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SUPPLEMENTAL METHODS
OLS Analysis

OLS models are represented by the following equation:

Healthisy = yo + v1iEducise + V2 Xise + V3Sse + Vabe + €ist

Here, Health is a given health outcome of interest for individual i born in state s in year t, Educ
is the individual’s self-reported educational attainment, X is a vector of individual-level
covariates, S is a vector of state-level time-varying covariates, 6 represents year-of-birth fixed
effects, and & represents robust standard errors clustered by state of birth. We present the results
of linear models for both continuous and binary outcomes to allow for comparability in the
reporting of effect estimates as beta coefficients, although logistic models for binary outcomes
were similar in magnitude and statistical significance (data available upon request).
IV Analysis

IV analysis rests on the assumption that there is not a separate pathway linking the
instrument and outcome that does not pass through the predictor. In this case, there are unlikely
to be plausible pathways linking CSLs to health other than through duration of educational
attainment. For example, one prior study suggests that school quality is unlikely to be affected
by changes in CSLs [2].

Another assumption is that there are no confounders of the relationship between the
instrument and the outcome; for example, there may be concern that other state-level factors may
confound the relationship between CSLs and health [3]. We address this with the inclusion of
additional variables representing state-level characteristics, a technique used in prior work [4-7],

as well as secondary models including state fixed effects.
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For years without data, the most recently reported value of the state CSL variable was carried
forward. We assume that individuals remained in their state of birth until age 18; prior studies
have shown that cross-state migration was low during this period and that it was uncorrelated to
the implementation of CSLs, so any measurement error would bias our results to the null [8,9].

The 1V models employed in this study can be represented by the following two equations:

Educiss = ag+ a;CSLgs + ay Xt + 385t + a40; + €igt (1)

Healthyse = Bo + BrEducise + BoXist + BaSst + Babe + Vise (2)
Equation (1) represents the first stage of the IV analysis, in which education, the endogenous
variable, is regressed on the two instruments representing years of compulsory schooling, while
adjusting for individual- (X) and state-level (S) characteristics as well as fixed effects for year 6.
Using the coefficients from the first stage, a predicted level of education is produced for every
individual in the sample. In this study, the first stage was conducted in the Census sample, and
predicted education was linked to individuals in HRS and NHANES by gender, race, year of
birth, and state of birth. This predicted education was then used in Equation (2) with health as
the dependent variable, which represents the second stage of the IV analysis. The coefficient of
interest is B, which represents the causal effect of an additional year of educational attainment
on the health outcome of interest. Robust standard errors v were clustered by state of birth. This
type of 1V analysis is known as two-sample 1V (TSIV) analyses, which is an extension of the
more commonly used two-stage least squares (2SLS) IV analyses.

Using a two-sample approach allowed for more precise estimation of the first stage as the
Census sample size is much larger, thereby alleviating concerns of weak instrument bias
resulting from instruments that explain only a small fraction of the variation in the endogenous

variable. In this case, for example, the F-statistic for the first stage using HRS data was 11.2,
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while the F-statistic using the Census sample was 793.7. TSIV is also useful in situations where
a single sample does not contain all three of the instrument, predictor, and outcome. In this case,
NHANES does not contain a variable for continuous years of education, such that the first stage

could not be carried out, thereby necessitating the TSIV approach we employ here.

Standard errors were calculated using a bootstrapping technique. Using 100 bootstrapped
samples from the Census, we produced 100 values of predicted education for each individual
(Equation 1). Each of these values for predicted education was then used to estimate 3,
(Equation 2) in 100 bootstrapped samples in HRS and NHANES, producing 100 x 100 = 10,000
estimates. The estimates reported here represent the mean of these 10,000 estimates of 3, and
95% confidence intervals are the estimates at the 2.5" and 97.5" percentile. HRS and NHANES
survey weights were not employed due to our use of the bootstrapping technique to calculate
standard errors, and since the utility of weighting is diminished when the goal of inference is
determining causal effects rather than population estimates [10].

In Census data, an additional year of compulsory schooling using the first instrument—
difference between enrollment and dropout ages—Ied to an increase in educational attainment of
0.27 years (95% CI: 0.26, 0.28). For the second instrument—the difference between enrollment
and minimum work ages—an additional year of schooling led to an increase in educational
attainment of 0.21 years (95% CI: 0.20, 0.22). This satisfied the IV assumption that the two
instruments were each associated with the endogenous variable of interest. This supports the use
of the Census sample for the first stage, given its larger size and subsequently greater precision

in estimating the first stage.
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