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Abstract

Obesity is one of the fastest-growing health cons@n developed as well as developing
countries. Raising general education levels isafrtee primary public interventions
suggested to address this issue. Much is knowntabeyositive correlation between
education and health outcomes; less about the ldgu3ais paper investigates the
relationship between obesity and education in atrumental Variables (IV) framework
that uses the variation caused by state-specifigpatsory schooling laws between 1914
and 1978 as an instrument for education. Examidatg from the first two waves of the
NHANES | find a strong and statistically signifitaregative effect of additional
schooling on Body Mass Index (BMI) measures, latgan OLS estimates imply. The
effect on females is especially pronounced. Theselts are robust to weak instruments
and various other validity checks, and suggestpbhties designed to increase years of
schooling for at-risk populations might lead to Stalntial health improvements.
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|. Introduction

Obesity rates have roughly doubled in the UniteteSStover the past 25 years, to
around 30% of the adult population - over 60 milljgeople. Sixty-five percent of the
population is either overweight or obese (CDC, 300®&reases in weight beyond
regular levels are associated with a higher inaidesf cardiovascular diseases, diabetes,
hypertension, and similar health problems. Thectlisad indirect costs of this epidemic
have been estimated at $117 billion annually (N\160)6Y. Childhood obesity has grown
alongside adult obesity, storing up problems ferftiture. By 2020 more than 40% of
the US population is predicted to be obese, and @@8awveight (Ruhm, 2007).

This raises several questions - what has causeduhge in obesity, and is there
scope for public intervention to remedy it? The tricequently proposed policies are
education, taxation, and fast-food regulation, all as a plethora of minor interventions
modeled on the campaign against cigarette smoRhijgson and Posner, 2008).
Education comes in different forms: nutrition lahg| advertising on the health
consequences of obesity; programs that teach ¢oméition and exercise; and general
education in the form of additional formal schoglifhilipson and Posner (2008) argue
that most of these policies have failed to work;ifstance, the labeling of food products
with nutritional information expanded vastly ovhetpast decades, while obesity rates
continued to climb. This paper sheds some lightherikely impacts of a policy focused
on increasing general education by examining tilebetween schooling and obesity.

Measures of education and health have a strongjymsorrelation even after
controlling for several measures of socio-econastatus, such as income (Cutler and
Lleras-Muney, 2006, survey several studies idemigfyhis correlation). But it is not
clear whether this relationship is causal. The psepof this paper is to examine whether
education has a causal impact on health; spedyfioalmeasures of obesity.

Uncovering causal effects of educatmmobesityrequires an exogenous change in
education; i.e., a variation in schooling thatngarrelated to changes in obesity. In a
simple regression of obesity on education the damgract of education might be

confounded by omitted variables, such as persoonalation or time preference, which

2 Using 1995 data.



can influence both education and obesity. This paydeuse compulsory schooling laws
(CSLs) as instruments for educational attainmenés€ schooling laws placed
restrictions on the minimum amount of schoolingdesebefore teenagers could apply
for a work permit, and changes in these laws fosmde people to stay in school longer
than they originally planned. If education doeséhavcausal impact on health, we would
expect these people to be healthier later in life.

To preview the results, the first stage suggestisabmpared to a CSL of 6 or fewer
years, stricter CSLs caused increases in averagagonal attainment of 2 months (for a
CSL of 7 years) to 9 months (for a CSL of 9 or mgears). These results are robust to a
careful investigation of the presence of weak unmsgnts. In the second stage, it is
estimated that a one-year increase in schoolirdsléaa reduction in the Body Mass
Index (BMI) of about 1-4%, and a decrease in tlubability of obesity of 2-4 percentage
points. These effects are stronger for females thiamales, and about three times larger
than the corresponding OLS estimates. Repeatingrtalysis with a different set of
schooling laws leads to similar results. Thesarests are consistent in the face of
various validity checks. My results suggest thdiljguntervention aimed at increasing
general education levels might lead to a substamiiction in the prevalence of obesity.
Such a policy is especially attractive given theous other returns to education (such as
higher wages) and the large cost of state-of-theaadical technology (Clark and Royer,
2008).

This paper is connected to two large and relatlddiof work: one that is studying
the causes of the recent surge in obesity andipslio address it; and another that is
examining the relationship between education armdtine

The literature on obesity is vast and ranges frestdptive studies and papers
studying various potential causes to examinatidrmiblic interventions; for concise
surveys see Philipson and Posner (2008), Finkelsteal. (2005), and Rashad and
Grossman (2004). Like most other health varialdbssity is strongly correlated with
education — more schooling is associated with @tancidence of obesity (Baum and
Ruhm, 2007; Rashad et al., 2006). It is less cldeather this relationship is causal.

Moreover, since educational attainment for the garpopulation has, if anything,



increased since the early 1980s, it cannot expitemise in obesity. However, if there is
a causal relationship between schooling and ohesitylic policy aimed towards
increasing general education for at-risk groupshtnyield significant health benefits.

A related set of literature has long establishstt@ng correlation between education
and various health outcomes (Cutler and Lleras-MuB@06). There are three possible
ways to explain the correlation between schoolimg) lzealth: (1) more schooling leads to
improvements in health; (2) better (or worse) Headfluences the amount of schooling
people receive; and (3) some third variable driveth education and health, such as
ability, parental characteristics or “time preferet) as argued by Fuchs (1982). While
the evidence on correlation is strong, studiesgu&nasi-) natural experiments have only
recently begun to try to uncover the causal refetops. Most of this work uses various
instruments for education to generate an exogecioarsge in schooling and examine its
impact on different health outcomes.

The first wave of papers, such as Berger and LEi§B9) and Leigh and Dhir
(1997), used parents’ schooling, ancestry, or dgucaxpenditures in state of residence
in childhood as instruments, among others. Blo@agure, smoking rates, and exercise
levels are used as dependent variables, and sogasloften, if not always, found to be
statistically significant. While these instrumené&n describe educational attainment well,
they are also arguably correlated with childreréalth and other variables, such as state
health expenditures, that can affect health.

The idea of using compulsory schooling laws asatrument for education was first
suggested by Angrist and Krueger (1991). The insént in their paper, quarter-of-birth,
was criticized as potentially invalid and “weakd\ correlation with education). Recent
literature has tried to work around these problesnasing the compulsory schooling
laws directly as instruments. Acemoglu and Andgii9199) examine the social returns to
education; Goldin and Katz (2003) study the expgamsf high-school enroliment in the
1920s; Lochner and Moretti (2004) investigate #lation between education and crime
rates; Oreopoulos et al. (2006) study the interggimnal effects of schooling. All these
papers successfully use compulsory schooling lansstruments for education.

To date, only a handful of papers have looked dtsG#id health. Adams (2002) uses
data from the first wave of the Health and Retiren&udy in 1992. The health measure



is “functional ability’®, and he uses quarter-of-birth dummies as instrtsrEke Angrist
and Krueger, 1991). His results suggest that etucdbes have a causal impact on
health, and the effect is somewhat stronger for @mrithe statistically significant IV
results are between 50% and 100% larger than ti& cokfficients.

Black et al. (2004) investigate the impact of coiapry schooling on teenage births
in Norway and the US. They find large, negativee§; for instance, a minimum drop-
out age of 17 years reduces the probability oka tarth by 8.8%. They do not include
OLS results.

Lleras-Muney (2005) uses U.S. mortality rates ashialth variable. She finds that
one additional year of education lowers the prdiigtaf dying in the next 10 years by
about 3.6 percentage points, compared to 1.3 pagempoints using OLS. The standard
errors are too high, however, to reject the hypsiththat the OLS and IV coefficients are
the same. Additionally, her estimates are reduged factor of four when state-specific
time trends are included in the first-stage equafiddazumder, 2007).

A few studies using international data reach singénclusions (see Kenkel et al.,
2006, p640; Grossman, 2004). The combined results these papers suggest a causal
impact of education on health (Grossman, 2004, p633

An apparent exception is Clark and Royer (2008)y study the effects of an
increase in the minimum school leaving age frontal#5 in the UK in 1947 on mortality
and select health outcomes. This policy affectatbat 50% of the education distribution
and lead to an increase in completed educationslé®yeabout half a year. Their reduced-
form results suggest a weakly positive and sta#l§i insignificant effect on mortality (a
higher rate of mortality as a consequence of more edutgtihey find large, negative
OLS effects and small, negative IV effects on th@pprtion of people reporting “fair” or
“bad” health. These results are in contrast to vpn@vious research has found for the
US, and they speculate that differences in heafthrance coverage or more general
cultural attributes might be responsible (additlynaheir small sample sizes do not

allow precise estimates for outcomes other thartatity).

3 “Functional ability” is a self-reported measurermnehhow well people are able to complete certasks.
Tests show that these measures are fairly relintlleators of health status.



Only a very small set of papers has examined thsatampact of education on
obesity. Kenkel et al. (2006) use the NLSY79 tcestigate the relation between high
school completion and smoking and obesity ratetty avset of self-constructed
instruments based on the costs and difficulty ghlechool graduation and GED
certification. Their OLS results suggest that,feen, graduating actually increases the
probability of being overweight significantly (tleeefficients for women are negative,
but not statistically significant). IV coefficienare even larger, but not statistically
significant. They also find that parents’ schoolivas a strong negative effect on being
overweight, especially for females.

Maclnnis (2008) uses a change in drafting procesiimeUS males during the 1960s
to estimate the effect of college education onthedhe pre-lottery Vietnam draft led to
increases in college enroliment and completion-4%@3 He finds that college completion
reduces the probability of being obese by 70%,vamald save about $44,000 in reduced
medical costs per person.

Zhang (2008) analyzes the effects of early schowle@n youth obesity in the
NLSY97. She finds that delayed school entranceads@s educational attainment by up
to a year and increases the probability of beingneeight by 10 percentage points (for
girls; the effect on boys is small, negative, atadistically insignificant).

Clark and Royer (2008), mentioned above, also exartie impacts of the UK 1947
law change on BMI and obesity rates. While the @&sSults are strong and negative, the
IV estimates are positive and statistically insiigaint (small for BMI, large for obesity).

In this paper | contribute to these literaturethim following ways: | use a well-
established instrument for education in a new cdntéo estimate the effect of schooling
on obesity. | use U.S. data with detailed individdenooling information and measured,
rather than self-reported, obesity variables. Vie&ls the most credible estimate to date
of the causal impact of schooling on obesity. b asatify my results along various
dimensions, including gender and race, with intarggesults. Finally, | perform various

validity checks, including a detailed discussiomefak instruments.



II. Data and Empirical Approach

The estimation framework for my instrumental valéstregression can be written as

follows:
(1) Educisc = yCS—sc + ﬂxisc + 515 + 5lc + £isc'
(2) Yisc = IBEducisc + ¢2xisc + 525 + 52c + |/iszc .

Equation (1) describes the first stage of the tteges least squares estimation (2SLS).
Individual levels of schooling are regressed oncdtmpulsory schooling laws, where
denotes individuals state-of-birth and@ cohorts (measured by year-of-birtX)captures
other covariates such as percent female and pemoemthite. Thed’s capture state-of-
birth and year-of-birth (cohort) fixed effects, andndv describe the error terms. The
construction of the compulsory schooling variabf& Gs discussed below.

Equation (2), the second stage, uses the predatets of education from the first
stage to estimate the effect of schooling on thi@kike of interesy (in my case,
measures of obesity).

My results are based on the first two waves ofNh@onal Health and Nutrition
Examination Survey (NHANES), conducted from 1971935 and 1976 to 1980,
respectively: NHANESL1 interviewed and examined about 32,000 feeaged 1 to 74,
with a special emphasis on groups thought to bslkabf malnutrition, such as the poor,
elderly, and pregnant women. NHANES2 examined aB81800 people from 6 months
to 74 years of age, with a focus on children amrdaor. In both waves a subset of
persons aged 25-74 received a more detailed meshaah; the data on height and weight
that | use for my analysis are from the full “ntitm” survey. The information on basic
demographic variables such as age, race, and ina@®eollected through household

surveys; the height and weight measurements wkea @uring general medical

* A third wave of examinations took place from 1988994. Since then, NHANES has been conducted
bi-annually. The NHANES3 lacks place-of-birth dated can therefore not be used in my analysis. More
information on the data sources is contained inefojx A.1.



examinations and, as such, should not be subjdiases commonly found in self-
reported data (McAdams et al., 2007; Chou et 8042

The choice of data set was determined by the dibijaof some key variables: state-
of-birth and year-of-birth (needed for the applieatof compulsory schooling laws), and
height and weight (to derive measures of obesBijce most of the variation in the
schooling laws occurred from 1910 to 1940, the dawpuld ideally include a large
number of people born between 1900 and 1930. TheuSecould provide these
numbers, but unfortunately it lacks variables edab obesity. Other datasets, such as
the NHIS, PSID, BRFSS or NLSY either lack stateéswth, or do not go back in time far
enough.

| use the BMI (Body Mass Index) as a measure oftihedefined as weight in
kilograms divided by height in meters squared. @egght is defined as having a
BMI > 25, and obesity as having a BMBO (NIH, 2006; notice that overweight includes
obese in these definition3).

The data on the compulsory schooling laws werentdleen Oreopoulos et al. (2006),
which are the same as used in Acemoglu and Angi#89¥, as well as from Oreopoulos
(2008). The laws covered a variety of age, schgolmd work restrictions, but only a
few of those had a real impact on individual edwcet attainment. Following the
literature, | combine these different measures ansingle variable that captures the
minimum amount of schooling necessary for a workie(the main alternative to being
in school was to be working).

This variable is defined as

CSL = maximum {required years of schooling befaeaiving work permit,

(minimum age for work permit — enrollment age)}.

This definition captures the cases where a sepeatesgarding the required years
of schooling for a work permit was in place. Whithese laws were seen as ineffective

® Since BMI does not account for variations in masuolss or the distribution of body fat it is coeséti
less accurate than other measures of obesity suafaiat circumference (see Cawley and Burkhauser,
2006). None of these are available in the NHANES.

® These data are themselves similar, but not ideintic the ones used by Lleras-Muney (2005).



until 1915, they were widely enforced afterwardg, deeclined again in importance after
the 1940s (Lleras-Muney, 2005; Schmidt, 1995). ldata are available from 1914 to
1978.

CSL is a categorical variable with values betweam® 12. Instead of including it in
raw form, the literature has taken the approacépbfting it into 4 dummy variables as

follows:

CSL6 for CSL< 6 years,
CSLY for CSL = 7 years,
CSL8 for CSL = 8 years,
CSL9 for CSL> 9 years.

About 90% of the sample is in the 6-9 years rasge Table 1), so this captures most
of the variation. It also permits a nonlinear relaship between the laws and educational
attainment. The variables used for instrumentimgtus CSL7, CSL8, and CSL9, with
CSL6 being omitted.

Each person in the sample is matched to the CSitswvire in place in their state-of-
birth when they were 14 years old. Again, this basome the norm in the literature,
based on the observation that 14 years is the tax@smon drop-out age across states.
This approach assumes that individuals went toddhdheir state-of-birth, which might
result in some mismatching. As Lleras-Muney (20@&ks, however, mobility across
states was low during this period, and probably alscorrelated to the laws.

To get an impression about the fraction of my santipht was actually affected by
compulsory schooling laws, it is useful to lookaatross-tabulation of educational
attainment and the minimum number of years of sluhgoequired as stated in the laws.
This is done in Tables 2a/b/c. Values along thgahal indicate the total number of
people that had education levels exactly at thetcamt imposed by the schooling laws.
The values in brackets describe this number agcéidn of all people that had the same
compulsory schooling constraint (the column surf@gnming along the diagonal of
Table 2b we can infer that about 1319/118741% of adults in the NHANES1 were



directly affected by the compulsory schooling lawsheir state€. The corresponding
number for the NHANES?2 is about 7.8%, and 9.5%iercombined dataset (see Tables
2c and 2a). This fraction is quite low, but vemrp#ar to rates found in other studies
using US data and different schooling instrume®igopoulos, 2006b, p153).

| also use a different set of schooling laws talkem Oreopoulos (2008) that focuses
on the minimum school leaving agér@p_age). These laws are available from 1914 to
2005 and would thus allow me to extend my obsemugberiod; however, | am still
restricted by the availability of the NHANES data(ly observe adults - aged 18 or
older - between 1914 and 1976). The minimum scle@osling age varies between 12 and
18 years over that time period; it is equal to &érg for 75% of the sample, however.

To what extent are compulsory schooling laws advialstrument for education?
There are several requirements. First, they muisfygshe exclusion restriction, i.e. we
need to be sure that they do not influence obesgiectly. This seems reasonable. The
laws just placed restrictions on the amount of stihg required; they did not include
provisions for, say, school lunches, or other paags that would affect health. The
exclusion restriction would also be violated in tase of reverse causality, i.e. if changes
in the compulsory schooling laws were implemented aesult of changes in the average
level of education within states. This is diffictdtrule out. | address this problem by
presenting some graphical evidence suggestingthatational attainment did indeed
follow changes in the CSLs, and not vice versa ¢getion A.2 in the appendix).

Second, the instruments should be “strong”, i.ey thould be highly correlated with
the variable they instrument for, in this case adiooal attainment. This is commonly
judged by examining an F-test on the instrumentsnegression of the endogenous
variable on the instruments (the first stage), e as the partial & Bound et al. (1995,
1996) suggested that this F-statistic should geland statistically significant; Staiger
and Stock (1997) provided a rule-of-thumb statimag an F-statistic of less than 10 could

signal weak instruments. Results for my regressiwagpresented below.

" Out of those with more than nine years of schapwmho make up the majority of my sample, 81.8%
ended up with a high school degree or more (49.7bjust a high school degree).

10



Figure 1 shows the number of states with schodémg mandating 7 or fewer, 8 or
fewer, and 9 or fewer years of schooling (based@aie 1 of Oreopoulos et al., 2006).
It shows a clear downward trend, as states ralsgdrminimum schooling requirements.
About two-thirds of the variation in the laws isedio changes within states over time
(Oreopoulos et al., 2006, p739). Since my regressiall include state-of-birth
dummies, | rely on this within-state variation fdentification.

The NHANES1 surveyed and examined about 32,000lpeBpwever, height and
weight information is only available for 23,808 imiduals. 3,059 observations have to
be discarded due to missing sample weights, anthan®,216 due to incomplete
information on educational attainment. As mentioabdve, | have data on compulsory
schooling laws from 1914 to 1978, which requiretividuals with birth years between
1900 and 1964. Law data are also not availablAaska and Hawaii, as well as for
foreign-borns. Dropping observations with missirgL@lata results in a sample size of
15,315. Since the BMI is only defined for adultss estimation sample is restricted to
people aged 18 or older, which leaves a final sarajzle of 11,874. Similar steps reduce
the effective sample size of the NHANES2 from 2@,8211,214.

I1l. Results

Sample dtatistics

Tables 3A and 3B contain sample statistics foretftenation sample (aged 18 or
older), using the weights provided in the NHANE$pfoximately 50% of males and
39% of females are classified as overweight innleewaves of the NHANES,
proportions that have risen by about 10 percenpagés each since then (compared to
estimates from the 1998 NHI&)Basic demographic variables correspond well o th
values reported in the 1970 Census, which arelli@secomparison in the last columns of
Table 3A. About 70% are married, and about 30% lesethan a high school degree.

8 The reduction in the number of states with 9 erdieafter 1945 is due to many states requiring rtizae

9 years of schooling.

° The incidence of obesity is roughly the same actios first two waves of the NHANES. The NHANES?2
(1976-1980) was conducted immediately following HHeANES1 (1971-1975).
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The fraction of non-whites is small in all samplasgund 11%. The comparison of
income variables is problematic since the NHANES @mnovides income brackets.
Nonetheless, the imputed income variables for tHANES are quite similar to the
Census numbers.

Table 3B splits the samples by gender and raceeusdls that obesity and
overweight rates are substantially higher for noitevfemales than for white females.
Almost a third of the female nonwhite populatiors l@aBMI exceeding 30. This
difference is highly statistically significant (tasistic = 12.5).

First Sage

In the first stage of the Two-stage Least Squastsriation (2SLS) | regress
educational attainment on the compulsory schodéng to determine the power of the
instruments. Table 4 contains the results. Theessyon includes fixed effects for state-
of-birth and year-of-birth, as well as dummiestace, sex, marital status, and SMSA.
Standard errors are clustered by state-of-birthyaad-of-birth, as well as by state-of-
birth only.

The coefficients on the CSL variable are easilgnpteted: Consider, for instance,
CSL9 in the NHANESL1 column of Table 4. Someone bora state whose compulsory
schooling laws required 9 or more years of schgowould acquire almost a full
additional year of completed education (87.5% wéar), compared to someone born in a
state with a requirement of 6 or fewer years (CBLBe omitted dummy variable).

The coefficients are monotonically increasing, gseeted: an increase in years of
required schooling should lead to a rise in edoaati attainment. In addition, CSL7 is
never statistically significant, CSL8 sometimes] &8L9 always. The F-statistic on the
instruments is between 9 and 14, strongly stagibyisignificant but slightly lower than
in other CSL papers, and close to the rule-of-thtiméshold of 10 mentioned earlier. If
the standard errors are clustered by state-of-bldhe the F-statistic drops to between 3

and 5. This is suggestive of weak instrumentssand that | examine in more detail in

19 Since the NHANES only provides brackets for tégahily income, | assign midpoints (the weighted
mean of which is reported as “Family Income”) ainddk by household size to get an imputed personal
income variable (“Per capita Income”).
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the robustness section. In that section | showahaésults are robust to techniques that
allow for weak instruments.

The additional controls have the expected sigms, educational attainment is lower
for non-whites and higher for urban residents. Talep compare well with the results
from a similar first stage using Census data fr@&QLto 1980

Columns 2, 4 and 6 (Table 4) report the resulthfeolinear probability model, where
the dependent variable is an indicator for edunatiattainment exceeding "1 grade.

We do not expect the CSLs to have an impact onviagemore than a high school
education, and this presumption is confirmed byréselts — the coefficients on the laws
are very small and statistically insignificant.

OLSand IV

Table 5 contains the OLS and IV results, with BMdlte dependent variabfeThe
OLS coefficient is highly statistically significaahd suggests a modest decrease in BMI
for an additional year of schooling (0.13 unit9of%). Assuming a height of 1.8m, an
extra year of schooling would reduce weight by alfioé kgs'® This is consistent with
results from the epidemiological literature (Leigthal., 1992; Wardle et al., 2002).

BMI values are on average lower for females; preshlynbecause they tend to have a
lower weight than men, given the same height (H20€8). Nonwhites have a
substantially larger BMI than whites, while urb@sidence is associated with a slightly
lower BMI. Standard errors clustered by state-ofidoonly are very similar to those
clustered by state and year.

Turning to the IV results, we notice that the cmééht on education is almost six
times as large as in the OLS case in the NHANERA about three times as large for the
combined NHANES. This is somewhat surprising, asweald have expected the IV
result to be lower (in absolute value) than the @kfmate, and will be discussed in
more detail below. A one-year increase in schoakngpw associated with a decrease in
BMI of 0.41 units or 1.4%, which equals a loss ¥ kgs for a person of height equal to

1 Results available upon request.

12 Reduced form results are presented in sectiorofti3e appendix.

13 Since BMI = (weight in kg)/(height in metefg)nd assuming an average height of 1.8meters,-gamare
increase in education would lower a person’s weligh®.128 * 3.24 = 0.4 kgs (using the result far th
combined NHANES).

13



1.8m. The median weight for a person of this sszé6kg, so this represents a 1.7%
reduction in weight (using the Combined NHANES t&=ju

The changes in the coefficients of Black and SM&Aaso of interest. Both are now
smaller for the IV than for the OLS regressions aadonger statistically significant. To
the extent that they are proxies for educationdBkignaling lower education on
average, urban residence higher education), tbaiributions to BMI measures are now
subsumed in the education variable, thereby explgitheir insignificance in the IV
regression.

Lastly, Table 5 presents two tests commonly usd¢benVV context. The
underidentification test is a test of instrumemgvance, i.e. whether the instruments are
correlated with the endogenous regressor. Undemuhdypothesis the regression is
underidentified. This is clearly rejected in myealdlansen’s J Statistic represents a test
of overidentifying restrictions, where the null logpesis corresponds to valid
overidentifying instruments (uncorrelated with #reor term) and correct exclusion
restrictions. A rejection casts doubt on the validif the instruments. In my case the null

hypothesis is not rejected.

IV. Discussion

Why are the IV results so much bigger than the @&t8nates? As a recent survey by
Grossman (2004) pointed out, this is actually auieaof virtually all papers that use
CSLs and similar instruments in regressions oftheml education. He lists three
possible reasons:

1. If we assume that the health returns to educatoy between individuals, the 1V
estimate will reflect the rate of return of the gpahat is most affected by the
policy change used as an instrument. In other waheslV estimate reflects the
changes in health experienced by those who wenegapity affected by

14



compulsory schooling laws, those with low levelsdficatioft’. For policy
purposes this impact might even be of more intehest the one for the whole
population.

Oreopoulos (2006b) studies this discrepancy betweenage Treatment Effects
(ATE; the average effect for the whole populatian)l Local Average Treatment
Effects (LATE; the average effect on those influsshby the instrument) using
data from the UK. His analysis suggests that thwegyarameters are closer than
commonly thought, and that the difference betwek8 @nd IV estimates of the
rate of return to schooling is probably not duéiféerences in the population
group affected by the instrument. This has nobgen examined in the US
context, however.

2. If there is random measurement error in the edoicatariable, the OLS estimates
will be biased downwards. If the compulsory schogliaws are not correlated
with this error, using IV will remove this bias.

3. There might also be spillover effects, implyingtthgerson’s health might not
only depend on his or her own education, but atsthe schooling levels of
individuals living in his or her area. Currie anaidtti (2003) find that OLS
analysis tends to underestimate this effect.

Stratification

Table 6 reports OLS and IV results for the CombiNetANES stratified by various
demographic variables. The most striking resuibad the effect of education on BMI is
much stronger for females than for males. Usingtheesult, for a female of average
height (1.62m) a one-year increase in schoolingldveeduce weight by 2.7 kgs, or about
4% (at a median weight of 66kg). For males, thdfment is both much smaller and
statistically insignificant; in fact, even the OkStimates are negligible and statistically

insignificant for males?® This is consistent with previous literature orfefiénces across

4 These people, at the same time, should benefintis from additional schooling, in terms of both
health and labor market outcomes. (IV estimatésafme returns to education based on CSLs usually f
larger rates of return than the OLS models. SeeeAgix A.6 and fn26. See also Card, 2001.)

15 Regarding these gender differences, OLS estimategeay consistent across the two different
waves. The IV results are much weaker in the NHARIE®wever; this might be because a smaller share
of respondents was affected by the CSLs than ilNtHANES1 (see Tables 2b/c and the discussion on
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genders in the correlation between socio-econotatos (such as education) and obesity
(Sobal and Stunkard, 1989; Baum and Ruhm, 2007).

Probabilities of being overweight and obese

Instead of the continuous BMI variable one can absamine the probabilities of
being classified as overweight (BMI25) and obese (BMt 30). Table 7 contains the
results from a linear probability model that usedicator variables for obesity and
overweight as dependent variables. For the fulldenan additional year of schooling
will decrease the probability of being overweighbbese by about one percentage point
in the OLS model. This masks a considerable diffeeebetween genders; the impact on
males is negligible, while the at-risk probabilti#r females are reduced by around two
percentage points. The IV results again indicaat tthe strongest impact is on females;
an additional year of schooling is associated with5 percentage point reduction in
overweight incidence and a 4.4 percentage pointatezh in obesity incidence, which is
two to three times as high as the OLS results. FeBlacks respond even stronger than
female Whites, although the standard errors arecige high due to the small sample

size.

Alternative schooling laws

Besides schooling laws that focus on the abilitgetting a work permit | also use the
minimum school leaving age in each state as arumgnt, taken from Oreopoulos
(2008). This works as a validity check and alsothagotential of increasing the
statistical power of my estimates.

Table 8A contains the First-stage results. Regrassn columns marked [1] use the
“standard” set of compulsory schooling laws; thoseked [2] use the “new” set of laws,
and those marked [3] combine both sets. Two thamgoticeable: the “new” set of laws
works better than the old one in the more recehbrs represented in the NHANES2;
and the combination of old and new laws in the seegeession reduces their individual

impact but slightly improves standard errors arelRFstatistic on the instruments.

pages 9-10). Still, the addition of the NHANESDwalt a more precise estimation of the IV effects;
standard errors are reduced by about 25% in thdicmt dataset as compared to the NHANESL1 (results
available upon request).
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Table 8B shows the IV results. The estimates araarkably similar across the three
different setups. Standard errors in the combirsgds#t improve by between 10% and
30% when both sets of laws are included simultasigoaince the “new” laws work
better for the cohorts in the NHANESZ2.

Validity check: Height

Standard OLS estimates indicate a very small, tatisically significant positive
relationship between a person’s education andrtigoheight® This is presumably the
result of omitted variables, such as early childhoonditions, since an exogenous
increase in education should have no impact orrsopts height. This omitted variables
bias in the OLS estimates should not be presethieitV regression if the instruments
satisfy the exclusion restriction. In other wordstrumenting for education should yield
a statistically insignificant relationship betwesshooling and height, and this
“falsification test” can be used as another wagaihing confidence in my instrumental
variables. Using the original schooling laws anel¢tbmbined NHANES dataset, there is
indeed no significant relationship (both statidticand in magnitude) between height
and years of schooling in the IV setup (see Tahl@Bis strengthens my belief in the

validity of the instruments.

Validity check: State-specific time trends

It is possible that the instruments in my analgsescorrelated with other state-level
changes that affect educational outcomes. One avagdount for this is to include linear
state-specific time trends. As documented in TaBke doing so leaves the IV estimates
for the total effect of education on BMI unchangalthough the standard errors are
almost three times as large), but generates asedeign for the female subpopulation
together with enormous standard errors. Moreowetuding state-specific time trends
greatly diminishes the first-stage power of therunments, since in most states both the
compulsory schooling laws and general educatiottaiinenent trended upwards (see
Table 10b, and Oreopoulos et al., 2006, p750).

16 See Table 9. An additional year of schooling soagted with an increase in height of about 3.4mm,
0.13 inches.
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Following Oreopoulos et al.’s (2006) suggestiorgdlicate my analysis using a
subsample of states where the minimum requiredsy&faschoolinglecreased. |
construct four different subsamples consistingllo$tate/year cells that are within range
of five, ten, fifteen and twenty years before aftdraa decline in the minimum schooling
requirements. While these states were subjecketsdime nationwide increase in
educational attainment, their compulsory schoolavgs changed in the opposite
direction, so the IV estimates should be less erfied by an underlying trend. Table 10c
contains the results of this exercise. The coeffits derived from the various subsamples
are very consistent with the baseline result utiegull sample of law changes. Indeed,
the results for females are stronger in the subksmnand get weaker as the time window

expands and upward law changes are included.

Weak instruments

If the correlation between the instruments andetidogenous regressors is low, the
instruments are considered to be “weak”. To idgmiéak instruments, Staiger and Stock
(1997) proposed to examine the F-statistic onrisruments in the first-stage regression.
An F-statistic of less than 10 is indicative of wa&astruments. Tables 4 and 8A display
F-statistics between 5 and 9, and therefore sugigaisiveak instruments might be a
problem.

Assuming that the instruments are valid (satisfylmgexclusion restriction), the IV
estimator is still consistent. However, if the mstents are weak, the IV estimator will
be biased in small samples, and its distributidhmat follow standard asymptotic
theory, thereby invalidating standard inference.

Several estimators have been suggested to adtdeesstie of finite sample bias (see
Hahn et al., 2004, and Andrews and Stock, 2005gftent surveys), such as the Limited
Information Maximum Likelihood estimator (LIML), Ngar, Jackknife IV, and Full&r
estimator (which is among those that perform thet)b@able 11a contains the resdfts.

It is noticeable that the reported coefficientswadl as the standard errors, are very

Y The Fuller estimator (Fuller, 1977) is a variahth® LIML estimator, designed to have finite saepl
moments. When using the Fuller estimator the rebeatas to choose a parameter0. Following the
literature, | chosa = 1 (which yields a higher-order mean bias of araa = 4 (yielding a nonzero
higher mean bias but a smaller MSE).

18 All weak instrument regressions were performedhie STATA addoivreg2 (Baum et al., 2007).
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similar for all the five different estimators, aadross the two samples (full and females
only). This suggests that finite sample bias duedak instruments is not a problem.

The table also reports the test statistics antarivalues for a more recent test for
the presence of weak instruments, due to Stockvago (2002). The “KP F-stat” is the
Kleibergen-Paapk statistic¢® — an F-statistic adjusted for non-i.i.d. erromsn-the
instruments in the first stage. The various criticdues correspond to different
definitions of “poor performance” of IV estimatiamthe presence of weak instruments.
For instance, the instruments are considered wehk bias of the IV estimator relative
to the bias of OLS exceeds a certain threshold168&f, i.e. when the first-stage F-stat is
less than the critical value of 9.08. These tesstiy fail to reject the null of weak
instruments (although for the full sample | careralit more than 20% relative bid$).

Weak instruments also lead to incorrect inferesen the standard errors generated
by more robust estimators, such as the Fuller astimare not correct in the presence of
weak instruments. Several ways have been suggestemstruct tests and confidence
intervals that are robust to the presence of westkuments; see Andrews et al. (2007),
Andrews and Stock (2005) and Chernozhukov and HhefZ305).

Table 11b reports coverage-corrected confidenesvals and p-values for 2SLS and
LIML regressions, based on the conditional likebddCLR) approach developed by
Moreira (2003), as well as the Anderson and RuBR; (Anderson and Rubin, 1949) and
Lagrange Multiplier (score) tests (LM; Kleiberg@®02; Moreira, 20013 The CLR test
dominates both the AR and the LM test (Andrewd.e2806) and is therefore the most
preferred test. The intervals were constructedautisample weights, and assume i.i.d.
errors. Table 11b therefore also reports the bragie@ssion results without weights and
clustering, to make valid comparisons. The confogeintervals for the full sample
suggest that the negative effect of education @sitpis not statistically significant once
we take the weak instruments into account; thishinipange, however, if the interval

could be constructed using weighted data. Foreheafe subsample, the strong, negative

19 See Kleibergen and Paap (2006) and KleibergerSahdffer (2007).

201t should be noted that the Stock and Yogo (2@@i#ipal values assume i.i.d. errors, which is thet
assumption that | use for my regressions.

2 These confidence intervals were constructed usia@TATA addorcondivreg (Mikusheva and Poi,
2006).
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coefficient discovered earlier is confirmed asistaially significant, even in the presence
of weak instruments.

A different approach to correct inference in thegance of weak instruments relies
on the reduced form. Under the null hypothesis tth@tendogenous regressor is equal to
zero, the exclusion restriction implies that thef@oients on the instruments in the
reduced form for Y — where Y is being regressedhennstruments directly — should
also equal zero. As Chernozhukov and Hansen (285)ribe, this test is robust to weak
instruments, has the correct size and good powaksmvith weights and under
heteroskedasticity, and is very simple to complatiellows a Chi-squared distribution
with degrees of freedom equal to the number ofuelad instrument& This test,
reported in the last line of Table 11b, agrees withconfidence interval results — there is
a strong and statistically significant negativatienship between education and BMI for
the female subsample.

In conclusion, while my analysis is subject to pnesence of weak instruments, the
results are robust.

V. Conclusion

The surge in obesity rates over the past few decpdsents a major challenge for
public health policy?® Several ways have been suggested to addressabiem, one of
them being an expansion in obesity education andagbn in general. At the same time,
our understanding of the positive correlation bemveducation and health has been
augmented by research that uses quasi-naturaliemgres to establish causality. This
research suggests that there is a causal effechobling on a variety of health
measures.

This paper adds to both strands of the literatyrstbdying the causal effect of
education on obesity, using a fairly novel instratrte account for omitted variables

bias. Compulsory schooling laws from the first hadlthe 28 century are shown to have

“jvreg2 reports the same statistic when invoked with firet" option.
% This of course assumes that obesity generatesivegaternalities that warrant government intetiem
in the first place, which is a completely separssee (see Philipson and Posner, 2008, Section 3).
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increased average educational attainment by twin®months’ Estimates based on

this exogenous increase in schooling suggest thekta year of education lowers a
person’s BMI by 1-4%, and the probability of bewigese by 2-4 percentage points. This
effect is stronger for women than men, and abaeethimes larger than conventional
OLS estimates would imply. The estimates are ctersisn the face of several robustness
checks, such as state-specific time trends andrése=nce of weak instruments.

These results strengthen the idea that thereasisat pathway from schooling to
better health, and suggest that policies aimedcagasing general educational attainment
can be an effective tool to lower the prevalenceb#sity. Moreover, these health
benefits accrue in addition to the positive effemtsncome and other non-health
outcomes usually associated with higher educaliamould be noted that the
instruments used in this paper have their biggepact at low levels of education, and it
is unclear what the results of such an interventronld be at higher levels of schooling.
However, the population subgroups with lower lewdlsducation are also most at risk
from obesity and related diseases. Finally, thigepaoes not address the channels
through which schooling affects health (Increasesiiure lifetime utility? Better
cognitive skills? Preferences? Rank in society?@gter and Lleras-Muney, 2006). This

is an important question left for future research.

% More precisely, compared to a CSL of 6 or fewargestricter CSLs caused increases in average
educational attainment of 2 months (for a CSL g€&rs) to 9 months (for a CSL of 9 or more years).
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Appendix

A.1 Data sources

NHANES1

Downloaded fronmhttp://www.cdc.gov/nchs/about/major/nhanes/nhahis;.
specifically the data file named “Anthropometry,rGametry, Skeletal Age, Bone
Density, and Cortical Thickness, Ages 1-74 yeag 141

Last accessed 6/24/2008.

Race definition: “Mexicans were included with “Wéiitunless definitely known to
be American Indian or of other nonwhite race.” (N&H981, p57).

NHANES?2

Downloaded fronhttp://www.cdc.gov/nchs/about/major/nhanes/nharesii
specifically the data file named “Anthropometry033

Last accessed 6/24/2008.

See also NCHS (1984).

Compulsory Schooling Laws
Taken from Oreopoulos et al. (2006) and Oreopo{#668).

A.2 CSLs and educational attainment

Did the compulsory schooling laws cause an increasducational attainment, or did
the change in legislation follow a general risedlucational outcomes, or economic
prosperity? This is an argument about instrumelditsathat cannot be formally settled
(the Hansen J test cited above can only fail tectejalidity), and relies more on
persuasive arguments and results derived in preempirical studies.

Oreopoulos et al. (2006) construct a graph thatpares parents’ educational
attainment before and after a law change (p742) canvincingly suggests that increases
in educational outcomes were indeed caused byregeha the mandatory schooling
laws. | have obtained various versions of the agi to generate this graph, and
constructed my own code, but unfortunately | amblm&o exactly replicate it.

I nevertheless applied the same code to the NHANESe are various ways to cope
with states that experienced more than one inclieabe compulsory schooling laws, or

that had declines as well as increases. | choselyonclude states that had a single



increase in the minimum school leaving ad®p_age) over the entire sample period,
which reduced the number of states to 28. The sampestricted to adults who
completed less than 12 years of education. Thétieglrigure 2 shows the coefficients
on ten yearly dummy variables both before and dfieincrease in the CSL. Educational
attainment is more or less flat before the chaagd,increases by more than half a year
each in the three following periods afterwardspbetettling down again. Due to the
small number of observations the estimated coefiisi are not individually statistically

significant.

A.3 Reduced Form

Table A.3 contains the reduced form results, wigdvk is directly regressed onto the
instruments, stratified by gender and dataset.xd&e&ed, the relationships are a lot
stronger for females than for males. For malesetigoften gositive impact of an

additional year of compulsory schooling on BMI, esiplly in the NHANES2.

A.4 Subset regressions

Classic linear regressions such as OLS estimatditgmmal mean functions; they
measure the impact on the mean of the outcomeblarié is however easy to imagine
that the effects differ in magnitude and significarior different parts of the response
variable’s distribution. As a crude approximatiorthis "quantile regression” approach
one can generate ordered subsets of the deperateatile based on its unconditional
distribution and then run OLS regressions on eablet (this is somewhat troublesome
due to endogeneity issues). IV results can be noctsd similarly.

The results, presented in Table A.4, are quiteesteng. First, there is a positive
correlation between education and BMI for the lawpsntile, which becomes negative
and increasingly stronger for higher quintiles.sTisitrue for both males and females,
and also shows up when the analysis is repeatédevitiles. Second, the IV results are
mostly negative and larger in absolute terms tharQLS estimates, although the
standard errors are too high for any inferenceelasing the size of the subsamples by
using terciles further increases the magnitudéefsstimates for the high-BMI group,

but leaves the general pattern unchanged. Why daotvend strongly statistically
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significant results? One reason could be that iddads affected by the compulsory
schooling laws not only display a lower BMI but arefact, pushed into a lower BMI

bracket, which weakens the intra-group relationship

A.5 Survey estimation

The NHANESI1 dataset was generated by means olvaysundeed, it is a “multistage,
stratified, probability sample of loose clustergpefsons in land-based segments.”
(NCHS, 1981, p66). Data derived from surveys diffem regular cross-section data in
several ways:

» Sampling weightsDifferent observations can have different prokiaed of

selection. In fact, the NHANES1 was designed tasample certain population
groups who were thought to be at a higher risk alihertrition (ibid, p1). Sample
weights have to be included to arrive at unbiastdnates of parameters in the
full population; they also affect standard errors.

» Clustering:In most survey designs the observations are mopleal
independently; rather, they are sampled as a gootiduster” (e.g. by states,
counties, or households). There might be furthbsampling within the clusters;
the units at the first level of sampling are callpdmary sampling units” (PSU).
Since observations within clusters act independent, using estimators that
assume independence will not produce the corrantlatd errors (typically, they
will be too low).

» Stratification:Strata refer to different groups of clusters tratsampled
separately (e.g. the counties in a state may hdativinto “urban” and “rural”
counties, forming two strata). These strata divisiare fixed in advance, and
since sampling is done independently across stfag,are statistically
independent. Taking this into account often leadsmaller estimated standard
errors.

» Finite Population Correction (FPQj:the survey design used without-

replacement sampling, and the number of people lsahiplarge relative to the

total number of people in that stratum, there caa Bubstantial increase in the
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precision of the estimates. The variance estingtould then use an FPC term to

reflect that increase in precision.

In short, sample weights can crucially affect paenestimates, and together with
clustering and stratification they are requiregtoduce unbiased and efficient estimates
of standard errors. Some of these issues can lvessad using regular, non-survey
estimation technigues. Sample weights can be iedu normal regressions, and these
also allow clustered standard errors. Stratifiegtttowever, can not be accounted for
outside the survey setup, to the best of my knogdeds the STATA manual puts it,
“[p]ersons with bona fide survey data who care algetting all the details right should
usesvy commands.” (StataCorp., 2003, p4). To the extamtdtratification and FPCs
tend toreduce standard errors, however, a “conservative” regidgression using sample
weights and clustering would appear to be a gofsterce point.

How would a proper survey estimation setup affegtresults? Since | did include
sample weights in all my regressions, the coefficestimates should be unchanged. |
also allowed for clustering at the state and yeaell The survey setup uses the PSUs as
clusters. The impact of these different definitiofglusters on standard errors is not
known a priori. The same is true of stratificatiarnich | have not modeled in my own
regressions.

Tables A.5a and A.5b contain the results. The unfledddata set contained 35
strata, 1263 PSUs, and 23,808 observations; myatstin sample contains 35 strata,
1063 PSUs, and 11,874 observations. Standard em®slculated using Taylor
linearization.

Table A.5a presents the results for the first stdipe parameter estimates coincide
exactly with the ones obtained earlier (as expeakedable 4). Compared to clustering
by state-of-birth and year-of-birth, some standardrs have slightly increased in size
(CL8, CL9, Black, SMSA), while others declined (ClHemale, Married); the F-statistic
equals 5.55 compared to 9.44 above. Compared $tecing at the state level only,

however, standard errors are lower using the suseayp?

% Clustering by state and year yields 2150 clustey$?SU, 1063; and by state alone, 49.
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Turning to the OLS and IV results in Table A.5b, again see that parameter
estimates are identical to those derived usinglaegegressions (cf. Table 5). Standard
errors have increased a little, but overall theltesare very similar to the regular

regression estimates.

A.6 Income regressions

One way to check the validity of the instrument®isepeat the regressions with income
as the dependent variable. IV estimates of themetueducation are usually larger than
the corresponding OLS estimates (Card, 1999).

The main income variable available in the NHANES&asal family income group”,
which consists of 12 income brackets and liststimaber of people in each brackett
measures gross family income over the past 12 resarttl contains all sources such as
wages, salaries, social security benefits and ptppgome. To transform this into a
continuous variable | assigned midpoint valuesatthebracket, divided by household
size and took the logarithm. Figure 3 displayssédgram of this income variable; the
distribution appears fairly normal.

The regression results are in Table A.6a. For tHANES1, OLS suggests a rate of
return of about 9.6%, highly statistically signdit and very similar in size to other
estimates of this parameter. Instrumenting withGl.s, however, gives a small,
negative, statistically insignificant coefficiemthich is a little puzzling. | stratified the
regressions by gender, race, urban/rural, and &dacaut | cannot see anything that
would help explain this result. The results areilsimior the NHANES2.

Table A.6b documents two other attempts at expigitihe income results. The first
two columns use the total family income groups réed in the NHANESL1 instead of my
imputed income. While the coefficients are not diemterpretable, the picture is
unfortunately the same — the IV result is negadind statistically insignificant. Columns
3 and 4 display results from the 1970 Census (usgigneans with cells based on
birthplace, birth year, gender, and race). OLSwes#s yield a rate of return of 17.7%,
very tightly estimated; the IV rate is 15.6%, watimuch larger standard error but still

% For households with a total family income per yefliess than $7,000 additional income subcategorie
are available.
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very precisely estimated. This is the result we d@xpect from an income IV
regression — a roughly similar parameter estinsteller or larger, depending on the
relative sizes of the biases that IV corrects fang higher standard errors.

The only other paper that uses US data and CSitstraments (and also lists
income regressions) reports IV estimates with &dngate of return and much larger
standard errors than OLS (Acemoglu & Angrist, 19P8hles 2 and 5. Pischke and
von Wachter (2005) look at the introduction of anpuilsory g grade in Germany
between 1945 and 1970. Interestingly, their esenoéthe return to education based on
this change in schooling is a precise zero (contpear®-8% using OLS). They speculate
that this might be due to the fact that basic acaciskills relevant for the labor market
are acquired earlier (i.e. before tHegrade) in Germany than elsewhere. Three other IV
papers with German data but using different insemit® find rates of return of about
10%, larger than OLS estimates.

One common feature of Pischke and von Wachter's\andesults is that in both
cases income data are only available in bracketsedses in income caused by more
education might not push a specific person inta@hdr bracket, which would explain the
statistically insignificant, zero coefficient ingHV regression. | tested this idea by
constructing artificial income brackets in the 197&nhsus; the results are in Table A.6c¢.
The first two entries reproduce the results iINNIANES1; the IV estimates are
negative and statistically insignificant for thewat income groups as well as for the
continuous income measure derived thereof. Thewasentries contain results for a 1%
sample of the 1970 CenstisThe “Imputed income groups” were constructed by
dividing “Family total income” into 12 groups whossnges (in absolute value)
correspond to those reported in the NHANES1. Tovdeétmputed continuous income”,
| assigned midpoints to each income group, diviokethmily size and took the
logarithm.

The Census estimates for these imputed income mesalsased on brackets are quite

similar to the ones for the NHANESLI. In particulidwe 1V estimates for the Census are

%" studies of the UK and Canada have found similauahgains of 10-15% from compulsory schooling
(Harmon and Walker, 1995; Oreopoulos, 2003, 2006a,b

8 Collapsing the Census data by cell means remineeimtome bracket problem; therefore | use an
uncollapsed, randomly generated 1% sample. Thealfple also generates a sample size comparable to
the NHANES1.
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now statistically insignificant, corresponding tbat was observed in the NHANES1.
This lends some weight to the idea that it is tles@nce of income brackets that impedes
the usefulness of the chosen instruments to rewredhing about the education-earnings

relationship.
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Tables and Figures

Figure 1

Schooling Laws by year
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Notes:Based on Table 1 in Oreopoulos et al. (2006).

Figure 2

Education and CSL increases
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Leads and Lags around Compulsory Schooling Law increase
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Notes:Coefficients derived from a regression of highggaide attained on 10 leads and 10 lags around the
year of the schooling law increase, based on aleanfi28 states which experienced a single incresase

the entire time period. Weighted; aged 18 or ol@iee regression also included state and year dusamie
None of the estimated coefficients is statisticalpnificant individually; the p-value of an F-stat all 20
dummies is 0.0564.
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Figure 3

Histogram of Imputed Income
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Source: NHANES1

Notes:“Imputed Personal Income” is derived by assignirigpoint values to each income bracket and
dividing by household size.
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Table 1: Distribution across Compulsory Schooling Laws categories

NHANES1 (71-75)

NHANES?2 (76-80)

1960/70/80 Census

CsL # % # % # %
0 343 2.24 172 1.34 89,676 1.99
4 78 0.51 41 0.32 24,714 0.55
5 118 0.77 93 0.73 48,976 1.08
6 1,560 10.19 937 7.31| 401,112 8.88
7 3,128 20.43 2,816 21.99| 997,901 22.09
8 5,757 37.59 4,764 37.20| 1,582,577 35.03
9 3,046 19.8¢ 2,827 22.08| 992,039 21.96
10 1,125 7.34 951 7.43| 333,085 7.37
11 38 0.25 23 0.18 6,658 0.15
12 121 0.79 182 1.42 40,596 0.9

Total 15,315 100 12,807 100| 4,517,334 100

Notes:Weighted. The CSL variable measures the minimurmuernof schooling in years necessary for a

work permit.

Table 2a: Educational attainment at the CSL constrant, Combined NHANES

Minimum number of years of schooling required befoe work permit at age

NHANES Combined 14
Number of people aged 18
or older with... <6 7 8 =9 Sum
Schoolings 6 1124(24.3) 695 (11.6) 193 (2.6) 132 (2.6) 2144
Schooling = 7 298 (6.5) 302(5.1) 138 (1.9) 92 (1.8) 830
Schooling = 8 708 (15.3) 803 (13.4) 505(6.9) 250 (4.8) 2266
Schooling =9 288 (6.2) 370 (6.2) 313 (4.3) 269(5.2) 1240
Schooling > 9 2200 (47.6) 3803 (63.7) 6185 (84.3) 4334(85.6) 16621
Sum 4618 5973 7334 5176 23101
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Table 2b: Educational attainment at the CSL constrint, NHANES1

Minimum number of years of schooling required befoe work permit at

NHANES1 age 14

Number of people aged 18

or older with... <6 7 8 29 Sum
Schoolings 6 755(26.5) 316 (11.1) 91 (2.5) 69 (2.7) 1231
Schooling =7 182 (6.4) 143(5.0) 55 (1.5) 52 (2.0) 432
Schooling = 8 451 (15.9) 407 (14.3) 258(7.1) 147 (5.8) 1263
Schooling = 9 180 (6.3) 182 (6.4) 157 (4.3) 163(6.4) 682
Schooling > 9 1276 (44.9) 1799 (63.2) 3068 (84.5) 122(83.1) 8266
Sum 2844 2847 3629 2554 11874

Table 2c¢c: Educational attainment at the CSL constrant, NHANES?2

Minimum number of years of schooling required befoe work permit at

NHANES?2 age 14

Number of people aged 18

or older with... <6 7 8 >9 Sum
Schoolings 6 369(20.8) 379 (12.1) 102 (2.8) 63 (2.4) 913
Schooling = 7 116 (6.5)  159(5.1) 83 (2.2) 40 (1.5) 398
Schooling = 8 257 (14.5) 396 (12.7) 247(6.7) 103 (3.9) 1003
Schooling =9 108 (6.1) 188 (6) 156 (4.2)  106(4) 558
Schooling > 9 924 (52.1) 2004 (64.1) 3117 (84.1) 1®@@®8.1) 8355

Sum 1774 3126 3705 2622 11227



Table 3A: Sample Statistics

NHANES1 (71-75)

NHANES?2 (76-80)

1970 Census

Mean Std Dev Mean Std Dev Mean Std Dev

Age 40.58 15.37 40.70 15.98 40.34 14.91
BMI 25.12 4.99 25.16 4,92 na na
HiGrade 11.57 3.18 11.95 3.18 14.24 1.34
HHSize 3.51 1.91 3.19 1.76 3.48 0.87
Income:

per capita  3,769.39 3,063.18 5,664.23 4,101.20 912441 3,523.18

family 10,947.56 6,841.53 15,093.70 8,759.64 11,046.03 ,551246

Female 52.6% 52.3% 51.9%
Married 71.7% 66.3% 70.0%
Black 10.5% 10.7% 10.6%
Poor 11.4% 11.7% na
SMSA 63.3% 60.5% na
Working 59.3% 61.5% 62.4%
No HS 34.3% 29.7% 39.7%
N 11,874 11,214 1,068,444

Notes:Overweight = BMI> 25; Obese = BM# 30. In the 1970 Census," grade is coded as “15”. No
HS = No high school degree. “Working” is defined'has worked in the past 3 months” in the NHANES
and as “has been employed over a given referen@adpén the Census. All data are weighted (by sitle
in the case of the Census). Aged 18 or older. Sime&HANES only provides brackets for total family
income, | assign midpoints (the weighted mean dtlis reported as “Family Income”) and divide by
household size to get an imputed personal incomiabla (“Personal Income”). For the Census, dividin
family income by family size yields a mean persanabme of 3,319.13 with a std. dev. of 929. Theda
reports the total personal income variable incluidetie Census.
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Table 3B: Sample statistics, continued.

NHANES1
Overweight Obese
Total 44.6% 14.0%
Male 51.6% 11.9%
Female 38.3% 15.8%
Male Female Male Female

White 52.0% 36.1%
Black 47.1% 55.1%

11.5% 14.3%
154%  27.6%

NHANES?2

Overweight Obese
Total 44 1% 14.2%
Male 49.4% 11.9%
Female 39.3% 16.3%

Male Female Male Female

White 49.9% 37.1% 11.7% 14.7%
Black 45 5% 56.1% 14.1% 28.8%

NotesWeighted; Aged 18 or older.
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Table 4: First Stage

NHANES1 NHANES?2 Combined NHANES
(1) (2) 3) (4) (5) (6)
Dep. Var. = Education P(HS) Education P(HS) Edocati  P(HS)
CSL7 0.160 0.012 0.258 -0.013 0.214 -0.000
(0.219) (0.020) (0.217) (0.027) (0.196) (0.017)
(0.168) (0.020) (0.160) (0.021) (0.117)* (0.014)
CSL8 0.337 0.005 0.470 -0.001 0.416 0.001
(0.256) (0.022) (0.257)* (0.024) (0.251) (0.016)
(0.172)* (0.022) (0.154)*** (0.022) (0.127)*** (0.016)
CSL9 0.875 0.017 0.718 -0.002 0.800 0.004
(0.307)*** (0.029) (0.248)*** (0.033) (0.245)*** 0.020)
(0.194)*** (0.026) (0.183)*** (0.026) (0.137)*** (0.018)
Black -1.630 -0.147 -1.316 -0.148 -1.443 -0.144
(0.326)***  (0.024)*** | (0.159)***  (0.019)*** | (0.206)***  (0.018)***
(0.137)***  (0.017)*** | (0.116)***  (0.018)*** | (0.093)***  (0.013)***
Female -0.140 -0.077 -0.208 -0.058 -0.171 -0.067
(0.088) (0.012)** | (0.077)***  (0.011)*** | (0.065)**  (0.008)***
(0.075)* (0.012)*** | (0.064)***  (0.011)*** | (0.050)***  (0.008)***
Married 0.249 -0.053 0.115 -0.050 0.236 -0.042
(0.116)**  (0.015)*** (0.099) (0.016)*** | (0.078)***  (0.010)***
(0.098)**  (0.014)*** (0.077) (0.013)*** | (0.061)***  (0.009)***
SMSA 0.973 0.109 0.909 0.105 0.924 0.102
(0.139)***  (0.016)*** | (0.128)***  (0.015)*** | (0.090)***  (0.010)***
(0.083)***  (0.013)*** | (0.078)***  (0.013)*** | (0.054)***  (0.008)***
F-stat 4,72 0.14 3.16 0.14 4.95 0.02
9.44 0.22 6.08 0.23 14.31 0.04
p-value 0.01 0.93 0.03 0.94 0.01 0.99
0.00 0.89 0.00 0.88 0.00 0.99
R-squared 0.22 0.1 0.22 0.11 0.21 0.10
N 11869 11869 11214 11214 23083 23083

Notes:Weighted; aged 18 or older.
S.E. in parentheses (* significant at 10%; ** sfgraint at 5%; *** significant at 1%).
Regular S.E clustered by sta&E. initalics = Clustered by birthplace and birth year.
All regressions contain dummies for state-of-battd year-of-birth.
P(HS) represents a linear probability model regoassf an indicator variable for more than a higheol

degree on the CSLs and other covariates.

The coefficients on the CSL variable can be intetgnt as follows: Looking, for instance, at CSL%hHa
NHANESL1 column, a person born in a state whose cisopy schooling laws required 9 or more years of
schooling would end up with almost a full additibp@ar of completed education (87.5% of a year),
compared to someone who was born in a state withj@irement of 6 or fewer years (CSL6 is the orditte

dummy variable).
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Table 5: OLS and IV

Dependent variable BMI.
NHANES1 NHANES?2 Combined NHANES
OLS \% OLS \Y OLS v
Education -0.133 -0.763 -0.134 0.156 -0.128 -0.410
(0.032)*** (0.305)* (0.023)*** (0.360) (0.022)*** (0.243)*
(0.026)*** (0.336)** (0.019)*** (0.371) (0.016)*** (0.246)*
Black 1.746 0.716 1.684 2.064 1.740 1.333
(0.260)*** (0.572) (0.201)*** (0.521)*** (0.179)** (0.363)***
(0.272)*** (0.576) (0.214)*** (0.542)*** (0.172)*** (0.379)***
Female -0.683 -0.769 -0.416 -0.356 -0.552 -0.599
(0.188)***  (0.243)*** | (0.096)***  (0.130)*** (0.115)*** (0.144)**=
(0.127)*** (0.244)*** (0.104)*** (0.133)*** (0.084)*** (0.097)***
Married 0.149 0.309 0.282 0.247 0.277 0.345
(0.142) (0.165)* (0.121)** (0.151) (0.091)*** (oay)***
(0.161) (0.195) (0.131)** (0.243)* (0.102)*** (0.122)***
SMSA -0.324 0.284 -0.396 -0.659 -0.413 -0.153
(0.136)** (0.253) (0.116)*** (0.355)* (0.094)*** 0.234)
(0.129)** (0.348) (0.124)*** (0.351)* (0.085)*** (0.237)
R-squared 0.09 na 0.10 0.07 0.08 0.06
N 11869 11869 11214 11214 23083 23083
X2 p-value
Underidentification test 16.226 0.0010
Hansen J statistic 1.063 0.5878

Notes:Weighted; aged 18 or older.

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
Regular S.E clustered by stag&E. initalics = Clustered by birthplace and birth year.

All regressions contain dummies for state-of-battd year-of-birth.

The “Underidentification test” is an LM version thife Kleibergen-Paagk statistic, robust to

heteroskedasticity.

36



Table 6: Stratified results for the Combined NHANES

Dependent variable BMI andlog(BMI).
Cells report the coefficient daducation.

OLS v log-OLS log-1IV N

Full sample -0.128 -0.410 -0.004 -0.014 23083
(0.022)*** (0.243)* (0.001)*** (0.009)

Males -0.010 0.151 0.000 0.009 9785

(0.020) (0.277) (0.001) (0.009)

Females -0.302 -1.038 -0.011 -0.039 13298
(0.027)*** (0.342)**=* | (0.001)*** (0.013)***

Whites -0.137 -0.289 -0.005 -0.011 19566
(0.022)*** (0.310) (0.001)**=* (0.012)

Blacks -0.072 -0.887 -0.002 -0.027 3517
(0.042)* (0.965) (0.002) (0.031)

Female whites -0.294 -0.990 -0.011 -0.038 11121
(0.031)*** (0.454)* | (0.001)***  (0.018)**

Female blacks -0.268 -1.264 -0.008 -0.044 2177
(0.058)*** (1.033) (0.002)**=* (0.034)

Urban -0.142 -0.722 -0.005 -0.025 12821
(0.028)*** (0.384)* (0.001)***  (0.014)*

Rural -0.108 0.126 -0.003 0.005 10262
(0.023)*** (0.321) (0.001)**=* (0.012)

Married -0.110 -0.360 -0.004 -0.011 15514
(0.026)*** (0.264) (0.001)**=* (0.010)

Unmarried -0.165 -0.531 -0.005 -0.016 7569
(0.024)*** (0.396) (0.001)*** (0.013)

Less than HS -0.124 -0.444 -0.004 -0.01% 9309
(0.048)** (0.292) (0.002)** (0.011)

HS or more -0.128 1.119 -0.005 0.043 13774
(0.025)*** (1.875) (0.001)**=* (0.072)

Notes:Weighted; aged 18 or older. HS = high school degre
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
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Table 7: Overweight and obese probabilities, Combied NHANES

Cells report the coefficient daducation.

P(Overweight) P(Obese) N
OoLS v OLS v

Full sample -0.008 0.001 -0.010 -0.010 23083
(0.002)***  (0.025) (0.001)*** (0.015)

Males 0.000 0.062 -0.005 0.019 9785
(0.002) (0.031)**| (0.002)*** (0.019)

Females -0.022 -0.065 -0.017 -0.044 13298
(0.003)*** (0.034)* | (0.001)*** (0.019)**

Whites -0.010 0.013 -0.011 -0.006 19566
(0.002)***  (0.033) (0.001)*** (0.020)

Blacks 0.002 -0.056 -0.006 -0.027 3517
(0.004) (0.064) (0.003)* (0.038)

Female whites -0.023 -0.063 -0.016 -0.044 11121
(0.003)***  (0.045) (0.002)***  (0.028)

Female blacks -0.009 -0.100 -0.017 -0.090 2177
(0.004)**  (0.068) (0.005)*** (0.051)*

Urban -0.011 -0.028 -0.010 -0.025 12821
(0.002)***  (0.040) (0.001)***  (0.023)

Rural -0.003 0.050 -0.011 0.025 10262
(0.002) (0.035) (0.002)*** (0.026)

Married -0.006 0.016 -0.009 -0.020 15514
(0.002)***  (0.032) (0.002)***  (0.017)

Unmarried -0.012 -0.043 -0.012 -0.030 7569
(0.003)*** (0.035) (0.001)*** (0.024)

Less than HS -0.002 -0.013 -0.009 -0.027 9309
(0.003) (0.029) (0.003)***  (0.025)

HS or more -0.009 -0.132 -0.011 -0.114 13774
(0.003)***  (0.263) (0.002)***  (0.171)

Notes:Weighted; aged 18 or older. HS = high school degre

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All S.E. are clustered at the state level. All esgions contain dummies for state-of-birth and-pédirth.
Coefficients are taken from a linear probabilitydebof an indicator variable for overweight and sibe

on the covariates.
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Table 8A: Alternative Schooling Laws, First stage

Dependent variable Education.

NHANES1 NHANES?2 Combined NHANES
[1] (2] (3] (1] [2] (3] (1] [2] (3]

Drop_Age 0.216 0.132 0.298 0.244 0.268 0.200
(0.129) (0.107) (0.095)***  (0.094)* (0.093)** (0.077)*
csL7 0.160 0.136 0.258 0.251| 0.214 0.192
(0.219) (0.218) (0.217) (0.221)]  (0.196) (0.196)
csL8 0.337 0.276 0.470 0.361| 0.416 0.325
(0.256) (0.246) |  (0.257) (0.231)|  (0.251) (0.228
CsL9 0.875 0.785 0.718 0.593|  0.800 0.681
(0.307)%* (0.286)%* | (0.248)** (0.244)% | (0.24B)*** (0.228)**

Black -1.630  -1.636 -1.630 -1.316 -1.308 -1.317 448 -1.441 -1.444
(0.326)%*  (0.320)*** (0.327)*** | (0.159)** (0.159)** (0.159)*** [(0.20B)*** (0.206)** (0.207)***

Female -0.140  -0.139 -0.142 -0.208 -0.209 -0.209 .17D -0.172 -0.173
(0.088)  (0.088) (0.087) |  (0.077)* (0.077)** (OMB)** |(0.065)*  (0.066)*  (0.065)*

Married 0.249  0.252 0.249 0.115 0.103 0.103 0236 .23® 0.229
(0.116)*  (0.116)*  (0.116)* | (0.099) (0.098) (09B) | (0.078)*** (0.077)** (0.078)***

SMSA 0.973  0.969 0.975 0.909 0.904 0.909  0.924 .91 0.925
(0.139)%*  (0.137)** (0.138)*** | (0.128)*** (0.129)** (0.129)*** [(0.090)*** (0.090)** (0.090)**
F-Stat 4.72 2.78 433 3.16 9.9 5.71 4.95 8.36 6.72
R-squared 0.22 0.22 0.22 0.22 0.22 0.22 0.21 021 210
N 11869 11869 11869 11214 11214 11214 23083 23083 3082

Notes:Weighted; aged 18 or older.
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
All S.E. are clustered at the state level.

All regressions contain dummies for state-of-battd year-of-birth.

Columns marked [1] use the set of schooling laveedan work permits; those marked [2] use the
minimum school leaving age; and those marked [&jldae both sets.
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Table 8B: Alternative Schooling Laws, IV

Dependent variable BMI.
Cells report the coefficient daducation.

NHANES1
[1] [2] (3] N
Total -0.763 -0.721 -0.745 11869
(0.310)** (0.615) (0.313)**
Male -0.246 0.838 -0.207 4487
(0.348) (1.255) (0.337)
Female -1.365 -1.231 -1.301 7382
(0.569)**  (0.544)**  (0.484)***
NHANES2
[1] [2] (3] N
Total 0.156 0.169 0.114 11214
(0.365) (0.270) (0.233)
Male 0.745 1.090 0.860 5298
(0.337)* (0.718) (0.349)*
Female -0.207 -0.431 -0.417 5916

(0.561) (0.378) (0.339)

Combined NHANES

(1] [2] (3] N
Total -0.410 -0.114 -0.311 23083
(0.246) (0.268) (0.192)
Male 0.151 1.034 0.307 9785
(0.281) (0.676) (0.254)
Female -1.038 -0.761 -0.914 13298

(0.347)***  (0.275)*** (0.239)***

Notes:Weighted; aged 18 or older.

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All S.E. are clustered at the state level.

All regressions contain dummies for state-of-battd year-of-birth.

Columns marked [1] use the set of schooling laveedan work permits; those marked [2] use the
minimum school leaving age; and those marked [&jlmae both sets.
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Table 9: Validity check - Height

Dependent variable Height.
Cells report the coefficient daducation.

Combined NHANES

oLS v N
Total 3.440 0.721 23083
(0.320)***  (4.319)
Male 3.310 0.301 9785
(0.307)*** (5.437)
Female 3.564 0.208 13298
(0.440)*** (4.575)

Notes:Weighted; aged 18 or older.
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
“Height” is measured in millimeters.

Table 10a: Validity check - State-specific time trads (IV)

Dependent variable BMI.
Cells report the coefficient daducation.

Combined NHANES

Regular With state-specific N
time trends

Total -0.410 -0.415 23083
(0.246) (0.657)

Male 0.151 0.124 9785
(0.281) (0.561)

Female -1.038 0.901 13298

(0.347)*** (4.313)

Notes:Weighted; aged 18 or older.
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
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Table 10b: Validity check - State-specific time trads (First stage)

Dependent variable Education.

Combined NHANES

Regular With state-specific time trends
Total Male Female Total Male Female
CSL7 0.214 0.249 0.211 0.094 0.186 0.060
(0.196) (0.201) (0.240) (0.205) (0.220) (0.258)
CSL8 0.416 0.493 0.385 0.226 0.379 0.147
(0.251) (0.259)* (0.296) (0.285) (0.326) (0.377)
CsSL9 0.800 0.941 0.729 0.271 0.557 0.081

(0.245)*** | (0.253)*** (0.284)** (0.214) (0.247)** (0.248)

F-stat 4.95 6.94 3 0.97 2.6 0.07

N 23083 9785 13298 23083 9785 13298

Notes:Weighted; aged 18 or older. HS = high school degre
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
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Table 10c: Validity check - State-specific time treds (Subsample results)

Dependent variable BMI.
Cells report the coefficient daducation.

Combined NHANES

Males Females
OLS v OLS v
5 years -0.066 0.567 -0.468 -0.535
(0.058) (0.993) (0.097)*** (1.953)
N=751 N=1067
10 years -0.046 0.358 -0.475 -3.601
(0.031) (0.851) (0.078)*** (2.059)*
N=1206 N=1739
15 years -0.035 0.579 -0.414 -2.515
(0.027) (1.083) (0.071)*** (0.994)**
N=1556 N=2210
20 years -0.020 0.067 -0.377 -0.867
(0.029) (0.798) (0.065)*** (1.390)
N=1773 N=2470
Baseline -0.010 0.151 -0.302 -1.038
(0.020) (0.277) (0.027)*** (0.342)***
N=9785 N=13298

Notes:Weighted; aged 18 or older.

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All S.E. are clustered at the state level.

All regressions contain dummies for state-of-battd year-of-birth.

“5 years” denotes a subsample of state/year cortibivsaup to 5 years prior to and 5 years afterdimie

in the state’s compulsory schooling law. The othdysamples are constructed similarly. “Baseline”

contains the entire sample of states and years.
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Table 11a: Validity check — Estimation methods robst to weak instruments

Dependent variable BMI.
Cells report the coefficient daducation.

Combined NHANES

Full sample OLS 2SLS LIML Nagar Fuller (1) Fuller (4) N
Education -0.128 -0.410 -0.418 -0.418 -0.414 -0.403 23083
(0.022)*** (0.243)* (0.250)* (0.250)* (0.247)* (@37)*
KP F-stat 7.153 7.153 7.153 7.153 7.153
Females OLS 2SLS LIML Nagar Fuller (1) Fuller (4) N
Education -0.302 -1.038 -1.146 -1.059 -1.124 -1.063 13298
(0.027)***  (0.342)***  (0.409)***  (0.354)***  (0.394)*** (0.357)***

KP F-stat 4.672 4.672 4.672 4.672 4.672

5% max IV rel. bias 13.91 -

10% max IV rel. bias 9.08 -

20% max IV rel. bias 6.46 -

30% max IV rel. bias 5.39 -

10% max IV size 22.30 -

15% max IV size 12.83 -

20% max IV size 9.54 -

25% max IV size 7.80 -

10% max LIML size 6.46 -

15% max LIML size 4.36 -

20% max LIML size 3.69 -

25% max LIML size 3.32 -

5% max Fuller rel. bias - 9.61 9.61

10% max Fuller rel. bias - 7.9 7.9

20% max Fuller rel. bias - 6.61 6.61

30% max Fuller rel. bias - 5.6 5.6

5% Fuller max bias - 8.66 8.66

10% Fuller max bias - 7.18 7.18

20% Fuller max bias - 5.87 5.87

30% Fuller max bias - 5.11 5.11

Notes:Weighted; aged 18 or older.
S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
The Nagar estimator iskaclass estimator witk = 1 + (L — K)/N, where L — K = # of overidentifygn

restrictions and N = sample size. In my clasel .00008664. Critical values for the Stock and Y ¢2@02)

weak instrument tests are not available for theaxagtimator.

In the full sample regressions, the LIML and Nagsults are not identical, but very similar.



Table 11b: Validity check — Inference robust to wel instruments

Dependent variable BMI.
Cells report the coefficient daducation.

Combined NHANES

Full sample Females

Weighted Unweighted Weighted Unweighted
Clustered -0.410 -0.260 Clustered -1.038 -0.804

(0.243)* (0.194) (0.342)*** (0.304)***
Not clustered -0.410 -0.260 Not clustered -1.038 -0.804

(0.246)* (0.162) (0.393)*** (0.259)***
Test Confidence Interval p-value Confidence Iraerv p-value
2SLS [-.577, .058] 0.109 [-1.314, -.293] 0.002
Conditional LR [-.593, .062] 0.112 [-1.389306] 0.002
AR [-.735, .193] 0.423 [-1.644, -.126] 0.014
Score (LM) [-.589, .059] 0.109 [-1.381, -.312] 0.002
Reduced Form
Joint Wald stat Chi-sq(3)=3.62 0.306 Chi-sq(3)402. 0.0071

Notes:Aged 18 or older.

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).

All regressions contain dummies for state-of-battd year-of-birth.

In the reduced form, the test statistic is a jdifald statistic on the excluded instruments.
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Table A.3: Reduced Form

Dependent variable BMI.

TOTAL NHANES1 NHANES?2 Combined NHANES
(1] (2] (3] (1] (2] (3] [1] (2] (3]
Drop_Age -0.155 -0.079 0.051 0.012 -0.031 -0.006
(0.130) (0.123) (0.078) (0.090) (0.0712) (0.074)
CSL7 -0.203 -0.189 -0.174 -0.175 -0.147 -0.146
(0.203) (0.198) (0.197) (0.197) (0.162) (0.158)
CsL8 -0.457 -0.421 0.270 0.264 -0.071 -0.069
(0.228)** (0.206)** | (0.135)** (0.146)* | (0.148) (0.136)
CSL9 -0.731 -0.678 -0.076 -0.082 -0.369 -0.366
(0.313)** (0.284)** | (0.251) (0.264) (0.210)* @04)*
p-value on F 0.05 0.23 0.07 0.01 0.52 0.07 0.31 70.6 0.46
Observations 11869 11869 11869 11214 11214 11214 08323 23083 23083
MALES NHANES1 NHANES2 Combined NHANES
[1] (2] [3] (1] [2] (3] (1] [2] (3]
Drop_Age 0.131 0.181 0.277 0.245 0.217 0.228
(0.140) (0.162) (0.105)***  (0.113)** (0.085)** (0.090)**
CSL7 0.287 0.265 0.426 0.433 0.383 0.372
(0.245) (0.239) (0.277) (0.277) (0.181)* (0N &
CsL8 -0.089 -0.164 0.536 0.438 0.259 0.164
(0.294) (0.316) (0.380) (0.368) (0.237) (0.207)
CSL9 -0.056 -0.170 0.708 0.596 0.334 0.211
(0.374) (0.396) (0.299)** (0.307)*| (0.268) 62
p-value on F 0.24 0.35 0.27 0.13 0.01 0.01 0.15 o10. 0.04
Observations 4487 4487 4487 5298 5298 5298 9785 5978 9785
FEMALES NHANES1 NHANES?2 Combined NHANES
[1] (2] [3] (1] [2] [3] (1] [2] (3]
Drop_Age -0.361 -0.258 -0.143 -0.185 -0.246 90.1
(0.192)* (0.173) (0.114) (0.140) (0.097)** (03)*
CSL7 -0.337 -0.278 -0.711 -0.697 -0.500 -0.469
(0.324) (0.311) (0.368)* (0.374)*  (0.292)* (82
CsLs -0.543 -0.416 0.052 0.140 -0.259 -0.164
(0.373) (0.333) (0.383) (0.358) (0.317) (0.283)
CSL9 -1.142 -0.956 -0.642 -0.539 -0.914 -0.787
(0.487)** (0.414)** | (0.385)* (0.387) (0.331)**= (0.299)**=*
p-value on F 0.09 0.06 0.13 0.01 0.21 0.01 0.01 010. 0.01
Observations 7382 7382 7382 5916 5916 5916 13298 29813 13298

Notes:Weighted; aged 18 or older. S.E. in parenthessgtificant at 10%; ** significant at 5%; *** sidgficant at
1%). All S.E. are clustered at the state level.rAfiressions contain dummies for state-of-birth yeat-of-birth.

Columns marked [1] use the set of schooling laveetian work permits; those marked [2] use the mininschool
leaving age; and those marked [3] combine both sets
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Table A.4: Subset regressions, Combined NHANES

Dependent variable BMI.

Cells report the coefficient daducation.

Females, weighted quintiles

Males, weighted quintiles

OLS v N BMI OoLS v N BMI
Total -0.302 -1.038 13298 Total -0.011 0.151 9785
(0.027)***  (0.342)*** (0.017) (0.277)
1st 0.036 -0.193 2464 12.4t020pH 1st 0.055 -0.001 2017 1291022
(0.010)*** (0.167) (0.012)**= (0.173)
2nd -0.011 -0.105 2468 20.5t0225 2nd 0.004 $.04 1933 2210 24.1
(0.006)* (0.152) (0.005) (0.080)
3rd -0.007 -0.040 2538 225t0248 3rd 0.008 9.00 1933 24.1t0 26.1
(0.007) (0.088) (0.006) (0.117)
4th -0.020 0.124 2857 24.8t028.8 4th -0.001 -0.00 1909 26.1t0 28.4
(0.010)** (0.125) (0.006) (0.085)
5th -0.145 -0.013 2971 28.8to 72,8 5th -0.049 88.4 1993 28.4t0 56.6
(0.038)**=* (0.631) (0.032) (0.330)
Females, weighted terciles Males, weighted terciles
OoLS v N BMI OoLS v N BMI
Total -0.302 -1.038 13298 Total -0.010 0.151 9785
(0.027)***  (0.342)**= (0.020) (0.277)
1st 0.031 -0.264 4101 12.4t0219 1st 0.068 -0.098 3289 12.9t0 23.5
(0.013)** (0.244) (0.013)**=* (0.137)
2nd -0.020 -0.039 4291 219t0258 2nd 0.003 0.223 3199 23.5t0 26.7
(0.007)**=* (0.200) (0.005) (0.147)
3rd -0.199 -0.463 4906 25.8t072.3 3rd -0.073 20.7 3297 26.7 to 56.6
(0.030)**=* (0.372) (0.020)***  (0.395)*

Notes:Weighted; aged 18 or older.

S.E. in parentheses (* significant at 10%; ** sfgrant at 5%; *** significant at 1%).
All S.E. are clustered at the state level.
All regressions contain dummies for state-of-battd year-of-birth.
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Table A.5a: NHANESL1 estimation using the STATAsurvey setup, First stage

Dependent variable = Education

CSL7 0.160
(0.140)
CSL8 0.337
(0.219)
CSL9 0.875 Notes for both tables:
(0.242)** Standard errors in parentheses (* significant at 5%
Black -1.630 ** significant at 1%).
(0.170)*** Estimations were performed in STATA 9.2 using shievey
Female -0.140 set of commands. The information on PSUs, strada an
(0.065)** sampling weights were taken from the NHANES1 tafhe
Married 0.249 sampling weights correspond to “all persons sampled
(0.095)*** exam Iocatio_ns 1_—65.” _ o
SMSA 0973 Variance estimation uses Taylor linearization.
(0.120)***
F-Stat on
Instruments 5.55
R-squared 0.22
N 11869

Table A.5b: NHANES1 estimation using the STATAsurvey setup, OLS and IV

Dependent variable = BMI

oLS v, v, v, I\_/, v,
all females males whites blacks
Education -0.133 -0.763 -1.365 -0.246 -0.813 -0.099
(0.023)*** (0.372)* (0.536)** (0.375) (0.495) (@97)
Black 1.746 0.716 1.462 0.080
(0.252)*** (0.665) (0.727)* (0.849)
Female -0.683 -0.769 -1.148 1.959
(0.117)**= (0.154)*** (0.230)*** (0.883)**
Married 0.149 0.309 0.252 0.793 0.241 0.307
(0.131) (0.167)* (0.225) (0.252)*** (0.133)* (0.83
SMSA -0.324 0.284 0.510 0.056 0.281 -0.480
(0.117)**= (0.389) (0.542) (0.402) (0.490) (0.944)
N 11869 11869 7382 4487 9623 2246
R-squared 0.09 na na 0.06 na 0.18
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Table A.6a: Income as dependent variable

Dependent variable kog(Income).
Cells report the coefficient daducation.

NHANES1
OoLS v N

Full sample 0.096 -0.035 11464
(0.004)** (0.055)

Males 0.089 -0.058 4331
(0.005)** (0.065)

Females 0.107 0.012 7133
(0.005)** (0.080)

White 0.095 -0.061 9306
(0.004)** (0.075)

Nonwhite 0.106 -0.001 2158
(0.010)* (0.072)

Urban 0.099 0.004 6631
(0.004)** (0.109)

ura . -0.

Rural 0.089 0.060 4833
(0.006)** (0.060)

Less than HS 0.0933 -0.092 4929
(0.0076)** (0.103)

HS or more 0.0828 -0.1706 6535
(0.0069)** (0.614)

NHANES?2

OoLS v N

Full sample 0.083 -0.023 10830

(0.003)** (0.073)

Notes:Weighted; aged 18 or older. HS = high school degre
S.E. in parentheses (* significant at 5%; ** sigraiht at 1%). All S.E. are clustered at the statexdmar
level. All regressions contain dummies for statdsioth and year-of-birth.




Table A.6b: Income as dependent variable, tests

NHANES1,
Using original income groups 1970 Census
OLS \Y OLS v
Education 0.251 -0.252 0.177 0.156
(0.010)** (0.166) (0.004)** (0.021)**
Nonwhite -0.989 -1.781 0.120 0.090
(0.093)** (0.289)** (0.014)** (0.032)**
Female -0.283 -0.363 -1.108 -1.109
(0.055)** (0.073)** (0.013)** (0.013)**
Married 1.576 1.705 0.637 0.632
(0.087)** (0.110)** (0.064)** (0.065)**
SMSA 0.595 1.075 na na
(0.068)** (0.179)** na na
R-squared 0.35 0.05 0.91 0.91
N 11464 11464 1068323 1068323

Notes:Weighted; aged 18 or older.

S.E. in parentheses (* significant at 5%; ** sigraiht at 1%). All S.E. are clustered at the statexdmar
level. All regressions contain dummies for statésioth and year-of-birth.

Census data are collapsed by birthplace, birth, gearder, and race. Regression weighted by cell $ize
income variable in the Census regression is “f@easonal income” as reported in the Census.

Table A.6¢: Income as dependent variable, Censusplcation

OLS \% N

NHANES1 0.251 -0.252 11464
(Actual income groups) (0.010)** (0.166)

NHANES1 0.096 -0.035 11464
(Imputed continuous income) (0.004)** (0.055)

1970 Census, 1% sample 0.201 0.336 10668
(Imputed income groups) (0.009)** (0.265)

1970 Census, 1% sample 0.055 0.071 10668
(Imputed continuous income) (0.003)** (0.076)

Notes:NHANES1 results are weighted; Census results mneighted. Aged 18 or older.

S.E. in parentheses (* significant at 5%; ** sigraht at 1%). All S.E. are clustered at the statermr

level. All regressions contain dummies for statdsioth and year-of-birth. The Census “Imputed ineom
groups” were constructed by dividing “Family totatome” into 12 groups whose ranges (in absolute
value) correspond to those reported in the NHANH®derive “Imputed continuous income”, | assigned
midpoints to each income group, divided by famiiesand took the logarithm.
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