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BACKGROUND

Of the many topics of concern in population health, perhaps none is more well studied then the
association between education and health. A substantial literature on the topic has shown that, in
the United States (US), those with higher levels of educational attainment have better outcomes
on a host of health indicators than their less educated counterparts (Cutler and Lleras-Muney
2006; Hummer and Lariscy 2011; Link 2008; Mirowsky and Ross 2003; Walsemann et. al. 2013).
Moreover, this educational gradient in health is thought to be maintained by a large, diverse set of
mechanisms, ranging form increased income to better developed metacognitive skills (Mirowsky and
Ross 2003; Cutler and Lleras-Muney 2006). For this persistently positive, multifaceted, association
with health, education is often positioned as one of the more promising venues through which
changes in population health could occur (Cutler and Lleras-Muney 2006; Mirowsky and Ross
2003).

Given education’s potential role in shaping population health, researchers have turned towards
examining if, and to what degree the association between education and health is dependent on
other social forces. In this area, researchers have been particularly active in examining how the link
between education and health is dependent on race (Crimmins and Saito 2001; Farmer and Ferraro
2005; Hayward et al. 2000; Kimbro et. al. 2008; Masters et. al. 2012; Montez et. al. 2012). Indeed,
research has consistently shown that education’s association with health is weaker for Non-Hispanic
Blacks than it is for Non-Hispanic Whites; on this matter, findings range from that the educational
gradient is similar in shape, yet measurably more steep for Non-Hispanic Whites relative to Non-
Hispanic Blacks (e.g., Montez et. al. 2012; Kimbro et. al. 2008), to that gradient is negligible to
non-existent for Blacks, but quite steep for Whites (e.g., Farmer and Ferraro 2005; Kimbro et. al.
2008).!

Of the many potential explanations for why Black-White variation exists in terms of the the
health returns to education, perhaps none is more conceptually intuitive than income (Walsemann
et. al. 2013). In more detail, income is widely considered to be a important mechanism through
which education operates to effect health (i.e, additional education often leads to greater income,
and greater income often leads to better health) (Cutler and Lleras-Muney 2006; Kawachi et. al.
2010). At the same time, we know that Blacks in the U.S tend to make less than their similarly
educated White counterparts (e.g., in 2010, the average income of college educated Black males was
approximately $22,000 less then the average income of college educated White males) (Walsemann
et. al. 2013; Williams et. al. 2010). Given the above two points, it could be the case that the racial
variation in the health returns to education is largely a reflection of the racial variation in the
income returned from increased education.

Though the notion that income is an important reason for why racial differences in the health
returns to education exists is well reasoned, little empirical work has been produced to support said
position (Walsemann et. al. 2013). The aim of this paper then, is to clarify the role income plays in
maintaining Black-White differences in the shape of the educational gradient in health. In this en-
deavor, we employ a combination of rich data from the National Longitudinal Study of Youth 1979
(Bureau of Labor Statistics 2012), and G-Computation, a technique which allows us to quantify the

'From here on, we will refer to ‘Non-Hispanic White’ as ‘White’, and ‘Non-Hispanic Black’ as ‘Black’



role income plays in maintaining Black-White differences in educational gradients while avoiding
post-treatment bias (Lepage et. al. 2012). In addition, to alleviate the model specification concerns
that come with a G-Computation approach, I make use of a nonparametric machine learning al-
gorithm (Bayesian Additive Regression Trees) to estimate the regression models necessary to the
G-Computation process (Chipman et. al. 2010).

ANALYTICAL FRAMEWORK
To clarify the role income plays in maintaining race-based differentials in the health returns to
education, we draw upon the following conceptual model:

Intermediate Confounders

Confounders Health

Figure 1: Diagram of Education, Income, and Health’s Relationship

For the purposes of this paper, we are interested in estimating the the effect of education on
health, or

E[Y|A=1,0] - E[Y|A=0,C], (1)

which gives the difference in the average health of individuals with a particular level of education
and the average health of individuals without said level of education, holding potential confounders
constant. We are also interested in estimating the effect of education on health while holding income
constant, or

E[Y|A=1,C,M] - E[Y|A=0,C, M|, (2)

which gives the same value as Eq. 1, save for that income is held constant across counterfactuals.

From Eq. 1 and Eq. 2, we have the materials needed to comment on the role income plays in
explaining the difference in health returns to education for Blacks and Whites. That is, if income
plays a role in creating variation in the health returns to education between Blacks and Whites,
the difference in the effect of education on health for Blacks and the effect of education on health
for Whites should be greater than the difference in the effect of education on health while holding
income constant for Blacks and the effect of education on health while holding income constant for
Whites. Moreover, The degree to which the racial difference in educational gradients diminishes in
the above scenario provides an approximation of how important income is in creating said racial
difference in health. (e.g., if the racial difference in the effect of education on health completely
disappears after accounting for income, we have evidence that income is completely responsible for
the differential returns to education).



G-COMPUTATION

Because of the presence of intermediate confounders (L) (e.g., features which are influenced by
one’s educational attainment, and which influence income and later health outcome), obtaining the
effect of education on health while holding income constant via ‘standard regression’ can lead to
post-treatment bias (Gelman and Hill 2007; Lepage et. al. 2012). Given this fact, we estimate Eq.
2 using a G-Computation procedure (Daniel et. al. 2011 or Lepage et. al. 2010). Assuming, for the
sake of illustration, that L is only made up of one feature, the G-Computation procedure follows:

Algorithm 1 G-Computation Procedure (Lepage et. al. 2010)
1: Find E(Y|C, M, L, A)
2: Find E(L|C, A)
3: for each individual ¢ do
4 Draw Lo from f(L|C = ¢;, A=0)
5: Draw L; from f(L|C =¢;,A=1)
6
7
8

Draw Yy from f(Y|C =¢;, M =0,A=0,L =)
Draw Yjg from f(Y|C =¢;, M =0,A=1,L =1)
. Find E(Y10) — E(Yoo) [which ~ (E[Y|A = 1,C, M] — E[Y|A = 0,C, M])]

One potential drawback of the G-Computation procedure is its heavy reliance on modeling (e.g.,
each feature in the set L needs to be model conditional on A anc C for the procedure to work)
(Daniel et. al. 2011). To alleviate concerns of model misspecification that come with reliance on such
a method, we use Bayesian Additive Regression Trees to model the expectations required in the
G-Computation process (Chipman et. al. 2010). This nonparametric machine learning algorithm is
particularly adept at letting the data decided upon accurate, yet parsimonious, models of itself. That
BART takes the model specification process out of the researchers hands, and instead leaves said
process to a principled search through the set of all potential models, increase our confidence that
the models necessary to the G-Computation process are properly specified representations of reality.

DaATaA

We use data from the National Longitudinal Study of Youth 1979 (NLSY79). The NLSY79 is
a nationally representative sample of over 10,000 individuals aged 14-22 in 1979 (Bureau of Labor
Statistics 2012). From their first interview date, respondents where subsequently interviewed an-
nually (and later biannually) through the year 2010.

MEASUREMENT

We begin by operationalizating our treatment variable, education [A]. In the endeavor, we subset
our data to only include those individual whom completed their education between 1980 and 1986.
Restricting the data in this way conceptually reflects an experiment that we would like to see; that
is, under this design, the period between 1980 and 1986 can be considered a a “treatment period”,
where subjects in the study where assigned a dosage of education. Everything before this point then
can, without bias, be considered a pre-treatment feature (and thus potentially a confounder), and
everything after said period could be considered post-treatment (and thus potentially influenced
by education). In the aforementioned subset of the data, we are left with 1,645 individuals whom
received a high school degree, and 744 individual whom received a college degree. The specific
question being examined in the effect of education on health quantity then is, how different would
an individual’s health had been had they had remained at a high school degree, instead of completing



a college degree?

Next, we define our response variable, health [Y]. In this regard, we use the self-rated health
indicator in the NLSY79 collected from each respondent when s/he turned 40. For this question,
respondents were asked to describe their health as either ‘excellent, very good, good, fair, or poor.’
We choose this general measure of health because of its availability in the data and the substantial
racial differences in the educational gradient in self-rated health reported by previous research (e.g.,
Farmer and Ferraro, 2005). With the timing of both treatment and response set, we can determine
from which survey years confounders and intermediate confounders are pulled from:

Intermediate Confounders

[1987, Yearage — 40]

Yearage = 40

Health

(1980, 1986] [1987, Yearage — 40]
Confounde
Income

Figure 2: Diagram of NLSY79 survey years from which features are pulled

With this time ordering set, we defined one’s post-education income (M) as one’s average family
income between the 1986 and the year they turned 40. Because of this, the effect of education on
health holding income constant is equivalent to net of the effect of family income, how different
would an individual’s health had been had they had remained at a high school degree, and not
completed a college degree?

As intermediate confounders [L], we select several variables which simultaneously (1) are ef-
fected by the educational attainment earned in the treatment period, (2) effect income, and (3)
effect self-rated health. This set includes: occupation, employment, marital status, and cognitive
ability. As we did with income, we summarize each of these confounders by taking their average
value across the period [1987, Yearage — 40 (€.g., for occupation, we find average one’s occupational
prestige score in 1987, 1988, 1989, ..., Year,ge — 40). Finally, for pre-treatment confounders [C], we
select every feature from the that occurred 1979 and prior that may influence the probability that
one moves beyond a high school degree, and may also influence one’s post-educational attainment
self-rated health. In this regard, we select/control for 110 features which may serve as confounders.

EXPECTED RESULTS

Given that educational returns to income vary measurably between racial groups in the U.S.) 1
expect to see that controlling for income diminishes racial disparities in the educational gradient to
health (e.g., [Eq-1ywhite —Ed-181ack] > [Ed-2white — Ed-2B1ack])- Given that Blacks in the United States
face structural disadvantage in terms of translating their educational credentials into resources aside
form income (e.g., occupation) though, I do not expect for racial disparities in the educational
gradient to completely disappear after accounting for differences in income.
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