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Research shows a consistent racial disparity in obesity between white and black adults in
the United States. Accounting for the disparity is a challenge given the variety of the con-
tributing factors, the nature of the association, and the multilevel relationships among the
factors. We used the multivariable mediation analysis (MMA) method to explore the racial
disparity in obesity considering not only the individual behavior but also geospatially de-
rived environmental risk factors. Results from generalized linear models (GLM) were com-
pared with those from multiple additive regression trees (MART) which allow for hierar-
chical data structure, and fitting of nonlinear and complex interactive relationships. As re-
sults, both individual and geographically defined factors contributed to the racial disparity
in obesity. MART performed better than GLM models in that MART explained a larger pro-
portion of the racial disparity in obesity. However, there remained disparities that cannot
be explained by factors collected in this study.
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1. Introduction

Obesity is a serious public health concern in the United
States (US). More than one third of US adults have obe-
sity. It is well documented that black people have a higher
rate of obesity than white people, which results in the
racial disparity in obesity and the related diseases. Expla-
nations for the obesity epidemic and the respective racial
disparity are multifactorial. In addition to the traditional
individual behavior risk factors, geo-coded risk factors at
the neighborhood level have also been proposed. Aspects
of the built environment have been considered as modi-
fiable risk factors that influence both energy expenditure
and energy consumption and therefore can be modified
to address the obesity epidemic as well as the disparity
in obesity between blacks and whites (Hill et al., 2003;
Khan et al., 2009; Papas et al., 2007; Roux, 2003). Efforts to
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Table 1
Measures of street connectivity used in the analyses.

Measure (notation) Definition

Calculation*

Intersection density

Street density

Connected node ratio
over the total number intersections

Number of intersections per square mile of area
Number of linear miles of street per square mile of area
Ratio of number of intersections with four or more connections

# Real nodes/area

Total # roadway miles/area

# of intersections associated with four or more
links/total # of intersections

* Calculations utilize geographic information system-derived data.

understand the relative contribution of any single factor
often result in equivocal findings. As a result, more so-
phisticated methods capable of addressing the variety and
hierarchical structures are needed. Specifically, methods
accounting for the contributions of both individual and en-
vironmental factors as well as the complex relationships
(e.g., nonlinear) potentially involved. There has been con-
siderable interest in creating spatially defined risk fac-
tors, and quantifying these risk factors at the neighborhood
level in order to identify modifiable factors in the environ-
ment that account for obesity in general and the dispar-
ity in particular (Ding and Gebel, 2012; Gebel et al., 2007;
Grasser et al., 2013).

Walkability represents one of the factors that has a
complex relationship with both obesity and the racial dis-
parity in obesity rates among Americans. We created the
variables: intersection density, street density, and con-
nection node ratio (defined in Table 1, geospatial defi-
nitions are provided in the Method section) to measure
the overall construct of neighborhood walkability. While
the overall neighborhood walkability construct is widely
considered as a factor associated with increased physical
activity and lower rates of obesity, the research linking
measures of the sub-construct street connectivity to obe-
sity in general (Ball et al.,, 2012; Heinrich et al., 2008; Li
et al., 2008; McDonald et al., 2012; Wang et al., 2013; Wen
and Kowaleski-Jones, 2012), and physical activity in par-
ticular (Berrigan and Troiano, 2002; Eriksson et al., 2012;
Frank et al., 2008; Li et al., 2005; Oakes et al., 2007; Owen
et al, 2007; Pearce and Maddison, 2011; Saelens et al.,
2003; Witten et al., 2012) has been equivocal, evidenced
in the conclusions of some reviews on the topic (Grasser
et al., 2013; Saelens and Handy, 2008). Street connectiv-
ity (e.g. intersection density) appears to be associated with
both obesity and physical activity. However, when the ef-
fect of other measures of walkability (e.g., street density)
are controlled, the association is attenuated. It is not clear
whether the effect of street connectivity is explained by
these other constructs or whether other statistical issues
are involved. For example, the effect of street connectivity
may have a nonlinear or even non-monotone relationship
with the prevalence of obesity, leading to the equivocal
results. Alternatively, the effect of street connectivity may
be explained in terms of its’ strong association with street
density, which is actually driving the effect and apparent
street connectivity effects arise from this multicollinearity.
In any case, the relationship is complex and hierarchical.
It poses serious problems for jointly using individual and
geo-spatial factors in explanation in terms of existing ana-
lytic designs.

With regard to the disparity in obesity between whites
and blacks, street connectivity also has a complex relation-

ship. While blacks in general are more obese than whites,
they are more likely to reside in urban centers. However,
urban centers tend to be areas with high street connectiv-
ity suggesting that blacks living in these areas should be
less obese than their white counterparts in low street con-
nectivity areas (e.g., suburbs). In addition, King (2013) re-
cently concluded that the increased density of urban cen-
ters may overcome the benefits of walking. Once again the
relationship is a complex one involving a variety of fac-
tors that are difficult to characterize with existing analytic
models.

Mediation effect refers to the effect conveyed by an
intervening variable to an observed relationship between
an exposure and a response variable of interest. To ex-
plore the racial disparity in obesity, mediation analysis
is used where race is the exposure variable and obe-
sity or its absence is the binary response. All other risk
factors that may explain the racial disparity are consid-
ered as potential mediators. There are several key chal-
lenges in the exploration of racial disparity in obesity. First,
the model should be able to deal with different types
of mediators, where the potential factors can be contin-
uous, binary or categorical with or without order. Sec-
ond, the indirect effect from each mediator should be
differentiable so the indirect effect conveyed by different
factors can be compared. Third, given multiple measures
of walkability with influences that might vary by mea-
sure, their mediating effect on the racial disparity needs
to be assessed jointly rather than additively, so we need
a method that can measure the joint effects from com-
bined factors. Finally, there are potential nonlinear rela-
tionships and interactions among race, the mediators, and
the obesity risk, therefore the fitted model should be
able to represent the most reasonable adequately com-
plex one that represents the relationships existing among
variables.

There are generally two settings for mediation analysis.
One is based on linear models (Baron and Kenny, 1986;
MacKinnon et al., 1995), and the other is based on the
counterfactual framework (Albert, 2008; Have et al., 2007;
Pearl, 2001; Robins and Greenland, 1992). In this paper,
we adapted a general definition of mediation effect by Yu
et al. (2014) based on the counterfactual framework. The
derived mediation analysis proposed by Yu et al. is promis-
ing in that the indirect effects contributed by different
mediators are separable, which enables the comparison of
relative mediation effects carried by different third vari-
ables. The mediation analysis is generalized so that we can
deal with binary, multi-categorical or continuous exposure,
mediator and response variables. Moreover, general predic-
tive models, as well as general linear models can be used
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