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Appendix

A. Multilevel logit model for propensity score subclassification

Propensity score subclassification was used to evaluate and
improve covariate balance between the various racial/ethnic sub-
groups. The propensity scores were estimated using a logit model
with the full set of covariates listed in Table 1. The Stata 12SE
module PSMATCH2 [1,2] was used to examine covariate imbalance
pre- and post-matching; see Supplementary Figure 1. Although the
use of a matching module such as PSMATCH2 was not necessary for
propensity score subclassification, the module includes convenient
modeling and diagnostic tools that were executed in Stata on the
secure server where the NHANES restricted data files were located.
The final analysis included estimation of propensity scores using a
random effects logit model with the full set of covariates listed in
Table 1 as fixed effects, plus a random intercept for county. The
random intercept for county was included in the final analysis to
account for the county-level heterogeneity in racial and ethnic
composition not captured by the covariates in Table 1 and the
clustering of the data. In other words, there may be county-level
variation in the probability that a participant is non-Hispanic
white that is not accounted for by the fixed effects listed in
Table 1. Including a random intercept for county addresses this
variation, as well as the hierarchical nature of the data where par-
ticipants are clustered within counties. The Generalized Linear
Latent and Mixed Models (GLLAMM) package in Stata was used to
estimate this final random effects model for the propensity score
[3].Design variables were not included in the propensity score
estimation; however, design variables and mobile examination
center sample weights were used throughout the remaining ana-
lyses to account for the complex sampling design of NHANES.
Design variables were not included in the propensity score esti-
mation model for two reasons: first, because variables related to
survey selection, participation, and weighting were already
included by proxy in the sociodemographic and geographic
Supplementary Figure 1. Standardized bias pre- and post-matching. zFor all included cova
reduced. zFigure generated using the initial propensity score model in PSMATCH2, which d
covariates; and, second, because the propensity score itself was not
intended to generalize to the target population, as it is an in-sample
characteristic [4]. As NHANES is a nationally representative sample,
propensity-score subclassification was used to avoid discarding
observations or modifying the sample weights by using weighting
strategies. Five subclasses were used, a convention which has been
found to remove 90% or more of the initial covariate bias [5,6].

Covariate balance
Supplementary Figure 1 illustrates the standardized bias before

propensity scorematching, and then aftermatching (this diagnostic
tool was generated by PSMATCH2 using the initial logit model with
the full set of covariates listed in Table 1 and excluding random
effects). For all included covariates, the remaining bias was less than
20%, and in most cases it was substantially reduced, consistent with
a rule of thumb specifying standardized bias be no greater than 25%
[5,7]. Supplementary Figure 2 depicts the unweighted sample fre-
quencies of non-Hispanic white and nonwhite children across the
range of propensity scores.

B. Statistical significance of the SRI

To determine statistical significance, the observed Symme-
trized Rényi Index (SRI) values were compared with those ex-
pected under a null hypothesis of equitability. However, even
under the null hypothesis, the sampling distribution of the SRI is
unknown [8]. Thus, because of the complex survey design
structure of NHANES, a two-stage approach was adopted to
assess statistical significance:

� First, the condition of equitability in the outcome variable was
simulated by taking the age- and sex-specific mean and stan-
dard deviation of the body mass index (BMI) z-scores for the
population and simulating normal variates based on those
values. As a result, a set of simulated BMI z-scores independent
of race/ethnicity and all other covariates was obtained.
riates, the bias was less than 20% postmatching, and in most cases it was substantially
id not include the random effect for county.
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Supplementary Figure 2. Distribution of propensity scores by race/ethnicity. After
propensity-score matching, nonwhite children and adolescents are predominantly
grouped in the lower quintile groups, whereas non-Hispanic white children and ad-
olescents fall into the upper quintiles.
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� In the second stage, a rescaled bootstrap [8e10] sample (of size
500) allowed for the design-based estimation of the 99th
percentile of the sample SRI for this set of simulated BMI z-
scores, which enabled testing of the null hypothesis that
SRI ¼ 0 against the alternative that SRI greater than 0 at the 1%
significance level.To improve the estimation of the null 99th
percentile, which is the basis for the hypothesis rejection rule,
the aforementioned BMI z-score simulations were repeated
100 times and, to guard against extreme values, a 10% trimmed
mean was constructed as a robust estimate of the null 99th
percentile. This type of averaging over bootstrap samples (or
“bagging”) is known to improve the performance of quantile
estimators [11e14]. This approach is particularly suited to the
analysis, here, because of the two distinct sources of variability:
(i) variability in the outcome variable (BMI z-score) under the
null hypothesis of equitability and (ii) the design-based sample
variability (encoded in the survey weights, strata, and primary
sampling units).Design-based estimation of the SRI and of the
99th percentile of its distribution under the null was conducted
in R using the “survey” package and code developed by the
second author [15e18].
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