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A Web Appendix

A.1 A Summary of the Related IV Literature

This section provides a brief review of the instrumental variable literature on the returns to

education for the outcomes considered in our paper.

Log Wages Much of the literature that focuses on the returns to log wages from schooling
estimates Mincer model (1) and instruments for years of completed schooling. The LATE
estimator is a weighted average of the returns to those induced to make changes in their final
education across different schooling transitions divided by the change in years of schooling. It
does not recover the causal effects of agents taking specific transitions. Typical applications
of LATE do not report the Heckman-Vytlacil (2007) IV weights that identify the populations
affected.! This makes direct comparisons of results from the IV literature with our results
from our analysis difficult. Card (1999) reviews a number of papers that use changes in school
policy (such as changes in mandatory schooling). These papers estimate LATEs of a version
of model (1) ranging from 0.06 to 0.153, although most are around 0.10. We are not aware of

any IV studies with multiple margins where the returns at the various margins are identified.

Smoking Grimard and Parent (2007) and de Walque (2007) use the Vietnam draft lottery
number as an instrument for the effect of college enrollment on smoking. Both papers
estimate local average treatment effects and find that an additional year of schooling lowers
the probability of smoking by 8% and 4-9%, respectively. In other work, Koning et al. (2015)
use twin studies to estimate the effect of education on smoking, and Sander (1998) uses
matching on observables. The first paper finds a reduction of 4% a year, while the second

finds that college enrollment reduces the probability of smoking by over 50%.

1See Section 6.3 in the main text.

12
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Health Limits Work The literature is mixed on the causal relationship between education
and work limitations due to health. Auld and Sidhu (2005) find a causal link between education
and health-related work limitations, but only for the low-ability populations and those with
low levels of education. Arendt (2005) uses state variation in teenage unemployment rates
and finds a LATE of 2.6% for education on health-related work limitations. Other papers
such as Adams (2002) and Oreopoulos (2006) look at the closely related outcome of “health

limits activity” and find mixed or positive impacts of education.?

A.2 Description of the Data Used

A.2.1 Data

We estimate our model on the 1979 National Longitudinal Survey of Youth (NLSY79). These
data are widely used to estimate the returns to schooling.® It is a nationally representative
sample of men and women born in the years 1957-1964. Respondents were first interviewed
in 1979 when they were 14-22 years of age. The NLSY surveyed its participants annually
from 1979 to 1992 and biennially since 1992. The NLSY has a variety of adult outcome
measures including income and health. This sample also measures many other aspects of the
respondents’ lives, such as educational attainment, fertility, scores on achievement tests, high
school grades, and family background variables. This paper uses the core sample of males,
which, after removing observations with missing covariates, contains 2242 individuals.* We
report results for samples that pool race groups, but enter dummy variables to control for

mean differences.

2See Albouy and Lequien (2009) for an overview of these papers.

3See, e.g., Keane and Wolpin (1997, 2000); Keane (2002); Keane and Wolpin (2001); Heckman and Raut
(2013); Sullivan (2010); Gladden and Taber (2000); Kane and Rouse (1995); Kling (2001); Belzil and Hansen
(2002).

4Respondents were dropped from the analysis if they did not have valid ASVAB scores, missed multiple
rounds of interviews, had implausible educational histories, were missing control variables which could not
be imputed, or had implausible labor market histories. A number of imputations where made as necessary.
Value in previous years were used when not available for a given year (such as region of residence). Responses
from adjacent years were used for some outcomes when outcome variables were missing. Mother’s education
and father’s education were imputed when missing. See Web Appendix Section A.2 for the analysis of the
deleted observations.

13
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We estimate models with the four different transitions and five final schooling levels
discussed in Section A.2.1 (see Figure 2). Education at age 30 is treated as the respondent’s

final schooling level.®

A.2.2 Outcomes

This paper considers the effect of education on log wages, log present value of wage income,
smoking, and health limits work.°

As a measure of adult physical health, we follow Auld and Sidhu (2005) and use an
indicator of whether health limits the type or amount of work individuals are able to perform.”
We study smoking at age 30 as an additional measure of healthy behavior. It is a self-reported,
binary variable recording whether the individual smoked daily at age 30.

We analyze the effect of education on log wages at age 30 as a traditional benchmark.
We also estimate the causal effect of education on the log present value (PV) of wage income,
as it is closely related to the outcome considered in many structural models. Present value
of wage income is defined as the present value (at age 18) of earnings from ages 18 to 40,

discounted at 5%.

A.2.3 Schooling Levels

We consider four different transitions and five final schooling levels. The transitions studied
are (i) enrolled in high school, deciding between graduating from high school and dropping
out from high school; (ii) high school dropouts deciding whether or not to get the GED; (iii)
high school graduates deciding whether or not to enroll in college; and (iv) college students

deciding whether or not to earn a four-year degree. Consequently, the final schooling levels

are (I) high school dropout; (II) GED; (III) high school graduate; (IV) some college; and (V)

5A negligible fraction of individuals change schooling levels after age 30.

6The literature focuses primary attention on the effect of mortality and on smoking. See the summary of
this literature provided in Web Appendix A.1.

"We construct an indicator variable denoting whether or not individuals report that their health limits
the type or amount of work they can perform between 1994 (when respondents are on average 34 years old)
and 2010. This variable avoids the potential subjectivity of self-reported health measures.

14
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four-year college degree. Education at age 30 is treated as respondent’s final schooling level.®

A.2.4 Measurement System

The cognitive and socio-emotional factors in the model are identified from the joint estimation
of the educational choices of agents as well as a supplemental measurement system of tests and
other early-life outcomes. Sub-tests from the Armed Services Vocational Aptitude Battery
(ASVAB) are used as measures of cognitive ability. Specifically, we consider the scores from
Arithmetic Reasoning, Coding Speed, Paragraph Comprehension, Word Knowledge, Math
Knowledge, and Numerical Operations.”

We also use participation in minor risky or reckless activity in 1979 in the measurement
system for both the socio-emotional endowment and cognitive endowment. Estimated results
change little when only allowing risky and reckless activity to depend on the socio-emotional
factor.!?

Many psychologists use a socio-emotional taxonomy called the Big Five (John et al., 2008).
This is an organizing framework that categorizes personality traits into five categories. The
five traits are extraversion, agreeableness, conscientiousness, neuroticism, and openness. A
growing body of work suggests that these traits and other socio-emotional traits play key roles
in academic success. Borghans et al. (2011) and Almlund et al. (2011) show that the principal
determinants of the grade point average are personality traits and not cognition. Similarly,
Duckworth and Seligman (2005) find that self-discipline predicts GPA in 8th graders better

than 1Q. Duckworth et al. (2012) report three studies to show that self-control predicts grades

earned in middle school better than IQ across racial and socio-economic groups. Farsides

8 A negligible fraction of individuals change schooling levels after age 30.

9A subset of these tests are used to construct the Armed Forces Qualification Test (AFQT) score, which
is commonly used as a measure of cognitive ability. AFQT scores are often interpreted as proxies for cognitive
ability (Herrnstein and Murray, 1994). See the discussion in Almlund et al. (2011).

10This is a binary variable, which is one if an agent answered yes to any of the following questions in 1980:
“Taken something from the store without paying for it?,” “Purposely destroyed or damaged property that did
not belong to you?,” “Other than from a store, taken something that did not belong to you worth under
$507,” and “Tried to get something by lying to a person about what you would do for him, that is, tried to
con someone?”

15
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and Woodfield (2003), Conard (2006), and Noftle and Robins (2007) find that Big Five traits
positively predict grades and academic success. These studies find predictive power after
controlling for previous grades or test scores. In these studies, the benefits of personality
traits are mediated through behaviors such as increased attendance or increased academic
effort. A meta-analysis by Credé and Kuncel (2008) finds that study habits, endowments,
and attitudes have similar predictive power as standardized tests and previous grades in
predicting college performance.

Academic success (such as GPA) depends on cognitive ability, but also depends strongly
on socio-emotional traits such as conscientiousness, self-control, self-discipline, and motivation.
We allow 9th grade GPA to depend on both cognitive and socio-emotional factors. Much of
the variance not explained through test scores has been shown to be related to socio-emotional
traits. Socio-emotional endowments are measured in part by their contribution towards 9th
grade GPA in reading, social studies, science, and math.

GPA by grade and subject is constructed from high school transcript records. Up to 64
courses were recorded from school transcripts and included year taken, grade level taken,
a class identification code, and the grade received. Using the class identification code, we
identified all courses taken in either reading, social studies, science, or math in 9th grade and
constructed subject level GPAs.

As a robustness check for our measure of socio-economic endowments, we include five
additional measures of adverse adolescent behavior to check our interpretation of the non-
cognitive factor.!> We consider violent behavior in 1979 (fighting at school or work and hitting
or threatening to hit someone), tried marijuana before age 15, daily smoking before age 15,
regular drinking before age 15, and any sexual intercourse before age 15. For violent behavior,
we control for the potential effect of schooling. We estimate the cognitive and socio-emotional

distributions jointly with the educational choice system to account for the effect of schooling

1 Gullone and Moore (2000) present a line of research which studies the relationship between personality
traits and adolescent risk behavior. Our five additional measures of early adverse behavior help demonstrate
that our socio-emotional factor is capturing traits that then explain these observed behaviors in an expected
manner.

16
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at the time of the measurement on measures of ability following the procedure developed in

Hansen et al. (2004).

A.2.5 Control Variables

The variables used to control for observed characteristics depend on the timing and nature of
the decision being made. In every outcome, measure, and educational choice, we control for
race, broken home status, number of siblings, mother’s education, father’s education, and
family income in 1979. We additionally control for region of residence and urban status at
the time the relevant measure, decision, or outcome was determined.'? For log wages at age
30, we additionally control for local economic conditions at age 30. When region of residence
or urban status are not available for the age of a particular measure or outcome, the answer
from previous or following surveys are used.

The educational choice models include additional choice-specific covariates. Following
Carneiro et al. (2011), we control for both long-run economic conditions and contemporaneous
deviations from those conditions. Controlling for the long-run local economic environment,
local unemployment deviations capture contemporaneous economic shocks. The model for
the choice to GED certify additionally controls for the difficulty of getting the GED within
the state of residence in 1988.'® The choices to enroll in college and graduate from college
control for local four-year college tuition at ages 17 and 22, respectively. When an instrument
is missing for a particular age, the value from the previous or proceeding year is used.

The equation system for GPA controls for the variables used in all of our analyses, except
for region dummies which are not available prior to 1979. The GPA model alternatively
controls for urban status at age 14 and Southern residence at age 14. The ASVAB test
scores models control for the standard controls, age, and age squared. As previously noted

above, the ASVAB tests are estimated separately by education at the time of the test. Risky

12Based on the data, we assume that high school, GED certification, and college enrollment decisions
occur at age 17, while the choice to graduate from college is made at age 22.

I3GED difficulty is proxied by the percent of high school graduates estimated to be able to pass the test
in one try given the state’s chosen average and minimum score requirements.
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behavior in the 1979 model controls for the standard controls, age and age squared. The
risky behavior measure is also estimated by educational group, but due to data limitations,
pools high school graduates and those enrolled in college in 1979.

The equations for log wages at age 30 control for race, parents’ education, parents’ income,
broken home status, number of siblings, region of residence at age 30, urban environment at
age 30, dummies for living in the South or in an urban area at age 14, and local unemployment
rates at age 30. Smoking at age 30 controls for the same variables, but excludes the local
unemployment rate.

Present value of wages and health limits work control for race, parents’ education, parents’
income, broken home status, number of siblings, and 1979 region of residence and urban

environment dummies.

A.2.6 Constructing the Data

As a baseline, our National Longitudinal Survey of Youth 1979 dataset uses the NLSY79
dataset used in Heckman et al. (2006), and Heckman (2001). Furthermore, we use instruments
from Carneiro et al. (2011). We supplement this baseline dataset with grades from high school
transcripts, risky behaviors at young ages, and later-life outcomes that were not previously
available, such as physical health at age 40. Table A1l provides an overview of how our base

sample is constructed, and how many observations are lost at each point.

Table A1l: NLSY79 Data Set Construction and Effect of Deletions

Observations Details

3,002 Core representative male NLSY population

2,975 Require schooling defined (GED or HS) for 12 years completed
2,905 Not employed by military

2,763 Not enrolled in education at 30 years old

2,242 Require no missing education, covariates, ASVAB, Rosenberg,

and, instruments (Heckman et al. (2006) sample)
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A.3 The Relationship Between Our Continuation Values and Those

Estimated in the Dynamic Discrete Choice Literature

Dynamic discrete choice models greatly facilitate the interpretation of intertemporal choices
and their consequences. Consider a basic dynamic human capital model analyzed by Keane
and Wolpin (1997). Assume risk-neutral agents who have a finite choice set with IV alternatives
over a finite decision horizon (a,@). Let B,(a) = 1 if alternative n is chosen at age a and zero
otherwise. Let R,(a) be the current flow reward at age a from alternative n. The current

reward per period at any age a is

N
R(a) = E R.(a) By(a) .
n=1 per choice
period indicator
reward
from
choice n

Denote an individual’s state at age a by H(a). Assume a discount factor §. The value

function is

a N
V(H(a),a) = max FE o R, (7)B,, H(a)|,
(BH(@),0) = g B350 3 () Bulr) | H@

where B(a) is the set of feasible current and future choices at age a. The alternative-specific

functions, V,, (H (a),a), can be written as

+0E[V (H(a+1),a+1)| H(a), B,(a) = 11

[

~
Continuation Value

for a < @, where V,, (H (a),a) = R, (H(a),a), the reward in state n at age a for a person
with history H(a@). The decision rule is B,(a) =1 if n = argmax {V;(H (a),a)}; Bn(a) =0

je{l,...N}
otherwise.
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Fully specified dynamic discrete choice models postulate agent preferences, constraints,
and information sets, and can recover continuation values associated with each choice as well
as option values that arise from moving up decision trees like those of Figure 1 in the text.!4
These benefits come at a price and many empirical economists reject the strong assumptions
invoked in this and related literatures using dynamic economic models.

This paper takes a more agnostic and data-sensitive approach. We estimate a dynamic
treatment effect model that captures some essential features of dynamic discrete choice
models, but does not impose specific functional forms and decision models and assumptions
about distributions of unobservables. We estimate ex-post approximations to the continuation

values of a dynamic discrete choice model.

A.4 Precise Parameterization of the Model and Our Likelihood

This section presents more details on how the model is parameterized and estimated.

A.4.1 Parameterization of the Model

Following a well-established tradition in the literature,'® in this paper we approximate I;

using a linear-in-the-parameters model:

[j:ZJ{ﬁj—f—el’Yj—Vj, jE{O,...,E—l}, (Al)

where Z; is a vector of variables (and functions of these variables) observed by the economist
that determine the schooling transition decision of the agent with schooling level j, and 8 is a
vector of unobserved (by the economist) endowments. This approximation is a starting point
for a more general analysis of dynamic discrete choice models. Endowments 6 are not directly

observed by the econometrician but are proxied by measurements. 6 plays an important role

14See, e.g., Eisenhauer et al. (2015) for estimates of a structural model of schooling with option values and
continuation values.

15See Heckman (1981), Cameron and Heckman (1987, 2001), Eckstein and Wolpin (1989), Geweke and
Keane (2001), and Arcidiacono and Ellickson (2011).
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in our model. Along with the observed variables, it generates dependence among schooling
choices and outcomes. v; represents an idiosyncratic error term assumed to be independent
across agents and states: v; L (Z;,0), where “1L” denotes statistical independence.
Outcomes are also approximated by a linear-in-the-parameters model.
YE= (X080 + 00+, (A.2)
where X* is a vector of observed controls relevant for outcome k and 6 is the vector of

unobserved endowments. w” represents an idiosyncratic error term that satisfies w® 1L

(X, 0).

A.4.2 Measurement System for Unobserved Endowments 6

Most of the literature estimating the causal effect of schooling develops strategies for eliminat-
ing the effect of @ in producing spurious relationships between schooling and outcomes.'® Our
approach is different. We proxy 6 to identify the interpretable sources of omitted variable
bias and to determine how the unobservables mediate the causal effects of education. We
follow a recent literature documenting the importance of both cognitive and non-cognitive
endowments in shaping schooling choices and mediating the effects of schooling on outcomes.

Given 60, and conditional on X, all educational choices and outcomes are assumed to
be statistically independent. If @ were observed, we could condition on (8, X) and identify
selection-bias-free estimates of causal effects and model parameters. We do not directly
measure 0, and instead, we proxy it and correct for the effects of measurement error on
the proxy. We test the robustness of our approach by allowing for an additional unproxied
unobservable that accounts for dependence between schooling and economic outcomes not
captured by our proxies. These additional sources of dependence can be identified without
proxy measurements under the conditions stated in Heckman and Navarro (2007).

Let ¢ and #°F denote the levels of cognitive and socio-emotional endowments and suppose

16See Heckman (2008).
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0 = (0°,0°F). We allow 0 and 65F to be correlated. Let t%s be the m* cognitive test score

the m!" measure influenced by both cognitive and socio-emotional endowments, all

C,SE
and ¢,

measured at schooling level s. Parallel to the treatment of the index and outcome equations,

we assume linear measurement systems for these variables:

s = (X5 ) B+ 0% e (A.3)
2t = (XY BT 0%, + 07 AT + e (A4)

The structure assumed in Equations (A.3) and (A.4) is identified even when allowing for
correlated factors, if we have one measure that is a determinant of cognitive endowments
(S, ,) and at least four measures that load on both cognitive ability and socio-emotional
ability, and conventional normalizations are assumed.!” In the main text we report results
from models that use measurements to proxy 6. Let H[, be an indicator for if an individual

1 took test t at schooling level s.

A.4.2.1 Specification of the Measurement System When estimating the factor
model, we must make normalizations and exclusion restrictions. There is no precise method
for determining these restrictions. As laid out below, we use a collection of empirical evidence
and theory for determining our measurement system.

Factors have no natural scale. To address this, we normalize one loading for each factor to
unity. This normalization does not affect the relative loadings of the two factors, but rather
determines the units in which the factors are measured. We normalize the measure that has
the largest correlation with the other measures. In the case of our paper, we normalize the
cognitive loading to one for the arithmetic reasoning ASVAB measure, and we normalize
the socio-emotional loading to one for the language arts grade measure. Switching the

normalization to the loadings on other measures has no substantive effect on the results.

17See, e.g., the discussion in Williams (2011) and Anderson and Rubin (1956). One of the factor loadings
for ¢ and 65F has to be normalized to set the scale of the factors. Nonparametric identification of the
distribution of @ is justified by an appeal to the results in Cunha et al. (2010).
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Following Heckman et al. (2006), the model imposes that the ASVAB measures do not
load on socio-emotional factors. If any particular ASVAB score is excluded, it does not
substantively change the analysis. Course grades are assumed to load on both the cognitive
and socio-emotional factors. As discussed in the main paper, this assumption is also made by
Duckworth and Seligman (2005) and Borghans et al. (2011), who both find that grades are
largely determined by endowments other than cognitive ability.

As discussed above, the identification strategy used in the paper requires one measure
that loads exclusively on cognitive ability. We assume ASVAB tests only measure cognition.
Subject-specific 9th grade GPA, educational choices, and early risky behavior are assumed to
depend on both factors.

We include violent behavior, smoking regularly by age 15, drinking regularly by age 15,
ever smoking marijuana by age 15, and sexual intercourse by age 15 as early “outcomes”

in our model. These do not inform the cognitive or socio-emotional factor, but provide a

robustness check of our interpretation of our factors and aid in interpretation.

A.4.3 Likelihood

We estimate our model in two stages using maximum likelihood. The measurement system,
the distribution of latent endowments, and the model of schooling decisions are estimated in
the first stage. The outcome equations are estimated in the second stage using estimates from
the first stage. We follow Hansen et al. (2004), and correct estimated factor distributions for
the causal effect of choices on measurements by jointly estimating the choice and measurement
equations in the first stage. The distribution of the latent factors is estimated only using
data on educational choices and measurements. This allows us to interpret the factors as
cognitive and socio-emotional endowments. It links our estimates to an emerging literature
on the economics of personality and psychological traits, but the link is not strictly required
if we only seek to control for selection in schooling choices and do not seek to identify the

system of measurement equations presented in the text. We do not use the final outcome
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system to estimate the distribution of factors, thus avoiding tautologically strong predictions
of outcomes from the system of estimated factors.

For convenience, we repeat the definitions from Section 2. Let 7 denote the set of possible
terminal states. Let D; € D be the set of possible transition decisions that can be taken by
the individual over the decision horizon. Let S denote the finite and bounded set of stopping
states with S = s if the agent stops at s € S. Define 5 as the highest attainable element in
S. @; = 1 indicates that an agent gets to decision node j. @); = 0 if the person never gets
there. The history of nodes visited by an agent can be described by the collection of the @),
such that ); = 1. To ensure consistent notation, we define @)y := 1. Y;, D;, and M, are
vectors of individual 7’s outcomes, educational decisions, and measurements of endowments,
respectively. Z is a vector of observed determinants of decisions, X is a vector of observed
determinants of outcomes, and 0 is the vector of unobserved endowments. The Z can include
all variables in X. When instrumental variable methods are used to identify components of
the model, it is assumed that there are some variables in Z not in X.

Assuming independence across individuals (denoted by i), the likelihood is:

= H / f(YE‘Dia X, Z;, e)f(Du Mz’|X7;, Z;, O)f(H)dH,

where f(-) denotes a probability density function. The last step is justified from the assump-
tions (A-la)—(A-1g).
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For the first stage, the sample likelihood is

H 5 @f DzaM|XuZme e)fﬁ( ) 0

_H/ D;;|Z;;,0 = 07'7])62”
0cO

JGS\{S}

[H H f zms|sz570 977ms) H fe(a;’)/g)da,

m=1 scSM

where we integrate over the distributions of the latent factors. H!" is an indicator for the
level of the choice variable at the time the measurement m is taken, and is equal to one
if the individual had attained s at the time of the measurement, and zero otherwise. Let
SM denote the set of possible states at the time of the measurement. The goal of the first
stage is to secure estimates of v}, ¥y, s, and vy, where v;, v s, and vy are the parameters
for the educational decision models, the measurement models, and the factor distribution,
respectively. We assume that the idiosyncratic shocks are mean zero normal variates.

We approximate the factor distribution using a mixture of normals.'® We define the index,
¢, for each mixture, where f3(0;79) = >, pefi(0; ). The weights for each mixture are p,
and they must satisfy Y ,p = 1. f§(0;~) is the PDF for mixture /. Since the mean of

the overall factor distribution is not identified, we also require that E[@] = 0 which places

BMixtures of normals can be used to identify the true density non-parametrically, where the number of

mixtures can be increased based on the size of the sample. For a discussion of sieve estimators, see Chen
(2007).
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constraints on the mixture parameters 5. The log-likelihood can be rewritten as

logLIZZIOg/QG H f(Di7j|Zi,j’0:§;,7j)Qi,j
i €

jeS\s

N
) [H I f<Mz-,m,S|Xi,m,s,e=o;%,ﬂ] ; [Zpefﬁ(&vﬁ) i
¢

m=1 gcSM

= t0x g Yo [ | TT #(Du1Z05.0 = Fo)
i /¢ €

JjES\3

Ny
[H 1T f(Mi | X 6 = o;vm,s)Hﬁ] f§(0;7£)d9}-

m=1 scSM

We use Gauss-Hermite quadrature to numerically evaluate the integral. Although there are
a number of ways to numerically evaluate an integral, one advantage of Gaussian quadrature is
that it gives analytical expressions for the integral. Analytical expressions for the gradient and
Hessian can then be calculated, which allows for the use of efficient second-order optimization
routines. Since the models are very smooth, a second-order optimization strategy leads to
faster convergence. Given that we are using a mixture of normals, f5(8;~) = ¢(0; ujy, of) is
a multivariate normal, where we assume for now that the components are independent. This
assumption can easily be relaxed, but keeping it simplifies notation. The Gauss-Hermite
quadrature rule is | f(v)e‘”2dv = > Auf(v,), where the weights, \,, and nodes, v,, are
defined by the quadrature rule depending on the number of points used (Judd, 1998)."
Applying the Gauss-Hermite rule and making a change of variables (6 = \/§a£ o v, + ub), %

we can rewrite the likelihood as

19We use 16 quadrature points. Using 32 points did not substantively change any of our results.
296 is the Hadamard or entrywise product.
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lOg,Cl ZlOg ZIOZZ)\mz)‘rm H f 1]’ zg,ezﬂagovnvLug;’)’j)Qi’j

JjES\S

Ny
H H f zms’szeho \/_O'go’vn‘i‘llzg,’)’ms) TZ]},

m=1seSM

where v, = (v,,, Un,) represents the vector of nodes. Multivariate normal variables with
correlated components can be rewritten as the sum of independent standard normal variables,
and then one can use the same procedure.

The goal of the first stage is then to maximize log £' and obtain estimates ¥;, Y5, O,
fb, and p, for j € JM9. If a density f(-) cannot be calculated, either because of missing data
or because that model does not apply to individual i,*! then f(-) = 1.

One can think of the inner brackets as the PDF of 0 for each individual . This is useful
in two respects. First, we can now predict the factor scores (éz) via maximum likelihood

where the likelihood for each individual 7 is

Ny
H f lj|Z7379177] H H f zms‘leS?el?’ymS)Hﬁs
jES\s m=1 seSM

Secondly, we can correct for measurement error in the outcome equations by integrating

over the PDF of the latent factor. The likelihood for the outcome equations is

o8 €5 = 108§ 3705 A o, | T SD121,,0 = V3o )
n2

jES\S

* H H F (M| X, 0 = V2675 0 00+ figs ) 775]

Lm=1 seSM

< | [T (V| Xiks 0 = V265 000 + ﬂﬁ;'rs,k)Hi’S] } |

LseS

21For example, the individual ¢ is a high school dropout and the model corresponds to the graduate college
decision.
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where H; ; is an indicator for the highest level of schooling attained by individual i. The
goal of the second stage is to maximize log £2 and obtain estimates 4, . Since outcomes
(YF) are independent from the first stage outcomes conditional on X, 0 and we impose no
cross-equation restrictions, we obtain consistent estimates of the parameters for the adult
outcomes. Standard errors and confidence intervals are calculated by estimating two hundred

bootstrap samples for the combined stages.

A.5 Goodness of Fit

This section tests the goodness of fit of our various measurement, education, and outcome
equations. For continuous models we compare means and standard deviations, while for
discrete outcomes we compare proportions. Table A7 jointly tests for equality of means in

the outcomes for 16 unique sub-populations.

Table A2: Goodness of Fit - Schooling Choice

Schooling Level Data Model p-value
High School Dropout 0.131 0.122 0.980
High School Graduate 0.370 0.377 0.989
Some College 0.168 0.176 0.982
College Graduate 0.230 0.222 0.986

Notes: The simulated data (Model) contains one million observations generated from the model estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males.
(a) Goodness of fit is tested using a x2 test that the two proportions are equal, where the Null Hypothesis is Model=Data.
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Table A3: Goodness of Fit - Early Risky and Reckless Behavior

Outcome Actual Model p-value®
Early Marijuana® 0.338  0.338 0.999
Early Daily Smoking® 0.187  0.186 0.999
Early Drinking® 0.188  0.188 0.999
Early Intercourse® 0.163  0.161 0.994
Early Reckless (9th-11th)”>  0.607  0.599  0.987
Early Reckless (12th)® 0.533  0.541  0.988

Notes: The simulated data (Model) contains one million observations generated from the model estimates. The actual data

(Actual) contains 2242 observations from the NLSY79 sample of Males.

(a) Goodness of fit is tested using a x2 test that the two proportions are equal, where the Null Hypothesis is that the model
fits the data. (b) The reckless and violent variables are taken from the NSLY 1980 Illegal Activities Supplement. (c) Early is

defined as engaging in risky behavior before 15 years old.
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Table A4: Goodness of Fit - ASVAB and Grade Models

Mean Std Dev
Data Model Data Model p-value

ASVAB Tests

Arithmetic Reasoning (< 12) -0.291 -0.354 0.932 0.898  0.035
Word Knowledge (< 12) -0.448 -0.530 1.082 1.057  0.017
Paragraph Comprehension (< 12) -0.513 -0.588 1.180 1.166  0.049
Numerical Operations (< 12) -0.519 -0.574 0.963 0.927  0.074
Math Knowledge (< 12) -0.320 -0.389 0.887 0.835  0.015
Coding Speed (< 12) -0.599 -0.643 0.782 0.767  0.075
Arithmetic Reasoning (= 12) 0.196 0.186 0.862 0.823  0.720
Word Knowledge (= 12) 0.132  0.126 0.778 0.735  0.837
Paragraph Comprehension (= 12) 0.039 0.029 0.796 0.751  0.699
Numerical Operations (= 12) -0.012 -0.020 0.890 0.848  0.787
Math Knowledge (= 12) 0.001 -0.022 0.812 0.745  0.417
Coding Speed (= 12) -0.163 -0.167 0.773 0.749  0.866
Arithmetic Reasoning (> 12) 0.942 0905 0.665 0.643  0.258
Word Knowledge (> 12) 0.744 0.754 0.328 0.307  0.552
Paragraph Comprehension (> 12) 0.636 0.622 0.324 0.314  0.377
Numerical Operations (> 12) 0.580 0.560 0.589 0.571  0.475
Math Knowledge (> 12) 0975 0947 0.736 0.720  0.438
Coding Speed (> 12) 0.474 0.460 0.654 0.639  0.665
9th Grade GPA

GPA Language -0.117  -0.175 0.969 0.973  0.012
GPA Social Sciences -0.012  -0.074 0.985 0.993  0.018
GPA Science 0.026 -0.017 0.955 0.939  0.085
GPA Math -0.011  -0.050 0.977 0975  0.083

Notes: The simulated data (Model) contains one million observations generated from the Model’s estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males. The numbers inside the parentheses describe the years
of schooling at the time of the test. The ASVAB models are estimated separately for those with less than twelve years (< 12),
those who are high school graduates (=12), and those who have attended college (> 12) at the time they took the ASVAB
tests. (a) The p-values reported are from a T-test for the equivalence of the means where the null hypothesis is that

Actual = Model.
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Table A5: Goodness of Fit - Discrete Outcomes

Outcome Actual Model p-value®

Smoking Age 30 0.385  0.387 0.997
High school dropouts 0.674  0.650 0.959
High school graduates 0.390  0.383 0.989
Some college 0.337  0.339 0.995
Four-year college graduate 0.146  0.166 0.955

Health Limits Work 0.227  0.226 0.997
High school dropouts 0.392 0.412 0.968
High school graduates 0.232  0.229 0.994
Some college 0.184  0.179 0.992

Four-year college graduate 0.091  0.099 0.980

Notes: The simulated data (Model) contains one million observations generated from the Model’s estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males.

(a) Goodness of fit is tested using a x2 test that the two proportions are equal, where the Null Hypothesis is that the model
predictions fits the data.

Table A6: Goodness of Fit - Continuous Outcomes

Mean Std Dev
Actual Model Actual Model p-value
Log Wages (30) 2.612 2604 0229 0.223 0.132
High school dropouts 2291 2247  0.135 0.130  0.000
High school graduates 2531 2528 0.184 0.182  0.637
Some college 2.665  2.677  0.207 0.200  0.283
Four-year college graduate 2.932 2949  0.188 0.186  0.039
PV Log Wages (30) 12.315 12317  0.397  0.395  0.876
High school dropouts 11.787 11.681 0.366  0.391  0.000
High school graduates 12.275 12275  0.273  0.262  0.983
Some college 12.422 12432 0.257  0.255  0.499

Four-year college graduate 12.764 12.817 0.266  0.272  0.000

Notes: The simulated data (Model) contains one million observations generated from the Model’s estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males.

(a) The p-values reported are from a T-test for the equivalence of the means where the null hypothesis is that the model
predictions fits the data.
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Table AT: x? Test for Equality of the Means Across Sub-Populations

p-value
Log Wages (30) 0.44
Log PV Wage Income (30)  0.07
Health Limits Work 0.40
Smoking (30) 0.06

Notes: This table jointly tests if the observed and simulated outcome means are equal for 16 unique sub-populations.
Sub-populations are the unique groups defined by the binary variables: white, Southern residence at age 14, family income
greater than $20,500 in 1979, and mother’s highest grade completed is less than 12. The reported p-value is for the x2-test
against the null hypothesis that the means are equal for the observed and simulated data.

A.6 Estimated Model Parameters

This section documents the estimated model parameters from our maximum likelihood
procedure. The first table shows the educational choice models while the remaining tables

show the various outcome models conditional on final educational attainment.
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A.7 The Measurement of Endowments and Their Effects on Out-

comes

A.7.1 The Role of Endowments on Later-Life Outcomes

The latent endowments have statistically significant effects on labor market and health
outcomes. Figure A1 plots the effects of the latent endowments on log wages, log present
value of log wage income, daily work limitations, and daily smoking. The cognitive endowment
affects all four outcomes, while the effect of the socio-emotional endowment is statistically
significant only in the equations for wages and smoking. Moving someone from the lowest
decile to the highest decile in both cognitive and socio-emotional ability, increases their wages
by 0.6 log points, lowers the probability of being a smoker by 60%, increases their self-esteem

by one standard deviation, and increases their health by half a standard deviation.
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Figure A1l: The Effect of Cognitive and Socio-Emotional Endowments

A. Log Wages B. PV Wages
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Notes: For each of the four outcomes, we present three figures that study the impact of cognitive and socio-emotional
endowments. The top figure in each panel displays the levels of the outcome as a function of cognitive and socio-emotional
endowments. In particular, we present the average level of outcomes for different deciles of cognitive and socio-emotional
endowments. Notice that we define as “decile 17 the decile with the lowest values of endowments and “decile 10” as the decile
with the highest levels of endowments. The bottom left figure displays the average levels of endowment across deciles of
cognitive endowments. The bottom right figure mimics the structure of the left-hand side figure but now for the
socio-emotional endowment.

A.7.2 Sorting on Unobserved Variables

Figure A2 presents the probabilities of making the indicated educational choice at various
levels of agent latent endowments. Figure A4 shows the distribution of the factors by final
schooling level. Individuals sort on both cognitive and socio-emotional endowments into
increasing schooling levels. The only exception are the GEDs, who have cognitive ability

distributions similar to terminal high school graduates but socio-emotional distributions
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similar to dropouts.

Figure A2: The Probability of Educational Decisions, by Endowment Levels
(Final Schooling Levels are Highlighted Using Bold Letters)

A. Dropping from HS vs. Graduating from HS B. HS Dropout vs. Getting a GED

Probability
Probability
°
%

1o
g 9
et eDeZ\\eo!Cognm\/e
T2

[=— Probabil EN

3, Pobabiy
ey —
oy —
[y —

Hoos 08

i . ke : n
- UM n a3 |

ﬂ“ﬂﬂnnq

Decie of Cognive. Dece of Socio-Ematonal Decie of Cognitve,

Decie of Sacio Emational

C. HS Graduate vs. College Enrollment D. Some College vs. Four-Year College Degree

Probability

= =t I | = Ev = ] [=— Probabiity
: b2 & 2 2 & : :
i i o E —1 e
0af- =11 N[ o.1 oa T TTT 1] 1 — i g ——_—-—""— ]
FRT i 1l o = il EN =i
ELLL [l - ] HHAN

DeckeciCogvve  Decieo # Socio-Emotional 1 Decie of Cognitve

Notes: For each of the four educational choices, we present three figures that study the probability of that specific educational
choice. Final schooling levels do not allow for further options. For each pair of schooling levels j and j 4 1, the first subfigure
(top) presents Prob(D; = 0|d®, d5F) where d° and d°F denote the cognitive and socio-emotional deciles computed from the
marginal distributions of cognitive and socio-emotional endowments. Prob(D; = 0/d®,d%F) is computed for those who reach
the decision node involving a decision between levels j and j + 1. The bottom left subfigures present Prob(D; = 0|do) where
the socio-emotional factor is integrated out. The bars in these figures display, for a given decile of cognitive endowment, the
fraction of individuals visiting the node leading to the educational decision involving levels j and j + 1. The bottom right
subfigures present Prob(D; = 0|d5F) for a given decile of socio-emotional endowment, as well as the fraction of individuals
visiting the node leading to the educational decision involving levels j and j + 1.

The estimates reveal clear evidence of sorting into education by both cognitive and socio-
emotional endowments. At the same time, these endowments have significant impacts on

adult outcomes. Together, these results imply strong selection biases in observed differences
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Figure A3: Distribution of Factors by Schooling Level

Sorting into Schooling
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o .
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Note: The factors are simulated from the estimates of the model. The simulated data contain 1 million observations.
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in outcomes by education level. This highlights the importance of accounting for observed

and latent traits when estimating the causal impact of education.

Figure A4: Joint Distribution of Cognitive and Socio-Emotional Ability

15 2
1 ) .
- | " o 05 Cognitive
3 %15 -1 08

Distribution of Factors

! s ! | s ! L s | ! L
2 -1.5 -1 -0.5 0 0.5 1 15 -3 -2 -1 0 1 2 3

Cognitive Factor Social-Emotional Factor

0.0971459 0 0.367792 0
3= , o= ,
0 0.128441 0 0.421223

Table A13: Means and Weights for Mixtures

Mixture for Mixture for

Cognitive 8 Non-Cognitive 0

5 0.721206 -0.218251
2 0.487487 -0.147523
Weight on 0.232316 0.767684

First Component
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A.7.3 Sorting on Observables

Table A14 shows the means and standard deviations of our controls by education level. There
is sorting in nearly every background characteristic, except for age in 1980. The sorting is
very strong in the cognitive factor, the socio-emotional factor, parental education, parental
income, number of siblings, and growing up in a broken home.

Table A14: Educational Sorting on Observables

Dropout GED  High School Some Coll. Coll. Grad.

Cog -0.651 -0.170 -0.119 0.162 0.522
(0.535)  (0.651) (0.667) (0.641) (0.533)
Socio-emotional  -0.677 -0.840 0.074 0.157 0.440
(0.742)  (0.894) (0.756) (0.737) (0.664)
Black 0.181 0.179 0.119 0.104 0.060
(0.386)  (0.384) (0.324) (0.305) (0.238)
Hispanic 0.113 0.074 0.064 0.080 0.031
(0.317)  (0.263) (0.245) (0.271) (0.174)
Broken Home 0.423 0.358 0.211 0.229 0.142
(0.495)  (0.480) (0.408) (0.421) (0.349)
Num. Siblings 4.181 3.777 3.379 2.923 2.538
(2.640)  (2.585) (2.177) (2.122) (1.807)
Mom’s HGC 9.966 10.670 11.250 11.928 13.281
(2.518) (2.382) (2.252) (2.419) (2.496)
Dad’s HGC 9.768 10.577 11.115 12.312 14.290
(3.099) (2.997) (2.872) (3.251) (3.397)
Fam. Inc. 1979 13.675  16.378 19.680 20.922 27.075
(8.033)  (9.696) (10.514) (12.097) (16.152)
Urban Age 14 0.771 0.790 0.715 0.755 0.804
(0.421)  (0.408) (0.452) (0.430) (0.397)
South Age 14 0.420 0.406 0.277 0.298 0.243
(0.494)  (0.492) (0.448) (0.458) (0.429)
Age in 1980 19.096  18.808 19.230 19.226 19.206
(2.103)  (2.129) (2.173) (2.232) (2.227)

Notes: Mean coefficients; SD in parentheses.

* p<0.10, ** p < 0.05, *** p < 0.01

There may be some concern that the socio-emotional factor is describing something

like academic ability, since it is partly based on grades.?? Table A15 provides additional

22«Risky and reckless behavior in 1979” is a binary measure of whether the person had ever done any
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support for our interpretation of the socio-emotional factor. The table estimates the impact
of observables and unobservables on early risky behavior, but is not used in estimating our
factors. As we see, our non-cognitive factor plays an important role in each of the early risky
outcomes. If the socio-emotional factor were measuring purely academic behavior, we would

not expect it to be so predictive in explaining early risky behaviors.

of the following things: (1) purposefully damaged another person’s property, (2) stolen an item of value
from another person that was worth less than $50, (3) stolen a small item from a store, or (4) tried to
get something from someone by lying about what they would do in return. Not included as part of the
measurement system, we have additional binary measures for violent behavior in 1979, daily smoking before
age 15, tried marijuana before 15, regular drinking before 15, and sexual intercourse before age 15. These
five measures were excluded from the measurement system as they are extreme enough that they may affect
schooling decisions and later-life health. For example, we did not want to predict later-life health decisions
with early-life health decisions, or educational choice by actions that could lead to incarceration (such as
violent behavior). We include these as outcomes that do not inform our measurement system to help us
interpret our factor. We include risky and reckless behavior in 1979 and find that the cognitive factor plays a
small and statistically insignificant role, while the socio-emotional factor has a statistically significant impact.
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A.8 Evidence on Equation (1) in the Text: Linearity of the Re-
turns to Schooling

In this section, we use OLS to test the assumption of linearity in schooling for our four
outcomes. We find significant sheepskin effects in all outcomes and specifications rejecting
the linear returns to schooling assumption. Specifically, we run Mincer regressions, then
add our dummies for schooling levels and conduct an F-test of the null hypothesis that the
coefficients are jointly equal to zero. In Figure A5, we display the pairwise ATEs relative to
being a dropout (labeled “Over Dropouts”) for each schooling level spaced by the difference

in the years of schooling.

Table A16: Years of Schooling Regression: Log Wage

Log Wage

Highest Grade Comp. 0.083** 0.037*** 0.073"* 0.035"** 0.040**  0.012
(0.004)  (0.011) (0.005) (0.011)  (0.006) (0.011)

HS Grad 0.149*** 0.145*** 0.081*
(0.041) (0.043) (0.042)
GED 0.044 0.011 0.038
(0.049) (0.051) (0.048)
Enroll Coll 0.071** 0.054 0.059*
(0.034) (0.034) (0.033)
Grad. Coll 0.156*** 0.142** 0.108**
(0.044) (0.045) (0.043)
Includes Factors X X X X
Includes Controls X X
JointTest ) 0.000 ) 0.000 ) 0.027

Notes: JointTest provides the p-value from an F-test for if education dummies are jointly equal to zero

* p < 0.10, ** p < 0.05, *** p < 0.01
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Table A17: Years of Schooling Regression: PV Wage

PV-Wage

Highest Grade Comp. 0.122°* 0.077*** 0.103** 0.076*** 0.042"* 0.036***
(0.005)  (0.014) (0.007) (0.014) (0.007) (0.014)

HS Grad 0.303*** 0.260*** 0.133**
(0.052) (0.055) (0.052)
GED -0.019 -0.109* -0.070
(0.061) (0.063) (0.058)
Enroll Coll 0.017 -0.002 -0.001
(0.044) (0.044) (0.041)
Grad. Coll 0.104* 0.090 0.024
(0.058) (0.058) (0.054)
Includes Factors X X X X
Includes Controls X X
JointTest . 0.000 ) 0.000 . 0.000

Notes: JointTest provides the p-value from an F-test for if education dummies are jointly equal to zero

* p < 0.10, ** p < 0.05, *** p < 0.01

Table A18: Years of Schooling Regression: Health Limits Work

Health Limits Work

Highest Grade Comp. -0.038"* -0.021** -0.025** -0.016 -0.014** -0.010
(0.004)  (0.010)  (0.005) (0.010) (0.006) (0.011)

HS Grad -0.109*** -0.068* -0.052
(0.036) (0.039) (0.040)
GED 0.032 0.069 0.071
(0.043) (0.045) (0.045)
Enroll Coll -0.016 -0.012 -0.008
(0.031) (0.031) (0.032)
Grad. Coll -0.027 -0.026 -0.018
(0.041) (0.041) (0.042)
Includes Factors X X X X
Includes Controls X X
JointTest ) 0.000 ) 0.001 : 0.007

Notes: JointTest provides the p-value from an F-test for if education dummies are jointly equal to zero

* p < 0.10, ** p < 0.05, *** p < 0.01
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Table A19: Years of Schooling Regression: Smoking

Smoking

Highest Grade Comp. -0.065"* -0.039* -0.047** -0.032** -0.049*** -0.037***
(0.004)  (0.012)  (0.006)  (0.013)  (0.007)  (0.013)

HS Grad -0.194*** -0.151*** -0.150***
(0.045) (0.048) (0.049)
GED 0.040 0.042 0.045
(0.053) (0.055) (0.055)
Enroll Coll 0.019 0.022 0.020
(0.038) (0.038) (0.038)
Grad. Coll -0.076 -0.071 -0.081
(0.049) (0.051) (0.051)
Includes Factors X X X X
Includes Controls X X
JointTest . 0.000 . 0.000 . 0.000

Notes: JointTest provides the p-value from an F-test for if education dummies are jointly equal to zero

* p < 0.10, ** p < 0.05, *** p < 0.01
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Figure A5: Plotting Average Treatment Effects by Average Years of Schooling
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Notes: Figure displays the estimated pairwise ATE for the full population (Y]k — ng—l) The ATEs are spaced out according
to the average difference in highest grade completed between each educational group.

A.8.1 Testing the Linearity of the Average Treatment Effect

This section tests if the annualized average treatment effect are linear across schooling
decisions. Results are provided in Table A20.23 Results are reported for both the full-
population ATE and the ATE restricted to those who reach the decision node. We can reject
linearity for wages for the conditional ATE at the 0.05 level. We can also reject linearity for
smoking in the conditional population and linearity for wages in the full population at the

0.10 level, but not the 0.05 level.

23See the notes for Table A20 for details on the test’s construction.
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Table A20: Testing Linearity of the ATE

ATE (Q; =1) ATE (full pop)
Wages 0.011 0.090
PV Wages 0.306 0.367
Smoking 0.055 0.653
Health Limits Work 0.353 0.113

Notes: This table reports p-values from a Wald Test for the null hypothesis that the average returns to a year of schooling are
linear across schooling decisions. The first column reports the test for the ATE conditional on being at the decision node,
while the second column reports the test for the ATE for the full population. Specifically, we test if L‘%ILEL{) — ;;;qu =0 and
ATEy _ ATE3 _ () where the covariance between 41ZL — ATE: ATE; _ ATE3 iy ectimated using 200 bootstrapped
G2—q1  d3—d2 a1—dqo q@2—Q1 @2—q1  (3—q2

samples. §; is the average years of completed schooling for those at schooling level j.

A.9 Distributions of Treatment Effects

Using the full model it is possible to estimate the distribution of various treatment effects.
Figure A6 shows the distribution of expected treatment effects at the choice to graduate
from high school and the choice to graduate from college for the log present value of wages.
Expectations are computed over the idiosyncratic error terms (w¥). The individual’s expected
treatment effect is E, (Y} — YF) = (75(X) + 0'ar) — (7F(X) + 6'ar), where the variation
in the expected treatment effect is coming from the observables (X) and the unobserved
endowments (0). The figure shows the distribution of expected treatment effects for everyone
at the decision node, the distribution of those that choose to go on (D; = 0), and those that

choose not to (D; = 1).
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Figure A6: Distributions of Expected Treatment Effects: Log PV Wages
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Notes: Distributions of expected treatment effects are for those who reach the educational choice. The expectation is
computed over the idiosyncratic error terms (w¥). The individual’s expected treatment effect is

E, (Ysk, —-YF) = Tf, (X) + 9’01’;, — (7E(X) + 6'a®), where the variation in the expected treatment effect is coming from the
observables (X)) and the unobserved endowments (0). “T'T” stands for average treatment on the treated and “TUT” stands
for average treatment on the untreated. The vertical lines show the average treatment effect for each distribution. Note that
the plots show expected benefits and do not include the idiosyncratic shocks realized ez-post.

Given the distributions, it is also possible to estimate the percent of individuals who
benefit (or are expected to benefit) from a given transition. The model does not impose that
individuals make educational choices based on expected gains, making it a testable hypothesis.
Examining Figure A6, a portion of each distribution is to the left of 0. This represents the
portion of the population that is expected to have lower present value of wages from making
the transition. Many individuals do not make the transitions in spite of expected ex-post
gains, while others make the transitions in spite of expected ex-post losses in the present
value of wages. We find that the proportion of individuals who benefit is higher for those
that choose to graduate from college, while the proportion of individuals who benefit from

high school graduation is smaller.
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Figure A7: Distributions of Treatment Effects: High School Graduation
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Notes: Distributions of treatment effects are for those who reach the educational choice. “TT” stands for average treatment
on the treated and “TUT” stands for average treatment on the untreated. The vertical lines show the average treatment effect
for each distribution. Note that the plots show expected benefits and do not include the idiosyncratic shocks realized ex-post.
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Figure A8: Distributions of Treatment Effects: College Enrollment
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Notes: Distributions of treatment effects are for those who reach the educational choice. “TT” stands for average treatment
on the treated and “TUT” stands for average treatment on the untreated. The vertical lines show the average treatment effect
for each distribution. Note that the plots show expected benefits and do not include the idiosyncratic shocks realized ex-post.
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Figure A9: Distributions of Treatment Effects: College Graduation
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Notes: Distributions of treatment effects are for those who reach the educational choice. “TT” stands for average treatment
on the treated and “TUT” stands for average treatment on the untreated. The vertical lines show the average treatment effect
for each distribution. Note that the plots show expected benefits and do not include the idiosyncratic shocks realized ex-post.
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Figure A10: Distributions of Expected Treatment Effects: High School

Graduation
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Notes: Distributions of treatment effects are for those who reach the educational choice. “T'T” stands for average treatment
on the treated and “TUT” stands for average treatment on the untreated. The vertical lines show the average treatment effect
for each distribution. Note that the plots show expected benefits and do not include the idiosyncratic shocks realized ex-post.
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Figure A11: Distributions of Expected Treatment Effects: College Enrollment
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Notes: Distributions of treatment effects are for those who reach the educational choice. “TT” stands for average treatment
on the treated and “TUT” stands for average treatment on the untreated. The vertical lines show the average treatment effect
for each distribution. Note that the plots show expected benefits and do not include the idiosyncratic shocks realized ex-post.
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Figure A12: Distributions of Expected Treatment Effects: College Graduation
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Table A21: Estimated Percent Who Benefit

Full Population: Pr(YX

J+1

k
- Y¥>0)

HS Graduation

Enroll in Coll

Grad. College

Log Wages 0.58 0.59 0.53
PV Log Wages 0.62 0.59 0.53
Health Limits Work 0.89 0.68 0.72
Daily Smoking 0.94 0.79 0.88
Conditional on Being at the Decision Node: Pr(Y},, —Y}F>0|Q; =1)

HS Graduation

Enroll in Coll

Grad. College

Log Wages
PV Log Wages
Health Limits Work

Daily Smoking

0.58
0.62
0.89
0.94

0.60
0.59
0.67
0.84

0.58
0.60
0.78
0.91

Conditional on Taking the Transition

HS Graduation

Enroll in Coll

Grad. College

Log Wages
PV Log Wages
Health Limits Work

Daily Smoking

0.58
0.59
0.91
0.94

0.61
0.59
0.65
0.91

0.60
0.63
0.80
0.93

Transition P

robabilities: Pr(D; =0 Q; = 1)

HS Graduation

Enroll in Coll

Grad. College

Prob. of Taking Transition

V)

514

.58

o8

Notes: Results show the estimated percent who benefit. “Benefit” is defined as reduced probability of smoking, reduced
probability of health limiting work, increased wages, or increased PV wages.
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Table A22: Spearman Correlations for Counterfactual States Using Simulated
Expected Log Wages (age 30)

Dropout GED Hs. Grad. Some Coll. Coll. Grad
Dropout 1.0000
GED 0.7195  1.0000
HS Grad. 0.7994  0.8558 1.0000
Some Coll.  0.8535 0.7338  0.7407 1.0000
Coll. Grad  0.7077 0.7824  0.7767 0.6986 1.0000

Notes: Table shows the Spearman correlation between the expected outcome for each level of schooling from a simulation of
our model.

Table A23: Spearman Correlations for Counterfactual States Using Simulated
Expected Log PV Wages

Dropout GED Hs. Grad. Some Coll. Coll. Grad

Dropout 1.0000

GED 0.8985  1.0000

HS Grad. 0.9015 0.8327 1.0000

Some Coll.  0.8321  0.6571 0.7647 1.0000

Coll. Grad  0.8409 0.8194 0.7275 0.6069 1.0000

Notes: Table shows the Spearman correlation between the expected outcome for each level of schooling from a simulation of
our model.
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Table A24: Spearman Correlations for Counterfactual States Using Simulated
Expected Smoking Age 30

Dropout GED Hs. Grad. Some Coll. Coll. Grad

Dropout 1.0000

GED 0.6072  1.0000

HS Grad. 0.4166  0.1254 1.0000

Some Coll.  0.5503  0.2852 0.1235 1.0000

Coll. Grad 0.4985  0.4516 0.3892 0.1921 1.0000

Notes: Table shows the Spearman correlation between the expected outcome for each level of schooling from a simulation of
our model.

Table A25: Spearman Correlations for Counterfactual States Using Simulated
Expected Health Limits Work

Dropout GED Hs. Grad. Some Coll. Coll. Grad

Dropout 1.0000

GED 0.4076  1.0000

HS Grad. 0.3104  0.7074 1.0000

Some Coll. -0.0823 0.2178 0.1219 1.0000

Coll. Grad 0.6080 0.6147  0.5162 0.1916 1.0000

Notes: Table shows the Spearman correlation between the expected outcome for each level of schooling from a simulation of
our model.

A.10 Distributions of Annualized Returns Across Schooling Tran-
sitions

This appendix presents additional information on distributions of annualized returns (p; =

Yj—ijl)

., ) across different schooling levels that supplements the discussion in the text. We
J J—

present distributions conditional on @); = 1 (Figure A13). We also present distributions of
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individual gains inclusive of continuation values (Figure A14).

Figure A13: Annualized Distribution of Returns
Eu(pjlQ; = 1) = (B, [525=2]1Q; 1)

q;—qj—-1
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Notes: Distributions of treatment effects are for those who reach the educational choice Q; = 1. Distributions have been
normalized by the difference in the average number of years of completed schooling between the two educational choices. The
returns are E,(p;]|Q; = 1). The vertical lines indicate the means for each distribution.

Distributions of Dynamic Returns This appendix supplements the information that
the distributions of annualized returns reported in the text with distributions of annualized

. T . . . .
dynamic returns F,, [ﬁ] inclusive of continuation values.
J J—
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Figure A14: Annualized Distribution of Returns (E,, [qi])
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Notes: Distributions of dynamic treatment effects are for the population who reach the decision. Distributions have been
normalized by the difference in the average number of years of completed schooling between the two educational adjacent

choices. The shown treatment effects are E, ﬁ], where we are taking the expectation over the idiosyncratic shocks to
395~

the outcomes that the agent does not know or act on. The vertical lines indicate the means for each distribution.

A.11 Additional Results From the Simulation of Boosting 6

The observed outcome is given by:

YH(6,X)=>_ D,(6,X)YF(6,X), (A.5)

ses
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where both the final educational level D,(8, X) and education-specific outcome Y (0, X) are

affected by changes in 6. For an individual, the effect of increased endowment is given by:

YH(6,X) =Y D,(6,X)Y}(6, X). (A.6)
seS

Table A26 shows how the two policy experiments affect final educational choices. The
first column shows the proportion of individuals at each level of final education for the
lowest decile of endowment. The remaining columns show how this population reallocates
to final schooling levels after their endowments change. The increase in both cognitive and
non-cognitive endowment cause a number of high school dropouts to increase their final
educational attainment. The increase in cognitive ability leads more students to switch from
being a dropout to earning a GED, but also has higher college enrollment. An increase in
non-cognitive endowment causes somewhat fewer people to change from being a high school

dropout, with most switching to high school graduation.
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Table A26: Policy Experiment: The Impact of Increasing Endowment in the
Bottom Decile on Educational Sorting

Increased Cognitive Endowment
Proportion | DO  GED HS Grad. Some Coll. Coll. Grad.

DO 0.372 0.669 0.134 0.162 0.029 0.006
GED 0.107 0.000 0.735 0.195 0.053 0.017
HS 0.401 0.000 0.000 0.867 0.094 0.039
Enroll in Coll. 0.086 0.000 0.000 0.000 0.841 0.159
Grad. Coll. 0.034 0.000 0.000 0.000 0.000 1.000

Increased Socio-Emotional Endowment
Proportion | DO  GED HS Grad. Some Coll. Coll. Grad.

DO 0.295 0.754 0.037 0.170 0.031 0.007
GED 0.247 0.000 0.690 0.209 0.072 0.028
HS 0.303 0.000 0.000 0.894 0.073 0.034
Enroll in Coll. 0.101 0.000 0.000 0.000 0.858 0.142
Grad. Coll. 0.054 0.000 0.000 0.000 0.000 1.000

Notes: This table shows the impact of increasing the cognitive (top) or socio-emotional (bottom) endowments of those in the
bottom decile of the endowment. All individuals in the bottom decile are given a counterfactual ability which adds the
average ability difference between the first and second decile. The first column shows the initial distribution of final schooling
of those affected (column sums to 100%). The remaining columns show how what proportion of individuals previously with
the row-specific educational choice end up with each new final educational outcome.
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A.12 The Robustness of Our Two-Factor Model

A.12.1 Estimating the Number of Factors

As one robustness test, we tried to estimate our model with a third uncorrelated factor that
entered only the schooling decisions and the conditional outcomes, but found that this model
faced substantial numerical issues and would not converge. Numerical instabilities persisted
when trying to estimate the full model jointly for three factors, even when modeling the
factors as multivariate normal rather than multivariate mixtures of normals and restricting
the factors to be uncorrelated. Given the numerical issues in the three-factor model, this
section provides alternative tests for the number of factors that should be used in the model.

Tables A27 and A28 present results from exploratory factor analysis on the full set of
cognitive and socio-emotional measures we considered in the NLSY79, including our five
measures of risky behavior. The measures include four early risky measures, a violent
behavior measure, a reckless behavior measure, six ASVAB tests, and four 9th grade GPAs.
All measurements are adjusted for the control variables listed in the table footnotes. As
shown in Table A27, principal component factor analysis finds two factors using a scree plot
test. As a more robust alternative, we also implement Horn’s test (Horn, 1965). As shown
in Table A28, Horn’s test finds two factors for principal component factor analysis. These

exploratory results support the use of two factors.

A.12.2 Comparing our Two-Step Estimation Procedure to Joint Estimation

As described in the text, we estimate our model in two stages. The measurement system and
educational choices are estimated in the first stage along with the distribution of latent factors.
In the second stage, the school-specific outcomes are estimated, taking the distribution of
latent factors as given. Two-stage estimation is computationally simpler, but it also aids in

the interpretation of the factors. As we add more outcomes to the measurement system, it
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Table A27: Testing the Number of Factors: Results from Eigenvalue or Scree

Plot Test
Factor | Eigenvalue | Difference | Proportion | Cumulative
1 5.22807 3.73674 0.4753 0.4753
2 1.49133 0.55935 0.1356 0.6109
3 0.93198 0.08519 0.0847 0.6956
4 0.84678 0.29721 0.0770 0.7726
5 0.54958 0.12020 0.0500 0.8225
6 0.42938 0.06054 0.0390 0.8616
7 0.36884 0.02254 0.0335 0.8951
8 0.34630 0.01958 0.0315 0.9266
9 0.32671 0.05152 0.0297 0.9563
10 0.27519 0.06934 0.0250 0.9813
11 0.20585 0.0187 1.0000

Notes: All measures are adjusted for race, parents’ education, family income, urban status and region in 1980, age in 1980,
and age squared. Results are from an exploratory principal component factor analysis. Criterion: Retain factors with
eigenvalues greater than 1. Measures include four early risky measures, a violent behavior measure, a reckless behavior
measure, six ASVAB tests, and four 9th grade GPAs.

Table A28: Testing the Number of Factors: Results from Horn’s Test

Factor | Adjusted-Eigen | Eigenvalue

1 4.1101508 5.22807 1.1179192
2 .39898902 1.4913297 | 1.0923407
3 -.1340403 93197531 | 1.0660156
4 -.19610771 84678427 | 1.042892
5 -.45441268 .54957654 | 1.0039892
6 -.55701153 42938126 | .9863928
7 -.60326509 36883767 | .97210276
8 -.62150183 .34629539 | 96779722
9 -.61468726 32671225 | 94139951
10 -.64490111 27518778 | .92008889
11 -.68321233 .20584977 | .88906211

Notes: All measures are adjusted for race, parents’ education, family income, urban status and region in 1980, age in 1980,
and age squared. Results are from Horn’s parallel analysis on principal component factor analysis. Criterion: Retain factors
> 0. Measures include six subtests of ASVAB, GPA in 9th grade in math, language, social studies, and science, and early

reckless behavior.
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becomes more difficult to interpret the factors. On the other hand, joint estimation allows
the unobserved factors to capture additional unobserved correlation between outcomes by
construction. In this section, we compare estimates from the model estimated in two stages
and the model estimated jointly.

This section provides a number of diagnostics of model-fit under the two-stage and joint
estimation procedure. Below, we compare variance decompositions, goodness-of-fit tests,
and the estimated model parameters for the model estimated in two stages and the model

estimated jointly.
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Table A29: Variance Decomposition of Outcomes

Two Step: Observables Cognitive Covariance Socio-Emotional Unobservables
Log Wages (30) 0.188 0.082 0.010 0.006 0.715
High school dropouts 0.284 0.027 -0.007 0.009 0.688
High school graduates 0.180 0.059 -0.008 0.005 0.764
Some college 0.176 0.004 0.001 0.002 0.817
Four-year college graduate 0.105 0.125 0.014 0.007 0.749
PV Log Wages (30) 0.251 0.091 0.013 0.008 0.637
High school dropouts 0.442 0.162 0.003 0.000 0.393
High school graduates 0.272 0.050 -0.012 0.011 0.678
Some college 0.189 0.011 -0.001 0.000 0.800
Four-year college graduate 0.135 0.083 0.023 0.027 0.731
Smoking Age 30 0.050 0.042 0.027 0.076 0.804
High school dropouts 0.167 0.038 0.023 0.059 0.713
High school graduates 0.068 0.000 0.001 0.007 0.924
Some college 0.099 0.002 0.002 0.009 0.888
Four-year college graduate 0.097 0.021 0.015 0.046 0.822
Health Limits Work 0.060 0.046 0.014 0.020 0.860
High school dropouts 0.116 0.037 -0.018 0.039 0.826
High school graduates 0.076 0.038 0.008 0.008 0.870
Some college 0.071 0.000 0.000 0.008 0.921
Four-year college graduate 0.125 0.045 0.007 0.005 0.817
Joint: Observables Cognitive Covariance Socio-Emotional Unobservables
Log Wages (30)
High school dropouts 0.290 0.046 -0.020 0.035 0.650
High school graduates 0.178 0.081 -0.019 0.017 0.744
Some college 0.177 0.004 0.002 0.003 0.813
Four-year college graduate 0.108 0.147 0.025 0.016 0.703
PV Log Wages (30)
High school dropouts 0.438 0.184 -0.021 0.009 0.390
High school graduates 0.270 0.071 -0.021 0.024 0.656
Some college 0.193 0.012 0.001 0.000 0.794
Four-year college graduate 0.138 0.113 0.032 0.035 0.681
Smoking Age 30
High school dropouts 0.166 0.040 0.028 0.074 0.692
High school graduates 0.069 0.001 0.001 0.004 0.926
Some college 0.099 0.001 0.002 0.014 0.884
Four-year college graduate 0.092 0.026 0.019 0.053 0.809
Health Limits Work
High school dropouts 0.114 0.055 -0.030 0.064 0.797
High school graduates 0.074 0.047 0.006 0.003 0.870
Some college 0.073 0.000 -0.000 0.012 0.915
Four-year college graduate 0.123 0.056 0.014 0.013 0.794

Notes: Columns show the fraction of the variance in each outcome explained by observable covariates (X ), unobservable

cognitive and socio-emotional factors (0¢, 0sg), and remaining unobservables (€). For continuous outcomes we decompose the
observed variance, while for discrete outcomes we decompose the variance of the latent index. Given the assumption that the
factors, observable characteristics, and unobservables are all independent, the total variance of an outcome can be
decomposed as var(Y) = var(X’B) + var(0’a) + var(e) for continuous outcomes and var(I) = var(X’'B) + var(0’'a) + var(e)
for discrete outcomes. Furthermore, var(a’0) = var(0cac) + 2cov(fcac,0spase) + var(0sgpasg). In the legend above, for
continuous outcomes, “Observables” is var(X'B)/var(Y), “C@Ritive” is var(cac)/var(Y), “Covariance” is
2cov(0cac,0spasg)/var(Y), and “Socio-Emotional” is var(6sgasg)/var(Y). Calculations for the discrete outcomes are

the same, but are normalized by var(I) rather than var(Y).
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Table A30: Goodness of Fit - Schooling Choice (two-step and joint estimation)

Two-Stage: Data Model p-value
High School Dropout 0.131 0.122 0.980
High School Graduate 0.370 0.377 0.989
Some College 0.168 0.176 0.982
College Graduate 0.230 0.222 0.986
Joint: Data Model p-value
High School Dropout 0.131 0.123 0.981
High School Graduate 0.370 0.376 0.989
Some College 0.168 0.176 0.982
College Graduate 0.230 0.222 0.986

Notes: The simulated data (Model) contains one million observations generated from the model estimates. The actual data

(Actual) contains 2242 observations from the NLSY79 sample of Males.

(a) Goodness of fit is tested using a x2 test that the two proportions are equal, where the Null Hypothesis is Model=Data.
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Table A31: Goodness of Fit - Discrete Outcomes (two-step and joint

estimation)
Two-Step: Actual Model p-value®
Smoking Age 30 0.385  0.387 0.997
High school dropouts 0.674  0.650 0.959
High school graduates 0.390  0.383 0.989
Some college 0.337  0.339 0.995
Four-year college graduate 0.146  0.166 0.955
Health Limits Work 0.227  0.226 0.997
High school dropouts 0.392 0.412 0.968
High school graduates 0.232  0.229 0.994
Some college 0.184  0.179 0.992
Four-year college graduate 0.091  0.099 0.980
Joint: Actual Model p-value®
Smoking Age 30 0.385  0.432 0.922
High school dropouts 0.674  0.653 0.964
High school graduates 0.390 0.384 0.990
Some college 0.337  0.338 0.997
Four-year college graduate 0.146  0.168 0.950
Health Limits Work 0.227  0.274 0.912
High school dropouts 0.392  0.410 0.972
High school graduates 0.232  0.231 0.999
Some college 0.184  0.176 0.985

Four-year college graduate 0.091  0.098 0.983

Notes: The simulated data (Model) contains one million observations generated from the Model’s estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males.

(a) Goodness of fit is tested using a X2 test that the two proportions are equal, where the Null Hypothesis is that the model
predictions fits the data.
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Table A32: Goodness of Fit - Continuous Outcomes (two-step and joint

estimation)
Two-Stage Mean Std Dev
Actual Model Actual Model p-value
Log Wages (30) 2.612 2604 0229 0.223 0.132
High school dropouts 2291 2247  0.135 0.130  0.000
High school graduates 2.531 2528 0.184 0.182  0.637
Some college 2.665  2.677  0.207 0.200  0.283
Four-year college graduate 2.932 2949  0.188  0.186  0.039
PV Log Wages (30) 12.315 12317  0.397  0.395  0.876
High school dropouts 11.787 11.681 0.366  0.391  0.000
High school graduates 12.275 12275 0.273  0.262  0.983
Some college 12.422 12432 0.257  0.255  0.499
Four-year college graduate 12.764 12.817 0.266  0.272  0.000
Joint: Mean Std Dev
Actual Model Actual Model p-value
Log Wages (30) 2612 2474 0.229 0.205  0.000
High school dropouts 2291 2241 0.135 0.132  0.000
High school graduates 2.531 2527  0.184 0.182  0.503
Some college 2.665 2.682 0.207 0.201 0.134
Four-year college graduate 2.932  2.947  0.188  0.188  0.072
PV Log Wages (30) 12.315 12.090 0.397  0.387  0.000
High school dropouts 11.787 11.678 0.366  0.388  0.000
High school graduates 12.275 12274  0.273  0.262  0.952
Some college 12.422 12434 0.257  0.255  0.396
Four-year college graduate 12.764 12.811 0.266  0.276  0.000

Notes: The simulated data (Model) contains one million observations generated from the Model’s estimates. The actual data
(Actual) contains 2242 observations from the NLSY79 sample of Males.
(a) The p-values reported are from a T-test for the equivalence of the means where the null hypothesis is that the model

predictions fits the data.
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A.12.3 Testing How Well Correlations from the Simulation Match Correlations

in the Data

One question is how well our model captures forward-looking behavior of the agent. One
simple test is to see how well our model reproduces the correlations found in the data.
Specifically, we can calculate COV (Y*, D;) for all outcomes k and choices j where Y* is
the observed outcome for each individual. This correlation can be estimated in both the
simulation and the data, and we can test against the null hypothesis that they are equal.

Table A37 shows the p-values from the test of the null hypothesis of if COV (Y*, D;) are
equal in the simulation and the data. We fail to reject the null of equality for all outcome-
decision pairs, except for the choice to enroll in college with log present value of wages and
the choice to enroll in college with being a regular smoker at age 30. The p-values are very
large for wages, showing that we fit the covariance found in the data with the model quite
well.

Table A37: Test of Equality of Sample Covariance and Simulated Covariance
COV (Y*, D,)

HS SC  Coll

Wages 0.959 0.688 0.990
PV Wages 0.571 0.004 0.160
Smoking 0.841 0.059 0.877

Work-Limited 0.844 0.131 0.156
Overall Test of Equality: 0.101

Notes: The table shows the p-value from the test of the null hypothesis that COV(Y’“, Dj) are equal in the sample and the
simulation generated from our model. “Overall Test of Equality” reports the p-value for the the joint test against the null that
all of the covariances for all outcomes and schooling levels are equal to zero.
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A.13 Decomposing the Correlation Between p and S: Are Those

Who Go to School the Ones Who Benefit from It?

The correlation between p; and S; is one possible measure of the nature of the sorting of people
into schooling by their gain from it — a topic Becker investigated in depth in his Woytinsky
lecture (1967; 1991). We have already established that the distributions of returns differ
across schooling levels and the returns across schooling levels are far from perfectly correlated.
It is thus of interest to push our analysis a bit further and investigate the correlation of
annualized returns with attained schooling levels. We consider this question for direct returns

and for total returns inclusive of continuation values. Table A38 shows the correlations

(¥;=Yj-1)

between educational choices and the node-specific annualized (direct terminal) gains T
J J—

as well as the overall correlation.?*
The correlations between the p; and S are shown in column 1. Columns 2 through 4
show the correlations between the individual treatment effects p; and choices at node D;.

For columns 2 through 4, each correlation is estimated conditional on the population that

makes it to the specific decision (Q; = 1).

24Precise definitions are given at the base of Table A38.
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Table A38: Correlation Between Annualized Returns and Educational Choices

Corr(p,S) Corr(pr,(1 —Dy)) Corr(ps,1 — Ds)) Corr(ps, (1 — Ds3))

Grad. HS Enroll in College Grad. College
Wage 0.069 0.011 -0.041 0.053
(0.011) (0.061) (0.002) (0.018)
PV Wage -0.080 -0.193 -0.068 0.084
(0.037) (0.034) (0.023) (0.021)
Smoking -0.082 0.202 -0.110 -0.034
(0.069) (0.171) (0.030) (0.063)
Health Limits Work -0.102 -0.225 0.227 -0.065
(0.064) (0.029) (0.022) (0.056)

Notes: Let g; be the years of schooling associated with node j. The annualized terminal node j return is

pj = % and we define p = %. Total years of schooling is S = Z;T-:l ¢;D;. Note Dy = 1if

individuals stop their education as a high school graduate. D; = 1 and D3 = 1 denote stopping at some
college and college, respectively. Standard errors are estimated using 200 bootstrap samples and show the
standard deviation of the estimate across the samples.

The overall correlation and the correlation by node differ substantially. The general
pattern is that, for wages, people sort on terminal gains although the effect is only strong for
graduating college, and for most outcomes it is perverse for enroll in college (“some college”
in the text). The sorting is negative for PV wages, except for college graduation. For smoking,
the overall effect is negative, but it is positive for high school graduation. For health limits
work, the correlations differ but are negative except for the anomalous correlation for some
college.

Table A39 decomposes the correlation between S and p in a fashion similar to what is
reported in Table A38, except we work with dynamic treatment effects (7}) inclusive of
continuation values. This better represents the gains that agents use to make choices rather
than the benefit associated with the comparison between terminal outcomes at j and j — 1.

The patterns are roughly similar across the two tables. The correlations are consistently

negative for smoking across all transitions. The strongest negative correlation for health
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limits work is for high school graduation. The correlation with some college is anomalous.?®

Using either terminal level treatment effects or dynamic treatment effects, sorting is generally
positive, broadly consistent with a meritocratic society.

Table A39: Correlation Between Returns and Educational Choice Including
Continuation Values

Corr(p,S) Corr(T1,(1—Dy)) Corr(Tz,1— D3)) Corr(Ts,(1— D3))

Grad. HS Enroll in College Grad. College
Wage 0.069 -0.007 0.011 0.053
(0.030) (0.062) (0.030) (0.033)
PV Wage -0.080 -0.102 0.002 0.084
(0.030) (0.052) (0.027) (0.032)
Smoking -0.082 -0.030 -0.298 -0.034
(0.089) (0.130) (0.084) (0.101)
Health Limits Work -0.102 -0.089 0.162 -0.065
(0.079) (0.132) (0.111) (0.110)
Notes: Let g; be the years of schooling associated with node j. The annualized terminal node j return is p; := % and

we define p = Ej':l p;j (1 — Dj). Total years of schooling is S = Zj-_l qj(1 — Dj). 1 — D1 = 1 stopping at high school, with
1 — D2 and 1 — D3 denoting stopping at some college and college, respectively.

A.14 Estimated Treatment Effects

This section documents a full set of treatment effects for each of our outcomes.

A.14.1 Treatment Effects Across Final Schooling Levels

We first present the traditional treatment effects across adjacent final levels corresponding to
Figure 3 in the text. We then present treatment effects inclusive of continuation values for
those corresponding to Figure 4.

Tables A40-A43 report traditional treatment effects by final schooling level: ATE; o

(shown in Figure 3), treatment on the treated (TT,), and treatment on the untreated

25The category is a catch-all for those who attend college for remedial education, those who seek certificates,
those getting associate’s degrees, and dropouts from four-year college programs.
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(TUT; ). We also display the raw difference (“observed”) also shown in Figure 3, and ATEs
derived from our model but computed for the entire population (ATE).

These tables show the gains from switching from one final schooling level to another. All
education levels are compared to dropouts as well as the level of education directly below
it for both branches of Figure 1. ATE, s is the ATE computed from our model over the
entire population. The other treatment parameters are defined for populations at the two
final schooling levels. The difference between ATE' and ATE is a measure of how different
the characteristics are for those in the general population from those at the indicated pair of
final schooling states. The differences between TT and ATE are measures of sorting gains.
The differences between TUT and ATE are measures of sorting losses. Thus, in Table A40,
the characteristics of people at the node deciding between the GED and dropping out are
substantially less favorable than those in the general population, but there are little sorting
gains or losses for this pair of alternatives. At the same time, there are substantial sorting
gains (and losses) for those choosing between graduating college and not completing college.

Moreover, the characteristics of people at this margin of choice are far more favorable.
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A.14.2 Treatment Effects Across Nodes (Including Continuation Values)

We next present the traditional treatment effects including continuation values.

We show two tables for each outcome analyzed for populations conditional on @); = 1.
The first is in the format similar to that of Tables A40-A43 and shows the population-wide
average treatment effect, the average treatment effect for those who reach the node, treatment
on the treated, treatment on the untreated (conditional on making it to the decision), and
the average marginal treatment effect. These results are shown for all four branches of
Figure 1. Each treatment effect is further broken into low-ability and high-ability samples
where low-ability individuals are in the bottom half of both cognitive and non-cognitive
ability, while high-ability individuals are in the top half of both cognitive and non-cognitive
individuals.

The second table for each outcome shows the various treatment effects (population-wide
average treatment effect, average treatment effect for those who reach the node, treatment
on the treated, treatment on the untreated [conditional on making it to the decision], and
the average marginal treatment effect) and decomposes them into their total effect and their

direct effect (excluding option value). This is shown for each educational node.
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Table A44: The Effects of Education on Log Wages, by Decision Node

%  ATE;T  ATE; TT;  TUT,; AMTE;

A. Graduating from HS vs. Dropping from HS
All 0.09%* 0.09* 0.09 0.10%* 0.09%*
(0.06) (0.06) (0.07) (0.03) (0.03)

Low Ability 0.31  0.10%*  0.10%*  0.09%*  0.10%*
(0.04) (0.04) (0.05) (0.04)
High Ability 0.31  0.09 0.09 0.10 0.07

(0.11) (0.11) (0.11) (0.07)
B. Getting a GED vs. HS Dropout
All 0.12 0.06 0.06 0.06 0.06
(0.08) (0.05) (0.05) (0.05) ( 0.05)

Low Ability 0.61  0.02 0.01 0.01 0.02
(0.06) (0.05) (0.06) (0.06)
High Ability 0.06 023  0.24%  023%  0.25%

(0.15) (0.11) (0.11) (0.11)
C. College Enrollment vs. HS Graduate

All 0.13%F  0.13%%  0.14%%  0.13%%  0.10%*
(0.03) (0.03) (0.03) (0.03) (0.02)
Low Ability 0.22  0.10%  0.10%*  0.08%*  0.11%*

(0.05) (0.04) (0.04) (0.04)
High Ability 0.38  0.17%%  0.17F  0.18%F  0.15%*
(0.03) (0.03) (004 (0.03)

D. Four-Year College Degree vs. Some College

All 0.04  0.11%F  0.14%F  0.08%*  0.11%*
(0.04) (0.04) (0.04) (0.04) (0.03)
Low Ability 014 -0.08  -005 -0.04 -0.05
(0.07) (0.05) (0.06) (0.05)
High Ability 0.51  0.18%%  0.19%*  0.19%%  0.18%*

(0.04) (005 (0.05) (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples. Each column presents the average effect of an educational decision (inclusive of continuation value).
Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels do not
provide an option. Final schooling levels are highlighted using bold letters. ATE;[ represents the average effect for the full
population, while ATE; presents the average effect for those who visit the decision node (Q; = 1). The TT; column presents
the average effect for those who chose a higher level of schooling (D; = 0), and TUT; presents the average effect for those
who do not choose a higher level of schooling (D; = 1). Finally, AMTE; presents the average effect for those who are
indifferent between choosing a higher level of schooling or not. The table also presents the estimated treatment effects
conditional upon endowment levels. The high (low) ability group is defined as those individuals with cognitive and
socio-emotional endowment above (below) the overall median. For each decision node we display the fraction of individuals
with low and high ability levels visiting each node.
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Table A46: The Effects of Education on Log PV of Wages, by Decision Node

% ATE! ATE; TT, TUT; AMTE,

A. Graduating from HS vs. Dropping from HS
All 0.17**  0.17*%%  0.14%*  0.29%* 0.28%*
(0.06) (0.06) (0.07) (0.04) (0.04)
Low Ability 0.31  0.27%*  0.27*%%  0.22%F  (0.35**
(0.04) (0.04) (0.05) (0.05)
High Ability 0.31 0.09 0.09 0.09 0.12
(0.11) (0.11) (0.11) (0.09)
B. Getting a GED vs. HS Dropout
All -0.20%* -0.11 -0.14* -0.08 -0.14%*
(0.10) (0.06) (0.06) (0.08) (0.06)

Low Ability 0.61 -0.19%  -0.13* -0.17*  -0.10
(0.07) (0.08) (0.08) (0.08)
High Ability 0.06 -021  -0.04  -0.06 0.01

(0.19) (0.16) (0.15) (0.17)
C. College Enrollment vs. HS Graduate
All 0.14*%*  0.14%*%  0.14%*  0.14** 0.11%*
(0.03) (0.03) (0.03) (0.03) (0.03)
Low Ability 0.22 0.09* 0.06 0.01 0.08*
(0.06) (0.05) (0.05) (0.05)
High Ability 0.38  0.21*¥*  0.21%F  0.21**  (Q.21%*
(0.04) (0.04) (0.04) (0.04)

D. Four-Year College Degree vs. Some College

All 0.06  0.17%%  0.22%  0.11*%  0.15%*
(0.06) (0.04) (005 (005 (0.04)
Low Ability 014 -011  -001 004  -0.04

(0.10) (0.07) (0.07) (0.08)
High Ability 0.51  0.23%%  0.26%% 0.28%%  0.21%*
(0.05) (0.05) (005 (0.05)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples. Each column presents the average effect of an educational decision (inclusive of continuation value).
Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels do not
provide an option. Final schooling levels are highlighted using bold letters. ATE;[ represents the average effect for the full
population, while ATE; presents the average effect for those who visit the decision node. The TT; column presents the
average effect for those who chose a higher level of schooling (D; = 0), and TUT); presents the average effect for those who do
not choose a higher level of schooling (D; = 1). Finally, AMTE; presents the average effect for those who are indifferent
between choosing a higher level of schooling or not. The table also presents the estimated treatment effects conditional upon
endowment levels. The high (low) ability group is defined as those individuals with cognitive and socio-emotional endowment
above (below) the overall median. For each decision node we display the fraction of individuals with low- and high-ability
levels visiting each node.
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Table A48: The Effects of Education on Daily Smoking, by Decision Node

%  ATE!  ATE;  TT, TUT; AMTE;

A. Dropping from HS vs. Graduating from HS
All -0.26%*%  -0.26**  -0.27**  -0.26%*  -0.24**
(0.06) (0.06) (0.07) (0.04) (0.03)

Low Ability 0.31  -0.29%% -0.29%% -0.30%* -0.29%*
(0.04) (0.04) (0.05) (0.04)
High Ability 0.31  -0.25%% -0.25%% -0.25%%  -0.15%

(0.11) (0.11) (0.11) (10.07)
B. Getting a GED vs. HS Dropout
All 0.04 0.02 0.01 0.02 0.01
(0.09) (10.05) (0.06) (10.05) (10.05)

Low Ability 0.61  -0.00 0.00 -0.00 0.01
(0.05) (0.05) (0.05) (0.06)
High Ability 0.06  0.08 0.07 0.07 0.07

(0.17) (0.14) (0.14) (0.13)
C. College Enrollment vs. HS Graduate

All S0.12FF 0.14%F  0.18%F  -0.10%*  -0.13%*
(0.03) (0.03) (0.03) (0.03) (0.03)
Low Ability 0.22  -0.06  -0.09% -0.12%*  -0.07
(0.06) (0.05) (0.05) (0.05)
High Ability 0.38  -0.18%%  -0.19%*  -0.21%%  -0.13%*

(0.04) (0.04) (0.04) (0.03)

D. Four-Year College Degree vs. Some College

All S0.16%F  S0A7FF -0.18%F 0.7 -0.17%*
(0.04) (0.04) (005 (004) (0.04)
Low Ability 014 -012  -0.12%  -0.12  -0.11*
(0.08) (0.07) (0.08) (0.07)
High Ability 0.51  -0.20%%  -0.19%*  -0.19%*  -0.20%*

(0.05) (0.05) (0.05) (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples. Each column presents the average effect of an educational decision. Importantly, each schooling level
might provide the option to pursue higher schooling levels, while final schooling levels do not provide an option. Final
schooling levels are highlighted using bold letters. ATE; represents the average effect for the full population, while ATE;
presents the average effect for those who visit the decision node. The TT; column presents the average effect for those who
choose a higher level of schooling (D; = 0), and TUT; presents the average effect for those who do not choose a higher level of
schooling (D; = 1). Finally, AMTE, presents the average effect for those who are indifferent between choosing a higher level
of schooling or not. The table also presents the estimated treatment effects conditional upon endowment levels. The high
(low) ability group is defined as those individuals with cognitive and socio-emotional endowment above (below) the overall
median. For each decision node we display the fraction of individuals with low- and high-ability levels visiting each node.

90



May 19, 2016

Web Appendix for The Causal Effects of Education

"oN[eA UOIPRNUIIUOD S} dPN[OUI JOU S9OP PUR [9Ad] SUIOOYIS

1Xou oY) A[uo Jururelre Jo 409]0 oY1 SMOYS YIIYM ‘(II(]) SIS JUSWIIRAI) 109IIP PIJRUIISO o) sjuasold os[e o[qe) 9Y,], "10U I0 SUI[0OYDS JO [0A9] IOYSIY © SUISOOYD UsMId(
JUSISJIPUL OIB OYM 9SOY)} 10} J00jje oferoae oy syusesard ‘r TINY ‘Areutd (1 = f) Surjooyps jo [0Ad] 10YSIY © 9S00UD J0U OP OYM 9SO} I10] J0oe ofetoae oy syuesoxd £, T,
pue ‘(0 = “) Sur[ooyos Jo [9Ad] IOYSIY © 9SO0YD OYM JSOYY 0] J09fe oSerone oy sjussaid uwniod £ 1,1, oY ], OPOU UOISIIOP oY} JISIA OUYM JSOT[} 10 109[ dSeroae o) sjuesord
‘v orym ‘uorgerndod [[ng oYy 10§ 3000 oSelor o1} syuSsoIdol .Hma_«% 's10999] P[oq Sursn paySIySIIY oIe S[eAd] Suljooyds [eul] ‘uorjdo ue opiaoid j0U Op S[oAS] SUIOOYDS
Teuy o[iym ‘sjaas] Surjooyos Ieydry onsind 04 uorpdo oy opiaoid St [9a9] Surjooyos Yoee ‘Ajjuetrodwr] (en[eA UOIIBRNUIIUOD JO SAISN[OUI) UOISIOP [RUOIJRONPS UR JO 109]J0
ageraae oY) syuesard uwn(od yoey ‘sejdures deiisjooq Qg Sursn pajernoed are (10°0 > d = *x ‘go’Q > d = *) s[oa9] eouedyrusis pue (sisayjuared ul) SIOLID PIRPURIS :SIION

(8€0°0) (8600 ) (1900 ) (e%0°0) (#%00)
#+ELT°0" #xL9T°0" #+9LT°0" #xGLT 0" #+V91°0- | @88[[0D swOg sa 90u8a(] ©39[[0) IesX ~Inoq ‘(I
(eco0) (zoo) | (2e00) (eeo0) | (gv00) (eco0) | (ee00) (seo0) | (1€000)  (1€0°0)
£+G90°0  4xT€T°0- | 6V0°0- 449600 | £080°0  4x8LT°0- | £G90°0-  4«B6ET°0- | %PG0°0-  44SIT0- ejenpesy SH "sa juow[[oIug 080[[0) D
(8e00)  (eg00) | (8e00)  (9g00) | (6900) (1200) | (8900) (950°0) | (8900)  (9500)
#xVE€C07  448VC0~ | 40780~ 5xGGT°0- | #4VAT0- 5489070 | #x68T°0-  44€9T°0- | xx681°0-  4x€92°0- SH woxy Surddoi "sa GH woyy Sunenpeiy) 'y

I

(w@)  fmawv | (@) frar (@) fLr (na) farv (na) (L

(s¥00h{ 1021 PUE [BI0],) IPON u0Is209(] Aq ‘Supjouwrs A[re uo uUoIyLINPH JO SIPOPH YT, 67V 2IqLL

91



Web Appendix for The Causal Effects of Education May 19, 2016

Table A50: The Effects of Education on Health Limits Work, by Decision Node

%  ATE!  ATE;  TT, TUT; AMTE;

A. Graduating from HS vs. Dropping from HS

All S0.ITFF L011%F 0 11FF 0.09%%  -0.11%*
(0.04) (0.04) (005 (003 (0.03)
Low Ability 0.31  -0.08%* -0.08%* -0.09%*  -0.07
(0.04) (0.04) (0.04) (0.04)
High Ability 0.31  -0.11%  -0.11*%  -0.11%  -0.12%*

(0.07) (10.07) (10.07) (10.06)
B. Getting a GED vs. HS Dropout

All -0.03 0.06 0.05 0.06 0.06
(0.08) (0.05) (0.06) (006) (0.05)
Low Ability 0.61  0.06 0.09* 0.09 0.10
(0.06) (0.05) (0.05) (0.06)
High Ability 0.06  -0.11 -0.05 -0.06 -0.04

(0.15) (0.12) (0.12) (0.13)
C. College Enrollment vs. HS Graduate

All -0.05  -0.04*  -0.02  -0.05%*  -0.03
(0.03) (002 (002 (0.03) (0.02)
Low Ability 0.22 -008  -0.07  -0.04  -0.08
(0.05) (0.04) (0.03) (0.04)
High Ability 0.38  -0.02  -0.02 20.02  -0.02

(0.02) (0.02) (0.02) (0.03)

D. Four-Year College Degree vs. Some College

All -0.05  -0.06%  -0.07%  -0.06%*  -0.07*
(0.05) (0.03) (0.03) (004) (0.03)
Low Ability 0.14  -0.01 -0.02 -0.02 -0.01
(0.09) (0.06) (0.06) (0.06)
High Ability 0.51  -0.09%%  -0.08%  -0.08%  -0.09%*

(0.04) (0.04) (0.04) (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples. Each column presents the average effect of an educational decision. Importantly, each schooling level
might provide the option to pursue higher schooling levels, while final schooling levels do not provide an option. Final
schooling levels are highlighted using bold letters. ATE; represents the average effect for the full population, while ATE;
presents the average effect for those who visit the decision node. The TT; column presents the average effect for those who
choose a higher level of schooling (D; = 0), and TUT; presents the average effect for those who do not choose a higher level of
schooling (D; = 1). Finally, AMTE, presents the average effect for those who are indifferent between choosing a higher level
of schooling or not. The table also presents the estimated treatment effects conditional upon endowment levels. The high
(low) ability group is defined as those individuals with cognitive and socio-emotional endowment above (below) the overall
median. For each decision node we display the fraction of individuals with low- and high-ability levels visiting each node.
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A.15 Decomposing Observed Differences into Average Treatment

Effects, Sorting Gains, and Selection Bias
We report decompositions conditional on final schooling level A.15.1 and by arrival at j,
including continuation values A.15.2.
A.15.1 Decompositions by Final Schooling Level

We first decompose observed differences by final schooling level. We then decompose effects
defined on @); = 1 that include continuation values.

Equation (20) can be written explicitly in terms of X and 6 as follows:

Elrfy (X) = 7H(X)IS € (4,5 + 1}] + B[O (af 1y — af)|S € {j,5 +1}]

ATE

+ (Blrfir () = 7EX)IS = j 4+ 1]+ BlO (s — @IS =+ 1] = B[k (X) = 78 (X)1S € (i + 1}] - El6' (@, — ab)IS € 3,5 +1}])

Sorting Gains

+ (BIrf (OIS = j+ 1]+ Bl0'af|S = j +1] - [B[rf (X)|S = j] + E[0'af|S = j]]) - (A7)

Selection Bias
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A.15.2 Decompositions: The Pairwise Observed Differences by Final Schooling

Level

Table A52: Decomposition of the Observed Difference in Log Wages
(pairwise comparison)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
HS-DO 0.25 0.12 0.00 0.13
(0.03) (0.04) (0.01) (0.05)
SC-HS 0.14 0.10 -0.03 0.07
(0.03) (0.03) (0.02) (0.02)
Coll-SC 0.23 0.11 0.03 0.09
(0.03) (0.04) (0.02) (0.03)
GED-DO 0.15 0.06 0.00 0.09
(0.04) (0.05) (0.03) (0.04)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people with final schooling levels j or j + 1 into the various components above.
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Table A53: Decomposition of the Observed Difference in PV Log Wages
(pairwise comparison)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
HS-DO 0.50 0.07 -0.08 0.51
(0.04) (0.06) (0.02) (0.08)
SC-HS 0.15 0.09 -0.03 0.09
(0.03) (0.03) (0.02) (0.02)
Coll-SC 0.31 0.17 0.05 0.09
(0.04) (0.04) (0.02) (0.04)
GED-DO 0.20 -0.11 -0.04 0.34
(0.06) (0.06) (0.04) (0.06)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people with final schooling levels j or j 4 1 into the various components above.
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Table A54: Decomposition of the Observed Difference in Smoking
(pairwise comparison)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
HS-DO -0.27 -0.20 0.02 -0.09
(0.04) (0.07) (0.02) (0.08)
SC-HS -0.06 -0.06 -0.01 0.01
(0.03) (0.03) (0.02) (0.02)
Coll-SC -0.19 -0.17 -0.00 -0.02
(0.03) (0.04) (0.02) (0.04)
GED-DO -0.03 0.02 -0.01 -0.04
(0.05) (0.05) (0.03) (0.05)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people with final schooling levels j or j 4 1 into the various components above.
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Table A55: Decomposition of the Observed Difference in Health Limits Work
(pairwise comparison)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
HS-DO -0.17 -0.11 -0.02 -0.04
(0.03) (0.05) (0.02) (0.07)
SC-HS -0.04 -0.03 0.02 -0.04
(0.03) (0.03) (0.02) (0.01)
Coll-SC -0.09 -0.06 -0.01 -0.02
(0.03) (0.03) (0.01) (0.02)
GED-DO -0.02 0.06 -0.01 -0.08
(0.04) (0.05) (0.03) (0.04)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people with final schooling levels j or j 4 1 into the various components above.
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Decomposing the Components into Observed Characteristics and Latent Ability

(wage outcomes only)

Table A56: Decomposition of the Observed Difference in Log Wages
(decomposed pairwise comparison)

Average Treatment Effects Sorting on Gains Selection Bias

Observed | Total Obs Abil Total  Obs Abil | Total Obs Abil

(X) (0) (xX) (9 (xX) ()

HS-DO 0.25 0.12  0.13 -0.01 0.00 -0.01 001 | 013 010 0.02
(0.03) | (0.04) (0.05)  (0.01) |(0.01) (0.01) (0.01) | (0.05) (0.03) (0.04)

SC-HS 0.14 0.10  0.09 0.01 0.03 -0.01 -0.01 | 007 004 0.3

(0.04) | (0.05) (0.07)  (0.06) | (0.03) (0.02) (0.02) | (0.04) (0.02) (0.02)
Coll-SC 0.23 0.11  0.04 0.07 0.03 -0.00 003 | 0.09 007 0.02
(0.03) | (0.03) (0.03)  (0.01) |(0.02) (0.01) (0.01)|(0.02) (0.01) (0.01)
GED-DO |  0.15 0.06  0.14 -0.08 0.00 -0.01 001 | 0.09 005 0.04
(0.03) | (0.04) (0.04)  (0.02) |(0.02) (0.01) (0.01)|(0.03) (0.02) (0.02)

Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects,
Sorting on Gains, and Selection Bias sum to the “Observed” column for each row. The “Obs” (X) and
“Abil” () columns decompose their respective totals into the part coming from observable characteristics and
the part coming from the unobserved abilities. Each decomposition decomposes the observed difference in
outcomes between people with final schooling levels j or j 4+ 1 into the various components above.
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Table A57: Decomposition of the Observed Difference in PV Log Wages
(decomposed pairwise comparison)

Average Treatment Effects

Sorting on Gains

Selection Bias

Observed | Total  Obs Abil Total Obs  Abil | Total Obs  Abil

(X) (0) (X)  (0) (X) ()

HS-DO 0.50 0.07  -0.00 0.07 -0.08 -0.03 -0.04 | 051 029  0.22
(0.04) | (0.06) (0.08) (0.02) (0.02) (0.01) (0.02) | (0.08) (0.05) (0.06)

SC-HS 0.15 0.09  0.08 0.01 -0.03 -0.02 -0.01 | 0.09 0.06 0.03
(0.06) | (0.06) (0.09) (0.07) (0.04) (0.02) (0.03) | (0.06) (0.05) (0.04)

Coll-SC 0.31 0.17  0.09 0.09 0.05 0.0 0.04 | 009 0.07 0.02
(0.03) | (0.03) (0.03) (0.01) (0.02) (0.01) (0.01) | (0.02) (0.02) (0.01)

GED-DO 0.20 -0.11  -0.12 0.01 -0.04 -0.03 -0.00 | 0.3¢ 0.15  0.19
(0.04) | (0.04) (0.05) (0.03) (0.02) (0.01) (0.01) | (0.04) (0.03) (0.02)

Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects,
Sorting on Gains, and Selection Bias sum to the “Observed” column for each row. The “Obs” (X)) and
“Abil” () columns decompose their respective totals into the part coming from observable characteristics and
the part coming from the unobserved abilities. Each decomposition decomposes the observed difference in
outcomes between people with final schooling levels j or j + 1 into the various components above.
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Table A58: Decomposition of the Observed Difference in Smoking
(decomposed pairwise comparison)

Average Treatment Effects Sorting on Gains Selection Bias

Observed | Total  Obs Abil Total  Obs Abil | Total Obs Abil

(X) (6) (X) (0 (X) (9)
HS-DO 027 | -020 -016  -0.03 0.02 -0.01 002 | -0.09 003 -0.14
(0.04) | (0.07) (0.09)  (0.03) |(0.02) (0.01) (0.01) | (0.08) (0.04) (0.08)
SC-HS 0.06 | -0.06 -0.06 0.00 0.0l -0.01 -0.00 | 0.01 0.02 -0.01
(0.05) | (0.05) (0.07)  (0.07) |(0.03) (0.02) (0.02) | (0.05) (0.03) (0.05)
Coll-SC 019 | -017 -016  -0.03 | -0.00 0.0l -0.01 | -0.02 0.00 -0.02
(0.03) | (0.03) (0.03)  (0.01) |(0.02) (0.01) (0.01)|(0.02) (0.01) (0.01)
GED-DO | -0.03 | 0.02 0.04 0.03 | -0.01 -000 -0.00 | -0.04 001 -0.06
(0.03) | (0.04) (0.04)  (0.03) |(0.02) (0.01) (0.01) | (0.04) (0.03) (0.02)

Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects,
Sorting on Gains, and Selection Bias sum to the “Observed” column for each row. The “Obs” (X)) and
“Abil” () columns decompose their respective totals into the part coming from observable characteristics and
the part coming from the unobserved abilities. Each decomposition decomposes the observed difference in
outcomes between people with final schooling levels j or j + 1 into the various components above.
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Table A59: Decomposition of the Observed Difference in Health Limits Work
(decomposed pairwise comparison)

Average Treatment Effects

Sorting on Gains

Selection Bias

Observed | Total  Obs Abil Total Obs  Abil | Total Obs  Abil

(X) (0) (X)  (0) (X) ()

HS-DO -0.17 -0.11  -0.12 0.02 -0.02  0.00 -0.02 | -0.04 -0.04 -0.00
(0.03) | (0.05) (0.07) (0.02) (0.02) (0.01) (0.01) | (0.07) (0.04) (0.06)

SC-HS -0.04 -0.03  -0.02 -0.00 0.02 0.01 002 | -0.04 -0.01 -0.03
(0.04) | (0.05) (0.08) (0.07) (0.03) (0.02) (0.02) | (0.04) (0.03) (0.04)

Coll-SC -0.09 -0.06  -0.05 -0.02 -0.01  0.00 -0.01 | -0.02 -0.01 -0.01
(0.03) | (0.03) (0.03) (0.01) (0.02) (0.01) (0.01) | (0.01) (0.01) (0.01)

GED-DO -0.02 0.06 -0.01 0.07 -0.01  -0.00 -0.00 | -0.08 -0.03 -0.05
(0.03) | (0.03) (0.03) (0.02) (0.01) (0.01) (0.01) | (0.02) (0.02) (0.01)

Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects,
Sorting on Gains, and Selection Bias sum to the “Observed” column for each row. The “Obs” (X)) and
“Abil” () columns decompose their respective totals into the part coming from observable characteristics and
the part coming from the unobserved abilities. Each decomposition decomposes the observed difference in
outcomes between people with final schooling levels j or j + 1 into the various components above.

We further decompose the wage and PV effects into components of ability (cognitive and

non-cognitive). See Tables A60 and A61.
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Table A60: Decomposition of the Observed Difference in Wages
(fully decomposed pairwise comparison)

‘ Average Treatment Effects Sorting on Gains Selection Bias
Observed | Total  Obs (X) Cog  Non-Cog | Total Obs (X) Cog  Non-Cog | Total Obs (X) Cog  Non-Cog
HS-DO 0.25 0.12 0.13 -0.01 -0.00 0.00 -0.01 0.01 0.00 0.13 0.10 0.05 -0.03
(0.03) (0.04) (0.05) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.05) (0.03) (0.03) (0.02)
SC-HS 0.14 0.10 0.09 0.00 0.00 -0.03 -0.01 -0.02 0.01 0.07 0.04 0.04 -0.01
(0.04) (0.05) (0.07) (0.03) (0.04) (0.03) (0.02) (0.02) (0.01) (0.04) (0.02) (0.02) (0.01)
Coll-SC 0.23 0.11 0.04 0.06 0.01 0.03 -0.00 0.03 0.00 0.09 0.07 0.01 0.01
(0.03) (0.03) (0.03) (0.00) (0.00) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.00)
GED-DO 0.15 0.06 0.14 -0.02 -0.06 0.00 -0.01 0.01 0.00 0.09 0.05 0.04 -0.00
(0.03) (0.04) (0.04) (0.02) (0.01) (0.02) (0.01) (0.01) (0.01) (0.03) (0.02) (0.01) (0.01)
Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. The “Obs” and “Abil” columns decompose their respective totals
into the part coming from observable characteristics and the part coming from the unobserved abilities. Each decomposition
decomposes the observed difference in outcomes between people with final schooling levels j or j+1 into the various components
above.
Table A61: Decomposition of the Observed Difference in PV Wages
(fully decomposed pairwise comparison)
‘ Average Treatment Effects Sorting on Gains Selection Bias
Observed | Total  Obs (X) Cog  Non-Cog | Total  Obs (X) Cog  Non-Cog | Total  Obs (X) Cog  Non-Cog
HS-DO 0.50 0.07 -0.00 0.06 0.01 -0.08 -0.03 -0.03 -0.01 0.51 0.29 0.22 0.01
(0.04) (0.06) (0.08) (0.02) (0.01) (0.02) (0.01) (0.01) (0.01) (0.08) (0.05) (0.05) (0.03)
SC-HS 0.15 0.09 0.08 0.00 0.00 -0.03 -0.02 -0.02 0.01 0.09 0.06 0.04 -0.01
(0.03) (0.03) (0.03) (0.00) (0.00) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.01)
Coll-SC 0.31 0.17 0.09 0.05 0.04 0.05 0.01 0.02 0.02 0.09 0.07 0.03 -0.00
(0.04) (0.04) (0.05) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.04) (0.03) (0.02) (0.01)
GED-DO 0.20 -0.11 -0.12 0.01 0.00 -0.04 -0.03 -0.00 -0.00 0.34 0.15 0.19 0.00
(0.06) (0.06) (0.09) (0.04) (0.06) (0.04) (0.02) (0.03) (0.01) (0.06) (0.05) (0.04) (0.01)

Notes: All numbers are from simulations of our model. The Total column of Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. The “Obs” and “Abil” columns decompose their respective totals
into the part coming from observable characteristics and the part coming from the unobserved abilities. Each decomposition
decomposes the observed difference in outcomes between people with final schooling levels j or j+ 1 into the various components
above.

A.15.3 Decompositions in Observed Differences of Arriving at j(Q; = 1) In-

cluding Continuation Values

Parallel to the decomposition (20) in the text, we decompose the values of being at j into

components associated with stopping at j and continuing beyond j where, for the upper

103



Web Appendix for The Causal Effects of Education May 19, 2016

branch of Figure 1 (Dy = 0),

Yk — }/E)k + Z p;cfl,jQ]W (AS)

i>1
where p¥ | =Y} =Y} . The expected future gain for a person at j (> 1) is

E; (Z pf—LlQl‘Qj = 1)

I>j

=N B0 =1)P@Q =1Q;=1)], j>1,

1>

where the conditioning Dy = 0 is kept implicit.

Introducing Dy and noting that at the initial node, )y := 1 and

YE=Yo+ | D ;@ | (1= Do)+ pfeQa(Do),
jES\{0.G}

where pf o = (Y — Y{¥). Thus, the expected future gain for a person at j = 0 is

Eq

(Z pr1,Qu(l — Do)|Qr = 1,Dg = 0) P(Q1 = 1|Dg = 0) + pf; ¢Qc (1 — Do) (A.9)

>1

= By (pf 1,1Q1 =1,D0 = 0) P(Q1 = 1|Dy = 0) + Ey (pf o|Qc = 1, Dy = 1) P(Qc = 1| Do = 1).

>1
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Specifically for the kth outcome at node j:

EV*ID; =0,Q;=1] - E[Y¥|D; =1,Q;, = 1]
Observed‘,difference

=E[Y¥|D; =0,Q; =1] - E[Y*|D; =0,Q; = 1, Fix D; = 1]

~
Dynamic treatment on the treated for those at j

+E[Y"D;=0,Q;=1,Fiz D; =1] - EY*|D; =1,Q; = 1]

~
Selection bias for those at j

=E[Y*Q; =1, Fiz D; = 0] — E[Y*|Q; = 1, Fiz D; = 1]

Vv
ATE for those at j

{(E[Y’“D] =0,Q; =1]— EY¥D; =0,Q; = 1, Fiz D; = 1])
+

(B[Y¥Q; =1, Fiz D; = 0] — E[Y¥Q; = 1, Fiz D; = 1))

TV
TT - ATE: Sorting gain at j for those who transit to j+1

+p[Y’€yDj =0,Q; =1,Fizr D; =1] - E[Y*|D; =1,Q; = 1]. (A.10)

~
Selection bias

The node-specific ATE; is defined for the population at (); = 1 and considers moving the
entire group from j to j + 1 (i.e, Fiz D; = 1 and Fiz D; = 0, respectively). The sorting gain

is the net gain beyond ATE; to those who actually take the transition (D; = 0).
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Table A62: Decomposition of the Observed Difference in Wage

(including continuation values)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
Graduate HS 0.32 0.09 -0.00 0.22
(0.02) (0.06) (0.02) (0.07)
Enroll in Coll. 0.27 0.13 0.01 0.13
(0.02) (0.03) (0.01) (0.02)
Graduate Coll. 0.23 0.11 0.03 0.09
(0.03) (0.04) (0.02) (0.03)
Get GED 0.15 0.06 0.00 0.09
(0.04) (0.05) (0.03) (0.04)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people who make and do not make a particular decision (conditional on

reaching the decision).
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Table A63: Decomposition of the Observed Difference in PV Wage
(including continuation values)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
Graduate HS 0.58 0.17 -0.04 0.44
(0.03) (0.06) (0.02) (0.07)
Enroll in Coll. 0.32 0.14 0.00 0.18
(0.03) (0.03) (0.02) (0.03)
Graduate Coll. 0.31 0.17 0.05 0.09
(0.04) (0.04) (0.02) (0.04)
Get GED 0.20 -0.11 -0.04 0.34
(0.06) (0.06) (0.04) (0.06)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people who make and do not make a particular decision (conditional on
reaching the decision).
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Table A64: Decomposition of the Observed Difference in Smoking
(including continuation values)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
Graduate HS -0.34 -0.26 -0.00 -0.08
(0.03) (0.06) (0.01) (0.06)
Enroll in Coll. -0.16 -0.14 -0.04 0.01
(0.02) (0.03) (0.02) (0.02)
Graduate Coll. -0.19 -0.17 -0.00 -0.02
(0.03) (0.04) (0.02) (0.04)
Get GED -0.03 0.02 -0.01 -0.04
(0.05) (0.05) (0.03) (0.05)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people who make and do not make a particular decision (conditional on
reaching the decision).
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Table A65: Decomposition of the Observed Difference in Health Limits Work
(including continuation values)

Observed | Average Treatment Effects Sorting on Gains Selection Bias
Graduate HS -0.21 -0.11 -0.00 -0.09
(0.02) (0.04) (0.01) (0.04)
Enroll in Coll. -0.09 -0.04 0.01 -0.07
(0.02) (0.02) (0.01) (0.02)
Graduate Coll. -0.09 -0.06 -0.01 -0.02
(0.02) (0.03) (0.01) (0.02)
Get GED -0.02 0.06 -0.01 -0.08
(0.04) (0.05) (0.03) (0.04)

Notes: All numbers are from simulations of our model. Average Treatment Effects, Sorting on Gains, and
Selection Bias sum to the “Observed” column for each row. Each decomposition decomposes the observed
difference in outcomes between people who make and do not make a particular decision (conditional on
reaching the decision).

A.16 Variance Decompositions

The variance of the endowments is split up into its components: var(aclc + asglse) =
agog, + 2% acaspcov(fc, 0sg) + agpog, . These are represented in the table as Cognitive
(ag0;,,), Covariance (2 * agaspcov(fc, 0se)), and Socio-emotional (azgoj, ). For discrete
variables, the decomposition is for the index generating outcome.

Figure A15 below decomposes the variance in our measurement system into (i) variance
explained by observables; (ii) variance explained by our unobserved factors; and (iii) the
remaining unexplained variance. We further decompose the variance explained by the
unobserved factors into the unique cognitive component, the unique non-cognitive component,
and the component that cannot be assigned due to positive correlation between the factors.

The observables explain around 20 to 30% of the variance in educational choice while
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the factors account for 30 to 40% of the variance. For high school graduation, cognitive
and socio-emotional endowments are of about equal importance. For college enrollment,
both factors matter, but cognition plays a bigger role. For GED certification, only cognition
matters with very little of the variance being explained by socio-emotional endowment.
Observable characteristics explain 10 to 15% of grades while the factors explain up to 60%
of the variance in grades. Socio-emotional endowments explain substantially more of the
variance than cognition. Observables and factors explain from 40 to almost 90% of the
variance in test scores. Observable characteristics explain 20 to 30% while the cognitive

factor explains 20 to 65%.
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Table A66: Variance Decomposition of Educational Decisions and Grades

Observables Cognitive Covariance Socio-Emotional Unobservables

Dy: Graduate HS 0.247 0.122 0.068 0.164 0.399
Ds,: Enroll College 0.270 0.159 0.043 0.050 0.478
Dj3: Graduate College 0.238 0.155 0.051 0.073 0.483
GPA Language 0.084 0.094 0.097 0.434 0.292
GPA Social Sciences 0.086 0.116 0.100 0.375 0.322
GPA Science 0.102 0.118 0.101 0.372 0.308
GPA Math 0.041 0.091 0.079 0.296 0.493

Notes: Columns show the fraction of the variance in each outcome explained by observable covariates (X ), unobservable
cognitive and socio-emotional factors (f¢, 0sg), and remaining unobservables (€). For continuous outcomes we decompose the
observed variance, while for discrete outcomes we decompose the variance of the latent index. Given the assumption that the
factors, observable characteristics, and unobservables are all independent, the total variance of an outcome can be
decomposed as var(Y) = var(X’B) 4+ var(0’a) + var(e) for continuous outcomes and var(Il) = var(X’'B) + var(0’a) + var(e)
for discrete outcomes. Furthermore, var(a’0) = var(0cac) + 2cov(0cac,0spasge) +var(@spasg). In the legend above, for
continuous outcomes, “Observables” is var(X’'B)/var(Y), “Cognitive” is var(cac)/var(Y), “Covariance” is
2cov(0cac,0spask)/var(Y), and “Socio-Emotional” is var(6sgasg)/var(Y). Calculations for the discrete outcomes are
the same, but are normalized by var(I) rather than var(Y’).
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Table A67: Variance Decomposition of ASVAB Tests

Observables Cognitive Covariance Socio-Emotional Unobservables

Arithmetic Reasoning (< 12) 0.248 0.517 0.000 0.000 0.235
Word Knowledge (< 12) 0.316 0.383 0.000 0.000 0.301
Paragraph Comprehension (< 12) 0.257 0.455 0.000 0.000 0.288
Numerical Operations (< 12) 0.180 0.404 0.000 0.000 0.416
Math Knowledge (< 12) 0.247 0.501 0.000 0.000 0.252
Coding Speed (< 12) 0.179 0.326 0.000 0.000 0.495
Arithmetic Reasoning (= 12) 0.229 0.559 0.000 0.000 0.212
Word Knowledge (= 12) 0.316 0.361 0.000 0.000 0.323
Paragraph Comprehension (= 12) 0.235 0.426 0.000 0.000 0.339
Numerical Operations (= 12) 0.188 0.389 0.000 0.000 0.423
Math Knowledge (= 12) 0.230 0.530 0.000 0.000 0.240
Coding Speed (= 12) 0.183 0.301 0.000 0.000 0.515
Arithmetic Reasoning (> 12) 0.212 0.695 0.000 0.000 0.093
Word Knowledge (> 12) 0.262 0.291 0.000 0.000 0.447
Paragraph Comprehension (> 12) 0.147 0.316 0.000 0.000 0.536
Numerical Operations (> 12) 0.185 0.288 0.000 0.000 0.527
Math Knowledge (> 12) 0.196 0.656 0.000 0.000 0.148
Coding Speed (> 12) 0.161 0.222 0.000 0.000 0.616

Notes: Columns show the fraction of the variance in each outcome explained by observable covariates (X), unobservable
cognitive and socio-emotional factors (0¢, 0sg), and remaining unobservables (€). For continuous outcomes we decompose the
observed variance, while for discrete outcomes we decompose the variance of the latent index. Given the assumption that the
factors, observable characteristics, and unobservables are all independent, the total variance of an outcome can be
decomposed as var(Y) = var(X’B) + var(0’a) + var(e) for continuous outcomes and var(I) = var(X’'B) + var(0’'a) + var(e)
for discrete outcomes. Furthermore, var(a’0) = var(0cac) + 2cov(fcac,0spase) + var(@sgpasg). In the legend above, for
continuous outcomes, “Observables” is var(X’'B)/var(Y), “Cognitive” is var(cac)/var(Y), “Covariance” is
2cov(fcac,0spasg)/var(Y), and “Socio-Emotional” is var(@sgasg)/var(Y). Calculations for the discrete outcomes are
the same, but are normalized by var(I) rather than var(Y).

Table A68: Variance Decomposition of Early Reckless and Adverse Behaviors

Observables Cognitive Covariance Socio-Emotional Unobservables

Early Reckless (9th-11th)? 0.053 0.000 -0.001 0.027 0.921
Early Reckless (12th)? 0.116 0.001 -0.002 0.022 0.863
Early Marijuana® 0.077 0.004 0.010 0.126 0.783
Early Daily Smoking® 0.068 0.016 0.019 0.095 0.803
Early Drinking® 0.022 0.008 0.008 0.033 0.930
Early Intercourse® 0.114 0.028 0.019 0.054 0.785

Notes: Columns show the fraction of the variance in each outcome explained by observable covariates (X ), unobservable
cognitive and socio-emotional factors (0¢, 0sg), and remaining unobservables (€). For continuous outcomes we decompose the
observed variance, while for discrete outcomes we decompose the variance of the latent index. Given the assumption that the
factors, observable characteristics, and unobservables are all independent, the total variance of an outcome can be
decomposed as var(Y) = var(X’B) + var(6’a) + var(e) for continuous outcomes and var(I) = var(X’'B) + var(0’'a) + var(e)
for discrete outcomes. Furthermore, var(a’0) = var(0cac) + 2cov(fcac,0spase) + var(0sgpasg). In the legend above, for
continuous outcomes, “Observables” is var(X’3)/var(Y), “Cognitive” is var(6cac)/var(Y), “Covariance” is
2cov(Ocac,0sgasg)/var(Y), and “Socio-Emotional” is var(@sgasg)/var(Y). Calculations for the discrete outcomes are
the same, but are normalized by var(I) rather than var(Y).
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Table A69: Variance Decomposition of Outcomes

Observables Cognitive Covariance Socio-Emotional Unobservables
Log Wages (30) 0.188 0.082 0.010 0.006 0.715
High school dropouts 0.284 0.027 -0.007 0.009 0.688
High school graduates 0.180 0.059 -0.008 0.005 0.764
Some college 0.176 0.004 0.001 0.002 0.817
Four-year college graduate 0.105 0.125 0.014 0.007 0.749
PV Log Wages (30) 0.251 0.091 0.013 0.008 0.637
High school dropouts 0.442 0.162 0.003 0.000 0.393
High school graduates 0.272 0.050 -0.012 0.011 0.678
Some college 0.189 0.011 -0.001 0.000 0.800
Four-year college graduate 0.135 0.083 0.023 0.027 0.731
Smoking Age 30 0.050 0.042 0.027 0.076 0.804
High school dropouts 0.167 0.038 0.023 0.059 0.713
High school graduates 0.068 0.000 0.001 0.007 0.924
Some college 0.099 0.002 0.002 0.009 0.888
Four-year college graduate 0.097 0.021 0.015 0.046 0.822
Health Limits Work 0.060 0.046 0.014 0.020 0.860
High school dropouts 0.116 0.037 -0.018 0.039 0.826
High school graduates 0.076 0.038 0.008 0.008 0.870
Some college 0.071 0.000 0.000 0.008 0.921
Four-year college graduate 0.125 0.045 0.007 0.005 0.817

Notes: Columns show the fraction of the variance in each outcome explained by observable covariates (X ), unobservable

cognitive and socio-emotional factors (f¢, 0sg), and remaining unobservables (€). For continuous outcomes we decompose the
observed variance, while for discrete outcomes we decompose the variance of the latent index. Given the assumption that the
factors, observable characteristics, and unobservables are all independent, the total variance of an outcome can be
decomposed as var(Y) = var(X’B) 4+ var(0’a) + var(e) for continuous outcomes and var(I) = var(X'B) + var(0’a) + var(e)
for discrete outcomes. Furthermore, var(a’0) = var(0cac) + 2cov(fcac,0spase) + var(@sgpasg). In the legend above, for
continuous outcomes, “Observables” is var(X’B)/var(Y), “Cognitive” is var(cac)/var(Y), “Covariance” is
2cov(Ocac,0spase)/var(Y), and “Socio-Emotional” is var(@sgasg)/var(Y). Calculations for the discrete outcomes are

the same, but are normalized by var(I) rather than var(Y’).
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A.17 OLS Estimates of Treatment Effects and Continuation Val-

ues

A.17.1 Models with Continuation Values

We first analyze models with continuation values. We then consider models comparing pairs’
final states, ignoring continuation values. Following Cameron and Heckman (1993), we

estimate models for outcome Y* for person i of the form:

YE =) "0hQ; + 6jaf + X[BF + e, (A.11)

jes
where b"j is the estimated gain from going to j from j7 — 1. These correspond to the
E(pf_,;|Q; = 1) defined in Section A.15.3.
We decompose these effects into the direct effects:

——k k
DE; = bjy

and the continuation value, which for the upper branch (Dg = 0), is:

s
Gy = 3 HE(@ID, = 0).
1>j+1

The total effect is Z/D\Ej + C‘fﬂ. Table A70 presents the estimates from this approach to
estimating both direct effects and continuation values where we condition on the @ and X
used in the main model. To compute this decomposition, we use a probit model to estimate
the probability of each transition controlling for 8, X, Z to generate E(Q;|D; = 0).

Table A70 compares estimates from the main model of this paper to estimates from a
variety of linear model OLS specifications. Three OLS models are considered. The first uses

only age and age squared as regressors. The second uses the full set of control variables
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utilized to estimate the main model but excludes any proxies for cognitive and non-cognitive
endowments. The third OLS model includes the full set of control variables as well as proxies
for @, including age-adjusted AFQT scores, 9th grade GPA, and an indicator of minor risky
or reckless behavior. For each outcome, six numbers are reported. The first three rows report
the dynamic treatment effects (Equation (13)) for each educational transition (inclusive of
continuation values). The fifth and sixth numbers show the continuation values associated
with graduating from high school and the continuation value of graduating from “some
college,” respectively. Transition probabilities are estimated using the same covariates as
are used to predict outcomes, plus the full set of exclusion restriction instruments used in
estimating the main model.

If proxies for cognitive and non-cognitive endowments are not included, or the full set of
controls are not included, the OLS estimates are substantially different than the estimates
from the main model. Typically, we find that the estimated treatment effects are much larger
than those obtained from the main model. The OLS estimates with controls and proxies for
abilities produces estimates much more similar to those estimated from the main model of
this paper. Yet, the OLS results are not identical and are sometimes substantially different
for certain treatment effects, such as the effect of graduating from high school on wages or

PV wages.
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Table A70: Estimated Dynamic Treatment Effects and Continuation Values

Using OLS
Very Simple OLS-Simple OLS Main Model
Wages TE: HS-DO | 0.321  (0.030) 0.269  (0.028) 0.172  (0.031) 0.094 (0.056)
TE: SC-HS | 0.183  (0.025) 0.154 (0.024) 0.098 (0.025) 0.134  (0.027)
TE: CG-SC | 0.274 (0.037) 0.218 (0.036) 0.164 (0.037) 0.114  (0.044)
CV: HS-DO | 0.080 (0.011) 0.077  (0.010) 0.056 (0.010) 0.058 (0.013)
CV: SC-HS 0.069  (0.010) 0.056  (0.009) 0.042 (0.010) 0.050  (0.013)
PV Wages TE: HS-DO | 0.522  (0.047) 0.407  (0.044) 0.269 (0.047) 0.173  (0.059)
TE: SC-HS | 0.219  (0.030) 0.158 (0.027) 0.084 (0.029) 0.137  (0.033)
TE: CG-SC | 0.347 (0.039) 0.225 (0.038) 0.148 (0.040) 0.171  (0.057)
CV: HS-DO | 0.096 (0.013) 0.079  (0.011) 0.049 (0.012) 0.059 (0.014)
CV: SC-HS 0.087  (0.010) 0.057 (0.010) 0.038 (0.010) 0.078 (0.014)
Health Limits Work  TE: HS-DO | -0.156  (0.036) -0.142 (0.035) -0.086 (0.040) -0.108 (0.042)
TE: SC-HS | -0.062 (0.024) -0.057 (0.024) -0.028 (0.026) -0.037  (0.025)
TE: CG-SC | -0.097 (0.026) -0.078 (0.028) -0.048 (0.030) -0.064 (0.048)
CV: HS-DO | -0.027 (0.010) -0.028 (0.010) -0.016 (0.011) -0.010 (0.008)
CV: SC-HS | -0.024 (0.007) -0.020 (0.007) -0.012 (0.008) -0.028 (0.011)
Smoking TE: HS-DO | -0.338  (0.041) -0.363 (0.041) -0.300 (0.045) -0.263  (0.056)
TE: SC-HS | -0.100 (0.027) -0.123 (0.028) -0.100 (0.029) -0.139  (0.031)
TE: CG-SC | -0.197 (0.037) -0.231  (0.038) -0.195 (0.039) -0.172  (0.044)
CV: HS-DO | -0.044 (0.012) -0.063 (0.012) -0.060 (0.012) -0.075 (0.013)
CV: SC-HS | -0.050 (0.009) -0.059 (0.010) -0.050 (0.010) -0.074 (0.017)

Notes: “Very Simple” is estimated using ordinary least squares using only age and age squared as covariates. “OLS-Simple” is
estimated using OLS with the full set of controls, but without proxies for cognitive or non-cognitive ability. “OLS” is
estimated using OLS adding age-adjusted AFQT, 9th grade GPA, and an indicator of early risky behavior as proxies for 0.
“Main Model” are estimates from the model presented in the paper. The table shows the estimated dynamic treatment effects
for each of the educational transitions (“TE”) as well as the associated continuation value (“CV”) from graduating from high
school and enrolling in college. Results for GED certification are included in the model but not displayed. All standard errors
are computed using 200 bootstrap samples.

A.17.2 Comparing Pairwise Treatment Effects by Final Schooling Level from
OLS and Our Model

This section compares OLS estimates of the pairwise treatment effects by final schooling
level (ATE, ) with estimates from our model.?® We also compare a version of ATE, » from
our main model (labeled ATELS/) that is computed over the entire population. The contrast

between ATE; » and ATE;S, indicates the strength of compositional effects that arise from

26ATE o is defined in Equation (18).
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comparing the populations at s, s’ with the general population.

The OLS model we estimate is a linear projection approximation to

E(Y|Fiz D, =0,D,+ Dy = 1,Z,X,0)

—B(Y|Fiz D, =0,D,+ Dy = 1,Z,X,0),

which, under conditional independence assumptions (A-1a)-(A-1le), is the same as

E(Y|Dy=0,D,+ Dy =1,X,Z,0)

—E(Y|D,=1,D,+ Dy =1,X,Z,6).

This is the outcome associated with fixing D, = 0 for a population at final level s or s’

and subtracting the mean outcome associated with fixing Dy = 1 for the same population.
Tables A71-A74 compare OLS estimates (including @) with model estimates of ATE,_; 4

(Equation (18)).
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Table A71: Comparing Observed and OLS Estimates of ATE, ;» and ATE;S, to
Our Model: Wages

Observed OLS ATEJSr o

GED vs. HS Dropout 0.13 0.05 0.12 0.06
(0.04) (0.08) (10.05)

ATE, ./

HS Graduate vs. HS Dropout 0.24 0.08* 0.13* 0.12%*
(0.03)  (0.05)  (0.04)
Some College vs. HS Graduate 0.13 0.06* 0.10** 0.07**
(0.03)  (0.03)  (0.03)
Four-Year College Degree vs. Some College 0.27 0.14%* 0.04 0.11%*
(0.03)  (0.04)  (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples for the model. Each row compares the outcomes from a particular schooling level j and j — 1. The column
“OLS” displays the coefficient from an OLS regression controlling for the standard controls used in the paper and proxies for
ability. The regression is of the form ¥V = Zjej Qjt1b; + XB+ A’o where X are the controls and A are the proxies of
ability. The column “ATE” displays the average treatment effect obtained from the comparison of the outcomes associated

with a particular schooling level j relative to j — 1. ATEJSr o is evaluated over the whole population, whereas ATE, ,/ is

evaluated for everyone with whose final schooling level is j orj—1.

Table A72: Comparing Observed and OLS Estimates of ATE; ;» and ATEZ,S, to
Our Model: PV Wages

Observed OLS ATEI o ATE, o

GED vs. HS Dropout 0.17 -0.01 -0.20%* -0.11
(0.05)  (0.10)  (0.06)
HS Graduate vs. HS Dropout 0.49 0.19** -0.04 0.07
(0.04)  (0.08)  (0.06)
Some College vs. HS Graduate 0.15 0.06 0.08* 0.09**
(0.03)  (0.03)  (0.03)
Four-Year College Degree vs. Some College 0.34 0.15** 0.06 0.17**
(0.04)  (0.06)  (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples for the model. Each row compares the outcomes from a particular schooling level j and j — 1. The column
“OLS” displays the coefficient from an OLS regression controlling for the standard controls used in the paper and proxies for
ability. The regression is of the form Y = Zjej Qj+1bj + XB+ A’a where X are the controls and A are the proxies of
ability. The column “ATE” displays the average treatment effect obtained from the comparison of the outcomes associated
with a particular schooling level j relative to j — 1. ATE;r o is evaluated over the whole population, whereas ATE, , is

evaluated for everyone with whose final schooling level is 37 orj—1.
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Table A73: Comparing Observed and OLS Estimates of ATE, ;s and ATE;S, to
Our Model: Smoking

Observed OLS ATE!

s,s’

ATE, ./

GED vs. HS Dropout -0.05 -0.03 0.04 0.02
(0.05)  (0.09)  (0.05)
HS Graduate vs. HS Dropout -0.28 -0.24%* -0.16%* -0.20%*
(0.04)  (0.08)  (0.06)
Some College vs. HS Graduate -0.05 -0.04 -0.05* -0.06*
(0.03)  (0.03)  (0.03)
Four-Year College Degree vs. Some College -0.19 -0.19%*%  -0.16%* -0.17%*
(0.04)  (0.04)  (0.04)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples for the model. Each row compares the outcomes from a particular schooling level j and j — 1. The column
“OLS” displays the coefficient from an OLS regression controlling for the standard controls used in the paper and proxies for
ability. The regression is of the form ¥V = Zjej Qjt1b; + XB+ A’o where X are the controls and A are the proxies of
ability. The column “ATE” displays the average treatment effect obtained from the comparison of the outcomes associated

with a particular schooling level j relative to j — 1. ATEJSr o is evaluated over the whole population, whereas ATE, ,/ is
evaluated for everyone with whose final schooling level is j or j — 1.

Table A74: Comparing Observed and OLS Estimates of ATE; ;» and ATEZ,S, to
Our Model: Health Limits Work

Observed ~ OLS  ATE! , ATE, .

GED vs. HS Dropout -0.01 0.04 -0.03 0.06
(0.04) ( 0.08) (10.05)
HS Graduate vs. HS Dropout -0.16 -0.08** -0.13* -0.11%*
(0.03) (0.07) (10.05)
Some College vs. HS Graduate -0.05 -0.03 -0.02 -0.03
(0.03) ( 0.03) (10.03)
Four-Year College Degree vs. Some College -0.09 -0.05 -0.05 -0.06*
(0.03) ( 0.05) (10.03)

Notes: Standard errors (in parenthesis) and significance levels (x = p < 0.05, %% = p < 0.01) are calculated using 200
bootstrap samples for the model. Each row compares the outcomes from a particular schooling level j and j — 1. The column
“OLS” displays the coefficient from an OLS regression controlling for the standard controls used in the paper and proxies for
ability. The regression is of the form Y = ijJ Qj+1bj + XB+ A’a where X are the controls and A are the proxies of
ability. The column “ATE” displays the average treatment effect obtained from the comparison of the outcomes associated
with a particular schooling level j relative to j — 1. ATEJSr o is evaluated over the whole population, whereas ATE, , is

evaluated for everyone with whose final schooling level is 37 or j—1.
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The OLS and ATE estimates are in fairly close agreement for wages, smoking, and health
limits work. However, the OLS and ATE estimates are generally further apart for log present
value of wages. Comparing ATE with ATET, we find large compositional effects for wage
and log PV wage. Compositional effects are small for smoking, which is consistent with
our evidence that there is little selection bias for that outcome. For health limits work, the
compositional effects are larger than those for smoking, but smaller than those for wage

outcomes. See Tables A52-A55 for the estimates of selection bias.

A.18 The Estimators Used to Generate the Estimates Reported

in Table 3 in the Text

This subsection briefly discusses the estimators used to generate the alternative estimators
reported in Table 3 in the paper. They are used to estimate the returns to making a particular
educational transition (inclusive of continuation values). We consider both matching and

OLS estimators that are designed to estimate

E(Y|X,Z.0,Q;=1,Fiz D; =0)— E(Y|X,Z,6,Q; =1, Fiz D; = 1). (A.12)

Because of assumptions (A-1a)-(A-1le), this expression is equivalent to

The linear regression estimators are straightforward OLS applied using the various sets
of regressors and interactions explained in the note to Table 3. The column labeled “OLS”
includes the control variables listed in Table 3 but excludes any proxy for 6. All linear
regression estimators do not include the exclusion restrictions listed in Table 1.

The other three columns listed under the heading “Linear Regression” are from models

that include the variables used to produce the estimates in the first column of Table 3, plus
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various measurements or proxies for 8. The second column is based on proxies for 8. The
third and fourth columns are based on Bartlett (1937, 1938) score estimates of €. The fourth
column interacts treatment status with all control variables and Bartlett scores.

We use two versions of nearest-neighbor matching. These are reported in columns five and
six. “NNM(3)-F” is nearest-neighbor matching using the three nearest neighbors measured

by the Mahalanobis metric:
12: = Zvo)| = (Zi = Zi)) 7" (Zi — Zio) (A.14)

where Xz is the sample covariance of Z, 7 is a subscript denoting the individual matched,
and k(i) is the candidate index of observations for matching to i. We use both treatments
and controls to estimate ATE conditional on @); = 1. We form three matches for each
observation in the sample (); = 1 for which D; = 0 (using observations for which D; = 1),
and three matches for persons for which D; =1 (using observations for which D; = 0). We
sum these matches for each sample (D; = 0 and D; = 1), and then weight two resulting
matching estimators, respectively, by the sample proportion with D; =0 and D; = 1. We
add the second weighted matching estimator (for D; = 1) to the first weighted matching
estimator (for D; = 0) to produce an estimated ATE for ¢); = 1. We use all of the background
and “exclusion restriction” variables of Table 1 to construct node-specific Z. We match
on the variables indicated at the base of Table 3: Bartlett cognitive and non-cognitive
factors and an index of the Z variables constructed from the prediction from a node-specific
linear probability model of D; on Z; conditional on (); = 1. The column labeled “PSM-F”
reports estimates from a nearest-neighbor estimator formed using a propensity score estimator
Prob(D; = 1|Z;,(); = 1) using a probit model. We use only a single nearest neighbor.
There is overlap in the support of the estimated propensity scores for the D; = 1 and
D; = 0 samples for most nodes j except the node of high school graduation. See Figure A16,
which graphs the density of the estimated transition probabilities (Pr(Dj =1|Z,Q; = 1))

for individuals in our sample.
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Figure A16: Supports of the Propensity Score at Each Decision Node
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Notes: Each plot is for the population who reaches that decision node in the data. “Treated” are those who choose to
complete the reported level of schooling, while “Untreated” are those who choose to not complete the reported level of
schooling (but reach the decision node). Probabilities are estimated by a probit model that controls for the set of control
variables and decision-specific instruments used and reported in the paper.

A.19 Comparing Model Parameter Estimates from the Full Sam-

ple and the Sample of White Males

This section compares our model to the model estimated only on white males. Each table
shows the estimated parameters for our main specification and the parameters for the
restricted model. Overall, we find that the estimated parameters are quite similar when
controlling for race as we do in our main specification or when restricting the model only to

white males.
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A.20 Alternative Policy-Relevant Treatment Effects

In the paper, we considered a tuition subsidy as a policy experiment, but many other
experiments can be considered and need not correspond to an instrument in the data.
Consider a simulated instrument that increases the probability of graduating from high school
by 5%. We can then estimate the impact of the increase and how many of those induced to
graduate high school go on to complete additional education.

Figure A17 shows which individuals are induced to graduate from high school by decile of
the unobserved heterogeneity acted on by the agent but unobserved by the econometrician.
The figure further decomposes switchers into those that stop, those that go on to enroll in
college, and those that go on to graduate from college. Overall, some individuals in each
decile are induced to graduate, but the bulk of the movers are in the lower deciles. Individuals

that move in higher deciles are more likely to then go on and earn additional education.

Table A79: PRTE: Increase in the Probability of Graduating from High School

PRTE
Log Wages 0.093
PV Log Wages 0.209
Health Limits Work -0.113
Smoking -0.250

Notes: Table shows the Policy-Relevant Treatment Effect (PRTE) of reducing the probability of enrolling in college by 5%.
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Figure A17: PRTE: Who Is Induced to Switch from a 5% Increase in the
Probability of Graduating from High School?

15

1 2 3 4 5 6 7 8 9 10
deciles of ¢,

I HS Grad [ SomeColl. [ | Coll. Grad.

Notes: The figure plots the proportion of individuals induced to switch from the policy that lay in each decile of €1, where is
the unobserved component of the educational choice model. The bars are further decomposed into those that are induced to
switch that stop at high school graduation, those that go on to enroll in college, and those that go on to graduate from college.

A.21 Evidence on Treatment Effects by Decile of Cognitive and
Socio-Emotional Endowments and on the Direct Role of

Those Endowments Fixing the Schooling Level

This section provides an overview of: (i) treatment effects by decile of cognitive and socio-
emotional endowments conditional on schooling level; and (ii) the direct role of cognitive and

socio-emotional endowments fixing the schooling level.

A.21.1 The Effect of Endowments on Treatment Effects

These figures complement the results from the treatment effect tables.
Each figure analyzes the average effects of education on the outcome of interest. For a
particular outcome, the effect is defined as the difference in the outcomes associated with

two schooling levels (not necessarily final or terminal schooling levels). For each pairwise
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comparison of outcomes, let Yy and Y; denote the outcomes associated with schooling levels
0 and 1, respectively. Importantly, each schooling level might provide the option to pursue
higher schooling levels. Final schooling levels do not allow for further options. Notice that in
the figures, final schooling levels are highlighted using bold letters. For each pair of schooling
levels 0 and 1, the first figure (top) presents F(Y; — Yy|d®, d°F) where d© and d°F denote the
cognitive and socio-emotional deciles computed from the marginal distributions of cognitive
and socio-emotional endowments. E(Y; — Yy|d®, d°F) is computed for those who reach the
decision node involving a decision between levels 0 and 1. The second figure (bottom left)
presents E(Y; — Y;|d®) so that the socio-emotional factor is integrated out. The bars in this
figure display, for a given decile of cognitive endowment, the fraction of individuals visiting
the node leading to the educational decision involving levels 0 and 1. The last figure (bottom
right) presents E(Y; — Yy|d®F) as well as, for a given decile of socio-emotional endowment,
the fraction of individuals visiting the node leading to the educational decision involving

levels 0 and 1.
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Figure A18: Average Treatment Effect of Education on Log Wages at Age 30,
by Decision Node and Endowment Levels

A. Graduating from HS vs. Dropping from HS B. Getting a GED vs. HS Dropout
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Notes: Each panel in this figure studies the average effect of an educational decision for those individuals visiting the decision
node. Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels
do not provide an option. Final schooling levels are highlighted using bold letters. For each educational decision node, the first
figure (top) presents ATE; (0 € (d°,d%¥)) where d° and d°F denote the cognitive and socio-emotional deciles computed
from the marginal distributions of cognitive and socio-emotional endowments for the full population. The second figure
(bottom left) presents ATE (00 € dc) so that the socio-emotional factor is integrated out. The bars in this figure display the
fraction of individuals visiting the node in each decile of cognitive endowment. The last figure (bottom right) presents

ATE; jn (05 B cqs E) and the fraction of individuals visiting the node in a given decile of socio-emotional endowment.
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Figure A19: Average Treatment Effect of Education on Present Value of
Wages, by Decision Node and Endowment Levels

A. Graduating from HS vs. Dropping from HS B. Getting a GED vs. HS Dropout
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Notes: Each panel in this figure studies the average effect of an educational decision for those individuals visiting the decision
node. Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels
do not provide an option. Final schooling levels are highlighted using bold letters. For each educational decision node, the first
figure (top) presents ATE; (0 € (d°,d%¥)) where d° and d°F denote the cognitive and socio-emotional deciles computed
from the marginal distributions of cognitive and socio-emotional endowments for the full population. The second figure
(bottom left) presents ATE (00 € dc) so that the socio-emotional factor is integrated out. The bars in this figure display the
fraction of individuals visiting the node in each decile of cognitive endowment. The last figure (bottom right) presents

ATE; jn (05 B cqs E) and the fraction of individuals visiting the node in a given decile of socio-emotional endowment.

132



Web Appendix for The Causal Effects of Education May 19, 2016

Figure A20: Average Treatment Effect of Education on Smoking, by Decision
Node and Endowment Levels

A. Graduating from HS vs. Dropping from HS B. Getting a GED vs. HS Dropout
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Notes: Each panel in this figure studies the average effect of an educational decision for those individuals visiting the decision
node. Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels
do not provide an option. Final schooling levels are highlighted using bold letters. For each educational decision node, the first
figure (top) presents ATE; (0 € (d°,d%¥)) where d° and d°F denote the cognitive and socio-emotional deciles computed
from the marginal distributions of cognitive and socio-emotional endowments for the full population. The second figure
(bottom left) presents ATE (00 € dc) so that the socio-emotional factor is integrated out. The bars in this figure display the
fraction of individuals visiting the node in each decile of cognitive endowment. The last figure (bottom right) presents

ATE; jn (GSE IS dSE) and the fraction of individuals visiting the node in a given decile of socio-emotional endowment.
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Figure A21: Average Treatment Effect of Education on Health Limits Work, by
Decision Node and Endowment Levels

A. Graduating from HS vs. Dropping from HS B. Getting a GED vs. HS Dropout
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Notes: Each panel in this figure studies the average effect of an educational decision for those individuals visiting the decision
node. Importantly, each schooling level might provide the option to pursue higher schooling levels, while final schooling levels
do not provide an option. Final schooling levels are highlighted using bold letters. For each educational decision node, the first
figure (top) presents ATE; (0 € (d°,d%¥)) where d° and d°F denote the cognitive and socio-emotional deciles computed
from the marginal distributions of cognitive and socio-emotional endowments for the full population. The second figure
(bottom left) presents ATE; (00 € dc) so that the socio-emotional factor is integrated out. The bars in this figure display the
fraction of individuals visiting the node in each decile of cognitive endowment. The last figure (bottom right) presents

ATE; jn (GSE IS dSE) and the fraction of individuals visiting the node in a given decile of socio-emotional endowment.

A.21.2 Testing if Endowments Affect Conditional Outcomes

Table A80 tests if the factor loadings in the education-specific outcomes are: (i) jointly equal
to zero; and (ii) jointly equal to one another. The test is run separately for cognitive and
socio-emotional factors. We find that we can always reject the null hypothesis that the

cognitive loadings are jointly equal to zero. For the socio-emotional factor, we can reject the
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null for log PV wages and smoking. We generally cannot reject the null for either outcome
that the factors are jointly equal to one another, except in the case of smoking for the
socio-emotional factor.

Table A80: Tests on The Estimated Factor Loadings on Cognitive and
Socio-Emotional Factors by Outcome and Schooling Level

Variables Tests

p-val(®) p-val<b)

Log Wages
Cognitive 0.000 0.213
Socio-Emotional 0.224 0.344

Log PV Wages

Cognitive 0.000 0.464
Socio-Emotional 0.054 0.210

Smoking (Age 30)

Cognitive 0.016 0.184
Socio-Emotional 0.015 0.053

Health Limits Work

Cognitive 0.000 0.398
Socio-Emotional 0.202 0.397

Notes: (a) shows p-values from a likelihood ratio test against the null hypothesis that the factor loadings for the conditional
models are jointly equal to zero. (b) shows the p-value from a likelihood ratio test against the null hypothesis that the factor
loadings for the conditional models are jointly equal.
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A.21.3 The Direct Impact of Endowments on Conditional Outcomes

Figure A22:

The Effect of Cognitive and Socio-Emotional Endowments on

Wages (age 30)

B. High School Dropout
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Notes: For each schooling level, we present three figures. The first figure (top) displays the levels of the outcome as a function of cognitive and

socio-emotional endowments. In particular, we present the average level of outcomes for different deciles of cognitive and socio-emotional

endowments. Notice that we define “decile 1”7 as the decile with the lowest values of endowments and “decile 10” as the decile with the highest
levels of endowments. The second figure (bottom left) displays the average levels of endowment across deciles of cognitive endowments. The bars
in this figure indicate the fraction of individuals reporting the respective schooling level for each decile of cognitive endowment. The last figure
(bottom right) mimics the structure of the second one but now for the socio-emotional endowment.
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Figure A23: The Effect of Cognitive and Socio-Emotional Endowments on Log
Present Value Wages
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Notes: For each schooling level, we present three figures. The first figure (top) displays the levels of the outcome as a function
of cognitive and socio-emotional endowments. In particular, we present the average level of outcomes for different deciles of
cognitive and socio-emotional endowments. Notice that we define “decile 17 as the decile with the lowest values of
endowments and “decile 10” as the decile with the highest levels of endowments. The second figure (bottom left) displays the
average levels of endowment across deciles of cognitive endowments. The bars in this figure indicate the fraction of individuals
reporting the respective schooling level for each decile of cognitize endowment. The last figure (bottom right) mimics the
structure of the second one but now for the socio-emotional éndowment.
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Figure A24: The Effect of Cognitive and Socio-Emotional Endowments on
Smoking (age 30)

A Al B. High School Dropout

E 0.8 5
E 0.7 g
@ 06 @
0.5
04
0.3
0.2
0.1-
10
Dsc//e
7 8.9 133
5 6 t cognt
/»,0,1002 17T 4 Decile ©f
3 3 —— Smoker r:?ms B 3 —— Smoker #T o5 £
08 06 - d 058)
osE- R o = Zi
e S N [N o5
O~ — e M s
oflidebidedeb b L g : Ll b LB DL B s
T
s
£
5
—— Smoker }f < 5 —— Smoker }: < 5 {—— Smoker F=z < 5 {—— Smoker Frgoa ¢
H Tos &} Joas £ H b2z £ § oz 2
o . e £ H I oss &
o
08| \ s lo.14
L 3o oos adageeendhs 12 05) ofes PR 012
[ ] = - o[ H Ll o1 el e o
ul | 53 B ptt: | e LI
| ] e NN b: EA B ] i3
L] L LD S 1 A Y A s WS L LLLLE S L] Lid
E. Some College F. Four-Year College
g g
3 £
& 5
{—— Smoker Fgozes 3 {—— Smoker = 5 {—— Smoker F3wes {—— Smoker F= .
e o e : -
- I B o o o S o o ST s "
A H N FLT apmm— L]
Lilobl Al osfbidebid ot B S O 0 B0 S s B i

Notes: For each schooling level, we present three figures. The first figure (top) displays the levels of the outcome as a function
of cognitive and socio-emotional endowments. In particular, we present the average level of outcomes for different deciles of
cognitive and socio-emotional endowments. Notice that we define “decile 17 as the decile with the lowest values of
endowments and “decile 10” as the decile with the highest levels of endowments. The second figure (bottom left) displays the
average levels of endowment across deciles of cognitive endowments. The bars in this figure indicate the fraction of individuals
reporting the respective schooling level for each decile of cognibige endowment. The last figure (bottom right) mimics the
structure of the second one but now for the socio-emotional éndowment.
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Figure A25: The Effect of Cognitive and Socio-Emotional Endowments on
Health Limits Work
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Notes: For each schooling level, we present three figures. The first figure (top) displays the levels of the outcome as a function
of cognitive and socio-emotional endowments. In particular, we present the average level of outcomes for different deciles of
cognitive and socio-emotional endowments. Notice that we define “decile 17 as the decile with the lowest values of
endowments and “decile 10” as the decile with the highest levels of endowments. The second figure (bottom left) displays the
average levels of endowment across deciles of cognitive endowments. The bars in this figure indicate the fraction of individuals
reporting the respective schooling level for each decile of cognitipe endowment. The last figure (bottom right) mimics the
structure of the second one but now for the socio-emotional endowment.
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