are further apart display greater decrease in the birth weight effect in later grades. In the next section

we discuss a potential pathway, parental investments, thatcould explain these patterns.

5.4. Why do Twins, Siblings and OLS estimates differ?

Twins fixed effects, siblings fixed effects and OLS estimatescontrast in patterns that are worth

exploring further. In particular, while all estimation methods show a similar effect in grade 1, twins estimates

stay persistent, while OLS and siblings estimates steadilydiverge by grade 8 (i.e. the effect of birth weight
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appears to lessen in later grades). We explore the channels of parental investments and measurement error

as explanations that could be driving these patterns.

FIGURE 3. OLS and Fixed Effects Estimates for Twins and Siblings : Grades 1 to 8
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Note: This graph shows how the coefficient on log birth weightchanges as children become older. The dotted line with square
markers shows the coefficients estimated using twins fixed effect. The line with circles is shows the coefficients estimated using
OLS for the twins sample. The starred line shows the coefficients estimated when using siblings FE (1 year apart). Finallythe line
with triangles shows the coefficients estimated when using siblings FE (5 years apart). Note that all coefficients are significant at
least at the 10%. Results are shown up to 6th grade only because some coefficients become insignificant in 7th and 8th grade where
the number of observations is much smaller.

5.4.1. The Role of Parental Investments.One explanation for the above pattern follows the logic of unob-

served family inputs that might affect test scores and be correlated with birth weight. Recall that under OLS,

we estimateλt with bias:

λOLS
t = λt + Cov(BWij, ǫijt)(10)

Whereǫijt contains the unobserved parental inputs (theXijt’s from equation2). The direction of bias is

partially testable given the data we have on parental investments. We acknowledge that while we find these

correlations a partial explanation for why the differencesin twins, siblings and OLS estimations arise, these
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results are by no means causal, and neither do we attempt to get at a causal relationship between the role of

parental investments and test scores.

Table 5, column 1 estimates the relationship between parental investments (as reported by parents)

and birth weight for a subset of the data (see the Data sectionon why we only have this data for a subset

of our overall sample). The investments (measured in grade 4) are on a scale of 1-5 where 5 denotes "very

often" and 1 denotes "never". Table 5 presents parental investments in its detailed form as well as in a

summary form (we take averages of the investment variables,and in the case of 2002 and 2007 data, take an

average of only reading related investments as the 2007 survey only collects data on reading investments).

Column 1 shows a consistentlynegativecorrelation between log birth weight and parental investments. For

example, being low birth weight is correlated with a 4.5% increase in the probability that parents report

"often" or "very often" in response to the question on whether they study with the child.

If the covariance between birth weight and parental investments is partially driving the OLS results,

the fact that the twins fixed effects stay constant would suggest no differential investment within a twin pair.7

If parents did invest differentially within twin pairs, then the fixed effects estimates ofλt should also contain

bias, and likely a negative bias term if parents of twins behave no differently from parents of singletons

in terms of investments and birth weight. Hence, if the identifying assumption required in the fixed effects

estimations were not held, then we’d expectλt to change over time (due to a bias term) and likely expect it to

follow the pattern of the OLS estimates. The absence of any movement in the estimates suggests that twins

fixed effects does indeed capture the true effect of birth weight on test scores. This idea is supported by

column 2 in Table 5: there appears to be no statistically significant relationship between parental investment

and birth weight within twin pairs. We think parents are unable to differentially invest within twin pairs due

to the public goods nature of parental time involvement.

Table 6 shows the same pattern but using data wherechildren report the level of parental invest-

ments. In case there were worries that parental self reportswere measured with error, or reflected something

else altogether, the results of Table 6 reassure that in terms of parental involvement in children’s education,

the lower birth weight child appears to receive greater investments.

7The only other explanation is aperfectly compensatoryinvestment - in that parents invest just as much in the lower birth weight
twin as they disinvest in the higher birth weight twin. Moreover the causal impact of these investments and disinvestments on test
scores have to cancel each other out.
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However, how important are parental investments for test scores? Again, we stress that we can

only provide correlations and not causal estimates here. Correlations between school performance and

parental investments (using the parental responses) suggest that moving from "Never" to "Often" in terms of

studying with the child, is correlated with an increase in test scores of 0.04 SD. Given the overall drop in the

birth weight "effect" (from the OLS estimation) is 0.11 SD, it would appear, at least based on these simple

correlations, that parental involvement could explain a large portion of the overall decline observed in OLS.

It is more difficult to observe parental investments in the siblings fixed effects. Due to data lim-

itations and the timing of the surveys, we can only use siblings who were in 4th grade in 2002 and 2007.

Hence siblings who are 5 years apart in exactly those years (this is around 13000 siblings) are used in the

estimation. The large negative coefficient on birth weight (column 3 Table 5) again suggests that within

siblings, greater birth weight is correlated with fewer investments. However, given that the survey questions

between 2002 and 2007 are not perfectly comparable (they measure investments in reading, but the ques-

tions are slightly different across years), we would see these results as being only suggestive of differential

investments within sibling pairs.

5.4.2. The Role of Measurement Error.One possible explanation for why OLS estimates are smaller than

the twins FE estimates could be measurement error. Classical measurement error in birth weight would

typically drive the coefficient towards zero. Measurement error in twins fixed effects estimates is differenced

out since twins are presumably weighed with similar error. However, we can rule out the role played by

measurement error by observing thepatternof the OLS and fixed effects estimates. If classical measurement

error were the only driver of OLS and FE differences we would expect OLS to be less than FE from grade 1

onwards, not a decreasing pattern in the OLS estimates. The fact thatλOLS
1

andλFE
1

are quite similar leads

us to believe that measurement error might not play a major role in explaining the OLS and FE differences.

Moreover, the same measurement error cannot explain the pattern observed across siblings who differ in age

by 1 year as opposed to 5 years. If measurement error were the only driver, we would expect these patterns

to be different.

5.5. Heterogenous effects, Mechanisms and SIMCE test scores

In table 6 we explore the impact of birth weight on test scoresby the educational attainment of the

mother. Panel A in table 6 replicates the estimation as in table 3 for mothers who have at least completed high
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school, while panel B in table 6 does the estimation for mother with less than high school. Comparing each

grade, we do not observe a statistically significant difference across the coefficients on log birth weight. We

also obtained birth weight effects by type of school attended (pubic, private, voucher), by location (urban,

rural, Santiago, non-Santiago etc) but did not find statistically significant role for these interactions. Thus

there appears to be a limited role for heterogenous effects in this case.

One mechanism we can explore in this paper is that of school absences. If lower birth weight leads

to poorer overall health, which leads to school absences, itis likely that the mechanism driving the results on

test score differentials comes from a pure health channel, rather than differences in cognitive development.

Table 7, Panel A explores this channel. We find school attendance within twins to not be a function of birth

weight (except in 1st grade). Hence, it appears that school absences is not one of the mechanisms driving

our main results.

Panel B of table 7 suggests that apart from 1st grade, birth weight does not have an impact on grade

repetitions. In 1st grade, a 10% increase in birth weight decreases the probability of repeating a grade by

0.004 percentage points, or 8% lower than the average. However, grade repetition is a rare event in any case

and birth weight does predicteverhaving to repeat a grade.

5.6. Twins vs. Singletons and Zygosity

One common criticism of twins based studies is that twins arenot representative of the population.

Figure 4shows this to be true. To partially address issue, we plot therelationship between test scores

and birth weight among singletons who have similar support on the birth weight distribution as the twins.

Figure 5shows the relationship between birth weight and math gradesfor both single births and twins for

the children born between the 1st and 99th percentile of the twins birth weight distribution.
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FIGURE 4. Distribution of Birth Weight
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Note: This histogram shows all live births in Chile between 1992 and 2001 and also only twin births. The two vertical linesindicate
the 1st and 99th percentile of the distribution respectively.

FIGURE 5. Standardized math scores and Birth Weight
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The math grades have been standardized at the classroom level. The solid line represents a local linear order polynomialregression.
The dots represent a moving average with a centered window width of 100 grams. Vertical dashed bar represent the mean of the
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Zygosity is an important factor in twins based studies. However, the vital statistics data we have

does not allow us to separately identify monozygotic and dizygotic twin pairs. As mentioned earlier, the

recent Black et al (2007) paper uses some zygosity information and shows no difference in birth weight

effects across MZ and DZ twins. As a robustness check, Table 8explores the basic set of coefficients for the

effect of birth weight on math scores in each grade by type of twin pair. Our results are robust even when

we use explicitly dizygotic twin pairs (boy-girl twin pairs). In Table 8, estimates for all types of twin pairs

appear robust across grades and are similar in magnitude to the overall twin sample used in Table 3.

6. CONCLUSION

This paper is one of the first to examine the causal impact of birth weight on the process of human

capital accumulation. By using a twins estimation strategyand taking differences in birth weight within

twin pairs, we find that birth weight has a fairly sizable impact on test scores, specially for very low birth

weight children where the effect on math scores can be as large as 0.2 SD less. Importantly, we find these

effects to be persistent between grades 1 through 8. Using a siblings estimator or OLS would suggest that

the effect of birth weight declines between grades 1-8. In fact, siblings estimate suggest that the greater the

age gap between siblings, the greater the decline in the birth weight effect.

Using data on parental investments, we find that parental investments are negatively correlated with

birth weight and likely drive the differences between OLS, siblings and twins fixed effects estimates. The

same data also allows us to test a central assumption in many twins based papers analyzing the impact of

birth weight: we find no differences in parental investmentsbetween twins.

We are certainly cognizant of the caveats that come with our chosen estimation strategy. Twins are

very different from the general population. Similar to Black, Devereux, and Salvanes (2007) we find that

the incidence of low birth weight among the twins populationis much higher than in the overall population

(44% as opposed to 15%). Moreover, we do not observe the zygosity of the twins, and it is possible that

genetic differences within dizygotic twins could contaminate out results.

Despite these caveats, we believe this study contributes tothe literature in three ways. First, we

underscore the importance of initial health endowments as measured by birth weight in human capital for-

mation. Second, by examining performance in school we add tothe literature on birth weight and its effects,

which so far has examined outcomes soon after birth or as adults. Finally, by being able to follow twin
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pairs and siblings over time in school, we are able to highlight the pattern of how these estimates vary over

time, and show that parental investments are likely drivingthese differences. Hence, we address whether

the effect of birth weight on school achievement is a temporary effect or a persistent one.
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7. APPENDIX B: CRE AND VALUE ADDED MODELS

7.1. Twins Correlated Random Effects

An alternative way to proceed to tackle the issue of unobserved family characteristics, would be

to project the family specific unobserved component on the child specific endowments of both twins and an

error term (Chamberlain 1982, Ashenfelter and Krueger 1994, Card 1999):

µj = φ1BWij + φ2BWi′j + δFj + vj(11)

Equation11 shows the general correlation between the unobserved family component and the observable

components, andvj is uncorrelated withBW ’s and theF ’s . Substituting equation11 in equation2, and

suppressing the unobserved educational inputs, we obtain:

Tijt = (λt + φ1ωt)BWij + ωtφ2BWi′j + (αt + ωtδ)Fj + eijt(12)

Whereeijt contains the original error termuijt andvj . If the correlation between the family effect and each

twin’s birth weight is the same, that is ifφ1 = φ2 = φ, then we can rewrite equation12as:

Tijt = λtBWij + ωtφ[BWij +BWi′j ] + (αt + ωtδ)Fj + eijt(13)

φ captures the correlation between family characteristics and birth weight. If families in general provide

more attention and investments towards the lower birth weight child, then we should expectφ to be negative.

ωt captures the effect of this family specific unobservable component on test scores in each time period. The

advantage of the correlated random effects approach is thatwe can trace out over time, the role played by the

individual specific endowment (in this caseBWij) as well as the role played by family level characteristics,

captured in part byωtφ. The assumptions regarding equality of educational inputswithin twin pairs remains

in this estimation strategy as well. Equation13 is symmetric for the other twin (i.e. if the outcome variable

wasTi′jt) and can be estimated by OLS, although GLS might be preferred(Ashenfelter and Krueger 1994).

7.1.1. Estimates of CRE Model.Appendix Table 2 Panel A estimates equation13and shows the coefficients

for λt and forωtφ. The estimates forλt are very similar to that in Table 3. The coefficient on log total birth

weight of the twins gives us estimates ofωtφ. The negative coefficient suggests the negative correlation
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between family inputs and birth weight. The pattern of results in the CRE model suggest that unobserved

family characteristics are likely driving the OLS results to show a pattern of decrease over time.

7.2. Twins Value Added Model

In the absence of data on history of parental inputs, the education literature often adopts avalue

added model, where lagged test scores are used as regressors. Lagged test scores are after all, a function of

the lagged inputs themselves. Hence, in our case we exploit the panel nature of the data to partially relax

some of the assumptions made while estimating5 in the context of twins. Since we observe consecutive test

outcomes for twin pairs, we can modify equation2 into a twins based value added model.

We begin with the simplest expression for a value added model, using lagged test score as a regres-

sor, but constraining its coefficient to 1:

Tijt = (λt − λt−1)BWij + Tijt−1 + (αt − αt−1)Fj + (ωt − ωt−1)µj + ηijt(14)

The above equation imposes that the impact of lagged test scores does not decay over time. This

is a matter of much discussion in this literature, although the consensus appears to reject the idea that the

coefficient on the lagged test score is 1.8 Hence, researchers usually express lagged test scores witha

coefficient that is less than 1. For our purposes, we denote the decay term byγ, resulting in a slightly

different expression of equation14:9

Tijt = (λt − γλt−1)BWij + γTijt−1 + (αt − γαt−1)Fj + (ωt − γωt−1)µj(15)

+β1Xijt + (β2 − γβ1)Xijt−1 + . . .+ (βt − γβt−1)Xij1 + eijt − γeijt−1
︸ ︷︷ ︸

νijt

(16)

Since the coefficient of interest in many education production function estimations isβ1, value added models

typically assume that the effect of all inputs, endowments and unobserved characteristics decline geometri-

cally: i.e. λt = γλt−1, ωt = γωt−1, αt = γαt−1 andβt = γβt−1 for all t. We are interested in estimating

λt−γλt−1, and by employing a twins estimator embedded in a value addedmodel, need fewer assumptions

in estimating equation16. While we certainly need thatβt = γβt−1 for all t, we can subtract equation16

8See Andrabi, Das, Khwaja, and Zajonc (2008) and Boozer and Rouse [??] for a discussion of the merits and demerits of assuming
γ=1 in this context. Andrabi, Das, Khwaja, and Zajonc (2008) strongly reject the idea thatγ=1.
9We follow Todd and Wolpin (2007), and subtractγTijt−1 on both sides from equation2, collect the terms and rearrange.
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within twins to eliminate family level characteristics, both observed and unobserved.10 Subtracting equation

16 within twin pairs, we obtain a twins value added estimator:

Tijt = (λt − γλt−1)(BWij −BWi′j) + γ(Tijt−1 − Ti′jt−1) +(17)

+β1(Xijt −Xi′jt) + (β2 − γβ1)(Xijt−1 −Xi′jt−1) +(18)

. . .+ (βt − γβt−1)(Xij1 −Xi′jt−1) + (eijt − γeijt−1)− (ei′jt − γei′jt−1)(19)

As mentioned earlier, we assume thatβt = γβt−1 for all t, and are left with:

Tijt = (λt − γλt−1)(BWij −BWi′j) + γ(Tijt−1 − Ti′jt−1) +(20)

+β1(Xijt −Xi′jt) + (eijt − γeijt−1)− (ei′jt − γei′jt−1)
︸ ︷︷ ︸

pijt

(21)

In other words, while the twins fixed effects model in section2.1 assumed equality of inputs within twin

pairs (i.e.Xijt = Xi′jt for all t), in a twins value added model, we assume that the impact of these inputs

decline geometrically at rateγ and that this is true for all inputs. We also need that elements in pijt are not

correlated with birth weight differentials within twins.

The downside of the value added specification is that we no longer recoverλt, our initial parameter

of interest. We can only recover the impact of birth weight ontest scores net of a decay term. However, this

is an economically relevant variable, which translates to how much birth weight adds to test scores in each

period, net of its impact in the previous period. In the results section we provide estimates forλt as well as

λt − γλt−1 from the specifications discussed above.

7.2.1. Estimates of a Twins based value added model.Having established thatλt is positive and significant

across different grades using a simple twins estimate, we now turn our attention to a twins based value added

model. A twins based value added model in this context estimates:

Tijt = ρtBWijt + γTijt−1 + ηj + ǫijt(22)

WhereTijt−1 is the lagged test outcome andηj denotes the twin fixed effect. As mentioned in section 2, the

coefficient on birth weight in this specificationρt = λt − γλt−1. This is interpreted as the impact of birth

10I.e. we do not need to assumeωt = γωt−1 andαt = γαt−1
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weight on yeart’s test scores net of its impact on yeart−1 along with a decay term denoted byγ. Appendix

Table 2 Panel B estimates equation22 for grade 2-8 (for grade 1 we do not have lagged test scores). The

estimates ofρt appear stable over time for math. The twins value added modelis useful if we were unwilling

to believe in some of the assumptions of the simpler twins model. However, there are other assumptions

needed to usefully interpret the twins value added model as mentioned in section 2.1. In sum we believe that

both estimates reveal similar and related parameters abouthow birth weight affects performance in school.

8. DATA APPENDIX

8.1. Birth Data

This section is a work in progress. More details furnished upon request.

The data on the birth weight come from a data set provided by the Health Ministry of the govern-

ment of Chile. This dataset includes information on all the children born between the years 1992 and 2000.

It provides data on the individual identification number of the child born, as well as the sex, birth weight,

length, weeks of gestation and several demographics of the parents such as the age, education and occupa-

tional status. In addition, the data set provides a variabledescribing the type of birth, be it a single birth,

double, triple, etc. This variables was used to identify which births were twins. The data did not provide an

identifier signaling which two twins were siblings so this had to be determined in a way described below.

The original data in cross section form was manipulated in the following way:

(1) The birth cross section data sets were appended to each other to create large list of all the births

realized in Chile at public hospitals. This procedure generates a list of 2,505,125 unique births.
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TABLE 1. Twins and Total Births

Twins % Total Births

1992 4,429 1.6% 279,098

1993 4,396 1.6% 275,916

1994 4,256 1.6% 273,766

1995 4,372 1.6% 265,931

1996 4,156 1.6% 264,793

1997 4,149 1.6% 259,959

1998 4,091 1.6% 257,105

1999 4,205 1.7% 250,674

2000 4,123 1.7% 248,893

This table shows the amount of twin and total births per year.
Source: Chilean Birth Database.

(2) Twins are defined by the original data but the twin siblingis determined by matching the date,

location, and type of birth. In addition the demographics ofboth parents are used to determine each

twins sibling. The exact variables used were :Day, Month, Year, Municipality, Age of Mother, Age

of Father, Education of the Father, Education of the Mother. Using these characteristics we were

able to uniquely match X% of the twins in the dataset to their corresponding siblings.
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TABLE 2. Match of Twins Among Siblings

Twins Matched Total Twins % Matched

1992 4,138 4,429 93.4%

1993 4,080 4,396 92.8%

1994 4,020 4,256 94.5%

1995 4,200 4,372 96.1%

1996 3,894 4,156 93.7%

1997 3,882 4,149 93.6%

1998 3,872 4,091 94.6%

1999 3,974 4,205 94.5%

2000 3,918 4,123 95.0%

The data records if the birth is a twin but does not provide a sibling identifier which must be determined in the data by matching
a series of variables. This table shows the amount of twins that were able to be matched to their corresponding sibling using
only the following variablesDay, Month, Year, Municipality, Age of Mother, Age of Father, Education of the Father, Education
of the Mother.
Source: Chilean Birth Database.

The reason some twins remain unmatched is due to measurementerror in the matching variables.

Some of these categories such as municipality are recorded with error, as can be determined by the

fact some of the codes (4-7 digits) do not exist. In addition,if a twin is born and there is no matching

twin born in the same municipality, there is also an obvious error. When the unmatched twins are

examined we can see that many are obvious typos (Same DOB and twin status, age of mother and

father but municipality is 356 and the other is 365.) We omit these observations to be conservative

and also because these amount to only4.6% of all twins.

(3) Each twin pair is assigned a unique identifier and the twins data set is saved separately (TwinsPanel.dta)

saving the parents demographics as well as the details regarding each twins birth.

8.2. Education Data

The data on education results and demographics come from thetwo main sources. The first is the

RECH database that consists of administrative data on the subject grades of every student in the country

between 2002 and 2008. The second source of educational information is the SIMCE database which is a
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national test administered yearly to every 4th grader in thecountry and on alternating years to 8th and 10th

graders. Both of these databases were kindly provided by theMinistry of Education of Chile (MINEDUC).

8.2.1. RECH - Registro de Estudiantes de Chile.This database consists of the grades of each students

for every subject taken during the year. It covers every student in the country from 2002 to 2008. This

database provides the information on the educational results of twins broken up by subjects and allows the

construction of the ranking and level measures of academic success at the school/class/grade level.

The first database (students) is a list of all the students that attended some school in thecountry.

The second database (grades) is a list of every mark registered during that school year. This database

specifies the student,class, grade and subject for which themark was given. An observation is for example

TABLE 3. Match of Twins Among Siblings

School Type Grade Class Year Student ID Subject Mark Categoric Mark

5793 110 1 A 2008 9--- 11 (EDUCACION FISICA) 4,9 .

5793 110 1 A 2008 9--- 13 (RELIGION) . MB (Muy Bien)

5793 110 1 A 2008 9--- 14 (LENGUAJE Y COMUNICACION) 4,8 .

5793 110 1 A 2008 9--- 15 (EDUCACION MATEMATICA) 4,8 .

5793 110 1 A 2008 9--- 16 (COMPRENSION DEL MEDIO ) 4,6 .

5793 110 1 A 2008 9--- 17 (EDUCACION TECNOLOGICA) 5,0 .

5793 110 1 A 2008 9--- 18 (EDUCACION ARTISTICA) 4,0 .

5793 110 1 A 2008 3--- 11 (EDUCACION FISICA) 5,0

5793 110 1 A 2008 3--- 13 (RELIGION) . MB (Muy Bien)

5793 110 1 A 2008 3--- 14 (LENGUAJE Y COMUNICACION) 4,9

5793 110 1 A 2008 3--- 15 (EDUCACION MATEMATICA) 5,2

5793 110 1 A 2008 3--- 16 (COMPRENSION DEL MEDIO) 5,0

5793 110 1 A 2008 3--- 17 (EDUCACION TECNOLOGICA) 5,7

5793 110 1 A 2008 3--- 18 (EDUCACION ARTISTICA) 5,7

This shows an extract from the data recording subject marks.Each yearly cross section consists of over 30 million observations of the type
displayed above. The table shows the grades of two students at the same school in the same class.
Source: RECH Database.

The original data in cross section form was manipulated in the following way.
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(1) The cross sections of the student lists were appended to each other and duplicates were dropped to

generate a list of all the students that appear at some point in time in the educational system between

2002 and 2008. The original database only includes the data validated by the civil registry so that

student “id” uniquely identifies each student.

(2) The grades database is modified to include uniform categories of class subjects. We are interested in

two categories, namely Mathematics and Language Arts, as these are the most homogeneous across

schools and easy to identify in early grades. The defined categories cover 99% of all schools for

each subject.

Marks in Chile are set from 1 to 7 where 7 is the highest and a 4 isrequired to pass. The level

grades are standardized at the school, subject and teacher level.

TABLE 4. Descriptive Statistics of Marks Given in the Twins Sample

1st Graders Subjects Obs Mean Std. Min Max

Mathematics 21783 5.73 1.01 1.3 7

Language Arts 21626 5.64 1.1 1.5 7

4th Graders Subjects Obs Mean Std. Min Max

Mathematics 24811 5.25 .90 1.8 7

Language Arts 24663 5.39 .84 1.6 7

8th Graders Subjects Obs Mean Std. Min Max

Mathematics 10733 5.07 .89 1.8 7

Language Arts 10672 5.27 .78 2 7

This table shows descriptive statistics of our sample of twins. There are three things to note from this table. The first isthat there
are more observations for lower grades as we have birth data starting in 1992 and grade information ending in 2008 so that
there are less cohorts in higher grades.
Source: RECH Database and Chilean Births Database, AuthorsCalculations.

(3) The list of students is then merged with the grades data for each year to create a panel of grades for

each student. This data set thus has each student that went toschool in Chile between 2002-2008

and his standardized grade for each year. We call this data set the RECHPanel. The RECHPanel

database constructed in this way has over 4.5 million uniquestudent observations.
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(4) From this panel, twins identified from theTwinsPanel database are linked to their academic achieve-

ment data in the RECH database.

TABLE 5. Descriptive Statistics of Merge between Education and Birth

Data - Whole Sample

Missed Matched % Matched

1992 15,675 263,423 94%

1993 13,331 262,588 95%

1994 12,086 261,681 96%

1995 11,051 254,882 96%

1996 10,725 254,071 96%

1997 10,114 249,845 96%

1998 10,707 246,400 96%

1999 11,251 239,423 96%

2000 15,729 233,164 94%

This table shows the rate at which the observations of birthsmatch with education data from the RECH database. The match rate
is approximately 96% for years where children would be in grades 1 and above. For years beyond 2000, we are not able to
match any births to student records as these students are notyet in the data base we constructed.
Source: RECH Database and Chilean Births Database, AuthorsCalculations.
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TABLE 6. Descriptive Statistics of Merge between Education and Birth

Data - Twins

Matched Missed Twin Births

1992 3,742 396 90.4%

1993 3,728 352 91.4%

1994 3,715 306 92.4%

1995 3,883 317 92.5%

1996 3,606 288 92.6%

1997 3,607 275 92.9%

1998 3,597 276 92.9%

1999 3,709 265 93.3%

2000 3,506 412 89.5%

This table shows the rate at which the observations of twin births in public hospitals match with education data from the RECH
database. The match rate is approximately 93% for years where children would be in grades 1 and above. For years beyond
2000, we are not able to match any births to student records asthese students are not yet in the RECH database we constructed.
We miss twins because of measurement data in their information and we require both twins to have complete information for
a match to be valid. We also miss twins because we cannot find the unique twin sibling.
Source: RECH Database and Chilean Births Database, AuthorsCalculations.

8.2.2. SIMCE. The SIMCE test covers three main subjects: Mathematics, Science and Language Arts. It

is a census used to evaluate the progress of students regarding the national curriculum goals set out by

MINEDUC. The test is constructed to be comparable across schools and time. This test is also accompanied

by two surveys, one to parents and one to teachers. These surveys include questions about the income of the

household as well as other demographics.

The SIMCE cross section data is merged with theTwinsPanel data set.



VARIABLES (1) (2) (3) (4)

Log Birth Weight 0.243 0.256 0.244 0.25
[0.004]*** [0.004]*** [0.004]*** [0.004]***

Dummy for Female 0.018 0.02 0.018
[0.001]*** [0.001]*** [0.001]***

Constant 3.417 3.261 3.995 3.885
[0.032]*** [0.032]*** [0.032]*** [0.032]***

Other variables

1+ Birth year 
and month 
dummies, 

Sex

2 + Parental 
Education, 

Employment and 
Occupation, Mother's 

Age

3 + 
Classroom 

fixed effects

Observations 1736628 1736628 1653555 1653555
R-squared 0 0.02 0.08 0.14

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: Non standardized math scores from Grade 4 used in these regressions

Math Scores in 4th grade

TABLE 1: Log Birth Weight and Test Scores - Ordinary Least Squares



1 2 3 4 5 6 7 8

Estimation type

1 OLS 0.317 0.291 0.292 0.294 0.239 0.222 0.197 0.19

[0.006]*** [0.005]*** [0.005]*** [0.005]*** [0.005]*** [0.005]*** [0.006]*** [0.007]***
OLS (twins sample) 0.354 0.277 0.277 0.27 0.191 0.179 0.138 0.115

[0.030]*** [0.029]*** [0.029]*** [0.028]*** [0.029]*** [0.033]*** [0.036]*** [0.045]***

2 Twins FE 0.479 0.503 0.49 0.591 0.566 0.553 0.521 0.497

[0.048]*** [0.046]*** [0.047]*** [0.046]*** [0.048]*** [0.055]*** [0.062]*** [0.074]***

3 Siblings FE 0.332 0.301 0.28 0.241 0.151 0.103 0.101 0.192

[0.014]*** [0.016]*** [0.017]*** [0.017]*** [0.018]*** [0.023]*** [0.032]*** [0.047]***

4 Siblings 1-2 years apart 0.329 0.324 0.306 0.27 0.193 0.174 0.154 0.186

[0.019]*** [0.019]*** [0.020]*** [0.021]*** [0.023]*** [0.026]*** [0.030]*** [0.036]***

5 Siblings 3-5 years apart 0.337 0.275 0.253 0.221 0.155 0.091 0.066 0.257

[0.020]*** [0.019]*** [0.019]*** [0.018]*** [0.020]*** [0.028]*** [0.048] [0.089]***

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

Grade in School

Notes: OLS regressions include the following controls: dummies for year of birth, father and mother's age, father and mother's education, father's 
occupation and employment status, sex of the child, and municipality of birth dummies

Coefficient on Log Birth Weight

TABLE 2: Fixed Effects Estimations of Birth Weight and Math Test Scores



1 2 3 4 5 6 7 8
Panel A - Math 

Log Birth Weight 0.461 0.482 0.509 0.594 0.571 0.579 0.618 0.531
[0.049]*** [0.048]*** [0.050]*** [0.049]*** [0.053]*** [0.060]*** [0.068]*** [0.081]***

Constant -3.634 -3.769 -3.965 -4.608 -4.345 -4.374 -4.669 -4.025
[0.382]*** [0.378]*** [0.392]*** [0.386]*** [0.416]*** [0.472]*** [0.528]*** [0.632]***

Number of Twin Pairs 9146 9253 9034 8962 7991 6486 5213 3866

Panel B - Language 
Log Birth Weight 0.367 0.367 0.301 0.326 0.257 0.217 0.313 0.216

[0.047]*** [0.047]*** [0.048]*** [0.046]*** [0.048]*** [0.054]*** [0.062]*** [0.075]***
Constant -2.898 -2.847 -2.312 -2.484 -1.851 -1.493 -2.235 -1.499

[0.368]*** [0.369]*** [0.372]*** [0.362]*** [0.375]*** [0.422]*** [0.488]*** [0.586]**
Number of Twin Pairs 9130 9233 9019 8945 7971 6473 5211 3862

Panel C - Math 
Low Birth Weight (1 if <2500 
gm, 0 otherwise)

-0.077 -0.093 -0.087 -0.117 -0.121 -0.11 -0.137 -0.109

[0.016]*** [0.015]*** [0.016]*** [0.016]*** [0.017]*** [0.020]*** [0.022]*** [0.027]***
Constant 0.01 0.037 0.048 0.086 0.168 0.198 0.221 0.176

[0.008] [0.008]*** [0.008]*** [0.008]*** [0.009]*** [0.010]*** [0.011]*** [0.013]***
Number of Twin Pairs 8715 9253 9032 8961 7991 6486 5214 3867

Panel D - Math
Very Low Birth Weight (1 if 
<1500 gm, 0 otherwise)

-0.1 -0.141 -0.187 -0.19 -0.254 -0.241 -0.337 -0.309

[0.050]** [0.051]*** [0.055]*** [0.054]*** [0.058]*** [0.065]*** [0.073]*** [0.088]***
Constant -0.021 0.001 0.015 0.04 0.122 0.156 0.17 0.135

[0.004]*** [0.004] [0.004]*** [0.004]*** [0.005]*** [0.005]*** [0.006]*** [0.007]***
Number of Twin Pairs 8715 9253 9032 8961 7991 6486 5214 3867

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

TABLE 3: Twins Estimates: Low Birth Weight and School Achievement in Grades 1-8

Grade in School

Notes: Twins fixed effects employed in all regressions. Regressions run only on twin pairs that are in the same class for each grade. Test scores 
range from 1-7. 

Dependent Variable: 
Standardized Test Scores



1 2 3 4 5 6 7 8
Panel A - All siblings 1-5 years apart 
Log Birth Weight 0.332 0.301 0.28 0.241 0.151 0.103 0.101 0.192

[0.014]*** [0.016]*** [0.017]*** [0.017]*** [0.018]*** [0.023]*** [0.032]*** [0.047]***
Constant -2.242 -2.054 -2.288 -1.807 -1.517 -1.458 -1.317 -1.254

[0.113]*** [0.049]*** [0.041]*** [0.037]*** [0.040]*** [0.044]*** [0.050]*** [0.060]***
Observations 818375 1077517 1323814 1578062 1420522 1176799 945687 686093

Panel B - Siblings FE (1 year apart)
Log Birth Weight 0.341 0.302 0.353 0.296 0.249 0.212 0.168 0.168

[0.031]*** [0.032]*** [0.034]*** [0.033]*** [0.035]*** [0.040]*** [0.044]*** [0.050]***
Constant -2.775 -2.475 -2.907 -2.419 -1.991 -1.676 -1.301 -1.308

[0.253]*** [0.259]*** [0.277]*** [0.267]*** [0.282]*** [0.327]*** [0.359]*** [0.407]***
Number of Sibling Pairs 31308 30521 28140 30725 27259 20428 18427 14869

Panel C - Siblings FE (3 years apart)
Log Birth Weight 0.35 0.307 0.271 0.256 0.17 0.075 0.061 0.316

[0.029]*** [0.028]*** [0.029]*** [0.031]*** [0.034]*** [0.042]* [0.069] [0.156]**
Constant -2.797 -2.447 -2.17 -2.021 -1.294 -0.51 -0.388 -2.456

[0.234]*** [0.230]*** [0.233]*** [0.247]*** [0.272]*** [0.340] [0.562] [1.262]*
Number of Sibling Pairs 46805 48466 49778 42542 36542 25263 9108 1986

Panel D - Siblings FE (5 years apart)
Log Birth Weight 0.409 0.261 0.209 0.151 0.138 0.137 -0.036 -0.198

[0.052]*** [0.047]*** [0.039]*** [0.035]*** [0.042]*** [0.078]* [0.233] [0.255]
Constant -3.272 -2.07 -1.665 -1.17 -1.048 -1.026 0.395 1.684

[0.421]*** [0.385]*** [0.315]*** [0.282]*** [0.341]*** [0.634] [1.886] [2.063]
Number of Sibling Pairs 15444 17215 26429 32800 22566 6796 593 489

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

TABLE 4: OLS & Siblings Estimates: Birth Weight and Math Grades 1-8 (Full Sample)

Grade in School

Notes: All regressions include the following controls: dummies for year of birth, father and mother's age, father and mother's education, father's occupation and 
employment status, sex of the child, and municipality of birth dummies.



1 2 3 1 2
Data: Reading related investments from 
2002 and 2007 surveys

OLS
Twins Fixed 

Effects
Sibling Fixed 

Effects
Data: Student self reports 2009 OLS

Twins Fixed 
Effects

Log Birth Weight -0.026 0.054 -0.712 Summary measure of investment -0.018 0.072
[0.008]*** [0.040] [0.068]*** [0.004]*** [0.058]

Observations 372429 3375 (pairs) 13186 (pairs) Observations 179740 1827 (pairs)
Data: Parental reports 2002; Dependent 
variable: Summary measure of parental 
investments

OLS
Twins Fixed 

Effects
Investment detail:

OLS
Twins Fixed 

Effects

Log Birth Weight -0.056 0.052 Explains matter I do not understand -0.042 0.291

[0.008]*** [0.042] [0.007]*** [0.125]**

Low Birth Weight (1 if <2500 gm, 0 
otherwise)

0.015 -0.012
Helps me study

-0.032 0.088

[0.006]** [0.015] [0.009]*** [0.134]

Very Low Birth Weight (1 if <1500 gm, 0 
otherwise)

0.081 0.043
Goes over material with me before a test

-0.028 0.149

[0.022]*** [0.043] [0.008]*** [0.134]

Observations 204621 1798 (pairs) Helps me do chores -0.025 -0.057

Individual investment variables from 
2002 OLS

Twins Fixed 
Effects

[0.009]*** [0.156]

Investment detail: Checks my homework -0.017 0.193
[0.009]* [0.171]

Give books to child 0.001 -0.021 Learns or knows of my notes -0.019 -0.022
[0.016] [0.070] [0.007]*** [0.126]

Review homework with child -0.081 0.052 Congratulates me when I get good grades -0.005 0.028
[0.012]*** [0.079] [0.006] [0.111]

Do homework with child -0.111 -0.054 Challenges me when I get bad grades -0.01 -0.243
[0.014]*** [0.085] [0.010] [0.162]

Study with child
-0.123 -0.045 Especially willing to help when I need help in 

a certain subject
-0.035 0.07

[0.014]*** [0.089] [0.007]*** [0.133]
Read stories to child -0.108 0.058

[0.015]*** [0.081] Standard errors in brackets
Pose math problems to child -0.046 0.071 * significant at 10%; ** significant at 5%; *** significant at 1%

[0.013]*** [0.061]
Talk to child -0.002 0.027

[0.009] [0.046]
Make child do errands 0.038 0.063

[0.014]*** [0.065]
Make child write short texts -0.14 0.191

[0.016]*** [0.094]**
Play games with child 0.002 0.06

[0.015] [0.102]
Write the child messages -0.026 0.103

[0.017] [0.090]
Incetivize child to read -0.048 0.066

[0.014]*** [0.081]

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

Notes: All regressions control for mother's age, education, birth year dummies and income quintiles.

Table 5: Parental investments and Birth Weight

Panel A: Parental reports of investments Panel B: Child reports of parental investments



1 2 3 4 5 6 7 8
Panel A - High School and Over
Log Birth Weight 0.547 0.595 0.53 0.707 0.594 0.527 0.55 0.551

[0.072]*** [0.065]*** [0.066]*** [0.066]*** [0.070]*** [0.078]*** [0.091]*** [0.111]***
Constant -4.307 -4.634 -4.076 -5.438 -4.482 -3.926 -4.105 -4.136

[0.559]*** [0.506]*** [0.516]*** [0.517]*** [0.544]*** [0.613]*** [0.712]*** [0.865]***
Number of Twin Pairs 5762 6559 6255 6061 5322 4292 3375 2460

Panel B - Middle school and lower
Log Birth Weight 0.367 0.404 0.282 0.406 0.52 0.701 0.661 0.702

[0.115]*** [0.111]*** [0.111]** [0.110]*** [0.123]*** [0.140]*** [0.149]*** [0.185]***
Constant -3.249 -3.475 -2.443 -3.361 -4.164 -5.506 -5.194 -5.573

[0.901]*** [0.866]*** [0.868]*** [0.859]*** [0.963]*** [1.095]*** [1.169]*** [1.444]***
Number of Twin Pairs 2101 2314 2206 2158 1915 1529 1285 923

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

1 2 3 4 5 6 7 8
Panel A - Attendance (%)
Log Birth Weight 0.557 0.37 -0.158 0.256 0.012 0.186 0.16 0.285

[0.305]* [0.251] [0.278] [0.209] [0.239] [0.277] [0.353] [0.423]
Constant 89.831 91.865 96.351 93.319 95.056 93.797 94.28 93.107

[2.380]*** [1.960]*** [2.171]*** [1.637]*** [1.866]*** [2.162]*** [2.756]*** [3.308]***
Number of Twin Pairs 8246 9157 8679 8479 7536 6087 4690 3478

Panel B - Grade repetition
Log Birth Weight -0.036 -0.026 0.003 0.005 0.001 0 -0.017 -0.01

[0.018]** [0.016] [0.013] [0.013] [0.014] [0.013] [0.016] [0.013]
Constant 0.329 0.245 -0.002 -0.018 0.02 0.024 0.155 0.089

[0.137]** [0.126]* [0.100] [0.098] [0.108] [0.105] [0.123] [0.102]
Number of Twin Pairs 8246 9155 8676 8473 7533 6083 4690 3476

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

Grade in School

Notes: Twins fixed effects employed in all regressions. Regressions run only on twin pairs that are in the same class for each grade. 

TABLE 6: Twins Estimates: Birth Weight and Math Scores in Grades 1-8, by Mother's Education level

Grade in School

Notes: Twins fixed effects employed in all regressions. Regressions run only on twin pairs that are in the same class for each grade. Test scores range 
from 1-7. 

Dependent Variable: Standardized 
Test Scores

TABLE 7: Twins Estimates: Birth Weight, Grade Repetition and Attendance in Grades 1-8



1 2 3 4 5 6 7 8
Panel A - Same sex twin pairs
Log Birth Weight 0.446 0.533 0.502 0.632 0.559 0.615 0.551 0.546

[0.065]*** [0.060]*** [0.061]*** [0.060]*** [0.064]*** [0.071]*** [0.081]*** [0.097]***
Constant -3.618 -4.242 -3.952 -4.932 -4.274 -4.675 -4.169 -4.167

[0.507]*** [0.468]*** [0.473]*** [0.469]*** [0.498]*** [0.554]*** [0.634]*** [0.762]***
Number of Same Sex Twin Pairs 5908 6726 6434 6279 5505 4480 3599 2617

Panel B - Boy-Girl Twin Pairs
Log Birth Weight 0.595 0.547 0.308 0.608 0.62 0.434 0.657 0.729

[0.145]*** [0.134]*** [0.138]** [0.139]*** [0.151]*** [0.178]** [0.201]*** [0.255]***
Constant -4.77 -4.326 -2.374 -4.721 -4.752 -3.241 -5.022 -5.598

[1.136]*** [1.047]*** [1.084]** [1.091]*** [1.183]*** [1.394]** [1.576]*** [2.002]***
Number of Twin Pairs 1945 2138 2021 1937 1725 1335 1055 764

Panel C - Boy-Boy Twin Pairs
Log Birth Weight 0.362 0.407 0.431 0.558 0.467 0.641 0.59 0.527

[0.104]*** [0.094]*** [0.096]*** [0.096]*** [0.102]*** [0.115]*** [0.136]*** [0.161]***
Constant -2.965 -3.217 -3.361 -4.328 -3.56 -4.895 -4.485 -4.002

[0.809]*** [0.732]*** [0.753]*** [0.754]*** [0.795]*** [0.904]*** [1.065]*** [1.260]***
Number of Twin Pairs 2568 2932 2774 2699 2339 1871 1496 1094

Panel D - Girl-Girl Twin Pairs
Log Birth Weight 0.509 0.625 0.553 0.686 0.629 0.597 0.523 0.559

[0.083]*** [0.078]*** [0.078]*** [0.076]*** [0.081]*** [0.089]*** [0.100]*** [0.122]***
Constant -4.101 -4.993 -4.376 -5.374 -4.814 -4.521 -3.955 -4.281

[0.647]*** [0.608]*** [0.605]*** [0.594]*** [0.635]*** [0.697]*** [0.780]*** [0.949]***
Number of Twin Pairs 3340 3794 3660 3580 3166 2609 2103 1523

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

Table 8: Twins Estimates: Log Birth Weight and Math Achievement in Grades 1-8 by types of Twin Pairs

Grade in School

Notes: Twins fixed effects employed in all regressions. Regressions run only on twin pairs that are in the same class for each grade. Test scores 
range from 1-7. 

Dependent Variable: 
Standardized Test Scores



1 2 3 4 5 6 7 8
Panel A - CRE Estimates 
Log Birth Weight 0.539 0.534 0.452 0.54 0.53 0.568 0.526 0.559

[0.088]*** [0.082]*** [0.081]*** [0.080]*** [0.084]*** [0.093]*** [0.103]*** [0.121]***
Log Sum of Birth Weight -0.201 -0.242 -0.183 -0.318 -0.396 -0.476 -0.465 -0.535

[0.095]** [0.089]*** [0.089]** [0.088]*** [0.092]*** [0.103]*** [0.112]*** [0.134]***
Constant -2.565 -2.627 -2.39 -1.533 -0.723 -0.42 -0.168 0.265

[0.624]*** [0.307]*** [0.294]*** [0.295]*** [0.310]** [0.351] [0.387] [0.482]
Observations 20360 23955 23479 23200 20727 17081 13864 9976
R-Squared 0.06 0.06 0.06 0.05 0.05 0.05 0.06 0.07

1 2 3 4 5 6 7 8
Panel B - Value Added 
Log Birth Weight 0.4 0.336 0.158 0.317 0.231 0.188 0.201 0.262

[0.055]*** [0.054]*** [0.051]*** [0.049]*** [0.051]*** [0.055]*** [0.062]*** [0.073]***
Test score in previous grade 0.511 0.616 0.634 0.597 0.636 0.65 0.671

[0.011]*** [0.010]*** [0.010]*** [0.010]*** [0.011]*** [0.012]*** [0.013]***
Constant 2.606 -2.658 -1.255 -2.467 -1.732 -1.415 -1.523 -2.049

[0.430]*** [0.424]*** [0.400]*** [0.387]*** [0.397]*** [0.431]*** [0.488]*** [0.572]***
Number of Twin Pairs 8344 7396 7171 6933 6800 5709 4478 3338

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

Appendix TABLE 1: CRE & Value Added Estimates: Birth Weight and School Achievement in Grades 1-8 (Twins Sample)

Grade in School

Notes: All regressions in Panel A include the following controls: dummies for year of birth, father and mother's age, father and mother's education, 
father's occupation and employment status, sex of the child, municipality of birth dummies

Dependent Variable: 
Standardized Test Scores

Dependent Variable: 
Standardized Test Scores

Grade in School



1 2 3 4 5 6 7 8
Panel A - Math 
Log Birth Weight 0.354 0.277 0.277 0.27 0.191 0.179 0.138 0.115

[0.030]*** [0.029]*** [0.029]*** [0.028]*** [0.029]*** [0.033]*** [0.036]*** [0.045]***
Constant -2.499 -2.204 -2.288 -1.847 -1.246 -1.132 -0.845 -0.603

[0.520]*** [0.256]*** [0.244]*** [0.230]*** [0.233]*** [0.263]*** [0.295]*** [0.359]*
Observations 19513 21223 21236 23383 22170 18468 15084 11229
R-Squared 0.07 0.06 0.06 0.05 0.05 0.05 0.05 0.06

Standard errors in brackets
* significant at 10%; ** significant at 5%; *** significant at 1%

APPENDIX TABLE 2: OLS Estimates: Birth Weight and School Achievement in Grades 1-8 (Twins Sample)

Grade in School

Notes: All regressions include the following controls: dummies for year of birth, father and mother's age, father and mother's education, father's 
occupation and employment status, sex of the child, municipality of birth dummies

Dependent Variable: 
Standardized Test Scores
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