
Appendix 1 
 
A discussion of model selection 
 
In our database, children are nested within sites, raising the issues of how best to address this 
clustering. We considered several options, including Generalized Estimating Equations (GEE); 
multi-level models (MLMs); random-effects (RE) models; and fixed-effects (FE) models.  Each 
of these models has certain advantages (Wooldridge 2001).   
 
GEE is an unconditional method (the effects of individual-level covariates are estimated without 
regard to which cluster they belong) so the estimates are interpreted as “population-averaged 
effects.”  GEE is popular due to the ease of estimation (e.g., the widely available “cluster robust” 
option in Stata is a special case of GEE estimation) and because it does not require the 
distributional assumptions that most MLMs do. 
 
MLMs are conditional methods in which the analysis essentially conditions on the cluster in 
order to estimate the effects of individual-level factors, averaging the effects across clusters. 
MLM’s explicitly try to model the variance that occurs at different levels of the hierarchy, so they 
can provide information on what percent of the explained variance is accounted for at each 
level. MLMs are more efficient than GEE if the distributional assumptions hold. Due to their 
“shrinkage” estimation properties, MLMs are also preferred when the goal of the analysis is to 
profile or rank clusters. 
 
RE models are a special case of MLMs in which the covariance between the error terms at the 
two levels is assumed to be zero; the slope coefficients are fixed; and the intercept term is 
allowed to be random but not a function of higher-level covariates. RE models are often used to 
address clustering when a full-fledged MLM is not warranted, the observations can be assumed 
to be random draws from a large population, and the (unobserved) cluster-level heterogeneity 
can be assumed to be uncorrelated with the covariates.  Relative to FE models, RE models are 
more efficient because the FE estimator uses only the “within-group” variation, but the RE 
estimator is based on an optimal combination of the “within-group” and “between-group” 
estimators.  
 
In FE models, each cluster has its own (fixed) intercept term.  In linear models, this is equivalent 
to “de-meaning” both the dependent and independent variables, so that the estimator relies 
solely on the “within-group” variation. Note that as groups become larger, the information from 
“within-group” variance increases, becoming relatively more important than the “between-group” 
variance, and the FE and RE estimators eventually converge. 
 
Our choice of the FE models over the other alternatives was based on several considerations. 
Our paper focuses on the main effects of race/ethnicity, rather than on variation in race/ethnicity 
effects by site (moderation) or profiling/ranking of sites. Sample sizes by race/ethnicity were 
somewhat limited at the site level, so potential overfitting was a concern. Most importantly, we 
considered the biggest threat to the validity of our findings to be potential confounding of the 
child’s race with unobserved site-level heterogeneity, thereby violating one of the assumptions 
of the MLM and RE models (Ebbes 2004; Hanchane and Mostafa, 2010; Greene 2014). For 
example, it seems likely that minority children might be more likely to live in areas with 
(unobservably) more limited provider supply or worse quality of care. In this case, FE models 
would still yield unbiased estimates of the effects of race/ethnicity (because the estimation uses 
only the variation across children of different race/ethnicity located within the same site and 
does not compare children of different race/ethnicity located in different sites).  In contrast, the 
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other models might not, since part of the race/ethnicity effect is estimated using the between-
site variation, i.e., the race/ethnicity effect would pick up not just differences in the experience of 
minority and non-minority children in a given location, but might also pick up the effect of being 
in a location with worse access and quality. Other authors have demonstrated the advantage of 
FE models when heterogeneity at the higher level cannot be assumed to be uncorrelated with 
the lower-level predictor of interest (Hanchane and Mostafa, 2010; Bao, Fox and Escarce, 2007; 
Boone-Heinonen et al., 2011).  Given that our primary concern was to obtain an unbiased 
estimate of the (main) effect of race/ethnicity, FE models appeared to be the most conservative 
choice, providing greater confidence that our estimates are not confounded by unmeasured site 
characteristics at the expense of less efficiency in estimation and less ability to generalize to the 
entire underlying population. 
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