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Abstract 

Developing Small-Area Health and Exposure Data 
for the Use in Environmental Public Health Tracking  

 
by 
 

Alberto Manuel Ortega-Hinojosa 
 

Doctor of Philosophy in Environmental Health Sciences 
 

University of California, Berkeley 
 

Professor Michael Jerrett, Chair 
 

The turn of the millennium has been accompanied by a rapid growth in data 
collection along with an increasing ability to store, manipulate and analyze it. In tandem 
with this development in technology and surveillance, there has been a growing 
understanding of the importance of the socio-physical environment on population 
behavior and human health. We capitalize on this progress to develop a methodology 
by which we develop two macro scale datasets, one national and one state-wide, to 
support the efforts of the Centers for Disease Control and Prevention’s Environmental 
Public Health Tracking Network (EPHTN) in understanding two important health risks: 
smoking and obesity. Moreover, we use new geographic information science 
techniques, spatial statistics methodologies and machine learning algorithms to gain a 
better understanding of the relationship between spatial patterns in physical and socio-
demographic characteristics and health risks. Specifically, we address three specific 
aims: (1) To use current data systems to develop national small-area predictions of 
adult smoking and obesity for the EPHTN and research; (2) To evaluate current data 
systems and spatial analysis tools available to describe the within-school environment 
and the school-neighborhood socio-physical characteristics of California’s public 
schools thought to influence childhood obesity, and use these to develop a 
comprehensive multilevel dataset for the EPHTN and research; (3) To test the utility of 
the dataset developed in aim 1 by applying it to an analysis used to increase the 
understanding of the relationship between the school environment and childhood 
obesity by examining the relative importance of school attributes. This analysis 
determines that current data collection systems provide a valuable resource which we 
combine for the ease of future research use. We demonstrate that using the spatial 
structure and socio-demographic patterns of health risks, we are able to downscale 
adult smoking and obesity prevalence to the ZIP code and census tract levels for the 
conterminous United States, and develop five-year predictions for these for the four 
quinquennia in the 1991-2010 time period. Lastly, we confirm the utility of the school 
dataset and determine through the second aim that individual demographics and the 
social environment seem to be the predominant determinants of childhood obesity.  
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INTRODUCTION 

The recent expansion of health and exposure surveillance, geospatial analysis 
tools, machine learning methodologies, and improvement in the computational capacity 
to analyze big data has created a unique opportunity to bridge the environmental health 
gap. This expansion, combined with the increased awareness of the close relationships 
among place, exposure, behavior, and health, frames the goals of this research. We 
capitalized on this progress to develop a methodology by which we developed two 
macro scale datasets, one national and one state-wide, to support the efforts of the 
Environmental Public Health Tracking Network in understanding two important health 
risks: smoking and obesity.  

This research is divided into three chapters that use new geographic information 
science techniques, spatial statistics methodologies and machine learning algorithms to 
gain a better understanding of the relationship between spatial patterns in physical and 
socio-demographic characteristics and health risks.  

Chapter one focuses on small-area predictions of adult smoking and obesity. We 
used existing data from the Behavioral Risk Factor Surveillance System (BRFSS) to 
downscale adult smoking and obesity prevalence to the ZIP code and census tract 
levels for the four five-year periods from 1991-2010. We used a new software, the 
Geographic and Multi-level Models for Environmental Public Health Indicators and 
Tracking (GAMEPHIT) developed for the purposes of analyzing multilevel spatially 
correlated outcomes. Through this chapter, we demonstrated the ability of GAMEPHIT 
to exploit spatial patterns in the distribution of socio-demographic characteristics and 
health risks. We also showed the utility of machine learning methods to select an 
unbiased prediction variable set from a large variable space.   

Chapter two focuses on California’s public schools.  This chapter describes how 
we evaluated the available datasets to characterize the within-school and school- 
neighborhood socio-physical environment. Moreover, we describe the process by which 
these data were joined or spatially assigned to each school. The school dataset was 
joined to individual level obesity data from the California Physical Fitness Test. 

Chapter three describes an analysis of the dataset developed in chapter two. 
Specifically, we assessed the relative influence of within school and school 
neighborhood socio-physical environmental attributes on childhood obesity using a 
machine learning algorithm.  Additionally, in this chapter we applied a new multilevel 
modeling program (GAMEPHIT) to analyze multiple spatial scales of district-based 
characteristics. This multilevel model was also used to obtain a better understanding of 
the relationship between the most important attributes found from the machine learning 
analysis and childhood obesity. The results confirmed the utility of the school dataset 
and suggested that individual demographics and the social environment were the 
predominant determinants of child hood obesity. 
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CHAPTER 1. DEVELOPING SMALL-AREA PREDICTIONS FOR SMOKING AND OBESITY 

PREVALENCE IN THE UNITED STATES FOR USE IN ENVIRONMENTAL PUBLIC HEALTH TRACKING 

This chapter of the dissertation focuses on using publicly available demographic 
data combined with the spatial structure of health risks to develop national small-area 
predictions for adult smoking and obesity. We use novel machine learning algorithms 
and a new multilevel model regression package to generate ZIP code and census tract 
estimates for smoking and obesity for the four quinquennia in the 1991-2010 period. 
These estimates have been shared with the CDC’s Environmental Public Health 
Tracking Network.  

 

Summary 

Background: Globally and in the United States, smoking and obesity are leading 
causes of death and disability. Reliable estimates of prevalence for these risk factors 
are often missing variables in public health surveillance programs. This may limit the 
capacity of public health surveillance to target interventions or to assess associations 
between other environmental risk factors (e.g., air pollution) and health because 
smoking and obesity are often important confounders. 

Objectives: To generate prevalence estimates of smoking and obesity rates over 
small areas for the United States (i.e., at the ZIP code and census tract levels). 

Methods: We predicted smoking and obesity prevalence using a combined 
approach first using a lasso-based variable selection procedure followed by a two-level 
random effects regression with a Poisson link clustered on state and county. We used 
data from the Behavioral Risk Factor Surveillance System (BRFSS) from 1991-2010 to 
estimate the model. We used ten-fold cross-validated mean squared errors and the 
variance of the residuals to test our model. To downscale the estimates we combined 
the prediction equations with the 2000 Census data for each of the four five-year time 
periods in this time range at the ZIP code and census tract levels. Several sensitivity 
analyses were conducted using models that included only basic terms, that accounted 
for spatial autocorrelation, and used Generalized Linear Models that did not include 
random effects. 

Results: The two-level random effects model produced improved estimates 
compared to the fixed effects only models. Estimates were particularly improved for the 
two-thirds of the conterminous U.S. where BRFSS data was available to estimate the 
county level random effects. We downscaled the smoking and obesity rate predictions 
to derive ZIP code and census tract estimates.  

Conclusions: To our knowledge these smoking and obesity predictions are the 
first to be developed for the entire conterminous U.S. for census tracts and ZIP codes. 
Our estimates could have significant utility for public health surveillance.  
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1. Background 

  The principal aim of this study is to develop a national small-area predictive 
model for two important health risk factors and potential confounders of the 
relationships between environmental exposures of interest and health outcomes: 
smoking and obesity prevalence. Both smoking and obesity have established effects on 
numerous health outcomes including mortality, various cancers, cardiovascular disease, 
metabolic disorders, muscular-skeletal conditions, and mental health (CDC, 2009c; 
National Cancer Institute, 2013b). Local-area estimates are of public health importance 
for two reasons: (1) policies and interventions to abate these risk factors are often 
designed and implemented at the local level, and (2) not controlling for these 
confounders in studies can result in specious associations between exposures of 
interest and the health outcomes. For example, air pollution and health associations 
may be confounded by smoking, and lack of control for smoking may wrongly attribute 
risks to air pollution that are partly from smoking.  

  Currently, only limited national prevalence estimates exist for obesity rates at the 
county level (discussed below), and to our knowledge, finer spatial resolution (ZIP code, 
and census tract) estimates are not available nationally. Other national estimates such 
as the National Health and Nutrition Examination Survey (NHANES) have much smaller 
sampling (approximately 5,000 per year) compared to BRFSS and offer only regional 
representation (CDC, 2013e). 

1.1 The Environmental Public Health Tracking Network & the Geography of Risk 

  Starting fiscal year 2002, the U.S. Congress has provided funding to establish 
the Environmental Public Health Tracking (EPHT) system and a corresponding EPHT 
network spanning from local and state governments to a centralized national repository. 
The EPHT was established to narrow the environmental health gap. Central to the 
EPHT goals is understanding how location affects health and well-being through 
differences in the environment—built or natural, physical or social; communicating 
current knowledge of the environment and health relationship to all stakeholders; 
informing policymaking; and tracking progress in attaining improvements in the 
population’s health (Environmental Health Tracking Project Team, 2000).  

Fundamental to achieving the EPHT goals is understanding the geography of 
risk, which can be characterized through three intersecting elements: (1) geography of 
susceptibility; (2) geography of exposure; and (3), geography of adaptation (Jerrett et 
al., 2010). That is, where are the populations most likely to be susceptible to a given 
exposure; how is the exposure of interest distributed in space; and how does location 
impact resilience and response? Small-area estimates of major health determinants 
such as smoking and obesity are essential to understanding the geography of risk. 

1.2 Smoking, Obesity and the Geography of Susceptibility 

Of particular interest to the EPHT program is identifying populations at risk from 
the effects of smoking and higher body mass index (BMI) status. Understanding of the 
relationship between environment and health is hindered by a general lack of population 
health risk data on these two important confounders. Recent assessments of the global 
burden of disease identify smoking and obesity as leading risk factors for death and 
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disability; smoking ranked first in North America and second globally, while high BMI 
respectively ranked second and fifth (Lim et al., 2012).  

Because high exposure and high susceptibility often occur together, it is critical to 
control for confounding variables that share spatiotemporal overlap with potentially 
harmful environmental exposures such as air pollution. This overlap of high 
susceptibility and high exposure also makes identifying populations at risk of smoking 
and higher BMI status—and controlling that risk—an environmental justice issue (O'Neill 
et al., 2003).  

Obesity and smoking are thought to have geographic patterns arising from the 
confluence of individuals with similar traits and exposures to similar social and physical 
environments such as race, socioeconomic status, environmental exposures and social 
norms (CDC, 2009d; Corsi et al., 2012; Cureton, 2011; Leal and Chaix 2011; Liao et al., 
2009; Poland et al., 2006). The predictive model we develop here is designed 
specifically to exploit spatial and temporal patterns in these individual and lifestyle 
factors, which augment the predictions from fixed effects variables such as age, gender, 
education level and others that may influence smoking and obesity. 

2. Methods 

Overview 

  We used publicly available data from the U.S. Census and the Behavioral Risk 
Factor Surveillance System (BRFSS) telephone survey to construct prevalence 
estimates of smoking and obesity for ZIP codes and census tracts. In addition to 
generating ecologic level prevalence predictions of smoking and obesity, we evaluated 
whether limited socioeconomic, gender and race data were sufficient to develop 
improved estimates relative to those that are currently available (Cadwell et al., 2010; 
CDC, 2009b; CDC, 2013b; National Cancer Institute, 2013a; Raghunathan et al. 2007). 
We compared a basic terms variable set (i.e., no interactions or transformations) 
Generalized Linear Model (GLM) approach with no random effects to more 
sophisticated models including a lasso-based variable section procedure, GLMNet and 
a two-level random effects model (GAMEPHIT). We also expand the variable space to 
include two-way interactions and log transformations. 

The BRFSS data were aggregated to create county-level variables used in our 
models. These data were used to derive the independent (e.g., age, gender) and 
dependent variables in our models (obesity and smoking prevalence). To extend our 
estimates for small-area prediction, we compiled census data that matched the 
predictors in our final models and used the coefficients from the county-level model to 
create predictions at the census tract and ZIP code areas scales. Extensive analyses 
were conducted to understand the spatial patterns in the estimates and to compare 
these to other available estimates from similar studies or from the primary data. Figure 
1-1 summarizes the process followed in our study. 

2.1 Data sources 

BRFSS is a national random digit dialing (RDD) survey established by the 
Centers for Disease Control and Prevention (CDC). All 50 U.S. States and major 
territories are sampled, and data are publicly available at the individual level through the 
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Figure 1-1. Prediction Process Diagram 
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CDC (CDC, 2013a). Geographic scope (part of or the entire state) and resolution (finest 
geospatial scale assigned to an individual) varies by state. Estimates from BRFSS are 
thought to be representative of the population at the state-level, and county is normally 
the smallest area that is publicly available. Most states, however, redact the identity of 
rural counties to avoid individual identifiability of respondents. The CDC provides 
standard interview forms, but each state agency is responsible for conducting their own 
telephone interviews. From 1990 to 2011, participation rates (using Council of American 
Survey Research Organizations weighted response formula) have fluctuated, ranging 
from a low of 48.9% in 2000, and a high of 71.4% in 1995 (CDC, 1991; CDC, 1996; 
CDC, 2001; CDC, 2006; CDC, 2011). We conducted extensive cleaning and 
compilation of county-level data from BRFSS because several geographic identifiers 
were missing from the publicly available data set (available from CDC, 1991-2010). 

Census variables were obtained from 2007 Business Analyst package (ESRI, 
Redlands, CA) for the 2000 census for tract, ZIP code and county levels. ZIP codes 
were assigned county codes using ArcMap’s (ESRI, Redlands, CA) feature-to-point and 
spatial join tools. The ZIP code polygon shapefile was converted to a point shapefile 
using the polygon’s centroid (specifying that the centroid be contained within the 
originating polygon area).  

2.2 Health Outcomes 

The body mass index (BMI) is commonly used as the measure of body 
composition to determine overweight and obesity (Gallagher et al., 1996; Hu, 2008). 
BMI measures body composition defined as an individual’s weight in kilograms divided 
by the square of their height in meters (i.e., kg/m2). In most individuals, BMI is highly 
correlated with percent body fat and provides a valid estimate of adiposity (Gallagher et 
al., 1996). Additionally, BMI is highly correlated with risk factors for obesity-related 
diseases (Hu, 2008) and with biomarkers of adiposity, such as high levels of leptin 
(Jurimae et al., 2003). Overweight for adults is defined as a BMI score equal to or 
greater than 25 and less than 30; obesity among adults is defined as having a BMI 
greater than or equal to 30 (CDC, 2009a).  

 BMI was calculated from height and weight measurements that were available in 
the BRFSS dataset and used to categorize respondents into obese status with 
standards developed by CDC. While health effects of excess adiposity are of public 
health interest for both overweight and obese individuals, they are more severe for 
obesity. Furthermore, the latest CDC estimates report a national rate of 69.2% of adults 
with BMI > 25 versus 35.9% who are obese (CDC, 2013c). Consequently, we restricted 
the prediction to obese adults, i.e., everyone with BMI greater than or equal to 30 were 
classified into a dichotomous variable for excess adiposity. Pregnant women were 
excluded.  

BRFSS includes several questions about smoking which were used to create a 
categorical smoking variable of current, former and never smokers, consistent across all 
years. For this analysis predictions were for prevalence of current smokers.  

2.3 Variable Description 

We restricted data to the conterminous United States for years 1991-2010 and 
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included only predictor variables that have analogous census data to allow for the small-
area estimation. Smoking, BMI, and demographic variables were harmonized across 
the annual waves of BRFSS to the maximum extent possible given slight changes in 
item wording over this period. 

We used the BRFSS variables for age (young, 18-39; middle, 40-59; old, 60+), 
gender, education (less than high school graduate; high school diploma or some 
college; 4-year college graduate or more), year (quinquennias 1-4), race/ethnicity 
(Asian; Black; Hispanic; White; Other), unemployment, county code, state code, BMI 
and current smoker status. A detailed summary of these variables and BRFSS 
population distributions can be found in Table 1-1. The dataset was further restricted to 
include only data where county georeferencing could be identified, and all variables of 
interest were present.  

Table 1-1. Summary of BRFSS Variables Used 

TIME PERIOD
ONE 

(1991-1995) 

TWO 

(1996-2000) 

THREE 

(2001-2005) 

FOUR 

(2006-2010) 

ALL PERIODS 

(1991-2010) 

COUNTIES (of 3109) 591 (19.0%) 917 (29.5%) 1,464 (47.1%) 2,136 (68.9%) 2,277 (73.2%) 

VARIABLE Count Percent Count Percent Count Percent Count Percent Count Percent

Surveyed Pop. 242,221 100.00% 464,429 100.00% 977,709 100.00% 1,604,933 100.00% 3,289,292 100.00%

Obese 31,603 13.05% 76,617 16.50% 209,128 21.39% 410,815 25.60% 728,163 22.14%

Smokers 55,249 22.81% 102,585 22.09% 201,069 20.57% 272,126 16.96% 631,029 19.18%

Age – Old (60+) 69,189 28.56% 128,679 27.71% 320,017 32.73% 715,393 44.57% 1,233,279 37.49%

Age – Young (18-39) 92,472 38.18% 157,577 33.93% 249,564 25.53% 239,448 14.92% 739,062 22.47%

Ed - Less than HS 62,847 25.95% 57,462 12.37% 109,344 11.18% 168,922 10.53% 398,576 12.12%

Ed - College 71,956 29.71% 141,871 30.55% 330,048 33.76% 559,205 34.84% 1,103,081 33.54%

Gender - Male 101,904 42.07% 195,600 42.12% 393,855 40.28% 620,395 38.66% 1,311,755 39.88%

Race - Asian 5,950 2.46% 11,526 2.48% 24,640 2.52% 37,065 2.31% 79,182 2.41%

Race - Black 27,824 11.49% 46,097 9.93% 90,217 9.23% 150,978 9.41% 315,117 9.58%

Race - Hispanic 16,568 6.84% 36,096 7.77% 44,789 4.58% 78,040 4.86% 175,494 5.34%

Race - White 186,491 76.99% 358,756 77.25% 761,418 77.88% 1,259,290 78.46% 2,565,954 78.01%

Race - Other 5,387 2.22% 11,953 2.57% 56,645 5.79% 79,559 4.96% 153,545 4.67%

Unemployed 13,480 5.57% 20,097 4.33% 51,541 5.27% 92,592 5.77% 177,711 5.40%

Because of the substantial temporal decline in smoking prevalence and increase 
in obesity prevalence, the twenty-year period was divided into four five-year time blocks 
(quinquennia) that were entered into the model as an ordinal function. In total, 2,399 
counties were included (out of a possible 3,109) with a total of 5,389 unique county-
quinquennia. These were aggregated from 3,361,724 individual data points, first into 
county cluster counts and secondly into county-quinquennia. Counties with fewer than 
30 individual respondents per five-year period were dropped to avoid small count 
statistical instability. Due to this restriction, 281 county-quinquennia were lost, which 
resulted in a final total of 5,108.  
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2.4 Statistical Methods  

The variables described above were prepared with their natural form, their 
natural log form and with all two-way interactions. No interactions between a variable 
and its natural log were permitted. Additionally, if two terms were highly correlated (|r| > 
0.9), we retained only the variable that was most correlated to the outcome. This 
process reduced the variable space to about half the original size (i.e., 91 variables).  

Smoking and obesity were predicted using a three-step approach: (1) variable 
selection, (2) model training with BRFSS data, and (3) prevalence prediction with 
census data. For the variable selection process, we employed a lasso-based variable 
selection procedure with a cyclical coordinate descent algorithm in pathwise fashion, 
known as GLMNet (Friedman et al., 2010; Simon et al., 2011), using a Poisson link. 
State was treated as the independent unit of observation. We term the selected 
variables from this algorithm the “lasso set”. The lasso variable selection process was 
employed because initial exploration of the data suggested that allowing for interactions 
and transformations would improve predictions, but we wanted to use a theoretically 
sound, objective method for selecting among variables that would minimize bias and 
overfitting. Model training was performed using the lasso set as predictors with a 
multilevel random effects regression, the Geographic and Multi-level Models for 
Environmental Public Health Indicators and Tracking (GAMEPHIT) program (Hughes, 
2013a), with a Poisson link. We term this model “GAMEPHITLasso”. Finally, we applied 
GAMEPHITLasso prediction equations to the 2000 U.S. census data to obtain the 
smoking and obesity predictions for counties (for evaluation purpose), ZIP codes and 
census tracts at each of the four quinquennia (1991-1995, 1996-2000, 2001-2005, and 
2006-2010). All analyses were implemented with the Revolution Analytics Enterprise 
Version 6.1.0 (Revolution Analytics, 2012) R platform (R Development Core Team, 
2012).  

For our prediction with GAMEPHIT, we clustered on county and state. We 
explored using both a two-level distance decay model and a two-level independent 
model. The distance decay model assumed a basic adjacency matrix to define 
neighboring state and county polygons. The independent model did not account for 
adjacency in the correlation structure, but still accounted for the correlation within 
cluster groups. Notably, random effects may only be estimated for areas with data; 
hence the random effect value was assumed to be 1 for counties that either did not 
meet our inclusion requirements or were not represented in the BRFSS samples. The 
theoretical framework and operational details for GAMEPHIT have been published 
elsewhere (Hughes, 2009; Hughes, 2013b; Ma, 1999; Ma et al., 2003). 

2.5 Sensitivity Analysis 

 We repeated the prediction process (with the exclusion of the variable selection 
procedure) with two additional variable sets and with a fixed effects generalized linear 
model (GLM) as a sensitivity analysis to arrive at the final six models presented here. All 
models used the log of the population (total BRFSS respondents per county) as an 
offset. As a control, we used a variable set (termed the “null set”), which consisted of a 
normally distributed noise term [0, 1] we randomly generated as a predictor variable, 
and the population offset, as a baseline worst-case prediction performance scenario. 
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We used a variable set (termed the “basic set”), which included the 10 original variables 
in their natural form and an ordinal variable for time period. Lastly, we used the lasso 
set described above in section 2.4 and forced the ordinal variable for time period. Age 
40-59; education of high school diploma, GED or some college (i.e., less than a 4-year 
college diploma); and White race were used respectively as the referents for the age, 
education and race categories. We term the GAMEPHIT models generated with the 
null, basic and lasso variable sets, GAMEPHITNull, GAMEPHITBasic, and 
GAMEPHITLasso. Likewise, we call the generalized linear models GLMNull, GLMBasic, 
and GLMLasso. 

We employed various metrics to assess prediction performance and compare 
models. We calculated the 10-fold cross-validated mean square error (MSE), which 
provides an unbiased estimate of the risk (i.e., smoking and obesity) of each model and 
out-of-sample performance, and the variance of the residuals. Additionally, the random 
effect variance was assessed to determine which fixed predictors had more predictive 
capacity. The residuals and random effect dispersion estimates helped us compare 
performance where we did have data. The county random effects of the three random 
effect models (i.e., GAMEPHIT) were compared to determine the change of the model’s 
reliance on the random effect versus the fixed effect parameters. This helped us 
understand whether the more complex lasso set offered an improvement over the basic 
and null sets. Finally we evaluated models by comparing the random effects variance 
(σ2), a measure of the residual variation for the state and county for the two-level 
models; and Moran’s I of the residuals (calculated using polygon contiguity), a measure 
of spatial autocorrelation. 

3. Results  

While we tested multiple iterations of the GAMEPHIT model, the two-level 
independent model was chosen because the distance decay models did not improve 
model performance. The lasso algorithm selected most of the terms (84 out of the 91) in 
the final variable space (the two-way interactions and log transformations with a 
correlation less than 0.9). The results for smoking and obesity follow the same pattern 
and are discussed jointly.  

3.1 Cross-Validated Mean Squared Errors & Variance of Residuals 

The cross-validated mean squared errors (MSEs) and the residual variances 
suggest that there is little difference between predictions from the fixed effects GLM and 
the two-level random effects model for out-of-sample regions. For example, the cross-
validated MSEs for GLMLasso and GAMEPHITLasso for smoking are 0.0019 and 
0.0018, respectively, and both are 0.0017 for obesity (i.e., GLM and GAMEPHIT 
perform comparably well for out of sample predictions; Table 1-2). For the two-thirds of 
counties covered by BRFSS, however, the random effects markedly improve prediction 
capacity of the fixed effects in the models (i.e., GAMEPHIT out-performs GLM) as 
evidenced by lower variance of the residuals, which is calculated for within-sample 
counties. Compared to GAMEPHITLasso, the variance of the residuals for GLMLasso is 
1.73 times greater for smoking and 1.30 times greater for obesity (Table 1-2).  

3.2 Random Effects and Spatial Autocorrelation 
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GAMEPHITLasso has the lowest random effects variance (σ2). Specifically, for 
smoking, GAMEPHITNull σ2 is 0.015 for state and 0.022 for county; GAMEPHITbasic σ2 

is 0.010 for both state and county; and GAMEPHITLasso σ2 is much smaller at 0.008 for 
state and 0.007 for county. For obesity, GAMEPHITNull σ2 is 0.016 for state and 0.025 
for county; GAMEPHITbasic σ2 is 0.004 for both state and county; and 
GAMEPHITLasso σ2 is 0.003 for both state and county. Therefore, GAMEPHITLasso 
relies much less on the random effects parameters and uses more of the structure of 
the logged and interacted terms to achieve prediction.  

Moran’s I of the residuals shows that spatial autocorrelation generally becomes 
smaller when more fixed effects are included. For smoking, Moran’s I of the residuals 
reduces from 0.340 for GLMBasic to 0.065 for GAMEPHITLasso; and for obesity, it 
reduces from 0.277 for GLMBasic to 0.029 for GAMEPHITLasso. Table 1-2 summarizes 
the values for all models. The observed diminution of Moran’s I signifies that the models 
are progressively eliminating more of the geographically structured error with the 
addition of fixed effects, which likely results in more reliable statistical inference. 

Table 1-2. Sensitivity Analyses (All Years) 

 Cross-Validated MSEs   Residual Variance 

Smoking Obesity   Smoking Obesity 

PREDICTORS GLM GAMEPHIT GLM GAMEPHIT GLM GAMEPHIT GLM GAMEPHIT

Null Set 0.0032 0.0031 0.0052 0.0052 0.0030 0.0015 0.0051 0.0025 

Basic Set 0.0020 0.0020 0.0017 0.0017 0.0020 0.0011 0.0017 0.0012 

Lasso Set 0.0019 0.0018 0.0017 0.0017 0.0018 0.0011 0.0016 0.0013 

     

Random Effects Variance (σ2)   Moran's I of the Residuals 

Smoking Obesity   Smoking Obesity 

PREDICTORS State County State County GLM GAMEPHIT GLM GAMEPHIT

Null Set 0.015 0.022 0.016 0.025 0.340 0.141 0.278 0.074 

Basic Set 0.010 0.010 0.004 0.004 0.189 0.070 0.116 0.024 

Lasso Set 0.008 0.007 0.003 0.003 0.114 0.065 0.071 0.029 

3.3 Distribution of Residuals and Random Effects 

The maps of the residuals and random effects further illustrate the effect of the 
different models on the prediction performance. For smoking and obesity, 
GAMEPHITLasso shrinks the random effects variance closer to the expectation of unity. 
Again, this suggests that GAMEPHITLasso relies less on the random effects for the 
prevalence predictions, which is critical for improved prediction performance in the 
census tracts and ZIP codes found in counties without BRFSS data. The maps of the 
residuals show that the residual spatial patterns become less pronounced with 
GAMEPHITLasso (Figures 1-2 & 1-3), reinforcing this model’s improved prediction 
performance.  
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Figure 1-2. Smoking Residuals 

     
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
GLMNull  
 
  
   
   
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
GAMEPHITLasso  
 
These maps display residuals of the most recent five-year period (1996-2000). The residual percentage can be interpreted as the 
actual error from the true rate expressed as percent of the population which smokes, i.e., actual county % who are smokers – 
predicted county % who are smokers. 
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Figure 1-3. Obese Residuals 
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  GAMEPHITLasso 
 
These maps display residuals of the most recent five-year period (1996-2000). The residual percentage can be interpreted as the 
actual error from the true rate expressed as percent of the population which is obese, i.e., actual county % obese – predicted 
county % obese. 
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Figure 1-4. Smoking and Obesity Census Tract Prevalence Predictions 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Smoking Quinq. 4 (2006-2010) 
 
  

 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 Obesity Quinq. 4 (2006-2010) 
 

These maps display the prevalence predictions for smoking and obesity quinquennia 4 (2006-2010).  
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Figure 1-5. Tract Level Smoking Prevalence Predictions 

A.  B.  

C.  D.  

These maps display tract level smoking predictions for Los Angeles County (A & C) and New York City Five Boroughs (B & D). 
Maps A & B are predictions for the first quinquennia (1991-1995) and C & D are for the most recent quinquennia (2006-2010). 
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Figure 1-6. Tract Level Obesity Prevalence Predictions 

A.  B.  

C.  D.  

These maps display tract level obesity  predictions for Los Angeles County (A & C) and New York City Five Boroughs (B & D). 
Maps A & B are predictions for the first quinquennia (1991-1995) and C & D are for the most recent quinquennia (2006-2010). 
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3.4 Comparing Smoking and Obesity Predictions 

Smoking and obesity predictions appear to perform very similarly in the final 
models (i.e., the GAMEPHIT two-level independent with the lasso selected terms 
predictions). The cross-validated mean squared errors and the variance of the residuals 
for the smoking prediction model appear to be nearly identical to those for obesity 
prediction. Some differences exist between the smoking and obesity models in their 
reliance on the random effects and the spatial autocorrelation of the residuals. As is 
evident by the random effects variance of the GAMEPHIT models and Moran’s I values 
for all models reported in Table 1-2, the obesity models have lower values, inferring that 
the obesity predictions have more explained geographical variation and less geographic 
structure in the prediction error compared to smoking. 

3.5 Final Predictions Using Census Data 

We display the results of our predictions in Figures 1-4, 1-5 and 1-6. Figure 1-4 
demonstrates the prevalence of the fourth quinquennia census tract predictions. Figures 
1-5 and 1-6 demonstrate the tract level predictions for smoking and obesity, 
respectively, using Los Angeles County and New York City County (the Five Boroughs 
region) as local examples. 

Notably, while predicting out-of-sample using BRFSS data for the sensitivity 
analysis, all predictions were within the BRFSS measured prevalence ranges for both 
smoking (0.00%-52.08%) and obesity (1.96%-51.28%). In the final predictions with 
census data as an input, our models predicted a relatively small number of prevalence 
values that were out of the observed ranges, some of which exceed 1 (i.e., ≥ 100%). 
Predictions ≥1 were few and were at ZIP code and census tract levels. For smoking, we 
observed no out-of-range prevalence predictions for counties; however we observed 
out-of-range prevalence predictions for 0.17% of ZIP codes (0.04% had prevalence ≥1) 
and 0.18% of census tracts (0.06% had prevalence ≥1). For obesity, only 15 counties 
had prevalence predictions that were out-of-range; 1.75% of ZIP codes (0.12% had 
prevalence ≥ 1); and 5.64% of census tracts (0.28% had prevalence ≥1). 

Figure 1-7 displays the prevalence predictions for county-quinquennia with 2000 
U.S. census data and predictions with BRFSS data to the observed prevalence in the 
BRFSS dataset for visual comparison. There is better agreement between observed 
BRFSS prevalence and BRFSS-based predictions than observed BRFSS prevalence 
and census-based predictions. This is expected given that for the former, the 
prevalence predictions are developed by training the models and predicting the 
prevalence with the same BRFSS data. Moreover, the BRFSS county-level estimates 
(the observed proportions) and underlying population sampling is not necessarily 
representative of the population, which may explain differences in prevalence 
predictions between the census-based and BRFSS-based predictions. For example, 
White respondents represented nearly 80% of participants for the fourth quinquennia, 
and older respondents represented 45% of the sample (Table 1-1), in contrast to 70% 
and 22%, respectively, in the 2000 census. Despite these differences between the 
BRFSS sample and the census, Figure 1-8, which compares the prevalence predictions 
for county-quinquennia with 2000 U.S. census data to predictions with BRFSS data, 
demonstrates good agreement between predictions based on the original data and 
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those with census data, supporting the premise that census-based predictions can give 
us reasonable estimates. 

Figure 1-7. Smooth Scatter Plots of Observed on Predicted 

The smoothed scatter plots show the agreement between the predictions and observed BRFSS county prevalence for smoking
and obesity. There is better agreement between observed BRFSS prevalence and BRFSS-based predictions than observed 
BRFSS prevalence and census-based predictions. This is expected given that for the former, the prevalence predictions are
developed by training the models and predicting the prevalence with the same BRFSS data. The BRFSS county-level estimates 
(the observed proportions) and underlying population sampling is not necessarily representative of the population, which explains 
differences in prevalence predictions between the census-based and BRFSS-based predictions. Finally, these plots further 
demonstrate the better performance of the obesity model compared to the smoking model. 
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Figure 1-8. Smooth Scatter Plots of Predicted on Predicted 

The smoothed scatter plots show the agreement between the BRFSS-based predictions and the Census-based predictions for 
smoking and obesity prevalence. We see better agreement between the two obesity predictions than the two smoking 
predictions. 

 

4. Discussion  

  Smoking and obesity are major public health problems that will likely persist for 
decades to come. In addition to their own negative impacts on population health, these 
problems may hinder our ability to understand the effects of other exposures on 
important health outcomes because they are confounders that relate simultaneously to 
the same health outcomes and exposures. While current and future national studies and 
surveillance systems should ideally include smoking and BMI at finer spatial resolution, 
where those data are not available, using ecologic estimates of these risk factors may 
still be informative and useful for controlling for likely confounding influences.  

Our model estimates follow expected geographic patterns based on prior 
knowledge of smoking and obesity rate distribution (CDC, 2012; CDC, 2013d). 
Comparing our model predictions to measured rates based on the 10-fold cross-
validated mean squared errors and the variance of the residuals, we can see that the 
predictions are performing well. As expected, predictions are best for areas with the 
most BRFSS survey participants and regions with smoking and obesity prevalence 
closest to the mean. Areas with particularly low or high prevalence on average had 
worse predictions (analysis not shown here). Nevertheless, the majority of the error is 
within two percent of observed in regions with BRFSS data (61.7% for smoking and 
59.0% for obesity). We also eliminated the spatial autocorrelation in the errors, 
suggesting reduced likelihood of residual confounding in the models. This is evident 
visually in the maps in Figures 1-2 and 1-3 and the Moran’s I statistics reported in Table 
1-2. The models are able to capture marked spatial variability as we scale our 
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predictions to ZIP code and census tract levels as is evident in Figures 1-4 through 1-6. 
For example, within Los Angeles County, the socioeconomically disadvantaged tracts 
clustered in South Central and East Los Angeles and Santa Clarita show higher 
prevalence of obesity in contrast to the Santa Monica and Malibu regions. 

While GAMEPHITbasic and GAMEPHITLasso models performed similarly, the 
reduced dependence on the random effects offered by the lasso set is important for 
improved prediction in the regions without BRFSS data and potentially for the smaller 
areas. As it is not possible to estimate random effects in regions without data, the model 
effectively becomes a fixed effect prediction for those areas based on the census 
characteristics. Consequently, we attempted to reduce the random effects variance to 
as close to zero to improve the out of area predictions for the small areas. 

Interestingly, while the estimates appear to perform similarly for smoking and 
obesity, there are differences in the σ2, random effects and Moran’s I values. For all 
statistics, the obesity values are lower than the smoking values, including the null 
models. The difference can also be seen from the observed on predicted smooth scatter 
plots shown in figures 1-7 and 1-8. This suggests that (1) there may be more 
geographic structure to smoking behavior that could not be represented with fixed 
predictors, and (2) there might be a stronger ecologic level association between 
socioeconomic factors and obesity than socioeconomic factors and smoking, or (3) 
some combination of both. 

The unique contribution here is the development of small-area predictions for 
census tracts and ZIP code areas. While understanding the broad spatial patterns of 
smoking and obesity at the county scale is useful and, to the limited extent mentioned 
above, has been attempted with Bayesian methods, these large-area predictions may 
mask smaller-area variations in risk that are present in many regions. There may in fact 
be much greater variation over small neighborhood areas than between the large 
county units (Jerrett and Finkelstein, 2005). Moreover, county-level estimates will do 
little to support public health tracking at the neighborhood scale, which has proven to be 
a critical determinant of behavior-related risk factors such as smoking, diet, physical 
activity, etc. (Black and Macinko, 2008; Galea et al., 2007; Halonen et al., 2012; 
Stafford et al., 2010; Turrell et al., 2010; Virtanen et al., 2007). Our small-area 
predictions thus create a resource for Environmental Public Health Tracking that is 
novel, with potentially high utility. 

4.1 Other Local Area Estimates of Risk Factors 

The CDC developed national predictive models for obesity, diabetes and physical 
inactivity at the county level (using BRFSS and NHIS data) but these are limited to the 
years 2004-2009 (Cadwell et al., 2010; CDC, 2009b; CDC, 2013b). Raghunathan et al. 
(2007) developed smoking period estimates for 1997-2000 and 2001-2003, available 
from the National Cancer Institute (National Cancer Institute, 2013a; Raghunathan et 
al., 2007). Both of these efforts rely on Bayesian multilevel models to predict at the 
county level. Organizations have also developed rates directly from data sources. For 
example, County Health Rankings and Roadmaps uses BRFSS data aggregated over 
seven-year periods (e.g. 2002-2008 for 2010 and 2001-2009 for 2011) to provide 
population-weighted county-level rates by year from 2010-2013 (University of Wisconsin 
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Population Health Institute, 2013). Furthermore, County Health Rankings has missing 
prevalence information where BRFSS data is not available, and estimates could be 
unstable due to counties with small sample sizes and BRFSS not being representative 
at this scale. Other available modeled county estimates are restricted to state coverage.  

Since the NCI and CDC predictions cover different periods and use different 
methods to our predictions and the true rates are unknown, it is not possible to 
determine which estimates are better. With the growing availability of linked data 
systems and movement toward electronic records, other systems are becoming 
available for risk surveillance. For example, the state of Oregon has recently developed 
obesity estimates using Department of Motor Vehicle records for height and weight data 
(Morris, Schubert et al. 2013). These data systems, however, are limited to state-by-
state development without a centralized data repository. 

This lack of smoking and obesity data is not unique to the U.S. Recognizing 
limitations in currently available data, others have recently developed individual level 
age and sex specific predictive models for smoking status in Canada using the 
2000/2001 Canadian Census Long Form and 1991 Census Long From linked to the 
Canadian Cancer Registry (Sanmartin, Finès et al. 2013). Similarly linked individual 
health census data do not exist in the U.S., and thus a comparable model has not been 
developed for this country.  

4.2 Limitations  

Our prediction presents an improvement on currently available data but has 
limitations. Both out-of-area predictions and regions with high or low rates show less 
stability. Additionally, due to low sample sizes in some counties, we had to collapse the 
data into five-year epochs. Reducing the temporal resolution limits the applicability of 
the estimates to the periods covered, a limitation shared by other attempts mentioned 
above.  

Our analysis is limited by the quality and availability of existing data. The highest 
geographic detail BRFSS offers for its individual data is the person’s county of 
residence.  Additionally, self-report bias in BRFSS is well documented for height and 
weight, with women underreporting weight, both men and women overreporting height 
and the extent varies by race and gender (Jain, 2010).  This results in an 
underestimation of obesity rates, which differs by gender and across demographic 
groups (Yun et al., 2005). Since the reporting bias is unsystematic, we did not adjust for 
weight and height in our obesity estimates. Secondly, BRFSS only has data available 
for approximately two-thirds of the counties for more recent years, and much lower 
participation in the earlier years (e.g., 591 counties for the 1991-1995 quinquennia) of 
the survey. This presents a problem for the prediction given that the middle of the 
country has pervasive missing data. These counties may have intrinsic differences from 
the participating counties in terms of funding, social norms and other factors that may 
also be related to behaviors and health outcomes. The use of census 2000 data also 
poses a limitation since we predict all four epochs from 1991-2010 assuming a fixed 
population distribution. Increasing diversity (namely in the Hispanic population) and 
socioeconomic disparities over the 20-year period, could bias both the obesity and 
smoking estimates. A potential future improvement can be achieved using census data 
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from each of the epochs. 

On the spatial scale, we inherently assumed that the relationships observed at 
the county would be similar to those within a given county. This assumption could be 
incorrect; however, we have no access to data at the finer scales with which to judge 
the possibility that the relationships represented in the predictors would not hold for 
smaller areas. Our examination of the examples from Los Angeles and New York City 
revealed plausible spatial patterns that link well to what would be expected in different 
neighborhoods based on sociodemographic characteristics as well as smoking and 
obesity prevalence data.  

 Validation of our estimates with external data was beyond the scope of this 
paper, but is an important next step. If local population data are available from special 
studies that oversample in small areas to achieve representativeness, these can be 
compared at finer scales. 

5. Conclusions 

Obtaining a better understanding of the geography of risk by identifying areas 
with higher risks of smoking and obesity may focus local efforts to implement policies 
and programs to reduce these two critical risk factors. Furthermore, this study 
contributes to the field by providing local estimates that can be used as ecologic level 
controls to reduce potential confounding of health outcomes related to smoking and 
obesity. 

The work here demonstrates that with variables limited to those available on the 
census, we were able to estimate ecologic smoking and obesity prevalence with good 
prediction accuracy, which will inform public health tracking. This is the first study to use 
a random effects model and census data to predict these two important confounders, to 
develop estimates for such a broad time period (1991-2010) and provide estimates 
down to the ZIP code and census tract levels. These findings may contribute to 
improved understanding of risk factors and confounders over small areas.  
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CHAPTER 2.THE CALIFORNIA PUBLIC SCHOOL ENVIRONMENT 

This second chapter of the dissertation focuses on understanding the 
environment within and around California’s public schools and current data collection 
systems available for this purpose.  Specifically, this chapter summarizes school 
neighborhood environmental and social attributes that may have an effect on childhood 
obesity. As part of this analysis, there were two major goals: (1) evaluate the data 
available for the state of California that can describe the within-school and school-
neighborhood environment; and (2) create a social and physical environment 
descriptive dataset for all of the public schools in California.   

Summary  

Background: Overweight and obesity have reached pandemic proportions over 
the past three decades (World Health Organization 2004).  Previous research links 
numerous built environment factors with overweight and obesity in adults, but relatively 
few studies have examined their effects on children, and none have looked 
comprehensively at the influence of the school environment.  Given that exposure to 
risk factors for overweight and obesity begins early in life and that children spend a 
significant portion of their formative years in school, the school and its surrounding 
environment are an important setting for overweight and obesity prevention (Dietz and 
Gortmaker 2001).   

Objectives: To generate a multi-scale database of within school and school 
neighborhood socio-physical environments for California’s public schools. 

Methods: We obtained a comprehensive set of socio-physical data from 2003-
2007 from numerous publicly available sources including the California Department of 
Education (CDE), the U.S. Census Bureau and the U.S. Geological Survey (USGS). 
These were processed with ArcMap and other Geographic Information Systems (GIS) 
tools to join spatially to California’s public schools. Additionally, we obtained individual 
level weight and height data from the CDE Physical Fitness Test (PFT) for the same 
time period.  

Results: We characterized the school environment at the county, ZIP code, 
census tract, immediate neighborhood and within school levels for nearly 7,000 public 
schools. We applied these data to approximately five million individual PFT results for 
5th, 7th and 9th graders. 

Conclusions: To our knowledge the characterization of school data at this level of 
detail and scale has never been achieved before.  Our dataset could have significant 
utility for public health surveillance and school-based childhood health studies and 
interventions.  
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1. Background 

Prevention of childhood overweight and obesity has taken the national spotlight 
due to increasing rates of these outcomes at earlier ages and increasing awareness of 
their negative long-term health impacts (Institute of Medicine 2012).  Risks of chronic 
excess adiposity include serious diseases such as cancer, asthma, cardiovascular 
disease, type II diabetes, hypertension, and depression (Centers for Disease Control 
and Prevention 2009) with important consequences to individual and population 
wellbeing (excess adiposity is classified into overweight and obesity, categories of 
heightened BMI which pose health risks).   

A growing body of literature provides evidence that the environment plays an 
influential role on oweverweight and obesity, suggesting that environmental changes 
are critical to prevent it.  In particular, we are interested in pervasive, modifiable factors.  

The recent Institute of Medicine (IOM) report on childhood obesity targets 
schools as a primary environment for obesity prevention, suggesting as a goal that 
schools be made a national focal point for prevention efforts (Institute of Medicine 
2012). Schools are exceptional locations to study environmental determinants of obesity 
and to implement preventive interventions for numerous reasons (Dietz and Gortmaker 
2001; Probart, McDonnell et al. 2007; Zenzen and Kridli 2009), including: (1) children 
spend their formative years in schools where many habits related to nutrition and 
physical activity are formed; (2) while individual data can be difficult and costly to 
collect, schools routinely survey their students; (3) there are opportunities for preventive 
measures unique to the controlled school setting; (4) the school’s neighborhood is an 
important built environment to which children are routinely exposed. 

Despite the need for understanding the school-weight status (i.e., underweight, 
normal, overweight, obese, or morbidly obese) relationship, existing studies have limited 
geographic scope or limited availability of exposure and control variables.  This is due to 
a combination of the cost of collecting data at this scale, the lack of readily available 
data, limitations of computing power, and inability of software to handle such large data. 

States have varying levels of exposure and outcome data resolution and scope. 
California is one of the states with the most comprehensive publicly available school 
and environment data with relatable ID codes, albeit burdensome to compile and join.  
As of 2010 California was one of 20 states with mandatory yearly Physical Fitness Test 
(PFT) application (Linchey and Madsen 2011) in its public schools.  With 8,526 regular 
schools (i.e., excluding special, vocational, and alternative education) operating for 
academic year 2010-11, it has the greatest number of school of any state, followed by 
Texas with 7,635, and New York with 4,576 (National Center for Education Statistics 
2012). Unfortunately, the lack of data collection, uniformity and availability across 
states, makes it impractical to carry out a study such as this one at a national level. 
Combined with its diversity of races, cultures, education, wealth, employment, climate, 
terrain, flora, and city structures, California presents a unique opportunity for studying 
the relationship between the school environment and health.  

A comprehensive California-wide geospatial system was developed for within 
school environments and school neighborhood environments.  
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2. Methods 

This research was conducted under the auspices of the Berkeley Center for 
Environmental Public Health Tracking (BCEPHT) and the Geographic Information 
Science Health and Exposure Assessment Lab (GIS-HEAL) at the University of 
California Berkeley, School of Public Health.    

2.1 The Environmental Exposure and Childhood Obesity Pathway 

Two major determinants of weight status are caloric consumption (i.e., diet) and 
energy expenditure (i.e., physical activity, resting metabolic rate, and thermic effect of 
food).  Jerrett et al. emphasize three primary variables of influence on dietary behavior: 
family, school, and built environment (Jerrett, McConnell et al. 2010).  Only school and 
built environment data are available for this study.  Physical activity is influenced 
through a number of direct and indirect built environment pathways and through 
institutional requirements within the school setting.  Jerrett et al., (Jerrett, McConnell et 
al. 2010) describe the pathway to obesity as is summarized by Appendix Item 2-I.   

2.2 Dependent Variables: CDE PFT—BMI & Fitness Score  

The State of California requires by law the yearly testing of all 5th, 7th, and 9th 
graders in the state’s public schools and maintains a database of the results through the 
California Department of Education (CDE).  This yearly test is called the Physical 
Fitness Test (PFT) and is standardized through an official battery of tests called the 
FITNESSGRAM®.  The fitness score is the sum of the number of FITNESSGRAM® 
tests (out of a total of 6) passed at a satisfactory level or better by the individual.  The 
six tests are described in detail in Appendix Item III. BMI (and weight and height) is the 
most prevalent measure of the body composition FITNESSGRAM® components and is 
the outcome used in the current analysis. The other fitness score components are 
known to have collection and measurement bias, and its study is beyond the scope of 
this analysis. 

BMI (kilograms/meters2), also known as Quetelet Index, is an index of body 
composition defined as an individual’s weight divided by the square of their height.  It 
has been demonstrated that BMI provides a valid estimate of adiposity.  Gallagher 
showed that BMI is highly correlated with percent body fat (Gallagher, Visser et al. 
1996).  Additionally, it has been demonstrated that BMI is highly correlated with risk 
factors for obesity related diseases (Hu 2008) as well as biomarkers of adiposity, such 
as high leptin levels (Jurimae, Sudi et al. 2003).  

The PFT results have been obtained from the CDE in electronic database format 
from 2003-2007.  The aggregate total of unique schools in this dataset from 2003 to 
2007 with data available is 8,095.  However, a fraction of those schools have closed or 
merged since 2003, and new schools have opened in more recent years.  The dataset 
is comprised of 1.1 million unique student fields in 2003 and increases to 1.4 million 
unique student fields for 2007.  Appendix Item 2-IV displays a detailed table of 
participants by county, gender, grade, and race for these two years.  The analysis was 
restricted to these years because reliable data before 2003 could not be provided for us 
by the CDE and it has taken several years from when we were able to obtain the PFT 
data to develop all of the corresponding covariates and perform the analysis. 
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2.3 Dependent Variable: Body Composition 

Schools are allowed to choose between three methods—caliper test, bioelectric 
impedance, and BMI—to measure and report body composition (the three methods are 
described in detail in the Appendix Item 2-III). The most common method used by the 
schools is BMI, reported in approximately 85% of the entries, compared to 6% for other 
methods with the remaining entries lacking measures of body composition.    

BMI was recalculated from the available height and weight data in the PFT data 
file. Data were cleaned to exclude entries with missing and outlier data.  A full summary 
on the first pass of data exclusion is summarized in Table 2-2.  Data were further 
excluded based on missing independent variables.  Covariate-based exclusions are 
described below. 

2.4 Defining Childhood Overweight and Obesity 

Childhood overweight and obesity is defined for children and adolescents aged 
2-19 years based on the 2000 CDC Growth Charts comparing the BMI-for-age 
percentile ranking.  The ranking compares the child’s BMI to the distribution of BMI 
scores of children of a reference population by age and gender.  Overweight is defined 
as having a BMI at or above the 85th and below the 95th percentile; obesity is defined as 
having a BMI at or above the 95th percentile (Centers for Disease Control and 
Prevention 2009). 

2.5 Lynch Framework 

Recent research on childhood obesity and the built environment (Jerrett, 
McConnell et al. 2010) has used Lynch’s elements of the built environment (Lynch 
1960).  This framework also informs the development of the multilevel model we used to 
assess the associations between neighborhood variables and child obesity.  As 
described by Jerrett et al. (Jerrett, McConnell et al. 2010), this framework is comprised 
of five unique elements by which the built environment may be characterized: paths, 
nodes, edges, districts and landmarks.  Paths are links connecting different locations.  
Nodes refer to point locations and include restaurants, schools, parks, and any other 
neighborhood item that may be defined by a single point.  Edges define the boundary of 
a district.  A district is a neighborhood or zone that is uniquely defined through its design 
and composition.  Lastly, landmarks are unique locations that help an individual 
navigate the space—these will not be used in the model.  A summary of variables 
obtained or generated for this study may be found in the Table 2-1.  Table 2-1 
summarizes the framework and provides examples of variables in each category. 

2.6 Environmental Variables 

Environmental attribute variables for this study (e.g. greenness, connectivity, land 
use, and food venue density) were obtained and  calculated at all scales (school 
neighborhood, tract, and county) unless otherwise specified. All spatial operations were 
computed in ArcGIS 10 (Redlands, CA).  A summary of the variables and their source 
can be found in Appendix Item 2-V. All analyses were performed in the California Albers 
NAD83 projection available from ArcMap. 
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The primary street shapefile used was the 2006 ESRI Business Analysis road 
network. For the network-based buffer (computed using ESRI’s ArcGIS Network Analyst 
10 extension), all limited access highways and sea routes (Federal Communications 
Commission codes A11, A12, A15, A16 A17, A63, A65, A66, A69) were deleted from the 
line file, assuming all remaining streets segments were accessible (albeit not 
necessarily safe) to pedestrians.   

The polygon shapefiles for census tracts, counties and ZIP codes were all 
obtained from ESRIs 2006 Business Analyst package.  The Census 2000 Places (i.e., 
cities) shapefile was downloaded from Cal-Atlas Geospatial Clearinghouse (Cal-Atlas 
Geospatial Clearinghouse 2008). Vector variables were intersected or spatially joined to 
obtain location specific attributes.  Raster variables were assigned using a combination 
of Zonal Statistics and Neighborhood Statistics of the Spatial Analyst ArcGIS 10 
extension. Specific Details of each variable can be found in Appendix Item 2-V. 

Table 2-1. Neighborhood Built Environment 

Lynch Framework Variable Examples Operationalized 

Paths 
Connectivity 

Gamma Index 
Total neighborhood street network length 
Ratio of network based neighborhood area to Euclidean buffer area 

Road Type Major versus minor/local roads, average speed 

Nodes 
School Nodes 

Addresses from California Department of Education geocoded w/ 
TeleAtlas Road Network 

Unhealthy Food Nodes 
InfoUSA detailed business data or California Department of Public Health 
Network for a Healthy California (fast food) 

Edges 

School Neighborhood Boundary Network based and buffer based neighborhood at different radii 
County & Tract Boundary Census boundary data 
School District Boundary California Spatial Information Library 
Major Roads TeleAtlas road lengths 
Connectivity between units Sinuosity, block size 

Districts 

Crime Crime rate within network defined neighborhood – FBI database 
Traffic Collisions Collision rate (SWITRS) – obtained from UCB Traffic Safety Center 
Traffic Air Pollution From Dr. Jerrett (personal communication) – ARB Project 
Traffic Density Dynamap 
Income ESRI Bis Analyst Data (Census Tract and County) 
Unemployment ESRI Bis Analyst Data (Census Tract and County) 
Poverty  ESRI Bis Analyst Data (Census Tract and County) 
Ethnic Diversity Index ESRI Bis Analyst Data (Census Tract and County) 
Education ESRI Bis Analyst Data (Census Tract and County) 
Land Use Type NLCD proportion of each land use type within buffer. 
Green Cover NDVI Area Greenness (0 to 1 Index) 
Population Density Population per square mile 

Variables Organized under the Lynch Framework; Modified from Jerrett (Personal Communication). 

Gamma Index: The ratio of the number of circuits existing in a neighborhood to the maximum number of circuits that can be formed by 
the number of nodes in that neighborhood. Alpha is given by [(#links - #nodes)+1]/[2*(#nodes)-5] 
Sinuosity: The ratio of the shortest distance between two nodes to their distance along the street network. 
NDVI: Normalized Difference Vegetation Index, a measure of live, green vegetative cover. 

2.6.1 Individual (Level 1) Variables 

The variables available for this study that are typically needed to control for 
individual variability and avoid confounding are limited. Since it is not possible to relate 
individual PFT data to other individual data, the only variables that can be assigned to 
individuals are those that are part of the PFT assessment and questionnaire. These 
include gender, age and race. Area-level variables that represent social conditions can 
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partially compensate for this lack of individual control for confounding.   

2.6.2 School Environment (Level 2) Variables 

Within the school, there are numerous factors influencing diet and physical 
activity, which include curriculum, policies, and services (Dietz and Gortmaker 2001); 
however, information on many of these factors was not available. The primary variables 
used include number of physical education (PE) teachers, school size, and those listed 
in Table 2-4 obtained from the CDE. Level 2 variables also include neighborhood 
attributes such as food density and street connectivity, also summarized in the Table 2-
4. Additionally, there are variables available to adjust for social characteristics such as 
ethnicity, academic performance index scores (API), and mean level of parental 
education (from API dataset).  These variables were primarily available from two 
datasets from the CDE database: (1) the California Basic Education Data System (both 
the Professional Assignment Information Form and School Information Form; CBEDS-
PAIF & CBEDS-SIF); and (2) the Academic Performance Index Base (API-Base).  

The within-school variables were joined using a combination of Microsoft Excel, 
STATA, and R, through the standard county-district-school (CDS) 14 digit code.  All of 
these variables were checked for missing data.  The final dataset included only 
variables and schools with no missing data (see Table 2-2). 

The school neighborhood environment was defined as the area immediately 
around the school.  As other research has suggested (Saelens, Sallis et al. 2003; Frank, 
Andresen et al. 2004; Frank, Schmid et al. 2005; Moudon, Lee et al. 2006), the 
expected distance a person is willing to travel by foot is approximately 1,000 meters.  
However, it is thought that shorter distances may be appropriate for certain 
environmental variables. For this reason, a distance of 500 meters was also tested 
(Pikora, Bull et al. 2002; Moudon, Lee et al. 2006; Jerrett, McConnell et al. 2010).  
Where exposure to the environmental attribute of interest was restricted to or depended 
on the street network, a network-based buffer (the area accessible within a distance D 
following a defined street network) was used, and a Euclidean buffer (a.k.a. “as the 
crow flies”; the area within distance D defined by circle of radius D) was used otherwise.    

2.6.3 Neighborhood Built Environment, i.e., Census Tract and Place (Level 3) Variables 

Census tracts are typically small spatial units and in many cases comparable in 
size to the 1,000-meter network based polygon. Because of this, census tract spatial 
variables were not computed, as they would have been nearly identical to those of the 
school neighborhood.  Census tract was used for the purpose of generating socio-
economic variables.  Schools were intersected to the census tract shapefile, and 
assigned the census 2000 and 2006 business analyst population characteristics 
estimates. See Table 2-4 for the list of variables used. 

Place was used for the purpose of assigning crime to schools.  Crime was 
obtained through direct communication from the Federal Bureau of Investigation with 
place at the finest resolution available.  The place polygon shapefile was intersected 
spatially with schools to assign crime rates. 

2.6.4 County Environment (Level 4) Variables 
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In addition to the environmental attributes listed in Table 2-1 above, the socio-
economic variables used for census tracts were also used as covariates for the county 
level.   

2.7 Developing a GIS model  

The data available were in multiple formats, for the most part not standardized in 
coding format, and not standardized to spatial boundaries.  Event and place geolocation 
data have varying levels of accuracy and precision, and some do not exist with reliable 
geocoding.  For example, school geocoding embedded within the CDE database has 
not been validated, and analysis for this study demonstrated that some of the schools 
were incorrectly geocoded, and others have listed incorrect address information.  The 
data available required much cleaning and transformation prior to analysis. Specific 
details of all data cleaning and merging are provided below and summarized in Table 2-
2. Some of the data were not readily available for the study and were computed from 
third party data sources.  Table 2-4 summarizes each data group and source.  

2.7.1 Computing Overweight and Obesity from PFT Data Files & Data Exclusion 

Classification as overweight or obese was determined through a multi-step 
process from the PFT height and weight data.  

The PFT dataset had two weight columns, “weight1” and “weight2” in pounds.  
The “weight2” column had more completeness in the data—specifically, “weight1” had 
missing values for most rows, whereas “weight2” had entered values for most rows.  
Where rows had populated cells in both columns, cell entries for the same rows had 
identical values for both columns in most instances.  However, for some rows, the 
values did not match.  Both columns were merged into one column to reduce missing 
values. Since “weight2” had more completeness in the data, “weight1” values were only 
used when “weight2” values were missing.  At this point all rows with missing weight 
were dropped. Weight was converted from pounds (lb) to kilograms (kg) by multiplying 
the merged weight column by 0.45359237. 

Height in inches was converted to height in meters by multiplying the height in 
inches by 0.0254. Rows with missing height were dropped. Age was reported in years.  
Since exact age in months was not available, age was recalculated as (age-in-years * 
12) + 6.  This centered all ages to the half-year, assuming that reported age in years 
would always be rounded down. 

The weight, height, age and gender data was then processed through the CDC 
SAS Program for CDC Growth Charts (available from: 
http://www.cdc.gov/nccdphp/dnpao/growthcharts/resources/sas.htm), which determines 
percentiles, z-scores and biologically implausible flags for these data using the 2000 
CDC Growth Charts (Centers for Disease Control and Prevention 2011). Percentile 
defines the proportion of children of the same age and gender (based on the 2000 
growth charts) who have a lower measurement. The z-score indicates the number of 
standard deviations below (negative) or above (positive) the median based on a 
multiplicative (the LMS methodology) model. Biologically implausible values (BIV) are 
CDC-defined height, weight and BMI values for age and gender which are too low or too 
high to be possible automatically calculated through the SAS program. Three criteria 
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were used to eliminate outliers: (1) the CDC’s BIV values, (2) z-score (multiplicative), 
and (3) flag value (approximately linear z-score).  The more conservative exclusion (i.e., 
empirically preserved more data based on the PFT dataset) method was used for each 
computed value, except for the lower BMI cutoff point. The Harvard Growing Up Today 
Study (GUTS) has slightly more conservative exclusion criteria on height for age, using 
three standard deviations (SAS Code height-for-age z-score, HAZ) above and below the 
mean (Berkey, Rockett et al. 2005). For weight, the BIV cutoff points were used.  For 
BMI, the upper cutoff point used was BIV. The lower cutoff point was set to a slightly 
more conservative form of the GUTS criteria, using the “flag” value less than -3, which is 
comparable to a linear (versus multiplicative) z-score. The BMI flag score of -3 was 
used instead of the BIV-BMI flag score of -4 because the BIV score included BMI values 
less than 12, a biologic lower limit also used by GUTS (Berkey, Rockett et al. 2005).  
The flag value was used over the computed BMI z-score because it was more 
conservative.  For height values, BMI z-score is more conservative in this dataset.  The 
table below summarizes the excluded rows. 

Observations were also omitted if they were missing school code or BMI. Gender 
and grade data were 100% complete.  Subsequently, additional observations were 
omitted due to inconsistences found in the data or due to missing data from matched 
databases (e.g. API, see subsection 2.8.4).  Specifically, 53 schools were omitted due 
to mismatches in their CDS code county designation (first two digits of the CDS) and the 
county determined through the school street address. 

Table 2-2. Summary of Data Omission 
  Remaining Missing Crit Info Outliers Fewer than 10 

Year Students Schools Sch Code BMI Height Weight BMI BMI Low Students Schools*

2003 988,980 6,289 117,073 503 15,687 3,437 1,406 1,389 427 83

2004 1,041,849 6,563 125,093 354 15,426 3,629 1,368 1,428 501 86

2005 1,073,101 6,701 131,748 461 17,066 4,321 1,521 1,405 593 89

2006 1,084,839 6,844 135,236 466 15,260 4,210 1,438 1,302 582 98

2007 1,076,496 6,977 142,158 408 15,030 5,470 2,107 1,402 481 82
* Number of schools lost due to having fewer than 10 students after omitting missing or outlier data. All 
other omitted variable counts are in number of students lost. Height exclusion was based on height to 
age z-score (+/- 3); Weight and BMI exclusion was on CDC BIV; and BMI low on CDC Flag BMI < -3. 
Observations were dropped in the order presented in the table from left to right. 

2.7.2 School Geocoding 

There were no reliable school geocodes for California with a standardized 
matching CDS (county-district-school) code.  Available sources of geocodes included 
ESRI Business Analyst school points, which while spatially reliable (according to ESRI 
documentation), lacked a CDS attribute; and the “X” and “Y” fields of the downloadable 
school database from the California Department of Education, which were spatially 
unreliable. CDS code was critical for this project, since all other files from the CDE were 
relatable through this ID; without it, it would not have been possible to join the various 
data tables. The spatial inaccuracy of the x, y fields from the CDE dataset were 
confirmed by colleagues, Drs. Rachel Morello-Frosch and James L. Sadd, who have 
shared their geocoded schools shapefile for a subset of California and found numerous 
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locations not falling anywhere close to the true school location (Sadd and Morello-
Frosch 2009). We additionally performed a random audit of the geocodes overlaid with 
satellite imagery to confirm the geocoding problems. Due to the poor quality of the 
available geocodes and lack of joining attribute field, the school geolocations had to be 
recalculated for this project.   

In the process of geocoding, it was further determined that there were errors in 
the school addresses provided in the CDE school database.  When possible, as 
described below, the addresses were corrected.  Due to a large number of data entry 
errors and address misspecifications, the geocoding process required significant 
manual matching. 

The schools’ geolocations were established by geocoding school addresses 
obtained from the CDE using the Tele Atlas road network, which has exceptional 
accuracy (Wu, Funk et al. 2005), and then validated with satellite imagery where 
needed.  The addresses were standardized with September 2009 release of ZP4 by 
Semaphore Corporation (Pismo Beach, CA), and geocoded with the Business Analyst 
(ESRI Business Solutions, La Jolla, CA) geocoder.   

The schools file was obtained from the CDE website 
http://www.cde.ca.gov/ds/si/ds/pubschls.asp for the data file of all addresses which was 
last updated on November 2009.  After redacting unnecessary fields, the address files 
were standardized with ZP4 to geocode with Business Analyst. The geocoder settings 
were set as follows: Point Geocoder was set to 100%, i.e., 0 tolerance, and Street 
Geocoder was set to its standard setting. A 30-meter street offset for the Street 
Geocoder was added to account for the large size of a school and avoid boundary 
problems later on. All addresses not matching with a score of 100 for address point or 
street interpolation coding were manually matched. Manual matching included checking 
each address for typos, incorrect ZIP codes and incorrect street type designation (e.g. 
avenue versus street), as well as searching through satellite and street view imagery to 
find and confirm schools. 

The original file contained 16,124 total rows.  Certain entries were dropped 
because they were not relevant to our study or were missing data. These included 
entries without a school code (1,257) and the following school types: Adult Education 
(539), Special Ed (726), County Community (456), County Youth Authority (43), 
Opportunity (119), Juvenile Hall (Juvenile Court) (230), Other County Wide Programs 
(11), Continuation (750), Community Day (561), and State Special School (3).  
Additionally schools that were closed and not matched at 100 were deleted along with 
schools where geocoding was not possible (some of the addresses were incorrect, and 
we were unable to find the correct address even after a manual online search).  After all 
exclusions, 10,483 schools remained   

Since the file was created, errors in school location arising from errors in ESRIs 
Business Analyst geocoder have been found.  For example, one school was found 
where the Point Geocoder matched automatically to a score of 100, but the point was 
incorrectly located about 3 blocks away from the correct location. A second point was 
found where the school location was placed in the opposite side of the street.  While it 
was matched to a score of 100, the Street Geocoder even/odd number designation on 
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the street segment was swapped so that the school was incorrectly geocoded on the 
opposite street side.  Both of these errors were corrected.  Due to finding these two 
problems resulting from the Business Analyst geocoder, several more schools that were 
automatically matched to a score of 100 and not manually checked were randomly 
audited using the World Imagery satellite image layer from ESRI 
(http://www.arcgis.com/home/item.html?id=10df 2279f9684e4a9f6a7f08febac2a9).  No 
additional errors were found; however, it is possible that other automatically geocoded 
schools that were matched to a score of 100 are incorrectly situated due to errors in the 
Business Analyst geocoder point and line files. 

2.8 Data Sources 

Data were obtained from numerous sources as described below and assigned to 
schools as described below. We were able to obtain yearly data to match for each of the 
2003-2007 PFT data years for CDE and Crime data, but not for other environmental or 
census data. The best available data to us was point-in-time data for census variables, 
food venues, road network variables, NDVI, recreational facilities, land use, and traffic 
density; and used aggregate data over a time range for SWITRS and air pollution.   

2.8.1 California Department of Education Data 

Variables used for the creation of the tracking database were restricted to those 
available statewide.  Statewide variables that may have been missing due to non-
compliance were kept (such as lack of participation in the PFT or missing records on the 
number of full time equivalent PE instructors); variables missing due to programmatic 
reasons were excluded (for example the Children’s Health Study, which is restricted to 
southern California).  

Variables used for the analyses were restricted to those available to all of the 
schools for which we were able to obtain PFT data. There were some exceptions to this 
rule, where the variable was considered important and missing for only few schools (API 
base, teachers with full credentials, state rank, and parental education level).  In these 
instances, the schools missing the variable were excluded from the analysis instead of 
the variable. 

School level variables were categorized into within school environment and the 
school neighborhood environment.  The within school environment refers to attributes 
that make up and describe characteristics of its population, performance and services.  
The school neighborhood environment refers to the region in the immediate vicinity of 
the school.   

Presently, there is no statewide dataset that uniformly characterizes the physical 
environment. Within school variables were obtained from the CDE public database. 
These variables can be divided as follows: student and parental socio-demographic 
characteristics, academic performance, teacher employment type, and physical fitness. 
Data from the CDE were selected by searching through all available data via the Data 
Resource Guide Search (url: http://inet2.cde.ca.gov/dataresourceguide/).  All search 
parameters were left blank to return all available datasets.  The original search yielded 
over 300 potential databases (a search on November 2012 yielded 371).  All of these 
were reviewed for potential use based first on the details in the spreadsheets provided 
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by the query results, and secondly by visiting the linked webpages where the data were 
housed for additional information on the availability and relevance to this study.  

In the initial screening, we considered the availability of the data for the years of 
interest (2003-2007), availability at the school level, and relevance to children (e.g., 
there are data for adult education). Where more than one database result was returned 
for the same data source—that is, the datasets originated from the same source and 
were sections of the same database—only one was kept for secondary screening. The 
Academic Performance Index (API) database is one such example. However, if the links 
for the same dataset were different or could potentially be different data, both were kept 
for further evaluation in the secondary screening. The initial screening reduced the 
potential database sources to 28. Ultimately, only three sources of data were used: 
California Basic Education Data System Professional Assignment Information Form 
(CBEDS-PAIF), California Basic Information Education Data System School Information 
Form (CBEDS-SIF), and the API. 

These three databases contained the most comprehensive data that described 
students’ performance and socioeconomic status. These included data that were part of 
other datasets. Using these three datasets reduced the amount of merging and cleaning 
required. For example, Information such as Free or Reduced Lunch Program, which can 
be downloaded as an independent data file, was present in the API database.   

2.8.1.1 The California Basic Education Data System (CBEDS) Datasets 

The California Basic Education Data System (CBEDS) is a yearly collection of 
school-level data characterizing student and staff demographics, including teacher 
hires, racial composition, and student participation (California Department of Education 
2013).  Since 2009, the CBEDS PAIF and SIF data have been collected through the 
California Longitudinal Pupil Achievement Data System (CALPADS), a new system 
developed to meet the No Child Left Behind reporting requirements.  However, the 
CBEDS data files are still produced using CALPADS. 

Variables used from CBEDS-SIF include race, school total enrollment, and 
enrollment by grade for 5th, 7th and 9th grades. CBEDS-PAIF was critical for obtaining 
PE instructor data and PE enrollment (the number of students participating in a PE 
class).  PE instructors include a number of code designations within the PAIF data that 
include all of the 2,500 code series. The sum of all of these instructor codes was used 
as the count of PE instructors for the school.  The sum of male and female enrollees for 
all of the 2,500 series codes was used to determine student PE course enrollment. PE 
participation was determined by dividing PE enrollment by total enrollment by school by 
year. 

2.8.1.2 Academic Performance Index (API) Dataset 

The Academic Performance Index (API) is a summary number ranging from 200-
1000 that averages the score of multiple statewide student tests. These include the 
California Standards Tests (CSTs; English-language arts, mathematics, history-social 
science, and science), the California Modified Assessment (CMA) tests (English-
language arts, mathematics, and science), the California Alternate Performance 
Assessment (CAPA) tests (English-language arts and mathematics, and science), and 
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the California High School Exit Examination (CAHSEE). The average of all student APIs 
is given to the school as the school level API and reported in the API dataset. 

The API dataset includes a comprehensive set of school variables and the API 
score. The API variables merged to the school dataset include race, parental education 
level, percent of students from socially disadvantaged background, percent of students 
who are English learners, percent of teachers with full credentials, school characteristic 
index (API adjusted by demographic characteristics of the school for comparison to 
similar schools), state rank, similarity rank (API rank within similar schools), if the school 
was a year-round school, and percent of students participating in the Free or Reduced 
Meals (FRPM) program. While FRPM data is available from the Free/Reduced Meals 
Program & CalWORKS Data Files (California Department of Education 2013), we opted 
to use FRMP data available from the API dataset for consistency with other variables.  
A full description of all the variables and indices comprising the API dataset can be 
found at the CDE API homepage (California Department of Education 2013). 

2.8.2 Normalized Difference Vegetation Index (NDVI) 

The normalized difference vegetation index is a marker for live green vegetative 
cover and is based on the difference of reflectivity of the near-infrared (NIR) and visible 
red light (VR) spectrums due to differences in absorption by live vegetation.  It is 
calculated by comparing different wavelengths of light captured through remote sensing 
(satellite imagery).  Specifically, it is calculated by the difference of the NIR and VR 
spectrums divided by the sum of the two: (NIR-VR)/(NIR+VR).   

We obtained NIR and VR from publicly available raster tile images from the U.S. 
Geological Survey’s Landsat imagery archive for all of California at a 1 Arc second 
(about 30 meters in California) resolution. These are available from: 
http://landsat.usgs.gov/Landsat_Search_and_Download.php. For each spectrum, the 
mosaics were merged and then processed through ArcMap’s spatial calculator to 
compute the fraction of absorbed near infrared light, i.e., NDVI. The California NDVI 
raster was developed with a summer-centered time (July, August and September). 
Though we focused on data for year 2000, it crossed several years before and after 
2000, based on data availability for a certain tile. All the tiles were guaranteed a cloud 
cover of 0% for creating the NDVI surface. Seams were used in mosaicking merged 
tiles, and mean function was used in those overlapping areas. 

Using the standard equation, NDVI ranges from -1 to 1, with -1 meaning no live 
vegetation and 1 being all live vegetation cover.  To improve interpretability, NDVI was 
rescaled from 0 to 1 by taking NDVI = (NDVI + 1)/2. Given that water and its waves are 
subject to reflection, which varies depending on angle of the sun, NDVI values for water 
vary significantly.  After standardizing NDVI from 0 to 1, all water regions were set to 0 
using a water polygon shapefile obtained from California’s public shapefile repository, 
CalAtlas (Cal-Atlas Geospatial Clearinghouse 2008). 

NDVI was assigned to schools using the following process.  Neighborhood 
statistics were applied to the NDVI raster to create new rasters where each cell value 
was recalculated to be the mean NDVI within 500-meter and 1,000-meter radii. Using 
the new rasters, each school was assigned the mean NDVI value of the cell it 
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overlapped.  

NDVI for counties was obtained using zonal statistics.  For each county, the 
mean, minimum, maximum, and standard deviation of NDVI was calculated using all of 
the raster cells falling within the boundary (if the cell centroid fell within or overlapped) of 
each county polygon.  County polygons were obtained from ESRI’s Business Analyst. 

2.8.3 Air Pollution 

A California Air Resources Board (ARB) funded project was used to estimate air 
pollution levels around all of the California public schools.  This ambient air pollution 
model estimates nitrogen dioxide (NO2), particulate matter with aerodynamic diameter ≤ 
10 µm (PM10) and particulate matter with aerodynamic diameter ≤ 2.5 µm (PM2.5) with a 
land use regression (LUR) model (Beckerman, Jerrett et al. 2013; Jerrett 2011) 
Additionally, Dr. Jerrett and colleagues have compiled traffic density (traffic per unit 
area) data for the state of California which they have also shared and these data have 
been applied to schools using a network based buffer as described for the level 2 
variables above—a detailed description of the traffic density model methodology can be 
found in Jerrett et al.(2010) (Jerrett, McConnell et al. 2010). 

Air pollution assignments are in parts per billion (ppb) for NO2 and micrograms 
per cubic meter (ug/m3) for PM2.5 and PM10. Predictions are based on multi-year 
concentration averages centered on the year 2000. The assignment model used a 
Deletion and Substitution Algorithm (DSA) to model these pollutant concentrations 
measured from governmental monitoring sites. The geocoded school point shapefile 
was used for receptors to derive pollutant concentrations. More details on the air 
pollution prediction project can be found at the California Environmental Protection 
Agency Air Resources Board webpage http://www.arb.ca.gov/research/single-
project.php?row_id=64805%20 (Jerrett 2011). 

2.8.4 Land Use: NLCD 

Land use was assigned using coverage shapefiles from the Multi-Resolution 
Land Characteristics Consortium (MRLC) 2006 National Land Cover Database (NLCD) 
(Fry, Xian et al. 2011).  It provides a 30-meter spatial resolution raster with a 16-class 
land cover classification scheme based on Landsat Enhanced Thematic Mapper 
satellite data. The 16 classification schemes were aggregated into nine categories 
based on similarity as displayed in Table 2-3 below. 

School NLCD land cover percentages were determined as follows.  Firstly, each 
land cover type was extracted into a separate raster based on classification scheme 
above where each raster cell was set to 1 for the category assigned and 0 otherwise.  
Secondly, mean value focal statistics were computed twice for each of the nine rasters 
using a circular neighborhood with a radius of 500 and 1,000 meters, ignoring areas 
with no data. Since the rasters were set to cell values of 0 and 1, the mean value is 
equal to the fraction of the 500 and 1,000-meter circular buffers covered by the layer’s 
land cover type. Hence, each cell value for each of the two resulting rasters was equal 
to the 500 and 1,000-meter land cover type fraction. Lastly, each school geocoded point 
was assigned the intersected cell value for each of the two new rasters for each land 
cover type to obtain the land cover percentage for each of the nine categories at the 
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500 and 1,000 meter Euclidean buffer size. 

Table 2-3. Land Use Harmonization 
Analysis Categories NLCD Land Cover Classification NLCD Class 

Agriculture 
Pasture Hay 81 
Cultivated Crops 82 

Barren Land Cover Barren Land 31 
Developed, Low Density Developed, Low Density 22 
Developed, Medium Density Developed, Medium Density 23 
Developed, High Density Developed, High Density 24 

Green Space 

Deciduous Forest 41 
Evergreen Forest 42 
Mixed Forest 43 
Shrub/ Scrub 52 
Grassland/ Herbaceous 71 

Parks Developed Open Space 22 

Wetland 
Woody Wetlands 90 
Emergent Herbaceous Wetlands 95 

Water 
Open Water 11 
Perennial Ice/ Snow 12 

2.8.5 Vehicular Collisions: SWITRS 

The State-Wide Integrated Traffic Reporting System (SWITRS) is a database of 
reported vehicular collisions maintained by the California Highway Patrol.  Each collision 
incident report includes address, severity, injury type, weather conditions, and other 
relevant information. The database collisions have been geocoded by the Safe 
Transportation Research and Education Center (SafeTREC; formerly known as the 
Traffic Safety Center) and shared with us for this study for years 1999-2010. More 
information on SafeTREC  is available on their Transportation Injury Mapping System 
(TIMS) homepage at http://tims.berkeley.edu/ (Safe Transportation Research & 
Education Center 2013).  Collision density for (a) all collisions, and (b) collisions 
involving pedestrians or cyclists was computed for each school’s 500-meter and 1,000-
meter network-based buffer using ArcMap’s spatial join function. Traffic collision data 
are collected and maintained by the Statewide Integrated Traffic Records System 
(SWITRS).  The Traffic Safety Center at the University of California, Berkeley, has 
geocoded the SWITRS data for integration with GIS and shared with us to use in this 
study. Traffic collision density was calculated as the number of collisions in the school 
neighborhood area polygon standardized by the road length.  

2.8.6 Recreation Facilities 

Recreation facilities were obtained as a point shapefile from Business Analyst, 
2006. Recreational facility access was calculated as the walkable network distance from 
the school’s geocoded point to the nearest location.  The walkable network is the same 
line shapefile excluding limited access roads as described above for creating the 
network based buffers.  Distances were computed using ESRI’s Network Analyst 
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Extension. 

2.8.7 Traffic Density 

Dynamap 2000 is a product of Spatial Insights Inc (Spatial Insights 
2012Bethesda, MD) which includes average daily traffic volume of over 377,500 points 
nationwide. Dynamap uses road network data for the year 2000. Based on these points, 
Dr. Jason Su, from the Geographic Information Sciences Health and Exposure 
Assessment Laboratory, imputed traffic volume for those road segments without 
measurements using road categories defined by Dynamap. The time frame was from 
1987-2005, but only the median traffic volume was used for imputation and did not 
include railroads.  Median traffic volume was assigned to roads of the same road 
feature classification code (FCC). All GIS operations were performed using ArcGIS and 
its associated packages, which include Network Analyst, Spatial Analyst and Business 
Analyst. 

2.8.8 Food Access and Exposure 

Food facilities were obtained from the Network for a Healthy California (California 
Department of Public Health 2013) as a point shapefile for all of California.  They are 
classified into six categories: supermarkets, small grocery stores, produce markets 
(including farmers’ markets), convenience stores, fast food restaurants and unclassified 
food stores.  All stores were in business as of 2006. Food access and exposure was 
calculated as both density of food facilities within a buffer and as the distance to the 
facility. Density was calculated for each type of food facility and for all facilities at 500-
meter and 1,000-meter network based buffers. 

2.8.9 Crime 

While routinely collected, statewide crime data are not available to the public.  
The best data and resolution available are by year and by police jurisdiction from the 
Federal Bureau of Investigation (FBI) Criminal Justice Information Services Division 
(CJIS). Yearly data for the years 2003-2009 were obtained through direct email 
communication from a representative of the FBI CJIS (Criminal Justice Information 
Services Communications 2012). These were provided in tab delimited text files, which 
were cleaned (notes and unnecessary text were removed) and reorganized into a 
standard spreadsheet format in excel.  

The data were provided as counts of crime incidents by type of crime for each 
law enforcement agency (LEA). The data included the population serviced by each LEA.  
Rates for each crime category and for total crime were calculated by dividing the raw 
counts by the population.  LEAs with zero population—such as universities, parks, and 
transportation agencies—were removed from the dataset. The dataset included: 
population, violent crime total, violent crime by type (murder & non-negligent 
manslaughter, forcible rape, robbery, aggravated assault), property crime total, and 
property crime by type (burglary, larceny-theft, and motor vehicle theft). 

Every county has its own LEA that presides over all jurisdictions not part of 
another local LEA.  The county LEA codes were assigned to all unincorporated county 
areas (i.e., where there was not a place polygon) as well as to places without their own 
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LEA.  Every place was assigned a county code (the original file did not contain it).  This 
was achieved by first converting the city polygon shapefile to a point shapefile, selecting 
the option that keeps the point inside the original boundary (an oddly shaped polygon 
can result in a centroid which falls outside of it).  Secondly, every place centroid was 
assigned the county code that contained it through a spatial join.  The conversion to 
polygon centroids was done because there were some place polygons that crossed 
over to a second county. 

Spatial assignment of crime was done through a multi-step process.  LEA names 
include the place name (i.e., city name) of their jurisdiction.  The place name was used 
to match to the place name of a California cities shapefile layer obtained from CalAtlas, 
California’s public spatial data site. The cities layer was the Census 2000 boundary file 
(Cal-Atlas Geospatial Clearinghouse 2008). County LEAs were merged to the 2009 
California boundary layer, also obtained from CalAtlas (Cal-Atlas Geospatial 
Clearinghouse 2009). The census places layer and crime data were matched by "place 
name" because there were no other code identifiers, such as FID, that could be used. 
Any LEA which did not match to a city by name was checked manually for alternate 
names using Google and Google Maps, as well as for discrepancies in the spelling 
between the two files.  All but three of the LEAs were matched by name and were 
assigned to a city polygon boundary. The three that did not match to a location were 
removed from the dataset.  

LEAs changed slightly from year to year (few were eliminated and a few new 
ones were added) in the 2003-2009 time period.  Consequently the matching process 
for the non-overlapping (those not available for all years) LEAs was repeated for each 
year of data. When a place lost its own LEA, it was assigned the county’s LEA code. 

The place (city) and county shapefiles were merged to create a single layer that 
fully covered all California’s land area, using the places polygons where available, and 
the county polygon otherwise. This resulted in eliminating the area for San Francisco 
County.  This is because the county and city polygons are practically the same. The 
county polygon includes a small region of water under the Golden Gate Bridge not 
included in the city polygon, but it is negligible and does not affect the crime 
assignments. 

Finally, the school’s point shapefile was spatially joined to the crime shapefile 
generated to assign LEA codes to the schools by year.  It was done for every year 
individually to account for closing and opening of LEAs as described above. A full crime 
dataset for the schools was then assembled for the 2003-2007 time period of this study 
by merging all of the crime data by LEA code. 

3. Results 

The independent variables available and compiled were divided into four 
hierarchies: Levels 1, 2, 3, and 4 variables.  Levels 3 and 4 are both macro-level 
attributes, but level 4 encompasses a larger regional scope.  Level 3 variables are the 
characteristics of the environment such as city crime rates.  Level 3 variables may also 
be considered meso-level.  Level 2 variables refer to the more proximal elements, which 
in this case are the school variables.  Lastly, level 1 variables are the individual-specific 



 
 

41 

variables such as gender, race and socioeconomic status.  Table 2-4 displays this 
framework with the general category of each variable type. 

 

Table 2-4. Model Level and Variables 

Model Level Variable Group Variable Variable Source 

Level 1: 
Body Mass 
Composition 

Overweight or Obese Physical Fitness Test 

Individual 

Anthropomorphic 
Measure of BMI 

Height Physical Fitness Test 
Weight Physical Fitness Test 

Demography 
Sex Physical Fitness Test 
Race Physical Fitness Test 

Grade level Physical Fitness Test 

Level 2: 

Demography 

% of English Learner Students API1 

Within School 

Race API1 
Parental Education API1 

% Students on Free or Reduced Lunch API1 
% Students from Disadvantaged Parents API1 

Acad. Perform. Academic Performance Index API1 

Instruction 
FTE Teachers per Student CBEDS-PAIF2 

FTE PE Teachers per Student CBEDS-PAIF2 

School 
Neighborhood 

Land Use 

Land Cover NLCD3 

NDVI USGS4 

Street Network ESRI Business Analyst 

Rec Facilities Access ESRI Business Analyst 

Safety 
Traffic Related Collisions SWITRS5 

Traffic Density Dynamap 
Air Quality Air Pollution Jerrett et al. 

Diet Food Access Network for a Healthy CA

Level 3: 

Demography 

Age ESRI Business Analyst 

Census Tract 

Education ESRI Business Analyst 
Family Composition ESRI Business Analyst 

Household Composition ESRI Business Analyst 
Home Ownership ESRI Business Analyst 

Income ESRI Business Analyst 
Population Density ESRI Business Analyst 

Race ESRI Business Analyst 
Unemployment ESRI Business Analyst 

Transportation Journey to Work Mode ESRI Business Analyst 
Safety Crime Rates FBI 
Diet Food Access Network for a Healthy CA

Place Safety Crime Rates FBI 

Level 4: 
Demography 

Age ESRI Business Analyst 

County 
Education ESRI Business Analyst 
Family Composition ESRI Business Analyst 
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Household Composition ESRI Business Analyst 
Home Ownership ESRI Business Analyst 

Income ESRI Business Analyst 
Population Density ESRI Business Analyst 

Race ESRI Business Analyst 
Unemployment ESRI Business Analyst 

Land Use 
Land Cover NLCD3 

NDVI USGS4 

Street Network ESRI Business Analyst 

Safety 
Crime Rates FBI 

Traffic Density Dynamap 
Transportation Journey to Work Mode ESRI Business Analyst 

Safety Crime Rates FBI 
Diet Food Access Network for a Healthy CA

Environmental Covariates; (1) Academic Performance Index; (2) California Basic Education Data 
System Professional Assignment Information Form; (3) National Land Cover Dataset; (4) US Geological 
Survey; (5) State-Wide Integrated Traffic Reporting System 
 
Dynamap source: (Spatial Insights 2012) 
Network for a Healthy California (California Department of Public Health 2006) 
 

 

The final covariate dataset included approximately 250 variables describing 
individual characteristics as well as social and physical attributes of various 
environmental levels. Appendix Item 2-V has a full list of variables and summary 
statistics for each of them. 

3.1 Summary of Key Variables 

Table 2-5 below summarizes key variables included in the final dataset.  A full set 
can be found in Appendix Item 2-V. 

Table 2-5. Summary of Key Variables 
Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile

City Crime FBI Property Crime (per 10K) 0 52,553 333 303 432 128 155 575
City Crime FBI Total Crime (per 10K) 0 118,510 778 718 946 307 344 1,359
City Crime FBI Violent Crime (per 10K) 0 6383 54 50 48 40 13 115
Outcome Statistic CDE - PFT BMI Percentile 0.0% 99.9% 67.3% 75.1% 28.4% 45.9% 11.4% 98.7%
Outcome Statistic CDE - PFT Obese (Dichotomous) - - 19.7% - - - - -

Outcome Statistic CDE - PFT 
Overweight or Obese 
(Dichotomous) 

- - 38.1% - - - - -

Outcome Statistic CDE - PFT County Mean BMI 20.1 23.0 21.8 22.0 0.5 0.8 21.2 22.3
Outcome Statistic CDE - PFT County Percent Obese 8.7% 27.4% 19.6% 19.9% 3.2% 5.9% 15.4% 23.1%
Outcome Statistic CDE - PFT School Percent Obese 0.0% 75.0% 19.7% 19.8% 7.8% 11.5% 6.7% 32.5%
School Air Quality Jerrett et al Nitrogen Dioxide (ppm) 2.8 15.8 10.1 10.1 1.8 2.4 7.4 12.8

School Air Quality Jerrett et al 
Particulate Matter 10 
(ug/m^3) 

15.6 34.2 29.5 31.1 4.5 6.7 20.4 34.0

School Air Quality Jerrett et al 
Particulate Matter 2.5 
(ug/m^3) 

4.5 23.8 14.6 15.4 3.3 5.1 8.8 18.8

School Air Quality Jerrett et al 
Particulate Matter 2.5 RS 
(ug/m^3) 

2.0 17.9 11.0 11.4 3.5 6.1 5.5 16.2

School API CDE - API 
Socioeconomically 
Disadvantaged 

0.0% 100.0% 42.7% 40.2% 33.8% 63.9% 0.3% 97.8%

School Food NHC Nearest Any Type(Km) 0.0 44.6 0.8 0.6 1.0 0.6 0.1 2.1
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School Food NHC Nearest Fast Food (Km) 0.0 112.6 1.6 1.0 3.0 1.0 0.3 3.9
School Food NHC Nearest Supermarket (Km) 0.0 89.3 1.7 1.3 2.4 1.0 0.4 4.2
School Food NHC All (1Km Network; Count) 0.0 146.0 4.6 3.0 6.0 6.0 0.0 16.0

School Food NHC 
Fast Food (1Km Network; 
Count) 

0.0 16.0 1.3 0.0 1.8 2.0 0.0 5.0

School Land Use ESRI BA 
Avg Link Length (m) - 1Km 
Buffer  

36 1,388.5 106 99 50 25 71 153

School Land Use ESRI BA Connectivity Index 1Km 0.02 0.69 0.33 0.33 0.13 0.19 0.12 0.54

School Land Use USGS 
NDVI restandardized (1Km 
Euclidean) 

0.18 0.74 0.45 0.45 0.04 0.05 0.38 0.52

School Land Use ESRI BA 
Nearest Highway Distance 
(Km) 

0.00 49.41 1.85 1.20 2.43 1.52 0.20 5.38

School Land Use ESRI BA 
Nearest Rec Facility Distance 
(Km) 

0.01 30.68 0.83 0.62 1.12 0.59 0.14 1.90

School Land Use NLCD NLCD - Green Space 1Km 0.0% 100.0% 7.4% 1.1% 14.7% 6.7% 0.0% 40.4%

School Land Use NLCD 
NLCD - Mean Development 
1Km 

0.00 2.95 1.40 1.44 0.59 0.84 0.32 2.28

School Land Use NLCD NLCD - Park 1Km 0.0% 79.3% 11.4% 8.9% 9.7% 12.3% 0.8% 30.4%

School Participation 
CDE - PFT/ 
CBEDS 

PE Teachers per 1000 
Students (Best Combined) 

0.0 25.7 2.4 2.7 1.8 3.7 0.0 5.1

School Performance CDE - API Academic Performance Index 267 1,000 716 710 95 133 565 882
School Population CDE - PFT PFT Count by School by Year 10 1,582 349 314 257 395 53 804
School SES CDE - API Education - Mean Attained 0.00 4.00 2.58 2.59 0.68 0.99 1.61 3.65
School SES CDE - API English Learners 0.0% 100.0% 30.3% 24.4% 23.3% 35.4% 2.0% 75.9%

School SES CDE - API 
Free or Reduced Meal 
Program 

0.0% 100.0% 48.5% 48.0% 29.8% 52.0% 4.0% 99.0%

School SES CDE - API 
FTE Teachers w/ Full 
Credentials per 50 Students 

0.0 125.0 5.0 4.3 3.7 4.4 1.3 11.2

School Transport SWITRS 

Pedestrian and Cyclist 
Vehicular Collisions 
Standardized by Road Length 
(1Km Network Buffer) 

0.0 3.4 0.2 0.2 0.3 0.3 0.0 0.8

School Transport DynaMap 
Traffic Density (1Km Network 
Buffer) 

1,564 195,055 45,560 43,708 20,236 27,297 16,081 81,227

Tract SES ESRI BA Diversity Index (2006) 14.9 96.7 73.9 79.2 16.9 24.8 40.0 92.6

Tract SES ESRI BA 
Housing Units - Owner 
Occupied  (2006) 

0.0% 98.3% 59.7% 62.1% 21.4% 32.9% 21.0% 89.3%

Tract SES ESRI BA 
Housing Units - Vacant  
(2006) 

0.3% 67.3% 5.0% 3.8% 4.9% 3.5% 1.3% 11.8%

Tract SES ESRI BA 
Median Household Income 
(2006) 

0 278,358 66,630 60,816 32,142 36,932 28,218 126,173

Tract SES ESRI BA Unemployment (2006) 0.1% 100.0% 9.3% 8.1% 5.4% 6.6% 3.1% 19.6%

Tract Transport DynaMap 
Average Time to Work 
(minutes) 

0.0 59.7 28.2 27.9 6.0 6.9 19.3 38.6

API: Academic Performance Index 
CBEDS: California Basic Educational Data System  
CDE: California Department of Education 
Dev: Development 
Ed: Education 
ESRI BA: Environmental Systems Research Institute, Business Analyst 
FBI: Federal Bureau of Investigation 
HH: Household 
HU: Housing Units 
NHC: California Department of Public Health , Network for a Healthy California; 
NLCD: National Land Use Consortium Database 
Ntwk: Network 
PFT: Physical Fitness Test 
Poly: Polygon 
SWITRS: State-Wide Integrated Traffic Records System 
USGS: U.S. Geologic Survey 

4. Discussion                    

To our knowledge, there are no other compilations of school attributes that 
encompass a comprehensive set of within-school and neighborhood-level variables at a 
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macro scale. The development of this dataset will make it possible for researchers to 
conduct California-wide research on outcomes influenced by the school environment.   

4.1 California Physical Fitness Test (FITNESSGRAM) 

The PFT remains one of the most comprehensive available datasets with 
childhood height and weight measures, yet it has a number of limitations. While all 
public schools are required by the State to conduct the FITNESSGRAM for all of their 
5th, 7th and 9th graders, there are still some counties with limited or no participation (for 
example Alpine and Sierra Counties; see Appendix Item 2-IV), and schools with very 
low participation rates and incomplete reporting (see Appendix Item 2-IV). As mentioned 
above, a major limitation of the dataset is the participation of only three grade levels and 
the lack of longitudinal data at the individual level.  We know that we have repeated 
measures in our dataset (e.g. most 2003 dataset 5th graders would be the 2005 dataset 
7th graders and 2007 dataset 9th graders), but we are unable to link for these repeated 
measures.  The PFT dataset lacks a school and grade population baseline requiring the 
use of other datasets to establish participation rates and attribute proportions.  
Specifically, for the dataset developed for this project, this missing information was 
obtained from CBEDS and API baseline datasets.  Newer datasets (2008 onward) have 
begun including important parental education and other basic socioeconomic factors for 
each individual record, which will be invaluable for future analysis. We recommend that 
the PFT program have at a minimum a weight and height screening for the remaining 
nine grade-school years as a “PFT-lite” program.  This information would be invaluable 
in understanding how changes in school environment may influence childhood 
adiposity.  Additionally, tracking weight gain and obesity status of children would be 
instrumental in identifying children at risk of becoming overweight or obese and 
implementing individual-level interventions through school programs. The PFT program 
and dataset have tremendous potential with slight modifications. 

4.2 The California Basic Education Data System (CBEDS) Datasets: PAIF and SIF 

The CBEDS datasets are comprehensive in information and are valuable for 
understanding performance and programmatic differences between schools.  They are 
well maintained data sets with yearly information starting as early as late 1990’s for 
some datasets. The primary limitation of these datasets is the non-standard formatting 
across years and the difficulty in formatting it into a school level dataset appropriate for 
analysis.  CBEDS was an important source of baseline and programmatic school 
information as well as school demographics. 

4.3 Academic Performance Index (API) Dataset 

The API dataset is rich in school level information and one of the best sources to 
describe the school social environment. The main limitation of this dataset is the non-
standard file types across available years. As with CBEDS, the API dataset provides an 
important source of social information about the school environment.  In addition to the 
API base scores, the dataset provided a rich source of school sociodemographic 
composition as well as parental characteristics.  The school-level average API score 
was highly correlated to multiple socioeconomic disadvantage factors and is an attribute 
that can be used as a proxy to provide insight into environmental justice issues and the 
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understanding of socioeconomic-related outcomes. 

4.4 Normalized Difference Vegetation Index (NDVI) 

NDVI is an important tool for determining greenspace through remote sensing. 
Due to the level of detail required for light spectrum rasters, however, files are in the 
tens of gigabytes in size, making it difficult with current technology to work at a scale 
larger than a state region. Data are only available by small mosaics that require 
significant time to obtain on a tile-by-tile basis from USGS. Memory handling limitations 
of the GIS software coupled with its computationally inefficient architecture, requires 
working with data subsets to assign greenness exposures to regions. For example, 
working with the 6,000 California schools alone, proved to be computationally 
challenging to implement. 

4.5 Air Pollution 

Air pollution exposure assessment is still limited to meso-scale models. This is 
largely due to the limited spatial distribution of air quality monitors in some areas, and 
the best available exposure estimates on a California statewide basis depend on land 
use regression models with limited temporal spatial resolution. Additionally, there are 
indoor to outdoor and school to home air quality differences that we are unable to 
capture. Despite its limitation, this dataset provides information about children’s 
potential air pollution exposure in schools.  It may be an important covariate in other 
studies. 

4.6 Land Use: NLCD 

NLCD is an essential remote sensing dataset to identify differences in land use 
types.  It has limited ability to identify land use correctly and can smooth out and 
misclassify some land area types. Roads, in particular, tend to be lost into its 
neighboring land type and developed green space. Unlike NDVI, because its raster 
values classify a discrete number of land types as opposed to continuous values, it is 
computationally efficient and readily available for download for the entire U.S. in one 
datafile. Albeit not perfect in classification, it is freely available, and one of the best 
sources for land use type determination at the state and national scales. 

4.7 Vehicular Collisions: SWITRS 

Vehicular collision geolocation for California was made possible through a recent 
project at the UC Berkeley Transportation Center (Safe Transportation Research & 
Education Center 2013). Collision addresses from the State-Wide Integrated Reporting 
System were cleaned and geocoded for GIS analysis integration.  We provide accident 
exposure as a means to account for factors that may affect physical activity behavior. 
Nevertheless, the effect of vehicular collisions on physical activity is not well 
understood, and there is no standard measure of dose. As part of the compiled dataset, 
we provide counts of all collisions within the school neighborhood as well as counts of 
vehicular collisions involving pedestrians or cyclists. We recommend, as we have also 
provided in this dataset, normalizing counts by road length to quantify dose, although 
alternate metrics may be valid (such as normalizing by population, intersection density, 
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or area). 

4.8 Recreation Facilities 

The effect of recreational facilities, though easily accessible from ESRI Business 
Analyst, is difficult to ascertain. To name a few difficulties, recreational facility types are 
broad and may not necessarily be appropriate for use by children, may have a 
membership fee or per use cost, may require adult transportation or supervision, and 
may have restricted hours of operations. None of these nuances are captured through a 
point geolocation location (for determining proximity to a school or count per unit area), 
nor is it within the scope of a statewide study to determine if metrics, such as the 
nearest recreational facility, are in fact appropriate for school-aged children. The current 
scope of this metric serves as a proxy to capture general differences between 
environments and not necessarily the specific effect of recreation facilities. 

4.9 Traffic Density 

Local street traffic volume for this study was imputed by road type as described 
above. In addition to local street traffic, there are two major areas needing improvement: 
(1) improved temporal resolution; and (2) a normalizing factor for comparing volume 
across environments.  For this study, we used road length to normalize volume, but 
other options include area and population.  Additionally, we are unable to differentiate 
between traffic type, i.e., multi-purpose class 1 family sedan versus a class 7 passenger 
bus or class 8 commercial trailer-truck; and traffic speed, such as residential low speed 
traffic versus high speed highway traffic. 

4.10 Food Access and Exposure 

Food access characterization has improved significantly over the past few years, 
yet it is one of the more difficult exposures to describe as discussed by others (Lytle 
2009; Oakes, Masse et al. 2009; Forsyth, Lytle et al. 2010). Categorizing the wide 
variety of food venue types into unique exposures is challenging, and to some extent, 
arbitrary. Additionally, the food landscape is notorious for the constant opening and 
closing of food facilities, which makes it difficult to capture the effect of the food 
environment on health outcomes. This dataset offers a static snapshot of the food 
landscape current as of 2006.  Food access and exposure also depends on factors we 
were unable to capture like open campus policies, food pricing, and psychosocial 
barriers to get to a food facility, to name a few. Here we provide two metrics by which 
food access and exposure can be quantified: distance to food facility and count of food 
facilities within the school neighborhood buffer. 

4.11 Crime 

Crime remains one of the most difficult small-area exposures to obtain.  Law 
enforcement jurisdictions collect incident data with street address information, but these 
are difficult to obtain because they are not reported or maintained at this resolution to a 
central repository. Only LEA-level rate reporting is required.  Consequently, few have 
successfully obtained local exposure data for research purposes at a street address-
level scale and studies have been limited to a local scope (e.g. Oakland and Chicago 
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Oh, Zenkv et al. 2010; Gale, Magzamen et al. 2011).  Most local enforcement agencies 
now offer online crime incident mapping, and some (such as Oakland Police 
Department) provide a downloadable crime database at the city block address-level 
(http://gismaps.oaklandnet.com/crimewatch/). These, however, are for most recent 
crimes only (Oakland includes the most recent 120 days). New online data-mining web 
pages such as Crime Mapping (http://www.crimemapping.com/) have been able to 
automatically pull street-address crime incidents though voluntary agreements with local 
LEAs, but only maintain a rolling 180-day historical incident display and do not allow for 
data downloading.  To our knowledge, no one has been able to obtain statewide 
historical crime data at a resolution better than the one developed for this study, and 
this is the first dataset created with full California coverage at a place-level scale. 
Nevertheless, future studies and the tracking network would benefit from improved 
resolution of the crime environment.  As is evident from Crime Mapping, crime density 
and type varies widely at the local neighborhood scale, suggesting a need for better 
data availability for research purposes. 

4.12 Further Limitations 

In addition to the dataset specific limitations listed above, a major shortcoming of 
the dataset is that we provide only one point in time, an aggregate mean over a period 
of time available, or in the best case, yearly data for the 2003-2007 period covered by 
the dataset we analyzed. While some of the attributes are relatively static over time in 
developed regions (such as area greenness, network connectivity, and some 
socioeconomic characteristics), other factors may change quickly (for example food 
venues). In developing regions, the physical and social environment can change 
dramatically over the course of a few years. We are unable to capture such rapid 
changes. 

5. Conclusions  

  Despite its limitations, this study offers the first comprehensive dataset 
characterizing the school environment for an entire state regarding social and physical 
attributes within and around the school. To our knowledge, it is the first dataset 
compiled for school environments at this scale. For California, it may serve as a 
resource for future studies to control for potential school social and physical 
environment confounders and to understand other childhood health outcomes that may 
be influenced by the school environment.  While this dataset was developed for the 
purpose of state level analysis, it can also serve for regional and individual school 
studies. The methodology offered here may serve as a model for other state-wide 
school-level environment characterizations. The development of this dataset provides 
an outline on classifying attributes, many of which are available from national datasets. 
Within school datasets will vary by state, and some of the environmental attributes are 
specific to California (such as SWITRS).  However, the suggested means for generating 
exposure estimates can be used as a model for future studies.  The methods offered 
here may be further expanded to other childhood environment settings. 
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7. Appendix 

Item 2-I. Obesity and Built Environment Diagram 

Source: Adapted from Jerrett et al., (Jerrett, McConnell et al. 2009) 
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Item 2-II. California Education Code Section 60800.  

(a) During the month of February, March, April, or May, the governing board of each 
school district maintaining any of grades 5, 7, and 9 shall administer to each pupil 
in those grades the physical performance test designated by the State Board of 
Education. Each physically handicapped pupil and each pupil who is physically 
unable to take all of the physical performance test shall be given as much of the 
test as his or her condition will permit.  

(b) Upon request of the State Department of Education, a school district shall submit to 
the department, at least once every two years, the results of its physical 
performance testing.  

(c) The State Department of Education shall compile the results of the physical 
performance test and submit a report every two years, by December 31, to the 
Legislature and Governor that standardizes the data, tracks the development of 
high-quality fitness programs, and compares the performance of California's pupils 
with national performance, to the extent that funding is available.  

(d)  Pupils shall be provided with their individual results after completing the physical 
performance testing.  

(e)  The governing board of a school district shall report the aggregate results of its 
physical performance testing administered pursuant to this section in their annual 
school accountability report card required by Sections 33126 and 35256 (State of 
California). 
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Item 2-III. FITNESSGRAM® Test Components 

Fitness Components and Tests 

 

Fitness 
Components 
Description 

Test Test Description Administration Tips 

A
E

R
O

B
IC

 C
A

P
A

C
IT

Y
 

The aerobic capacity 
fitness area refers to 
the maximum rate 
that oxygen can be 
taken into and used 
by the body during 
exercise. This 
component of fitness 
is considered 
important because of 
the research that 
associates good 
aerobic capacity in 
adults with a 
reduction in many 
health problems. 
Three test options 
are provided to 
estimate aerobic 
capacity: PACER, 
one-mile run, and 
walk test. 

PACER 
(Progressiv
e Aerobic 
Cardiovasc
ular 
Endurance 
Run) 

This test estimates aerobic capacity from the number of 
laps (15 or 20 meters in distance) that are completed. 
Unlike the other two options, this test starts out easy and 
becomes progressively more difficult. Students are 
instructed to run as long as possible across a distance 
and at a specified pace set to music played from a tape 
or CD. (The required pace is also available without the 
music.) For this test, a set of parallel lines is drawn 15 or 
20 meters apart. Students start on one line, run the 
distance, and touch the opposite line with one foot. Once 
they hear the sound of a single beep, students turn 
around and run back to the starting line. Every minute, 
indicated by a triple beep, the pace gets faster. Students 
continue in this manner until they fail twice to touch the 
line before they hear the single beep 

+ Preparation for any of the 
tests should include 
instructions and practice in 
pacing and in techniques for 
heart rate monitoring. 
 
+ Adequate time should be 
allowed for students to 
warm up before taking a test 
and to cool down after 
completing the test. 
 
+ To avoid potential invalid 
estimates, do not administer 
a test in unusually high 
temperatures, when the 
wind is strong, or if it is too 
humid. 

One-Mile 
Run 

This test estimates aerobic capacity from running 
performance. Students are instructed to run a mile as fast 
as possible. Walking is permitted for students who cannot 
run the total distance. The time taken to complete the run 
is recorded in minutes and seconds. 

Walk Test 

This test is only for use with students who are ages 13 or 
older. The test estimates aerobic capacity from heart rate 
response to a one-mile walk. Students are instructed to 
walk one mile as fast as possible. Immediately after the 
walk, the heart rate is determined. This heart rate (heart 
beats per a 15-second time period) is used along with the 
total walk time (in minutes and seconds) and the weight 
of the student to estimate aerobic capacity. An aerobic 
capacity score (VO2 max) is estimated by inserting age, 
gender, weight, mile walk time, and heart rate at the end 
of the walk into the Rockport Fitness Walking Test 
Equation. The resulting score, which is rounded to the 
nearest whole number, reflects the maximum rate that 
oxygen can be taken into and used by the body during 
exercise. 

B
O

D
Y

 C
O

M
P

O
S

IT
IO

N
 

 
The body 
composition fitness 
area targets the 
various factors that 
contribute to an 
individual’s total 
weight (i.e., percent 
of muscle, bone, 
organ, and fat 
content). Body 
composition tests 
estimate the level of 
body fat. This 
component of fitness 
is considered 
important because 
excessive fat content 
is associated with 
health problems, 
such as coronary 
heart disease, 
stroke, and diabetes. 
FITNESSGRAM® 
provides three test 

Skinfold 
Measureme
nt 

This test estimates body fat by taking the median value 
from multiple measurements of the thickness of skinfolds 
on the triceps and calf of the right side of the body. A 
device called a skinfold caliper is used to take these 
measurements. Using the Body Composition Conversion 
Chart (found in the FITNESSGRAM® Test Administration 
Manual), the measurements are converted to 
percentages of body fat. The California Department of 
Education (CDE) also accepts measurements of body fat 
obtained from automated skinfold calipers and bioelectric 
impedance analyzers.  
Automated skinfold calipers are computerized versions of 
the skinfold measurements described above. The 
computerized device is used to acquire, calculate, and 
display the percentage of body fat together with 
computer-entered data, such as age and gender. 

 
+ Privacy should be 
provided to the student 
when measuring a student’s 
height or weight. 
 
+ Be sure the tester has 
practiced taking skinfold 
measurements.  
 
+ As often as possible, the 
same tester should 
administer the skinfold 
measurements to the same 
students at subsequent 
tests. 

Bioelectric 
Impedance 
Analyzer 
(BIA) 

The BIA measures resistance to the flow of an electrical 
signal in the body. The device sends a safe, low energy 
electrical signal through the body and generates an index 
of resistance. The resistance value (along with other 
values, such as height, weight, age, and gender) is then 
used to estimate the percentage of body fat. There are 
various BIA devices available that are affordable, easy to 
use, and accurate enough for use on the 
FITNESSGRAM®. 
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options to estimate 
body composition: 
skinfold 
measurements, 
bioelectric 
impedance 
analyzers, and body 
mass index. 

Body Mass 
Index (BMI) 

This test is not an estimate of body fat. Instead, it 
provides information on the appropriateness of a 
student’s weight relative to his or her height. The BMI is 
not the recommended body composition test particularly 
for some students with high muscle mass; however, it is 
available because there may be school district policies 
limiting skinfold measurements. The use of the BMI does 
yield some useful information for body composition 
estimation.  
A body fat percentage or a BMI that falls below the range 
included in the HFZ is identified as “very low.” Students 
falling into the very low category should be informed of 
this designation and told that being too lean may not be 
best for optimal health. 

MUSCLE STRENGTH, ENDURANCE, AND FLEXIBILITY 
The muscle strength, endurance, and flexibility fitness area determines the health status of the musculoskeletal system (i.e., 
muscles and bones throughout the body). Balanced, healthy functioning of this system requires that muscles work forcefully (i.e., 
strength), over a period of time (i.e., endurance), and be flexible enough to have a full range of motion at the joints (i.e., flexibility). 
This component of fitness is important, because it can reduce potential restrictions in independent living as adults (e.g., chronic 
lower back pain). 
To determine the health level of the musculo-skeletal system, four major areas are tested: (1) abdominal strength and endurance, 
(2) trunk extensor strength and flexibility, (3) upper body strength and endurance, and (4) flexibility. 
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Abdominal strength and 
endurance are important 
in promoting good 
posture and correct 
pelvic alignment. The 
latter is important in the 
maintenance of lower 
back health. The curl-up 
is the only test that is 
used to determine this 
area of fitness. 

Curl-Up 

Students are to complete as many curl-ups as possible 
(to a maximum of 75), at a specified pace of about one 
curl-up every three seconds. The pace should be called 
or played on a prerecorded tape or CD. On a mat, 
students lie on their backs with their knees bent at a 140o 
angle and their hands at their sides, palms face down. 
Moving slowly, students curl up, sliding fingers across a 
measuring strip on the mat, and then curl back down until 
the head touches the mat. Students are stopped after 
reaching 75 curl-ups or when the second form correction 
is made, or at four minutes. 

+ Allow students to practice 
and learn the correct curl-up 
form. 
 
+ Curl-up movements 
should be rhythmical (i.e., 
with the cadence) and 
continuous. Pauses and rest 
periods are not allowed. 
 
+ Students should reposition 
themselves if the body 
moves and the head does 
not contact the mat at the 
appropriate spot or the 
measuring strip moves out 
of position. 
 
+ Students should be 
stopped after four minutes. 
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Trunk extensor strength 
and flexibility is an 
important component of 
fitness, because it 
predicts first time and 
recurrent lower back 
pain – a major source of 
disability and discomfort 
in the United States. 
Although risks of 
developing back pain are 
greater with age, 
awareness and attention 
to trunk musculature at 
an early age is important 
to reduce future risks. 
The trunk lift is the only 
test used to determine 
this area of fitness. 

Trunk 
Lift 

 
While lying face down on a mat, students are asked to 
slowly lift the upper body off the floor, using the muscles 
of the back, to a maximum of 12 inches. Students need to 
hold the position for measurement (i.e., distance from the 
floor to the student’s chin), which is recorded in whole 
inches only. During the test, students should be 
instructed to keep their eyes focused on a spot on the 
floor. Once the measurement is made, the student 
returns to the starting position. A second trial is 
conducted, and the highest score is recorded. 

+ Students should not 
bounce during the test. 
 
+ Maintaining focus on the 
spot on the floor should 
assist in maintaining the 
head in the proper position. 
 
+ As a safety precaution, 
students should not be 
encouraged to lift higher 
than 12 inches since 
excessive arching of the 
back may harm the student 
by compressing the disks. 

U
P

P
E

R
 B

O
D

Y
 

S
T

R
E

N
G

T
H

 A
N

D
 

E
N

D
U

R
A

N
C

E

Upper body strength and 
endurance is an 
important fitness area 
contributing to in 
maintaining functional 
health and good posture. 
Three options are 

Push-Up 

Students are instructed to complete as many push-ups as 
possible at a specified pace (of about one push-up every 
three seconds). The pace should be called or played on a 
prerecorded tape or CD. Students are stopped when the 
second form correction is made or when they experience 
extreme discomfort or pain. The number of push-ups is 
recorded. 

+ Allow students to practice 
and learn the correct push-
up form. 
 
+ Males and females follow 
the same protocol. 
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available to determine 
upper body strength: 
push-up, modified pull-
up, and flexed-arm hang. Modified  

Pull-Up 

In this test, students are instructed to successfully 
complete as many modified pull-ups as possible. 
Students perform the modified pull-up by lying on their 
backs directly under a bar. Students grasp the bar and 
pull up their upper bodies until the chin reaches a 
specified level, marked by an elastic band. Students are 
stopped when the second form correction is made. The 
number of modified pull-ups is recorded. 

+ Only arm movement is 
allowed. The body should 
be kept straight. 
 
+ Movement should be 
rhythmical and continuous. 
Students may not stop to 
rest. 

Flexed-
Arm 
Hang 

Students are instructed to hang by the arms and with 
their chin above a bar as long as possible. Students are 
stopped when their chin drops below the bar or when the 
second form correction is made. The length of time 
hanging is recorded in seconds. 

+ The body should not 
swing during the test. 
 
+ Only one trial is permitted 
unless the tester believes 
that the student has not had 
a fair opportunity to perform 
one trial. 
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Flexibility of the joints, 
both in the upper and 
lower body, is an 
important component of 
health-related fitness. 
People benefit from 
increased flexibility on a 
daily basis, both in 
routine tasks and those 
associated with more 
rigorous physical activity. 
Two options are 
available to determine a 
student’s flexibility: back-
saver sit and reach and 
shoulder stretch. 

Back-
Saver 
Sit and 
Reach 

This test predominantly measures the flexibility of the 
hamstring muscles. Students are instructed to reach the 
specified distance on the right and left sides of the body. 
Starting in a sitting position, with one leg extended 
(touching the box needed for this test) and the other leg 
bent, the student reaches forward with both hands along 
the scale of the box. The student reaches four times and 
holds the position on the fourth reach for at least one 
second. The distance the student reaches is recorded in 
whole inches only and to a maximum of 12 inches. The 
same procedure is conducted on the opposite leg. To be 
in the HFZ, the student should meet the reach criteria 
using both the right and left sides of the body. 

+ The knee of the extended 
leg should remain straight. 
The tester may place one 
hand on the student’s knee 
as a reminder to keep the 
knee straight. As a safety 
precaution, care should be 
taken not to push or use 
force to hold down the 
student’s knee. 
 
+ Hips must remain square 
to the box. Do not allow the 
student to turn the hip away 
from the box as he or she 
reaches. 
 
+ As a safety precaution, 
reach performance should 
be limited to 12 inches. 

Shoulde
r Stretch 

This test measures upper body flexibility. Students are 
instructed to touch the fingertips together behind the back 
with one hand reaching over the shoulder and the other 
under the elbow. Both shoulders are tested, and each is 
recorded separately. 

 

Table adapted from California Department of Education Reference Guide: State of California Department of Education. 2008-09 
Physical Fitness Test ( PFT ) Overview Packet. Physical Fitness Test Reference Guide. 2009. from 
http://www.cde.ca.gov/ta/tg/pf/documents/0809refguide.pdf. (State of California Department of Education 2009) 
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Item 2-IV. California Physical Fitness Test Participation by County, 2003 & 2007  
Number of Schools Participating in the PFT by Year and Grade (No Omissions) 

 2003 Student % 
Participation 

2007 Student % 
Participation County 05 07 09 Total 05 07 09 Total 

Alameda 197 60 39 296 75.1% 201 66 52 319 74.7%
Alpine 0 0 0 0 0.0% 0 0 0 0 0.0%
Amador 6 2 3 11 57.1% 6 4 5 15 77.9%
Butte 25 13 8 46 74.4% 32 16 12 60 77.0%
Calaveras 8 3 2 13 89.6% 9 2 3 14 82.0%
Colusa 1 3 2 6 61.5% 3 3 5 11 89.4%
Contra Costa 125 36 27 188 74.8% 150 46 32 228 76.7%
Del Norte 5 2 1 8 67.7% 5 4 2 11 65.5%
El Dorado 20 14 8 42 68.6% 31 15 9 55 83.6%
Fresno 136 50 41 227 74.8% 156 50 48 254 78.4%
Glenn 1 4 3 8 78.6% 2 4 4 10 78.7%
Humboldt 17 12 5 34 69.9% 19 14 11 44 71.5%
Imperial 26 8 9 43 78.6% 28 12 11 51 86.2%
Inyo 1 1 1 3 63.4% 2 1 1 4 94.7%
Kern 104 44 24 172 76.0% 128 48 33 209 76.9%
Kings 18 8 2 28 74.5% 21 15 7 43 67.7%
Lake 11 4 6 21 63.6% 10 5 6 21 68.4%
Lassen 5 4 1 10 60.1% 5 2 2 9 69.5%
Los Angeles 1,061 282 190 1,533 74.3% 1,175 333 268 1,776 80.5%
Madera 17 13 4 34 75.3% 22 13 8 43 80.0%
Marin 28 12 7 47 73.0% 31 16 11 58 77.9%
Mariposa 2 2 1 5 73.8% 2 3 2 7 73.8%
Mendocino 8 6 6 20 83.2% 11 10 10 31 74.2%
Merced 36 14 11 61 79.4% 47 18 14 79 77.4%
Modoc 2 2 1 5 62.2% 2 3 3 8 49.4%
Mono 1 1 3 5 53.0% 1 2 4 7 61.3%
Monterey 54 18 14 86 74.6% 67 21 16 104 82.4%
Napa 19 6 3 28 91.8% 23 8 5 36 77.9%
Nevada 10 7 0 17 80.7% 14 6 6 26 72.9%
Orange 368 86 59 513 77.0% 397 94 69 560 82.9%
Placer 46 19 12 77 72.2% 58 24 18 100 76.0%
Plumas 4 2 3 9 66.0% 2 3 4 9 51.0%
Riverside 181 57 48 286 75.3% 274 84 57 415 81.7%
Sacramento 203 44 42 289 73.8% 209 54 53 316 79.6%
San Benito 7 3 1 11 70.8% 10 4 3 17 72.6%
San Bernardino 275 72 57 404 73.6% 311 82 65 458 80.6%
San Diego 353 93 75 521 76.2% 393 114 102 609 79.7%
San Francisco 58 19 13 90 74.6% 55 20 25 100 71.1%
San Joaquin 84 39 22 145 73.5% 95 54 27 176 69.5%
San Luis Obispo 36 11 11 58 80.0% 42 13 10 65 82.8%
San Mateo 78 31 17 126 72.8% 95 29 23 147 74.8%
Santa Barbara 58 21 9 88 79.7% 71 23 18 112 79.2%
Santa Clara 222 58 35 315 73.4% 243 69 50 362 79.5%
Santa Cruz 35 13 10 58 73.1% 35 17 14 66 78.6%
Shasta 24 15 7 46 65.9% 32 13 8 53 61.3%
Sierra 1 1 1 3 70.2% 1 2 1 4 69.3%
Siskiyou 2 5 4 11 61.7% 4 4 6 14 56.3%
Solano 57 15 12 84 78.0% 61 14 15 90 76.2%
Sonoma 71 22 17 110 74.4% 83 27 22 132 77.4%
Stanislaus 74 22 17 113 74.6% 93 32 24 149 82.4%
Sutter 12 3 5 20 76.5% 11 13 7 31 70.6%
Tehama 7 6 2 15 79.8% 11 7 3 21 78.1%
Trinity 2 0 2 4 0.0% 4 1 2 7 0.0%
Tulare 62 29 17 108 79.2% 71 31 20 122 82.5%
Tuolumne 3 5 2 10 68.8% 6 5 3 14 71.9%
Ventura 121 30 23 174 76.1% 139 33 28 200 80.7%
Yolo 26 7 4 37 85.8% 33 7 7 47 75.8%
Yuba 9 8 4 21 75.1% 13 11 5 29 76.5%
No Code 0 1 1 0 - 0 0 8 8 -

Grand Total 4,423 1,368 953 6,744 75.0% 5,055 1,624 1,287 7,966 79.4%
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Item 2-V. Variable Summary 

Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
City Crime FBI Arson (per 10K) 0.0 638 3 2.6 3.9 3.2 0.4 7.5 
City Crime FBI Assault (per 10K) 0 3,191 32 30 25 23 7 72 
City Crime FBI Burglary (per 10K) 0 8,602 69 60 66 33 32 127 
City Crime FBI Larceny (per 10K) 0 26,808 197 178 256 89 87 351 
City Crime FBI Motor Vehicle Theft (per 10K) 0 21,595 66 61 124 52 9 137 
City Crime FBI Murder (per 10K) 0.0 75.2 0.7 0.5 1.0 0.8 0.0 1.6 
City Crime FBI Property Crime (per 10K) 0 52,553 333 303 433 129 155 575 
City Crime FBI Rape (per 10K) 0.0 107.5 2.6 2.5 1.6 1.4 0.7 4.6 
City Crime FBI Robbery (per 10K) 0.0 3,516 18.5 15.5 23.7 16.9 2.5 43.2 
City Crime FBI Total Crime (per 10K) 0 118,510 779 719 947 307 344 1,359 
City Crime FBI Violent Crime (per 10K) 0.0 6383 55.6 50.4 48.0 40.7 13.3 115 
County Crime FBI Arson (per 10K) 0.0 18.9 3.6 3.4 2.3 1.6 1.5 7.7 
County Crime FBI Assault (per 10K) 6.8 78.7 33.0 32.8 10.5 9.9 15.7 52.5 
County Crime FBI Burglary (per 10K) 19.1 144.5 69.0 60.3 20.7 29.6 42.2 108.3 
County Crime FBI Larceny (per 10K) 80.7 372.5 192.4 173.4 50.3 62.4 146.4 305.6 
County Crime FBI Motor Vehicle Theft (per 10K) 0.0 134.2 68.1 70.6 24.3 24.2 27.4 117.0 
County Crime FBI Murder (per 10K) 0.0 2.8 0.7 0.8 0.3 0.6 0.2 1.1 
County Crime FBI Property (per 10K) 122.1 606.5 329.5 310.0 84.6 108.6 218.2 501.5 
County Crime FBI Rape (per 10K) 0.0 12.6 2.6 2.5 0.7 0.6 1.6 3.6 
County Crime FBI Robbery Total (per 10K) 0.0 52.4 18.3 15.8 8.9 16.5 6.0 29.2 
County Crime FBI Total  (per 10K) 144.9 674.9 387.6 378.4 95.0 96.1 247.7 575.9 
County Crime FBI Violent Total (per 10K) 11.8 90.9 54.5 53.1 17.7 22.0 27.4 85.4 
County Food CDPH All (count) 3 8,613 3,320 1,391 3,431 7,853 185 8,613 
County Food CDPH Convenience Store (Count) 1 1,367 544 321 536 1,257 29 1,367 
County Food CDPH Fast Food (Count) 0 2,464 971 508 976 2,269 45 2,464 
County Food CDPH Produce Market (Count) 0 515 193 68 210 480 6 515 
County Food CDPH Small Grocery (Count) 1 1,174 447 182 470 1,059 28 1,174 
County Food CDPH Supermarket (Count) 0 809 327 154 315 734 24 809 
County Food CDPH Uncategorized (Count) 1 2,284 838 274 931 2,101 32 2,284 
County Land Use ESRI BA Area (Km^2) 122 52,114 11,394 10,613 12,190 7,639 1,922 52,114 
County Land Use ESRI BA Count of Highway Segments 104 20,370 9,114 6,854 7,539 17,872 839 20,370 
County Land Use ESRI BA Highway Density (length/area) 8 723 176 150 127 140 41 476 
County Land Use USGS NDVI Mean 0.43 0.52 0.47 0.46 0.01 0.01 0.45 0.48 
County Land Use USGS NDVI Range 0.76 1.00 0.98 1.00 0.05 0.05 0.92 1.00 
County Land Use USGS NDVI Standard Deviation 0.04 0.21 0.09 0.08 0.03 0.03 0.06 0.17 
County Land Use NLCD NLCD - Agriculture 0.0% 74.0% 9.2% 2.6% 14.5% 5.4% 0.3% 39.6% 
County Land Use NLCD NLCD - Barren 0.0% 26.4% 4.3% 4.6% 4.2% 5.9% 0.1% 12.0% 
County Land Use NLCD NLCD - Green Space 4.3% 97.0% 59.7% 58.3% 17.4% 16.5% 28.6% 84.7% 
County Land Use NLCD NLCD - Low Dev 0.1% 15.4% 5.9% 6.6% 4.0% 5.3% 1.2% 15.4% 
County Land Use NLCD NLCD - Medium Dev 0.0% 37.3% 9.2% 10.7% 8.0% 10.6% 0.7% 27.9% 
County Land Use NLCD NLCD - High Dev 0.0% 35.3% 2.8% 2.1% 3.7% 4.2% 0.1% 7.1% 
County Land Use NLCD NLCD - Mean Dev 0.1% 190.4% 32.7% 35.2% 29.3% 38.5% 2.6% 92.6% 
County Land Use NLCD NLCD - Park 0.3% 12.0% 6.7% 7.4% 3.1% 4.4% 1.4% 11.2% 
County Land Use NLCD NLCD - Water 0.1% 8.1% 1.4% 0.6% 1.6% 0.7% 0.2% 5.5% 
County Land Use NLCD NLCD - Wetland 0.0% 10.8% 0.8% 0.3% 1.5% 0.4% 0.1% 3.7% 
County Land Use ESRI BA Total Highway Length (Km) 28 2,341 1,317 1,326 824 1,859 215 2,341 
County Pop ESRI BA Average Family Size 2.7 3.8 3.6 3.6 0.2 0.4 3.2 3.8 
County Pop ESRI BA Average Household Income $39,136 $108,756 $63,504 $61,811 $12,619 $11,258 $47,107 $96,187 
County Pop ESRI BA Average Household Size 2.2 3.4 3.0 3.1 0.2 0.3 2.6 3.3 
County Pop ESRI BA Count of Families  (in Thousands) 3 8,407 3,346 1,847 3,298 7,700 157 8,407 

County Pop ESRI BA 
Count of Family Households  (in 
Thousands) 1 2,236 906 514 870 2,036 51 2,236 

County Pop ESRI BA Household Population (in 
Thousands) 

3 10,065 3,999 2,138 3,953 9,247 189 10,065 

County Pop ESRI BA Households that are Families 44.1% 81.2% 70.2% 68.2% 4.6% 5.4% 64.8% 76.5% 

County Pop ESRI BA Married Couple Families (in 
Thousands) 

1 1,491 606 295 581 1,357 35 1,491 
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Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
County Pop ESRI BA Married Individuals over Age 15 0.4 0.7 0.5 0.5 0.0 0.1 0.5 0.6 
County Pop ESRI BA Median Age 29.4 48.5 33.9 32.7 2.6 2.2 30.4 38.6 

County Pop ESRI BA 
Total Households (Census; in 
Thousands) 2 3,279 1,317 698 1,282 2,989 71 3,279 

County Pop ESRI BA Total Housing Units (Census; in 
Thousands) 

2 3,431 1,388 795 1,336 3,121 85 3,431 

County Pop ESRI BA Total Population (Census; in 
Thousands) 

4 10,243 4,076 2,173 4,020 9,411 197 10,243 

County Race ESRI BA Diversity Index 21.7 88.7 81.3 82.7 9.2 10.5 61.0 88.7 
County Race ESRI BA Race - Asian 0.2% 35.3% 11.5% 13.1% 6.5% 7.8% 3.5% 24.0% 
County Race ESRI BA Race - Black 0.1% 14.1% 6.1% 5.7% 3.3% 5.6% 1.3% 9.5% 
County Race ESRI BA Race - Hispanic 6.2% 77.5% 39.5% 43.1% 12.2% 18.0% 19.7% 50.3% 
County Race ESRI BA Race - White 15.5% 90.1% 38.8% 36.7% 12.7% 22.4% 24.9% 67.9% 
County Race ESRI BA Race - Other 2.1% 12.9% 4.1% 3.7% 1.1% 1.2% 3.3% 6.6% 
County SES ESRI BA Aggregate Income (in Billions) $0.082 $270 $112 $55.8 $105 $243 $4.78 $270 
County SES ESRI BA Education - < High School 7.4% 37.6% 21.3% 24.0% 6.0% 10.2% 11.6% 28.2% 
County SES ESRI BA Education - High School 12.8% 33.2% 22.2% 21.3% 3.4% 4.8% 16.8% 27.9% 
County SES ESRI BA Education - Some College 20.5% 41.2% 29.0% 29.4% 3.7% 6.8% 24.9% 34.3% 
County SES ESRI BA Education - College Graduate 11.5% 54.2% 27.5% 27.7% 8.5% 13.8% 14.5% 44.3% 
County SES ESRI BA Education - Mean Attained 2.1 3.3 2.6 2.5 0.2 0.3 2.3 3.0 
County SES ESRI BA Housing Units - Owner Occupied  24.7% 67.4% 55.3% 56.5% 6.4% 13.1% 47.4% 66.9% 
County SES ESRI BA Housing Units - Renter Occupied 14.4% 59.3% 38.3% 37.1% 8.0% 15.5% 25.9% 48.1% 
County SES ESRI BA Housing Units - Vacant 3.2% 59.3% 6.4% 4.9% 3.3% 3.1% 3.5% 12.2% 

County SES ESRI BA 
Median Household Income (in 
Thousands) $28.0 $74.4 $47.1 $42.5 $9.87 $11.6 $34.7 $70.6 

County SES ESRI BA Per Capita Income (in Thousands) $16.1 $61.6 $28.4 $26.3 $7.86 $9,766 $18,865 $46,846 
County SES ESRI BA Unemployment 5.3% 17.4% 9.0% 9.5% 1.9% 2.3% 6.4% 12.4% 
County Transport ESRI BA Average Time to Work (minutes) 13.4 34.5 27.8 29.4 3.2 4.0 21.9 31.2 
County Transport ESRI BA Journey to Work - Walked 0.5% 5.0% 1.0% 0.9% 0.5% 0.3% 0.5% 1.5% 
County Transport ESRI BA Journey to Work by Bicycle 0.1% 2.9% 0.3% 0.2% 0.2% 0.1% 0.1% 0.6% 
County Transport ESRI BA Journey to Work by Car Alone 18.1% 35.8% 27.1% 26.5% 4.3% 7.7% 20.0% 35.3% 

County Transport DynaMap Traffic Density (Volume/Road 
Length in 1000km) 

0.5 63.5 32.5 31.4 22.6 52.4 3.7 63.5 

Outcome Statistic PFT BMI Percentile 0.0% 99.9% 67.3% 75.1% 28.4% 45.9% 11.4% 98.7% 
Outcome Statistic PFT BMI Z score -3.75 3.00 0.63 0.68 1.07 1.54 -1.21 2.24 
Outcome Statistic PFT Obese (Dichotomous) - - 19.7% - - - - - 
Outcome Statistic PFT Overweight (Dichotomous) - - 18.4% - - - - - 
Outcome Statistic PFT Overweight or Obese (Dichotomous) - - 38.1% - - - - - 
Outcome Statistic PFT County Mean BMI 20.1 23.0 21.8 22.0 0.5 0.8 21.2 22.3 
Outcome Statistic PFT County Mean zBMI 0.22 0.82 0.63 0.65 0.10 0.19 0.48 0.73 
Outcome Statistic PFT County Percent Obese 8.7% 27.4% 19.6% 19.9% 3.2% 5.9% 15.4% 23.1% 
Outcome Statistic PFT School Mean zBMI -0.61 1.83 0.63 0.66 0.25 0.35 0.18 1.01 
Outcome Statistic PFT School Percent Obese 0.0% 75.0% 19.7% 19.8% 7.8% 11.5% 6.7% 32.5% 
School Air  Jerrett Nitrogen Dioxide (ppm) 2.8 15.8 10.1 10.1 1.8 2.4 7.4 12.8 
School Air  Jerrett Particulate Matter 10 (ug/m^3) 15.6 34.2 29.5 31.1 4.5 6.7 20.4 34.0 
School Air  Jerrett  Particulate Matter 2.5 (ug/m^3) 4.5 23.8 14.6 15.4 3.3 5.1 8.8 18.8 
School Air  Jerrett Particulate Matter 2.5 RS (ug/m^3) 2.0 17.9 11.0 11.4 3.5 6.1 5.5 16.2 

School Other API 
Schools which are year round 
(dichotomous) - - 0.1 - 0.3 - - - 

School Food NHC Nearest Any Type(Km) 0.0 44.6 0.8 0.6 1.0 0.6 0.1 2.1 
School Food NHC Nearest Convenience Store (Km) 0.0 153.2 1.6 1.1 2.6 1.2 0.3 4.1 
School Food NHC Nearest Fast Food (Km) 0.0 112.6 1.6 1.0 3.0 1.0 0.3 3.9 
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Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
School Food NHC Nearest Produce Market (Km) 0.0 235.5 4.3 2.4 8.0 3.3 0.5 12.6 
School Food NHC Nearest Small Grocery (Km) 0.0 155.5 2.0 1.4 3.1 1.6 0.3 5.7 
School Food NHC Nearest Supermarket (Km) 0.0 89.3 1.7 1.3 2.4 1.0 0.4 4.2 
School Food NHC Nearest Unclassified (Km) 0.0 74.4 1.6 1.1 2.5 1.2 0.3 4.0 
School Food NHC All (1Km Euclidean; Count) 0.0 177.0 8.0 6.0 8.7 9.0 0.0 25.0 
School Food NHC All (1Km Network; Count) 0.0 146.0 4.6 3.0 6.0 6.0 0.0 16.0 
School Food NHC All (250m Euclidean; Count) 0.0 26.0 0.4 0.0 1.0 0.0 0.0 2.0 
School Food NHC All (500m Euclidean; Count) 0.0 83.0 1.9 1.0 2.9 3.0 0.0 7.0 
School Food NHC All (500m Network; Count) 0.0 53.0 1.0 0.0 1.9 1.0 0.0 5.0 

School Food NHC Convenience Store (1Km Euclidean; 
Count) 

0.0 18.0 1.3 1.0 1.7 2.0 0.0 4.0 

School Food NHC 
Convenience Store (1Km Network; 
Count) 0.0 14.0 0.8 0.0 1.2 1.0 0.0 3.0 

School Food NHC 
Convenience Store (250m 
Euclidean; Count) 0.0 4.0 0.1 0.0 0.2 0.0 0.0 1.0 

School Food NHC Convenience Store (500m 
Euclidean; Count) 

0.0 9.0 0.3 0.0 0.7 0.0 0.0 2.0 

School Food NHC Convenience Store (500m Network; 
Count) 

0.0 5.0 0.2 0.0 0.5 0.0 0.0 1.0 

School Food NHC Fast Food (1Km Euclidean; Count) 0.0 21.0 2.3 1.0 2.5 4.0 0.0 7.0 
School Food NHC Fast Food (1Km Network; Count) 0.0 16.0 1.3 0.0 1.8 2.0 0.0 5.0 
School Food NHC Fast Food (250m Euclidean; Count) 0.0 5.0 0.1 0.0 0.4 0.0 0.0 1.0 
School Food NHC Fast Food (500m Euclidean; Count) 0.0 8.0 0.5 0.0 1.1 1.0 0.0 3.0 
School Food NHC Fast Food (500m Network; Count) 0.0 7.0 0.3 0.0 0.8 0.0 0.0 2.0 

School Food NHC Produce Market (1Km Euclidean; 
Count) 

0.0 60.0 0.4 0.0 1.1 1.0 0.0 2.0 

School Food NHC Produce Market (1Km Network; 
Count) 

0.0 53.0 0.2 0.0 0.8 0.0 0.0 2.0 

School Food NHC 
Produce Market (250m Euclidean; 
Count) 0.0 4.0 0.0 0.0 0.2 0.0 0.0 0.0 

School Food NHC Produce Market (500m Euclidean; 
Count) 

0.0 17.0 0.1 0.0 0.4 0.0 0.0 1.0 

School Food NHC Produce Market (500m Network; 
Count) 

0.0 8.0 0.0 0.0 0.3 0.0 0.0 0.0 

School Food NHC 
Small Grocery (1Km Euclidean; 
Count) 0.0 54.0 1.2 0.0 2.1 2.0 0.0 5.0 

School Food NHC Small Grocery (1Km Network; 
Count) 

0.0 38.0 0.7 0.0 1.5 1.0 0.0 3.0 

School Food NHC Small Grocery (250m Euclidean; 
Count) 

0.0 8.0 0.1 0.0 0.3 0.0 0.0 1.0 

School Food NHC 
Small Grocery (500m Euclidean; 
Count) 0.0 24.0 0.3 0.0 0.8 0.0 0.0 2.0 

School Food NHC Small Grocery (500m Network; 
Count) 

0.0 15.0 0.2 0.0 0.5 0.0 0.0 1.0 

School Food NHC Supermarket (1Km Euclidean; 
Count) 

0.0 10.0 0.8 1.0 1.0 1.0 0.0 3.0 

School Food NHC Supermarket (1Km Network; Count) 0.0 8.0 0.5 0.0 0.7 1.0 0.0 2.0 

School Food NHC Supermarket (250m Euclidean; 
Count) 

0.0 3.0 0.0 0.0 0.2 0.0 0.0 0.0 

School Food NHC 
Supermarket (500m Euclidean; 
Count) 0.0 6.0 0.2 0.0 0.4 0.0 0.0 1.0 

School Food NHC Supermarket (500m Network; 
Count) 

0.0 5.0 0.1 0.0 0.3 0.0 0.0 1.0 

School Food NHC Uncategorized (1Km Euclidean; 
Count) 

0.0 72.0 2.0 1.0 3.1 2.0 0.0 8.0 

School Food NHC 
Uncategorized (1Km Network; 
Count) 0.0 64.0 1.2 0.0 2.2 1.0 0.0 5.0 

School Food NHC 
Uncategorized (250m Euclidean; 
Count) 0.0 13.0 0.1 0.0 0.4 0.0 0.0 1.0 

School Food NHC Uncategorized (500m Euclidean; 
Count) 

0.0 34.0 0.5 0.0 1.1 1.0 0.0 2.0 

School Food NHC 
Uncategorized (500m Network; 
Count) 0.0 25.0 0.3 0.0 0.7 0.0 0.0 2.0 

School Land Use ESRI BA Avg Link Length (m) - 1Km Buffer  36 1,388.5 106 99 50 25 71 153 
School Land Use ESRI BA Avg Link Length (m) - 500m Buffer 31 1,816.0 112 100 72 35 65 175 
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Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
School Land Use ESRI BA Connectivity Index 1Km 0.02 0.69 0.33 0.33 0.13 0.19 0.12 0.54 
School Land Use ESRI BA Connectivity Index 500m 0.04 1.78 0.27 0.26 0.11 0.15 0.11 0.47 
School Land Use ESRI BA Gamma Index 1Km 0.00 2.67 0.45 0.44 0.06 0.05 0.40 0.52 
School Land Use ESRI BA Gamma Index 500m 0.00 2.00 0.48 0.47 0.11 0.07 0.40 0.60 
School Land Use ESRI BA Links Count (1Km) 2.0 1,015.0 195.7 187.0 98.6 122.0 51.0 371.0 
School Land Use ESRI BA Links Count (500m) 1.0 296.0 46.7 43.0 26.2 30.0 11.0 96.0 

School Land Use USGS NDVI restandardized (1Km 
Euclidean) 

0.18 0.74 0.45 0.45 0.04 0.05 0.38 0.52 

School Land Use USGS NDVI restandardized (250m 
Euclidean) 

0.21 0.81 0.45 0.45 0.05 0.06 0.37 0.53 

School Land Use USGS 
NDVI restandardized (500m 
Euclidean) 0.26 0.77 0.45 0.45 0.04 0.05 0.38 0.52 

School Land Use ESRI BA Nearest Highway Distance (Km) 0.00 49.41 1.85 1.20 2.43 1.52 0.20 5.38 
School Land Use ESRI BA Nearest Rec Facility Distance (Km) 0.01 30.68 0.83 0.62 1.12 0.59 0.14 1.90 
School Land Use NLCD NLCD - Agriculture 1Km 0.0% 96.8% 3.9% 0.0% 12.1% 0.0% 0.0% 29.6% 
School Land Use NLCD NLCD - Agriculture 500m 0.0% 99.1% 3.0% 0.0% 11.2% 0.0% 0.0% 23.6% 
School Land Use NLCD NLCD - Barren 1Km 0.0% 54.0% 0.4% 0.0% 2.3% 0.0% 0.0% 1.4% 
School Land Use NLCD NLCD - Barren 500m 0.0% 63.4% 0.3% 0.0% 2.4% 0.0% 0.0% 1.0% 
School Land Use NLCD NLCD - Green Space 1Km 0.0% 100.0% 7.4% 1.1% 14.7% 6.7% 0.0% 40.4% 
School Land Use NLCD NLCD - Green Space 500m 0.0% 100.0% 5.9% 0.6% 13.5% 4.1% 0.0% 34.0% 
School Land Use NLCD NLCD - Low Dev 1Km 0.0% 79.8% 22.3% 19.7% 14.9% 20.7% 2.4% 50.4% 
School Land Use NLCD NLCD - Low Dev 500m 0.0% 89.7% 22.6% 19.8% 16.3% 22.6% 1.6% 55.3% 
School Land Use NLCD NLCD - Medium Dev 1Km 0.0% 91.1% 44.8% 47.4% 21.4% 33.2% 5.5% 74.9% 
School Land Use NLCD NLCD - Medium Dev 500m 0.0% 95.0% 47.1% 50.4% 22.3% 33.8% 6.4% 78.8% 
School Land Use NLCD NLCD - High Dev 1Km 0.0% 96.2% 9.3% 4.3% 12.6% 12.3% 0.0% 35.8% 
School Land Use NLCD NLCD - High Dev 500m 0.0% 99.7% 8.9% 3.3% 13.3% 11.3% 0.0% 38.5% 
School Land Use NLCD NLCD - Mean Dev 1Km 0.00 2.95 1.40 1.44 0.59 0.84 0.32 2.28 
School Land Use NLCD NLCD - Mean Dev 500m 0.00 3.00 1.44 1.50 0.57 0.76 0.36 2.30 
School Land Use NLCD NLCD - Park 1Km 0.0% 79.3% 11.4% 8.9% 9.7% 12.3% 0.8% 30.4% 
School Land Use NLCD NLCD - Park 500m 0.0% 77.9% 11.8% 9.0% 10.5% 12.7% 0.4% 33.6% 
School Land Use NLCD NLCD - Water 1Km 0.0% 64.5% 0.4% 0.0% 2.5% 0.0% 0.0% 1.0% 
School Land Use NLCD NLCD - Water 500m 0.0% 43.3% 0.2% 0.0% 1.5% 0.0% 0.0% 0.0% 
School Land Use NLCD NLCD - Wetland 1Km 0.0% 30.7% 0.2% 0.0% 1.2% 0.0% 0.0% 0.9% 
School Land Use NLCD NLCD - Wetland 500m 0.0% 51.4% 0.1% 0.0% 1.1% 0.0% 0.0% 0.0% 
School Land Use ESRI BA Nodes 1Km (count) 1.0 690.0 146.4 142.0 68.6 84.0 40.0 267.0 
School Land Use ESRI BA Nodes 500m (count) 0.0 188.0 34.9 32.0 18.7 22.0 9.0 70.0 
School Land Use ESRI BA Poly Area 1Km Ntwk (Km^2) 0.08 2.15 1.03 1.04 0.40 0.61 0.36 1.70 
School Land Use ESRI BA Poly Area 500m Ntwk (Km^2) 0.03 1.40 0.21 0.21 0.09 0.12 0.08 0.37 
School Land Use ESRI BA Road Lngth 1Km Ntwk (Km) 1.6 51.6 18.6 18.2 7.5 10.0 6.8 31.1 
School Land Use ESRI BA Road Lngth 500m Ntwk (Km) 0.5 15.4 4.4 4.3 1.8 2.4 1.7 7.6 
School Land Use ESRI BA Sinuosity 1Km 0.69 1.00 0.99 0.99 0.01 0.01 0.97 1.00 
School Land Use ESRI BA Sinuosity 500m 0.56 1.00 0.99 1.00 0.01 0.01 0.97 1.00 
School Pop CBEDS Full Time PE Teacher 0.0 20.6 3.8 3.9 3.3 6.0 0.0 9.6 

School Pop 
PFT/ 
CBEDS 

PE Teachers per 1000 Students 
(Best Combined) 0.0 25.7 2.4 2.7 1.8 3.7 0.0 5.1 

School Pop CBEDS PE Teachers per 1000 Students  0.0 25.7 2.4 2.7 1.8 3.7 0.0 5.1 
School Pop CBEDS Students Enrolled in PE 0 5,394 855 853 767 1,358 0 2,197 
School SES API Academic Performance Index 267 1,000 716 710 95 133 565 882 
School Pop CBEDS Enrollment by School by Year  3 5,336 1,417 1,064 956 1,289 428 3,335 

School Pop 
PFT/ 
CBEDS 

Enrollment by School by Year, "Best 
Combined" 30 5,336 1,417 1,064 956 1,288 428 3,335 

School Pop PFT PFT Count by School by Year 10 1,582 349 314 257 395 53 804 
School Pop CBEDS Student Enrollment 5th Grade  0 545 40 0 64 85 0 160 
School Pop CBEDS Student Enrollment 7th Grade  0 1,535 160 0 240 329 0 650 
School Pop CBEDS Student Enrollment 9th Grade  0 2,334 226 0 378 480 0 964 
School Race API Race Asian 0.0% 100.0% 12.0% 7.0% 14.6% 12.0% 0.0% 46.0% 
School Race CBEDS Race Asian  0.0% 100.0% 11.9% 6.7% 14.6% 11.9% 0.3% 45.4% 
School Race API Race Black 0.0% 97.0% 7.7% 4.0% 10.1% 8.0% 0.0% 27.0% 
School Race CBEDS Race Black  0.0% 97.5% 7.5% 3.9% 9.9% 8.0% 0.3% 26.2% 
School Race API Race Hispanic 0.0% 100.0% 47.5% 44.0% 28.8% 50.0% 7.0% 96.0% 
School Race CBEDS Race Hispanic  0.0% 100.0% 48.1% 45.3% 29.0% 50.9% 6.8% 95.9% 
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Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
School Race API Race White 0.0% 100.0% 31.2% 25.0% 26.1% 46.0% 0.0% 78.0% 
School Race CBEDS Race White  0.0% 98.4% 29.9% 23.9% 25.5% 44.0% 0.3% 76.2% 
School Race API Race Other 0.0% 97.0% 1.6% 1.0% 2.3% 2.0% 0.0% 5.0% 
School Race CBEDS Race Other  0.0% 76.7% 2.6% 1.2% 3.6% 2.8% 0.1% 10.1% 
School SES API Education - <  High School 0.0% 100.0% 22.1% 18.0% 18.4% 29.0% 1.0% 57.0% 
School SES API Education - High School 0.0% 100.0% 24.2% 25.0% 11.0% 14.0% 4.0% 41.0% 
School SES API Education - Some College 0.0% 100.0% 22.8% 23.0% 10.0% 14.0% 7.0% 39.0% 
School SES API Education - College Graduate 0.0% 100.0% 29.8% 24.0% 22.0% 31.0% 4.0% 75.0% 
School SES API Education - Mean Attained 0.00 4.00 2.58 2.59 0.68 0.99 1.61 3.65 
School SES API Socioeconomically Disadvantaged 0.0% 100.0% 42.7% 40.2% 33.8% 63.9% 0.3% 97.8% 
School SES API State Rank 1.0 10.0 5.4 5.0 2.9 5.0 1.0 10.0 
School SES API English Learners 0.0% 100.0% 30.3% 24.4% 23.3% 35.4% 2.0% 75.9% 
School SES API Free or Reduced Meal Program 0.0% 100.0% 48.5% 48.0% 29.8% 52.0% 4.0% 99.0% 

School SES API 
FTE Teachers w/ Full Credentials 
per 50 Students 0.0 125.0 5.0 4.3 3.7 4.4 1.3 11.2 

School Transport SWITRS All  Vehicular Collisions (500m 
Network Buffer) 

0.0 62.0 2.8 1.0 4.0 4.0 0.0 11.0 

School Transport SWITRS 
All  Vehicular Collisions 
Standardized by Road Length (1Km 
Network Buffer) 

0.0 5.0 0.6 0.4 0.5 0.5 0.0 1.6 

School Transport SWITRS 
All  Vehicular Collisions 
Standardized by Road Length 
(500m Network Buffer) 

0.0 6.5 0.6 0.4 0.7 0.8 0.0 1.9 

School Transport SWITRS All Vehicular Collisions (1Km 
Network Buffer) 

0.0 203.0 11.7 7.0 14.2 11.0 0.0 39.0 

School Transport SWITRS Pedestrian and Cyclist Vehicular 
Collisions (1Km Network Buffer) 

0.0 140.0 5.2 3.0 8.0 5.0 0.0 21.0 

School Transport SWITRS 
Pedestrian and Cyclist Vehicular 
Collisions (500m Network Buffer) 0.0 45.0 1.3 0.0 2.3 2.0 0.0 5.0 

School Transport SWITRS 
Pedestrian and Cyclist Vehicular 
Collisions Standardized by Road 
Length (1Km Network Buffer) 

0.0 3.4 0.2 0.2 0.3 0.3 0.0 0.8 

School Transport SWITRS 
Pedestrian and Cyclist Vehicular 
Collisions Standardized by Road 
Length (500m Network Buffer) 

0.0 4.5 0.2 0.0 0.4 0.4 0.0 1.0 

School Transport Dynamap Traffic Density (1Km Network Buffer) 1,564 195,055 45,560 43,708 20,236 27,297 16,081 81,227 

School Transport Dynamap Traffic Density (500m Network 
Buffer) 

720 57,103 11,035 9,939 5,923 7,905 3,224 21,934 

State Stats PFT Gender - Female (Dichotomous) - - 49.1% - - - - - 
State Stats  PFT Race Asian (Dichotomous) - - 7.4% - - - - - 
State Stats PFT Race Black (Dichotomous) - - 6.1% - - - - - 
State Stats PFT Race Hispanic (Dichotomous) - - 50.5% - - - - - 
State Stats PFT Race Other (Dichotomous) - - 3.4% - - - - - 
State Stats PFT Race White (Dichotomous) - - 32.7% - - - - - 
Tract Food NHC All (count) 1.0 113.0 12.8 12.0 6.2 7.0 5.0 23.0 
Tract Food NHC Convenience Store (Count) 0.0 14.0 0.9 1.0 1.1 1.0 0.0 3.0 
Tract Food NHC Fast Food (count) 0.0 18.0 1.5 1.0 1.9 2.0 0.0 5.0 
Tract Food NHC Produce Market (count) 0.0 63.0 0.2 0.0 1.2 0.0 0.0 1.0 
Tract Food NHC Small Grocery (count) 1.0 38.0 8.5 8.0 4.0 5.0 3.0 16.0 
Tract Food NHC Supermarket (count) 0.0 4.0 0.6 0.0 0.8 1.0 0.0 2.0 
Tract Food NHC Uncategorized (count) 0.0 20.0 1.1 1.0 1.4 2.0 0.0 4.0 
Tract Land Use ESRI BA Area (Km^2) 0.1 20,706.8 28.0 2.5 290.5 5.3 0.7 105.6 
Tract Pop ESRI BA Household Population (2006) 21 46,928 6,871 5,737 4,748 3,259 2,840 14,644 
Tract Pop ESRI BA Median Age (2006) 15.9 67.5 34.5 33.7 7.0 10.9 24.6 46.4 
Tract Pop ESRI BA Population Growth 2000-2006 -15.8 51.0 1.8 0.7 3.7 1.3 -0.1 8.2 
Tract Pop ESRI BA Total HH (Census; 2006) 8 12,884 2,192 1,874 1,451 1,149 851 4,788 
Tract Pop ESRI BA Total HU (Census; 2006) 9 14,384 2,327 1,964 1,588 1,212 897 5,149 
Tract Pop ESRI BA Total Pop (Census; 2006) 34 48,463 6,955 5,793 4,789 3,267 2,892 14,722 
Tract Race ESRI BA Race Asian (2006) 0.0% 85.6% 11.6% 6.9% 13.2% 11.9% 0.6% 42.1% 
Tract Race ESRI BA Race Black (2006) 0.0% 90.1% 5.4% 2.5% 8.9% 4.8% 0.3% 20.8% 
Tract Race ESRI BA Race Hispanic (2006) 2.2% 99.0% 40.5% 34.5% 26.6% 43.0% 7.6% 91.5% 
Tract Race ESRI BA Race White (2006) 0.0% 92.9% 38.6% 38.7% 25.8% 46.6% 1.5% 79.1% 
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Level Category Source Variable Min Max Mean Median StDev IQR 5%ile 95%ile
Tract Race ESRI BA Race Other (2006) 0.0% 44.7% 3.9% 3.8% 2.1% 2.4% 0.7% 7.3% 
Tract SES ESRI BA Aggr. Income (2006; Millions)  $0.26 $3,355 $190 $139 $183 $137 $45 $516 
Tract SES ESRI BA Average Family Size (2006) 2.3 5.8 3.7 3.5 0.6 0.8 2.9 4.8 

Tract SES ESRI BA Average HH Income (2006; 
InThousands) 

$- $0.335 $0.083 $0.071 $0.043 $44.6 $38.3 $167 

Tract SES ESRI BA Average HH Size (2006) 1.3 6.5 3.2 3.1 0.7 1.0 2.2 4.6 
Tract SES ESRI BA Diversity Index (2006) 14.9 96.7 73.9 79.2 16.9 24.8 40.0 92.6 
Tract SES ESRI BA Ed - < High School (2006) 0.0% 81.9% 23.0% 17.6% 18.2% 26.1% 2.9% 61.0% 
Tract SES ESRI BA Ed - High School (2006) 0.0% 50.8% 22.6% 23.0% 7.0% 9.8% 10.0% 33.5% 
Tract SES ESRI BA Ed - Some College (2006) 0.0% 59.7% 28.9% 29.8% 8.6% 11.7% 13.3% 41.3% 
Tract SES ESRI BA Ed - College Graduate (2006) 0.6% 100.0% 25.5% 21.0% 18.1% 25.2% 4.0% 61.8% 
Tract SES ESRI BA Ed - Mean Attained (2006) 1.29 4.00 2.57 2.59 0.55 0.82 1.63 3.45 
Tract SES ESRI BA HH Growth 2000-2006 -2.7% 84.2% 1.6% 0.4% 3.9% 1.2% -0.1% 7.9% 
Tract SES ESRI BA HU - Owner Occupied  (2006) 0.0% 98.3% 59.7% 62.1% 21.4% 32.9% 21.0% 89.3% 
Tract SES ESRI BA HU - Renter Occupied  (2006) 1.2% 99.3% 35.3% 32.5% 20.6% 31.3% 7.2% 72.8% 
Tract SES ESRI BA HU - Vacant  (2006) 0.3% 67.3% 5.0% 3.8% 4.9% 3.5% 1.3% 11.8% 
Tract SES ESRI BA Married Couple Families (2000) 0 5,239 1,026 918 555 565 398 1,981 
Tract SES ESRI BA Median HH Income (2006) 0 278,358 66,630 60,816 32,142 36,932 28,218 126,173 
Tract SES ESRI BA Per Capita Income (2000) 0 126,586 21,671 18,850 12,395 13,134 8,405 44,380 
Tract SES ESRI BA Per Capita Income (2006) 4,488 135,976 27,921 23,259 17,342 18,335 10,046 62,624 
Tract SES ESRI BA Unemployment (2000) 0.0% 100.0% 7.7% 6.4% 5.3% 5.9% 2.1% 17.5% 
Tract SES ESRI BA Unemployment (2006) 0.1% 100.0% 9.3% 8.1% 5.4% 6.6% 3.1% 19.6% 
Tract Transport Dynamap Avg Time to Work (minutes) 0.0 59.7 28.2 27.9 6.0 6.9 19.3 38.6 
ZIP Food NHC All (count) 0 119 35.3 32 20.7 29 7 72 
ZIP Food NHC Convenience Store (Count) 0 33 6.3 5 4.7 6 1 15 
ZIP Food NHC Fast Food (count) 0 30 10.6 10 6.6 9 1 23 
ZIP Food NHC Produce Market (count) 0 81 2.0 1 2.4 3 0 7 
ZIP Food NHC Small Grocery (count) 0 45 4.6 4 4.2 4 0 12 
ZIP Food NHC Supermarket (count) 0 11 3.8 4 2.2 3 1 8 
ZIP Food NHC Uncategorized (count) 0 43 8.1 6 6.7 8 1 21 
API: Academic Performance Index 
CBEDS: California Basic Educational Data System  
CDE: California Department of Education 
Dev: Development 
Ed: Education 
ESRI BA: Environmental Systems Research Institute, Business Analyst 
FBI: Federal Bureau of Investigation 
HH: Household 
HU: Housing Units 
NHC: California Department of Public Health , Network for a Healthy California; 
NLCD: National Land Use Consortium Database 
Ntwk: Network 
PFT: Physical Fitness Test 
Poly: Polygon 
SWITRS: State-Wide Integrated Traffic Records System 
USGS: U.S. Geologic Survey 
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 CHAPTER 3. OBESITY AND THE PUBLIC SCHOOL ENVIRONMENT 

This chapter focuses on the association between the public school environment 
and prevalence of childhood obesity in schools. Specifically, it uses the school 
environment dataset developed in Chapter 2 and employs machine learning methods 
and multilevel models to understand the relative importance of these variables with 
respect to their influence on childhood obesity. 

Summary 

Background: Overweight and obesity is a pressing worldwide public health concern.  As 
a major risk factor for chronic diseases, including certain cancers, stroke, diabetes, and 
cardiovascular disease, understating how to reverse current weight gain trends is 
imperative. Of particular interest is understanding the effect of pervasive, modifiable 
environmental exposures.  

Objectives: To increase our understanding of the relationship between childhood 
obesity and potential modifiable attributes of the school environment. 

Methods: We examine the relationship of social and physical environmental attributes of 
the school environment and childhood obesity using a combined approach, first by 
analyzing the relative importance of these attributes using an ensemble learning method 
(Random Forest), and secondly, by analyzing the influence of the top ranked variables 
with a one-level random effects binomial regression (GAMEPHIT). We used data 
compiled from the California Department of Education, the U.S. Geological Survey, 
ESRI’s Business Analyst, the U.S. Census, and other public sources for ecologic level 
variables, and we used the Physical Fitness Test (PFT) data to determine children’s 
individual level obesity status. 

Results: Our analyses suggest that school social environmental attributes are important 
contributors to childhood obesity.  In addition to individual-level race and gender, the 
following within and school neighborhood variables ranked as the most important model 
contributors based on the Random Forest analysis and were included in GAMEPHIT 
regressions. Violent crime, English learners, socioeconomic disadvantage, PE and fully 
credentialed teachers, and diversity index were positively associated with obesity while 
API, PE participation, parental mean education attained and per capita income were 
negatively associated with obesity (maximum P <0.05, except for violent crime and PE 
variables among 7th graders). With no physical attributes meeting the importance 
criterion, our results imply a different relationship between environmental factors and 
obesity than we hypothesized. Finally, we find that there is notable variability in 
observed obesity not explained by our model, suggesting that there are other important 
factors we have not considered. 

Conclusions: These analyses suggest that environmental factors influence obesity 
prevalence and identify several potential modifiable attributes of the school 
neighborhood that can be used to combat the obesity epidemic. This is the first 
statewide analysis to study the school environment and childhood obesity and also 
unique in its sample size and comprehensiveness of environmental attributes 
considered. 
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1.  Background 

Childhood overweight and obesity are major risks for serious detrimental youth 
and adult physiological and psychological health outcomes including cancer, asthma, 
cardiovascular disease, type II diabetes, hypertension, and depression (Centers for 
Disease Control and Prevention 2009).  In addition to the aforementioned physiological 
effects, obese children are subjected to social discrimination (Dietz 1998), resulting in 
psychological stress, low self-esteem, and poor academic and social performance 
(Schwartz and Puhl 2003).  The effects of childhood obesity are particularly worrisome 
due to their long-lasting effects that persist beyond childhood, resulting in increased 
adult morbidity and mortality (Dietz 1998).  It is projected that poor diet and inactivity will 
soon overtake tobacco as the leading cause of preventable death in the U.S. and a 
cancer risk factor (Mokdad, Marks et al. 2004; Eheman, Henley et al. 2012 Nichols, 
Ussery-Hall et al. 2012).   

Reversing current trends could result in major public health improvements.  
Because of obesity-related mortality, projected reductions in the population’s quality of 
life (Tsiros, Olds et al. 2009), and the associated health care cost burden to society 
(Colditz 1999), the obesity epidemic is a public health priority.  Modifiable determinants 
of obesity need to be identified, and interventions to prevent and reduce childhood 
obesity that address those determinants should be implemented (U.S. Department of 
Health and Human Services 2001; World Health Organization 2004). 

Since the late 1970s, obesity (BMI ≥ 95th percentile for age and gender) has 
increased by almost 2.5-fold in children ages 2-5 years old, and more than 3.5-fold in 
adolescents 12-19 years old (Hedley, Ogden et al. 2004; Ogden, Carroll et al. 2008).  
As stressed by Hill and Peters (Hill and Peters 1998), this rate is much too fast to be 
explained by a genetic change in the population and must be influenced by 
environmental factors. There is some indication that obesity may be leveling off for 
some adults subgroups (CDC 2013b) and most recently, a small decrease in obesity 
prevalence has been observed for preschool children (CDC 2013a); however, across 
the U.S., obesity remains at an all-time high and socioeconomic disparities persist. A 
growing body of literature provides evidence that the environment plays an influential 
role on physical activity and dietary behavior, suggesting that environmental changes 
are critical to prevent and combat childhood overweight and obesity (Dietz and 
Gortmaker 2001; Davison and Lawson 2006; Institute of Medicine 2012).   

While the determinants of our weight-gaining behavior are not fully understood, it 
is well established that the weight gain pathway involves the imbalance of energy 
consumed and expended.  As mentioned, research has suggested a genetic 
predisposition for weight gain (Stunkard 1991).  Instead, increasing evidence points to 
changes in dietary intake and physical activity as the culprits, both of which are 
subjected to the influence of environmental factors (Booth, Pinkston et al. 2005; 
Davison and Lawson 2006; Frank, Saelens et al. 2007; Dunton, Kaplan et al. 2009; 
Morland and Evenson 2009). 

1.1 Determinants of Physical Activity 

Over the past 10 years, there has been a growing body of literature seeking to 
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understand the determinants of physical activity in children.  This section summarizes 
the primary determinants related to this study. 

1.1.1 Physical Environment.   

The body of literature on environmental influences of physical activity is broad 
and has grown quickly since 2000 (Dunton, Kaplan et al. 2009).  The causal pathway 
between the environment’s composition and physical activity is, however, still not well 
understood.  In particular, there is sparse understanding of the influence of the 
environment on childhood physical activity, given that most of the literature has focused 
on adults.  Two recent reviews, one by Dunton et al. (Dunton, Kaplan et al. 2009) and 
one by Davison et al. (Davison and Lawson 2006) examined in detail the state of the 
research on the influence of the physical environment on physical activity in children. 
The two reviews indicate that levels of physical activity in children may be influenced by 
natural environment attributes such as green space, weather, and terrain, but for the 
most part, the evidence is sparse or conflicting (Davison and Lawson 2006; Dunton, 
Kaplan et al. 2009) and requires further study.  Built environment components that have 
been identified as potential modifiable determinants of physical activity include 
destinations (Cerin, Leslie et al. 2007) and attributes influencing traffic (Jerrett, 
McConnell et al. 2010) and crime (Committee on Environmental Health 2009).  In 
contrast to adults, research on children and adolescents has found that many of the 
built environment factors that modify adult behavior may not modify behavior among 
youth (Davison and Lawson 2006), stressing the importance of studying this population. 

1.1.2 School-related sports and activities.   

Schools are good locations for physical activity because all children are required 
to attend school and spend a significant portion of their active day in this location.  
School policies and programs can impact levels of physical activity in children since 
children must comply with the programmatic requirements of the school curriculum.  
Additionally, schools offer a setting for regularly scheduled physical activity programs, 
as well as the availability of playgrounds and recreational facilities for physical activity 
during scheduled recreational time and available free time.  Unfortunately,  time spent 
engaged in physical activity (including physical education)  in schools has been 
declining (Dietz and Gortmaker 2001). Physical education and intramural sport 
participation appears to decline significantly by 12th grade and is lower for low SES 
students (Johnston, Delva et al. 2007).  

1.1.3 Automobile Traffic.  

Increased automobile traffic coupled with decreased pedestrian safety may have 
a negative effect on levels of physical activity and obesity (Timperio, Salmon et al. 
2005). Approximately 1 out of 20 deaths for children under 14 are from pedestrian-
involved traffic accidents (Schieber and Vegega 2002). The 2004 ConsumerStyles 
Survey reported traffic-related danger as the second most common barrier stated by 
participants (30.4%) for walking to school (Centers for Disease Control and Prevention 
2005). Additionally, the presence of sidewalks and controlled intersections has been 
shown to be associated with higher levels of physical activity in children (Davison and 
Lawson 2006) further suggesting that traffic exposure may modify active behavior. A 
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recent study (Jerrett, McConnell et al. 2010) also suggests a relationship between traffic 
density and BMI. Other pathways between traffic and obesity maybe be due to effects of 
air pollution as described below. 

1.1.4 Air Pollution.  

Emerging research suggests air pollution may be an additional environmental 
exposure affecting childhood obesity.  It may contribute to childhood obesity through 
three pathways: (1) biologically—it has recently been found that mice exposed to higher 
levels of air pollution, while maintaining identical chow consumption to controls, have 
increased adipose inflammation, visceral adiposity, and insulin resistance (Sun, Yue et 
al. 2009);  (2) physiologically—air pollution is related to chronic disease (Gauderman, 
Vora et al. 2007) which may limit children’s ability to engage in physical activity;  (3) 
psychologically—it is posited that air pollution may be a perceived undesirable risk or 
nuisance that discourages outdoor physical activity. 

1.2 Environmental Determinants of Diet 

Determinants of diet are factors that contribute to or modify food accessibility, 
type, quantity consumed, and eating frequency. The neighborhood environment affects 
dietary intake through various pathways (Papas, Alberg et al. 2007).  The presence of 
food retailers in the vicinity of the child’s environment (the school neighborhood in this 
case) presents opportunities for meals and snacks before school, after school, and if the 
school has an open campus policy, during school hours.  Research on the food 
environment around the home (Powell, Auld et al. 2007; Galvez, Hong et al. 2009) and 
school (Jerrett, McConnell et al. 2009) supports this notion.  The within school 
environment also plays an important role in childhood nutrition as is summarized by 
Story et al. (Story, Nanney et al. 2009), but is beyond the scope of this study. 

1.3 Individual Characteristics as Effect Modifiers 

Individual characteristics strongly modify the magnitude of influence 
environmental factors exert on behavior.  For example, a recent analysis by Frank et al., 
suggests that characteristics such as gender, socioeconomic status, and level of 
education attained may modify the effect of environmental correlates of walking and 
obesity such that environmental attributes move up or down in the hierarchy of 
importance depending on these characteristics (Frank, Kerr et al. 2008).   

1.4 Overweight and Obesity Prevention in the School Setting 

Schools are listed as one of the “5 essential areas that need improvement” listed 
under the most recent Institute of Medicine report, Accelerating Progress in Obesity 
Prevention: Solving the Weight of the Nation (Institute of Medicine 2012). Dietz and 
Gortmaker stated, “Coordinated school health programming provides a strong basis for 
implementing a range of effective school-based activities and environments to improve 
diet and increase physical activity” (Dietz and Gortmaker 2001) (p 346).  Certain school 
interventions have been shown to increase physical activity, improve diet in children, 
and reduce obesity (Veugelers and Fitzgerald 2005; Zenzen and Kridli 2009).  However, 
most interventions are components of research studies and tend to be short lived, 
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limited by the duration of the study.  The length of follow-up for these studies is 
insufficient to determine the long-term effects of the interventions (Zenzen and Kridli 
2009).  Nevertheless, the extant data support the notion that school interventions can 
be effective (Summerbell, Waters et al. 2005; Sharma 2007; Probart, McDonnell et al. 
2007; Foster, Sherman et al. 2008; Kelly R. Evenson, Kymm Ballard et al. 2009; Zenzen 
and Kridli 2009).  This is encouraging and suggests that better understanding of 
modifiable determinants of childhood obesity could lead to improved design of school-
based interventions for prevention of weight gain as well as the implementation of 
preventive measures in the school neighborhood environment.   

1.5 Capitalizing on Existing Health, Environmental, and School Metrics Data 

Local, state, and federal government performance, incidence, health and 
exposure tracking programs are growing sources of data that are becoming increasingly 
available for public health research.  While many of the programs collecting such data 
were not necessarily intended for scientific research, these datasets are rich sources of 
information suitable for this purpose.  This study capitalizes on the untapped opportunity 
present in the growing available data sources through the use of GIS methods.  

  Using 2003-2007 data from the California Physical Fitness Test (administered 
yearly to 5th, 7th and 9th graders), we examined the influence of the school social and 
physical environment on childhood overweight and obesity using machine learning 
algorithms in R with automated variable selection methods—the randomForest package 
for R. For interpretability, no interactions or powers were considered. After screening for 
variables of “importance” using randomForest (from the database developed in Chapter 
2), the Geographic and Multi-level Models for Environmental Public Health Indicators 
and Tracking (GAMEPHIT), a new spatial multilevel modeling tool developed for the 
Centers for Disease Control and Prevention’s Environmental Public Health Tracking 
program, to assess the relationships of these variables to the outcomes.  

This analysis examined the relationship between childhood overweight and obesity 
and numerous social and environmental characteristics of the within school space and 
the school neighborhood, and their relative importance. 

There exist multiple pathways leading from the environment to behavior—in the 
form of dietary intake and physical activity—and ultimately to weight status.  This study 
took advantage of newly developed data sources and technology to advance our 
understanding of the relative effects of various environmental factors on the obesity 
epidemic.  This will enable the most important environmental contributors to be targeted 
for intervention.   

2. Methods 

This research was conducted under the auspices of the Berkeley Center for 
Environmental Public Health Tracking (BCEPHT) and the Geographic Information 
Science Health and Exposure Assessment Lab (GIS-HEAL) at the University of 
California Berkeley, School of Public Health 

2.1 Data Sources 

 Data were obtained from a number of public sources including the California 
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Department of Education, the U.S. Geological Survey (USGS), and the Multi-Resolution 
Land Characteristics Consortium (MRLC).  A complete description of data sources is 
available in Chapter 2 of this dissertation. 

2.2 Health Outcomes 

As described in detail in Chapter 2, the State of California requires by law the 
yearly physical fitness testing of all 5th, 7th, and 9th graders in the state’s public schools 
and maintains a database of the results through the California Department of Education.  
This yearly test is called the Physical Fitness Test (PFT) and is standardized through an 
official battery of tests called the FITNESSGRAM®.  This test provides height and 
weight measures that we used to compute obesity rates for CA public schools. 

Childhood overweight and obesity were defined for children and adolescents aged 
2-19 years based on the 2000 CDC Growth Charts comparing the BMI-for-age 
percentile ranking.  The ranking compares the child’s BMI to the distribution of BMI 
scores of other children of the same age and gender.  Overweight is defined as having 
a score at or above the 85th and less than the 95th percentile; obesity is defined as being 
at or above the 95th percentile (Centers for Disease Control and Prevention 2009). 

2.3 Exposures 

As described in Chapter 1, two major determinants of weight status are caloric 
consumption and energy expenditure. The independent variables thought to influence 
these determinants can be divided into four hierarchies: Levels 1, 2, 3, and 4 variables.  
Level 1 includes individual characteristics. Levels 2, 3, and 4 variables are respectively 
the school environment, census tract and county attributes. See Chapter 1 methods 
section and Chapter 1 Item II for a detail of the variables used and basic descriptions of 
their distributions.   

The only time-dependent variables available for analyses exist at the school (level 
2) and neighborhood level (level 3), as it was not possible to obtain individual 
longitudinal data from the California Department of Education.  The school and 
neighborhood change may be analyzed longitudinally using the PFT measures 
aggregated yearly at these ecologic scales.  These are available since 2003.  
Additionally, there are other school-level attributes that are measured yearly and are 
applicable to the study such as the Academic Performance Index (API) score. Where 
available, year specific data were used. 

2.4 Description of Statistical Methods 

Out of the approximate 300 variables compiled for this project, only a subset of 
approximately one sixth of the data was used for the final model selection.  That is 
because many of the variables in the dataset describe similar attributes or were 
variations of the same variable at different buffer sizes. For example, traffic density was 
available at 500 and 1,000 meters and street connectivity was measured through three 
different types of indices. An initial screening of variables was done by a two-step 
process.  Step 1 involved identifying all covariates with absolute value of correlation 
greater than or equal to 0.8. Step 2 eliminated collinear variables by comparing their 
strength of association with the outcome. For step 2, selection between highly 
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correlated variables was achieved by building a base model of known individual 
correlates of overweight and obesity (race, gender and age) and subsequently 
assessing each variable in univariate regression analysis using GAMEPHIT. The 
variable with the strongest standardized association with obesity was retained. Most 
correlated variable pairs were eliminated in this manner.  A handful of variables of 
interest were kept for further analysis even if they were correlated (e.g. the Academic 
Performance Index base score and percent of students in the Free or Reduced Meals 
Program), yielding an intermediate variable dataset of 124 covariates.  

Two additional variable screens were performed to eliminate the remaining 
correlated variables, and variables which were determined to be of relatively 
insignificant importance.  The remaining correlated variable pairs (|correlation| > 0.7) 
were eliminated by keeping the variable ranking higher in importance as determined by 
Random Forest (described below in subsection 2.4.1), yielding new datasets of 64, 67 
and 69 variables for 5th, 7th and 9th grades, respectively. A third and final screening of 
variables was performed by eliminating variables that were captured as components of 
general variables (for example, murder, rape, and robbery were types of violent crime) 
and were not eliminated during the correlated variable screening process. Additionally, 
the county and ZIP code level variables were deemed relatively unimportant as was 
evident by their relative low Random Forest ranking (see Appendix Items 3-I through 3-
IV tables and plots).  The reduction in the county-level Random Effect variance further 
supported the elimination of county-level variables.  The final variable spaces were 48 
variables for 5th and 7th grade and 49 for 9th grade. 

2.4.1 Relative Importance of School Environment Attributes 

The relative importance of the school attributes was analyzed using an ensemble 
machine learning method that combines the output from multiple classification trees. 
Specifically, we employed a recursive method known as Random Forest, which uses a 
branching random subset of the data and regression trees restricted at each 
classification junction.  It is able to examine the predictive contribution of each variable 
and rank the importance of the covariates provided (Breiman 2001; Shih 2011). 
Random Forest was specifically chosen because it is able to handle “small n, large p” 
problems and correlated variables, which are observed in our dataset, and makes no 
assumption about the model form, which is important for an unbiased determination of 
variable importance. 

Due to the inefficient recursive nature of the Random Forest algorithm, and the 
relatively large size of the dataset, we were forced to limit the analysis to a randomly 
selected 10% subset of the data (approximately 160,000 data points) for individual 
grades. A sensitivity analysis repeating the Random Forest process 10 times using 
random subsamples of the data with 10,000 data points revealed little change in each 
iteration. In the sensitivity analysis, the ranking order of any given variable changed by 
only one or two places and the importance “elbow” remained fixed, with the same set of 
top variables. Given that using less than 0.8% of the data points maintained stability in 
the relative importance of the variables, we assume that the results of the much larger 
random subset used for the purpose of this analysis are representative of the full 
dataset.   



 

70 

2.4.2 Associations between School Environment Attributes and Obesity 

We used a two-step approach to determine the association between school 
environment attributes and childhood obesity. First we used a variable selection 
process, and secondly, we fit the selected variables with a multilevel random effects 
model. For the variable selection process, we employed Random Forest as described 
above in subsection 2.4.1 to determine variable importance. We then plotted importance 
values in descending order (figures 2-1 to 2-3) to determine what we term the 
“importance inflection”, the location where the relative variable importance flattens out. 
For our final models, we used all variables with importance values higher than the 
importance inflection point. The variable selection process was employed because we 
wanted to use a theoretically sound, objective method for selecting among variables 
that would minimize bias and overfitting. We did not use any interactions or 
transformations to allow for variable interpretation.  

Secondly, model fitting was performed using the Random Forest-selected variable 
set as predictors with a multilevel random effects regression (GAMEPHIT) program 
(Hughes 2013). The GAMEPHIT package is written in C++ with an R interface 
developed for the purposes of analyzing multilevel spatially correlated outcomes. The 
theoretical framework and operational details for GAMEPHIT have been published 
elsewhere (Ma 1999; Ma, Krewski et al. 2003; Hughes 2009; Hughes 2013). 
GAMEPHIT has previously been used in air pollution studies to assess bias and 
autocorrelation in health outcomes (Shankardass, McConnell et al. 2009; Su, Morello-
Frosch et al. 2009; Simon, Friedman et al. 2011; Jerrett, Burnett et al. 2013) 

 For our regression with GAMEPHIT, we used the full dataset and forced all 
individual level race indicator variables and used schools clusters. We explored using 
combinations of two-level and one-level distance decay and independent models 
clustered on county and school. The distance decay model assumed a basic adjacency 
matrix to define neighboring counties and schools.  Schools were considered neighbors 
if they were within 5km of each other. The multilevel model assumes the following form. 
For student i in school j, assuming u ~ multivariate normal(0,∑); πij = P(obesityij = 1):  

logit  

Variables were rescaled for interpretability. Percentage variables were recoded 
from 0 to 10 (0=0% and 10=100%) so that a unit change was equal to 10%. Count 
variables were rescaled by their respective 10-90th percentile range. Area (i.e., census 
tract and county) and school parental attained education was rescaled from 1 to 4 
where 1 can be interpreted as nobody having a high school diploma and 4 as everyone 
having a graduate degree. Indices and scores were not rescaled as they were 
interpretable in their original units. Monetary variables were rescaled to $10,000. 

We conducted a sensitivity analysis to compare the performance of the various 
models with the mean squared error (MSE) and the random effects variance. The final 
one-level independent models are compared to three additional coefficient variable sets. 
We include (1) a null model with a random normal variable (0,1), (2) a basic model with 
only individual level variables (race, age and gender), (3) the final model with the 
highest importance Random Forest variables, and (4) a Long model including a large 
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variable set chosen by selecting the non-correlated variables before the second 
importance inflection from the 124 variable Random Forest results. This includes the top 
socioeconomic and built environment variables. The Long model included 44, 43, and 
44 covariates (including individual race and gender) for 5th, 7th, and 9th grades, 
respectively. 

3. Results  

Our analysis found that social and physical environmental school attributes may be 
important determinants of childhood obesity, but there are additional factors contributing 
to the observed variation that remain unaccounted. Our results show general patterns of 
the environmental characteristics that are related to obesity and are described in detail 
below. Notably, as part of the correlated variable exclusion process, the 1km buffer 
variable consistently had greater influence on obesity than the same variable at 500m or 
250m buffers. Therefore, the 1km buffer variable version was used in all cases. 

School obesity prevalence in our dataset ranged from a low of 0.0% to 75.0% with 
a median of 19.8% and mean of 19.7%. The standard deviation of obesity prevalence 
was 7.8%, the interquartile range was 11.5% and the 5th and 95% quantiles were 6.7% 
and 32.5%, respectively. 

3.1 Relative Importance of School Environment Attributes 

Table 3-1 below summarizes the results of the Random Forest algorithm.  
Variables are arranged in order of most important at the top to least important at the 
bottom. The importance value is assigned by Random Forest and shows the relative 
strength of influence. This value can be interpreted as the change in the model’s MSE 
when the variable is randomly permuted into and out of the model. The variables in 
green identify those which fall before the importance inflection and are included in the 
model (see Figures 2-1 to 2-3). The race indicator variables which were forced into the 
model are identified in red text. Notably, social factors (e.g. English learners, parental 
education level, and crime) rank consistently higher than physical attributes (land use 
type, connectivity, greenness and food access) across all grade levels.  Only 
socioeconomic factors were identified before the importance inflection. 

Note that there are minor differences among the variable spaces of the three 
grades.  Specifically, the following were excluded due to high correlation to one or more 
other variables as described in the variable exclusion process in subsection 2.4: school 
level NO2 was excluded from 7th grade, school percent socioeconomic disadvantage 
was excluded from 9th grade, mean census tract attained education was excluded from 
5th and 7th grades, and census tract per capita income was excluded from 5th grade. 
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Table 3-1. Variable Ranking by Grade 
5th Grade (10%) 7th Grade (10%) 9th Grade (10%) 

 Lev Variable Imp Lev Variable Imp Lev Variable Imp 
1 SCH Academic Performance Index 1297 IND Age 1043 IND Age 868 
2 SCH % English Learners 1276 SCH Academic Performance Index 754 SCH Academic Performance Index 544 
3 SCH SE Disadvantaged 1183 SCH % English Learners 628 SCH % English Learners 463 
4 SCH Full Cred Teachers Per Student 1129 SCH SE Disadvantaged 625 SCH PE Teachers Per Student 454 
5 IND Age 1114 SCH PE Participation 572 SCH PE Participation 447 
6 PL Violent Crime 1012 SCH PE Teachers Per Student 560 SCH Full Cred Teachers Per Student 420 
7 SCH PFT Year 620 SCH Full Cred Teachers Per Student 538 PL Violent Crime 414 
8 IND Hispanic 548 PL Violent Crime 519 IND Hispanic 290 
9 TR Diversity Index 391 IND Hispanic 467 SCH PFT Year 267 

10 IND Female 340 IND Female 353 IND Female 234 
11 SCH Distance to Nearest Highway 293 IND PFT Year 294 IND Other Race 151 
12 SCH Mean NDVI 292 TR Diversity Index 195 IND Black 139 
13 SCH Sinuosity 291 TR Per Capita Income 175 TR Mean Education Attained 136 
14 SCH Food: Dist Produce Market 286 SCH Mean NDVI 154 IND Asian 128 
15 SCH Traffic Density 285 SCH Distance to Nearest Highway 150 TR Per Capita Income 110 
16 SCH Air Pollution: PM2.5 284 IND Black 150 TR Diversity Index 104 
17 SCH Dist Recreational Facility 282 SCH Food: Dist Produce Market 147 SCH Mean NDVI 93 
18 SCH All Vehicular Collision Density 280 SCH Air Pollution: PM2.5 146 SCH Distance to Nearest Highway 87 
19 SCH Food: Dist Convenience Store 277 SCH Sinuosity 145 SCH Sinuosity 86 
20 TR Population Density 276 SCH Traffic Density 144 SCH Food: Dist Convenience Store 84 
21 SCH LU: Low Density Development 276 SCH Dist Recreational Facility 144 TR Average Time to Work 84 
22 TR % Vacant Housing Units 275 TR % Vacant Housing Units 143 SCH Food: Dist Supermarket 84 
23 SCH Food: Dist Small Grocery Store 274 TR Average Time to Work 142 SCH Dist Recreational Facility 83 
24 SCH LU Park 274 SCH Air Pollution: PM10 142 SCH Food: Dist Produce Market 83 
25 SCH Connectivity Index 274 SCH Food: Dist Supermarket 141 TR % Vacant Housing Units 83 
26 SCH Food: Dist Supermarket 272 TR % Owner Occupied HU 140 SCH Air Pollution: PM10 83 
27 SCH Air Pollution: PM10 271 IND Other Race 140 SCH Traffic Density 82 
28 TR % Owner Occupied HU 270 SCH Food: Dist Small Grocery Store 139 SCH LU: Low Density Development 81 
29 SCH Food: Dist Fast Food 266 SCH Food: Dist Convenience Store 139 SCH LU Park 81 
30 TR Average Time to Work 262 SCH Connectivity Index 139 SCH All Vehicular Collision Density 81 
31 SCH Food: Dist Any Food Venue 261 SCH LU Park 138 TR % Owner Occupied HU 81 
32 SCH Air Pollution: NO2 257 SCH LU: Low Density Development 138 SCH Food: Dist Small Grocery Store 80 
33 SCH LU High Density Development 234 SCH All Vehicular Collision Density 136 SCH Air Pollution: PM2.5 80 
34 SCH PE Teachers Per Student 213 TR Population Density 134 SCH Air Pollution: NO2 80 
35 TR Household Growth Rate 198 SCH Food: Dist Fast Food 132 SCH Connectivity Index 79 
36 SCH Food: All Venue Prevalence 136 IND Asian 132 SCH Food: Dist Fast Food 79 
37 TR Food: Fast Food Prevalence 112 SCH Food: Dist Any Food Venue 132 TR Population Density 78 
38 SCH PE Participation 104 SCH LU High Density Development 121 SCH Food: Dist Any Food Venue 75 
39 TR Food: Conv Store Prevalence 88 TR Household Growth Rate 110 SCH LU High Density Development 71 
40 IND Asian 78 SCH Food: All Venue Prevalence 71 TR Household Growth Rate 63 
41 SCH LU Agricultural 75 TR Food: Fast Food Prevalence 63 SCH Food: All Venue Prevalence 43 
42 IND Black 64 TR Food: Conv Store Prevalence 47 TR Food: Fast Food Prevalence 39 
43 TR Food: Supermarket Prevalence 62 SCH LU Agricultural 43 TR Food: Conv Store Prevalence 29 
44 SCH LU Barren 57 TR Food: Supermarket Prevalence 39 SCH LU Agricultural 28 
45 SCH LU Wetland 54 SCH LU Barren 35 TR Food: Supermarket Prevalence 22 
46 SCH LU Water 54 SCH LU Wetland 32 SCH LU Barren 22 
47 IND Other Race 47 SCH LU Water 28 SCH LU Wetland 18 
48 TR Food: Produce Market Prev 42 TR Food: Produce Market Prev 25 SCH LU Water 17 
49       TR Food: Produce Market Prev 15 

Random Forest variable ranking results by grade of final variable space. Importance refers to the relative 
contribution to the Random Forest model, and can be interpreted as the change in the model’s MSE 
when the variable is randomly permuted into and out of the model. Variables in red are those after the 
“importance inflection” elbow which were forced into the GAMEPHIT model. 
Abbreviations:  Sch: School; Trct: Tract; Zip: ZIP Code; HU: Housing Unit; HH: Household; LU: Land 
Use; NDVI: Normalized Difference Vegetation Index; Dist: Distance to nearest.
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Random Forest 5th grade variable ranking by importance. Blue diamonds denote the variables above the
“importance inflection” elbow and are included in the GAMEPHIT regression.  
 

Random Forest 7th grade variable ranking by importance. Blue diamonds denote the variables above the
“importance inflection” elbow and are included in the GAMEPHIT regression. 
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Figure 3‐1. 5th Grade Variable Importance
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Random Forest 9th grade variable ranking by importance. Blue diamonds denote the variables above the
“importance inflection” elbow and are included in the GAMEPHIT regression. 

3.2 Associations between School Environment Attributes and Obesity 

Table 3-2 below summarizes the results from the variable selection process and 
the GAMEPHIT 1-level binomial regression. Results in red are not significant at the 0.05 
confidence level. The results have general patterns within environmental attributes 
categories and the direction of association to obesity. Generally, social factors indicative 
of socioeconomic disadvantage (e.g. per capita income, education, crime, etc.) are 
positively associated with obesity.  
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Figure 3‐3. 9th Grade Variable Importance

Table 3-2. GAMEPHIT  
Results of 1 Level Independent Model Obesity Binomial Regression by Grade 

Level Variable 
5th Grade 

OR (95% CI) 
7th Grade 

OR (95% CI) 
9th Grade 

OR (95% CI) 
 Constant 0.00 (0.00-0.00) 0.00 (0.00-0.44) 0.00 (0.00-0.00) 
Individual Year of PFT Test 1.01 (1.01-1.02) 1.01 (1.00-1.01) 1.02 (1.02-1.03) 
Individual Female 0.68 (0.67-0.68) 0.72 (0.71-0.72) 0.60 (0.60-0.61) 
Individual Age 0.86 (0.86-0.87) 0.85 (0.84-0.86) 0.86 (0.86-0.87) 
Individual Asian 0.83 (0.81-0.86) 0.71 (0.70-0.73) 0.72 (0.70-0.73) 
Individual Black 1.26 (1.23-1.29) 1.35 (1.33-1.38) 1.37 (1.34-1.39) 
Individual Hispanic 1.82 (1.80-1.85) 1.79 (1.77-1.81) 1.70 (1.68-1.72) 
Individual Other Race 1.41 (1.36-1.46) 1.31 (1.28-1.34) 1.29 (1.26-1.32) 
Place Violent Crime (10-90%ile Range)1 1.01 (1.01-1.02) 1.01 (1.00-1.02) 1.04 (1.03-1.07) 
School Acad. Performance Index Score 0.83 (0.82-0.85) 0.83 (0.82-0.85) 0.88 (0.86-0.91) 
School English Learners (10%) 1.02 (1.01-1.02) 1.02 (1.02-1.03) 1.02 (1.02-1.03) 
School SE Disadvantaged (10%) 1.01 (1.01-1.01) 1.01 (1.01-1.01) - 
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Individual level characteristics (gender, race, and age) have the largest 
coefficients. As expected, female gender and Asian race have a negative association 
with obesity and Hispanic race has the largest positive association with obesity after 
controlling for all other factors. At the local level (school, place and census tract), 
multiple social attributes have a significant and substantive effect, but no physical 
attributes were part of the models based on the variable selection process. Of the non-
individual attributes, the school mean academic performance index and census tract 
mean attained education have the largest inverse effect while the diversity index has the 
largest positive effect. Percent of students who are English learners or are 
socioeconomically disadvantaged has a moderate positive association with obesity. 
Notably, while violent crime ranked high in the variable importance, it has a relatively 
small coefficient and was not statistically significant for 7th grade.  As hypothesized, 
crime is positively associated with obesity. PE participation has an inverse but small 
statistically significant effect on obesity for 9th grade, and surprisingly, both the number 
of PE teachers and accredited teachers per pupil, has a positive, albeit small, effect on 
obesity. 

Physical attributes of the school neighborhood, which are easier environmental 
aspects to modify, do not appear to be as influential as we had hypothesized. 
Nevertheless the social factors of the school environment we found to be related to 
childhood obesity are proxies for likely modifiable aspects we have not yet identified.   

3.2.1 Differences between Grades 

The directions of the associations between the attributes in Table 3-2 and obesity 
are consistent across the three models, although for 7th grade, three factors were not 
statistically significant: violent crime, PE participation, and PE teachers per student. At 
the local level, associations were consistent, but there were differences in which 
variables were selected by the models for the three grade levels, as can be seen in 
Table 3-2. This is in part due to the exclusion of collinear variables and in part due to 
the importance inflection.  For example, SE disadvantage and English learners were 
correlated at over 0.7 for 9th grade, but not for 5th or 7th grade.  

3.2.2 Model Comparison: Mean Squared Error and Unexplained School Level Variability  

While the county level variability was largely explained by the fixed effects 

School Teachers (10-90%ile Range)1 1.01 (1.00-1.01) 1.04 (1.02-1.05) 1.01 (1.01-1.02) 
School PE Participation (10%) - 1.00 (0.99-1.00) 0.99 (0.99-1.00) 
School PE Teacher (/1000Students) - 1.00 (1.00-1.01) 1.01 (1.00-1.02) 
Tract Diversity Index (10-90%ile Range)1 1.29 (1.25-1.32) 1.10 (1.06-1.15) 1.08 (1.02-1.14) 
Tract Mean Education Attained 2 - - 0.92 (0.86-0.97) 
Tract Per Capita Income ($10K) - 0.96 (0.95-0.96) 0.96 (0.94-0.98) 

Note 1: Variables Standardized by the 10-90 Percentile Range 
Violent Crime (Incident per n population): 5th Grade (127); 7th Grade(136); 9th Grade(146) 
Full Credentialed Teachers (Teacher per n students): 5th Grade (2.75); 7th Grade(9.28); 9th Grade(20.3) 

Note 2: Mean resident education ranges from 1 to 4 where 1= less than high school diploma; 2=high 
school diploma; 3= some college; and 4=college graduate or greater education. 

Dark Red: Not Statistically Significant 
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(predictors), a sizeable portion of variability at the school level was unaccounted for by 
the model. This suggests that there are other school environment and individual 
characteristics which we have not considered that may play an important role in 
childhood obesity. 

Table 3-3. School Variance - One Level Independent Models 

 Mean Squared Error Random Effect Variance 
Grade 5th 7th 9th 5th 7th 9th 
Null Model 0.178 0.157 0.138 0.254 0.216 0.189
Basic Model 0.171 0.152 0.134 0.102 0.109 0.105
Final Model 0.169 0.151 0.133 0.055 0.051 0.055
Long Model 0.169 0.151 0.133 0.050 0.047 0.050
Null Model: normally distributed noise term [0, 1] 
Basic Model: Year, Gender, Age, Race Indicator (Asian, Black, Hispanic or Other) 
Final Model: Highest importance terms from Random Forest results of final non-correlated variable set, 
forcing race indicator 
Long Model: Non-correlated top terms (above second importance inflection) from the 124 variable 
dataset 

Table 3-3 compares the performance of the final model to three other models by 
grade: (1) a model with only a noise term; (2) a model with only individual covariates 
and PFT administration year; and (3) a more term-inclusive model of all uncorrelated 
variables above the second importance inflection from the first Random Forest analysis. 
The MSE shows a conservative improvement between models with progressively more 
regressors, while the school level random effects variance reduces markedly with the 
introduction of additional covariates. This suggests that there is clustered structure to 
the data and that while there is moderate improvement of the MSEs, the large reduction 
of the random effect variance signifies that the covariates are explaining much of the 
variation in obesity rates. The addition of the individual level variables alone reduced the 
random effects by a factor of nearly 2.5 for 5th grade, 2 for 7th grade, and 1.8 for 9th 
grade. The introduction of the top socioeconomic covariates, approximately halved the 
variance of the basic models. Tripling the number of regressors to over 40, however, did 
very little to improve the models.  We saw no change in the MSEs and a marginal 
improvement in the random effect variances. These results further support the Random 
Forest rankings, and reinforce the notion that individual and local socioeconomic factors 
are much more important in explaining the observed variation in childhood obesity 
compared to physical attributes. 

4. Discussion  

The obesity epidemic is a multigenerational public health problem that will likely 
persist for decades to come.  While it is possible that preventive measures, 
interventions, and general changes in society may promote weight loss in the presently 
overweight and obese population—given that weight loss is a slow and difficult 
process—the rational public health policy is to prevent obesity in the first place.   

This analysis is one of few that look at the influence of childhood obesity and 
environmental characteristics, and the first of its scope in the field of childhood obesity 
in terms of sample size, breadth of environmental factors, and sophistication of GIS 
methods and modeling. To date, limited research has been performed using the 
California Physical Fitness dataset.  As of the time this research, fewer than 10 papers 
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were found, and were limited to using only one year of data, evaluating progress over a 
time period, evaluating compliance, or were not merged with other Department of 
Education datasets to adjust for potential confounders (Madsen and Linchey 2012; Kim, 
Must et al. 2005; Lee, De et al. 2006; Singh and McMahan 2006; Aryana, Li et al. 2012; 
Sanchez-Vaznaugh, Sanchez et al. 2012; Sanchez, Sanchez-Vaznaugh et al. 2012). 

The analysis supports the notion that social and, to a lesser extent physical, 
environmental attributes of the school setting may have an important effect on childhood 
obesity.  Interestingly, our findings are in line with the adult literature with respect to 
social environment, but the physical environment does not appear to have a strong 
effect. These findings can be interpreted to mean one or a combination of three factors: 
(1) there is in fact a different relationship between adults and the physical environment 
in comparison to children; (2) the school physical environment is not representative of 
the home and other physical environments with which children may interact more; (3) 
or, the available measure of the school environment do not capture the factors of the 
physical environment that influence children’s behaviors while in school. Although 
children spend a large portion of their day at school, the opportunity to engage with the 
physical environment is limited given most of their time in class and the large majority of 
schools have closed campus policies (O’Toole, Anderson et al. 2007). Non-
representativeness of the home environment and other environments through the 
school physical neighborhood attributes may explain these surprising results. 

There are differences between the Random Forest and the GAMEPHIT results. 
Namely, crime was amongst the highest ranked variables, yet it was for the most part 
not significant in the GAMEPHIT model or had a very small coefficient. This may mean 
that the GAMEPHIT model assumptions are limited for the complex relationship 
between the environment and obesity. While Random Forest does not give risk 
estimates, it may offer a better option for understanding the relative importance of 
various factors because it makes fewer assumptions about the data structure and is 
able to automatically explore iterations of large number of variables in aggregate. 

Particular attention was given to ambient air pollution and traffic accident density 
because they are pervasive modifiable exposures thought to affect weight (Jerrett, 
McConnell et al. 2010) that can be mitigated at a macro scale and provide omnipresent 
public health benefits to the population and have not been previously examined in this 
scope. There is evidence to suggest that air pollution may modify the risk of obesity 
through biological (Sun, Yue et al. 2009), physiological (Gauderman, Vora et al. 2007), 
and psychological pathways. Also, perceived traffic safety may influence levels of 
physical activity.  A recent study by Jerrett et al. suggests that higher levels of vehicular 
traffic are associated with increased BMI in children (Jerrett, McConnell et al. 2010).  
This analysis suggests that air pollution and traffic may influence childhood obesity; 
however, based on the Random Forest results, the influence appears to be comparably 
lower to social factors. This is a novel concept that merits further examination. 

4.1 Limitations 

This study has limitations and could be improved upon with better and more 
comprehensive data.   One of the most important limitations of this analysis is the lack 
of longitudinal data. Without an ability to follow the students through changing 
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environments and changing weight status, we are limited to the drawbacks of cross-
sectional data. Ideally, the CDE should collect height and weight data from an earlier 
age, including 1st and 3rd grade.  The state of California issues student IDs to all 
students in the CA public school system, which are ideal for longitudinal studies and 
relating multiple databases maintained at the individual level by the state.   

Through this study, we also lack information on the within-school physical 
environment such as the adequacy of facilities for physical activity, the quality of the 
school cafeteria food, the presence or absence of chain-restaurants, and other 
modifiable aspects that may be related to childhood obesity (Story, Nanney et al. 2009).  
Additionally, this study lacks data on social pressures affecting eating and activity 
behavior such as bullying, cultural traditions, and access to knowledge on healthy 
eating (Mamun, O'Callaghan et al. 2013; Kumanyika 2008; Cluss, Ewing et al. 2013). 
Although these physical attributes are more difficult environmental factors to identify at 
the macro-scale and the social attributes are more challenging to alter, these are 
modifiable aspects of the environment that should be further explored. 

As mentioned in Chapter 2, the food landscape is difficult to characterize and is 
constantly altered.  The inability to capture the plethora of food venue types and 
changing food environment is a major limitation.  Given that most schools have closed 
campus policies coupled the financial constraint of purchasing food likely tilts the 
influence of the food environment to parental meal choice for the child or to foods 
further than the 1,000 meter buffer we used. Children, particularly middle and high 
school students, frequently buy foods on their way to and from school (Borradaile, 
Sherman et al. 2009; He, Tucker et al. 2012; Madsen, Gosliner et al. 2009; Vander 
Veur, Borradaile et al. 2010), an environment which not captured by this analysis. 

Unfortunately, the dataset we have compiled lacks many individual variables of 
the student and the family that cannot be adjusted for in analyses.  For example, the 
effect of air pollution on obesity may be confounded by smoking and second hand 
smoke, which are missing from our dataset.  Finally, this dataset could be improved by 
providing home (including parental) data.  While children spend a significant portion of 
their day at school, the home environment is obviously an important contributor to their 
diet and physical activity. Adding the home environmental variables to the model would 
yield the best understanding of the relationship between the environment and weight or 
physical fitness status. As mentioned above, the school physical environment may in 
fact be spatially distinct from that of the home. For example, schools may be in areas 
where land is cheaper and where permitted by zoning laws; they may be closer to major 
roads and highways and areas of higher traffic. Homes, on the other hand, may be in 
areas with lower traffic, a perceived safer environment, and low density development.  
While children spend a significant portion of their day at school, the home environment 
is obviously an important contributor to their diet and physical activity.  Adding the home 
environmental variables to the model would yield the best understanding of the 
relationship between the environment and weight or physical fitness status. 

There are multiple potential sources of bias in this dataset.  A primary concern is 
the potential for selection bias in analyses of these data, which can arise if those 
variables in the dataset were selected differentially with respect to both exposures of 
interest and child adiposity. Another concern is whether the school population in the 
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datasets is a representative sample of California schools. This study excluded private 
schools, and not all schools or students participated in the FITNESSGRAM®. It is likely 
that the dataset over-represents wealthier schools and regions, and under-represents 
disadvantaged locations. Information bias may be present in multiple forms. For 
example, wealthier schools may have employed trained individuals to conduct the tests, 
while other schools may not have the resources to do the same.  

5. Conclusions 

This study makes important headway into understanding the pathway between 
the environment and childhood obesity. While more research is still needed, this 
research provides direction as to the specific socio-physical features on which future 
research should focus.  We present unique findings on the relationship between school 
neighborhood crime and obesity.  This is the first state-wide study to look at schools and 
the school neighborhood as potential targets for environmental public health tracking to 
identify the at-risk populations for the purpose of preventing childhood obesity.  It is 
unique in its large sample size, large scale, and wide variability of obesity prevalence 
between schools (0% to 75%).   Additionally, to our knowledge, this is the first study to 
apply machine learning for variable ranking and selection for school and obesity 
research. 

By demonstrating that schools can have an impact on the overall rates of 
childhood obesity, this study may provide a framework to begin taking preventive action.  
This framework could potentially be a model for the rest of the country to track and 
better understand the characteristics of school environments with a high prevalence of 
childhood obesity.   

Our findings suggest that more emphasis should be placed on the within-school 
environment. Specifically, attention should be given to understanding the differences 
between schools at the extremes of the mean API spectrum. Socioeconomic factors 
appear to be most strongly related to obesity, but we still have little understanding of 
how and why these factors may influence the energy imbalance that leads to weight 
gain.  Future studies can expand on this knowledge to determine what it is about 
socioeconomically disadvantaged populations that places them at higher risk of 
becoming obese and what it is about non-disadvantaged populations that puts them at 
lower risk. Specifically, focus should be placed on identifying modifiable aspects of the 
social environment that promote better weight status.  

To avoid widening health inequalities from obesogenic environments, it is 
important to identify the schools with student populations at highest risk, and direct 
resources toward these schools to prevent further increases in disparities.  Given that 
socioeconomic factors appear to have a prominent influence on childhood obesity, 
future interventions should concentrate on schools with these characteristics.   
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7. Appendix 

Item 3-I. Long Dataset Random Forest Ranking by Grade  

Long Dataset Variable Ranking by Grade 
5th Grade (10%) 7th Grade (10%) 9th Grade (10%) 

 Lev Variable Imp Lev Variable Imp Lev Variable Imp 
1 Ind Age 1119 Ind Age 1048 Ind Age 884 
2 Ind Hispanic 515 Ind Hispanic 458 Ind Hispanic 281 
3 Sch Acad Perform.Index 504 Ind Female 366 Ind Female 237 
4 Sch % White 492 Sch AcadPerform.Index 338 Sch Acad Perform. Index 204 
5 Sch % English Learners 486 Sch PE Participation 268 Sch PE Teachers 177 
6 Sch Free/Reduced Meals 485 Sch PE Teachers  256 Sch PE Participation 175 
7 Sch Full Cred Teachers  472 Sch % English Learners 251 Sch SES Disadvantaged 168 
8 Sch SES Disadvantaged 454 Sch % White 249 Ind Other 160 
9 Sch Ed <High School 414 Sch SES Disadvantaged 246 Sch % English Learners 157 

10 Sch Mean Ed Attained 407 Sch Full Cred Teachers  237 Sch Full Cred. Teachers 156 
11 Sch Ed High School 354 Sch Free/Reduce Meals 224 Sch Mean Ed Attained 152 
12 Ind Female 344 Sch Mean Ed Attained 215 Ind Black 150 
13 Pl Burglary 333 Pl Burglary 198 Sch Free/Reduce Meals 147 
14 Sch Ed Gradudate+ 313 Sch Ed <High School 194 Sch % White 143 
15 Pl Arson 309 Sch Ed: High School 194 Ind Asian 136 
16 Pl Rape 304 Sch API State Rank 189 Pl Burglary 134 
17 Pl Assault 303 Pl Rape 179 Sch Ed Graduate+ 131 
18 Pl Robbery 290 Pl Arson 178 Pl Arson 128 
19 Pl Violent 275 Pl Assault 177 Sch Ed <High School 127 
20 Co Motor Vehicle Theft 242 Sch Ed: Gradudate+ 173 Pl Rape 127 
21 Co Robbery 221 Pl Robbery 172 Pl Assault 122 
22 Co Violent 217 Pl Violent 165 Pl Robbery 120 
23 Pl Murder 209 Ind Black 163 Sch Ed: High School 120 
24 Co Burglary 207 Co Mtr Vehicle Theft 149 Pl Violent 113 
25 Co Rape 199 Oth Other 143 Sch API State Rank 111 
26 Co Arson 190 Co Violent 134 Co Mtr Vehicle Theft 106 
27 Sch API State Rank 174 Co Robbery 131 Co Violent 97 
28 PFT PFT Test Year 165 Ind Asian 131 Co Burglary 93 
29 Sch Dist. to Nrst HWY 137 Co Burglary 130 Co Robbery 92 
30 Co Murder 134 Pl Murder 121 Co Rape 86 
31 Sch Gamma Index 132 Co Rape 120 Co Arson 84 
32 Tr Diversity Index 131 Co Arson 117 Pl Murder 82 
33 Sch Sinuosity 131 PFT PFT Test Year 96 PFT PFT Test Year 67 
34 Sch Dist. to Nrst Rec 131 Co Murder 83 Co Murder 59 
35 Sch Dist to Unclass Food 128 Sch Dist. to Nrst HWY 65 Sch NDVI 40 
36 Sch NDVI 127 Sch NDVI 63 Sch Dist. to Nrst HWY 39 
37 Sch Traffic Density 500m 126 Sch Dist. to Nrst Rec 62 Tr Mean Ed Attained 39 
38 Sch Collision Density 125 Sch Gamma Index 61 Sch Dist. to Conv Store 38 
39 Sch Dist to Conv Store 125 Sch Dist to Produce Mkt 60 Sch Sinuosity 37 
40 Sch Dist to Produce Mkt 124 Sch Dist to Supermarket 60 Sch Dist. to Nrst Rec 37 
41 Sch Dist to Small Grocery 124 Tr Ed High School 60 Sch Gamma Index 37 
42 Sch Dist to Supermarket 124 Sch Dist to Unclass Food 59 Sch Dist to Supermarket 36 
43 Sch LU Low Development 119 Sch Sinuosity 59 Sch LU Low Develop 36 
44 Sch LU Park 118 Sch Traffic Density 500m 59 Tr Aggregate Income 36 
45 Sch Dist to Fast Food 118 Tr % Vacant HU 58 Tr Ed High School 35 
46 Sch Connectivity Index 118 Sch Dist to Conv Store 58 Tr % Vacant HU 35 
47 Tr Ed High School 117 Tr Unemployment 57 Tr Ed Graduate+ 35 
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48 Tr % Vacant HU 117 Sch Dist to Small Grocery 57 Sch All Collision Density 35 
49 Sch Dist to Nrst Food 116 Tr Diversity Index 57 Sch Dist to Produce Mkt 35 
50 Tr Aggregate Income 115 Tr Avg Time to Work 56 Sch Dist to Fast Food 35 
51 Sch LU Med Develop 114 Sch All Collision Density 56 Sch Dist to Unclass Food 34 
52 Tr % White 113 Sch LU Low Development 55 Tr Ed < High School 34 
53 Sch Traffic Density 1Km 113 Sch LU Park 55 Sch Dist to Small Grocery 34 
54 Sch PM10 112 Sch Connectivity Index 54 Sch LU Med Develop 34 
55 Sch PM 2.5 111 Tr Aggregate Income 54 Tr % White 34 
56 Tr Unemployment 111 Sch Dist to Fast Food 54 Sch LU Park 34 
57 Sch Street Nodes 110 Tr % White 54 Tr Avg Time to Work 34 
58 Tr Population Density 107 Sch Dist to Nrst Food 54 Sch Traffic Dens  500m 34 
59 Tr Avg Time to Work 107 Sch PM 2.5 54 Tr Unemployment 34 
60 Tr Ed < High School 105 Sch PM10 53 Tr Diversity Index 33 
61 Sch NO2 104 Sch LU Med Develop 53 Sch PM10 33 
62 Tr % Owner HU 102 Sch Street Nodes 53 Tr Per Capita Income 33 
63 Tr % Renter HU 101 Sch Traffic Density 1Km 52 Sch Connectivity Index 32 
64 Tr Avg Family Size 99 Tr % Renter HU 52 Sch Dist to Nrst Food 32 
65 Tr Per Capita Income 98 Tr Avg Family Size 51 Sch NO2 32 
66 Tr Ed Graduate+ 96 Tr % Renter HU 50 Tr Population Density 32 
67 Sch PE Teachers 96 Sch NO2 50 Tr % Owner HU 32 
68 Sch LU High Develop 94 Tr Ed < High School 50 Sch PM 2.5 31 
69 Tr Mean Ed Attained 93 Tr Population Density 49 Tr Avg Family Size 30 
70 Sch LU Mean Develop 91 Tr Ed Graduate+ 49 Sch Street Nodes 500m 30 
71 Tr All Food 81 Tr Per Capita Income 47 Sch Traffic Density 1Km 30 
72 Tr Household Growth 81 Sch PM 2.5 Remote Sen 46 Tr % Renter HU 30 
73 Sch LU Green 80 Tr Mean Ed Attained 46 ZIP All Food 29 
74 ZIP All Food 77 Sch LU High Develop 44 Sch PM 2.5 Remote Sen 28 
75 Ind Asian 75 ZIP All Food 43 Sch LU High Develop 28 
76 Tr Small Grocery 73 Sch LU Mean Develop 43 Sch LU Mean Develop 27 
77 Sch PM 2.5 Remote Sen 72 Tr All Food 42 Tr Household Growth 26 
78 ZIP Fast Food 67 Tr Household Growth 42 ZIP Fast Food 26 
79 Ind Black 64 Sch LU Green 40 Tr All Food 25 
80 ZIP Convenience Stores 59 Tr Small Grocery 39 Sch LU Green 25 
81 Sch All Food 55 ZIP Fast Food 38 Tr Small Grocery 23 
82 ZIP Small Grocery 55 ZIP Convenience Stores 35 ZIP Convenience Stores 22 
83 Sch PE Participation 50 ZIP Small Grocery 32 ZIP Small Grocery 20 
84 ZIP Supermarket 47 ZIP Supermarket 29 ZIP Supermarket 19 
85 Tr Fast Food 45 Sch All Food 26 Sch All Food 16 
86 Oth Other 42 Tr Fast Food 24 Tr Fast Food 16 
87 ZIP Produce Market 40 ZIP Produce Market 24 ZIP Produce Market 15 
88 Tr Unclassified Food 39 Tr Unclassified Food 21 Tr Unclassified Food 14 
89 Sch Fast Food 38 Sch Fast Food 18 Co NDVI 13 
90 Tr Convenience Stores 35 Co NDVI 18 Sch Fast Food 12 
91 Sch Convenience Stores 28 Tr Convenience Stores 18 Co Avg Time to Work 12 
92 Sch  LU Agricultural 28 Co LU Wetland 16 Co LU Wetland 12 
93 Sch LU Wetland 25 Co Avg Time to Work 16 Co LU Water 12 
94 Sch LU Barren 25 Co LU Water 16 Co NDVI Standard Dev 12 
95 Sch LU Water 25 Co NDVI Standard Dev 16 Co LU Green 11 
96 Tr Supermarket 25 Co LU Agricultural 16 Co LU Agricultural 11 
97 Co NDVI 25 Co Family HH Proportn 16 Co Aggregate Income 11 
98 Sch Small Grocery 24 Co LU Green 15 Co LU Barren 11 
99 Co LU Water 21 Sch  LU Agricultural 15 Co Bicycle to Work 11 

100 Co LU Wetland 21 Co LU Barren 15 Co Unemployment 11 
101 Co Avg Time to Work 20 Co Ed < High School 15 Tr Convenience Stores 11 
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102 Co LU Agricultural 20 Tr Supermarket 15 Co Ed < High School 11 
103 Co LU Barren 20 Co Total HWY Length 15 Co Family HH Proportn 11 
104 Co LU Green 20 Co Bicycle to Work 15 Co % Owner HU 11 
105 Co Family HH Proportn 19 Co % Owner HU 14 Co % White 11 
106 Sch Supermarket 19 Co Unemployment 14 Co % Vacant HU 10 
107 Co Ed < High School 19 Sch Convenience Stores 14 Sch  LU Agricultural 10 
108 Co % Owner HU 19 Co % White 14 Co Total HWY Length 10 
109 Co NDVI Standard Dev 19 Sch LU Barren 14 Co Median Age 10 
110 Co % White 19 Co Median Age 14 Co Car Alone to Work 10 
111 Co Bicycle to Work 19 Co Car Alone to Work 14 Co HWY Density 10 
112 Co Total HWY Length 18 Sch LU Wetland 14 Co Per Capita Income 10 
113 Co Car Alone to Work 18 Co Mean Education 13 Co Population Density 10 
114 Co Unemployment 18 Co Aggregate Income 13 Sch LU Barren 10 
115 Tr Produce Market 17 Co % Vacant HU 13 Co Mean Education 10 
116 Co % Vacant HU 17 Co HWY Density 13 Co % Renter HU 9 
117 Co Median Age 17 Co % Renter HU 13 Tr Supermarket 9 
118 Co % Renter HU 17 Co Population Density 13 Sch LU Water 9 
119 Co Aggregate Income 17 Co Per Capita Income 12 Sch Convenience Stores 9 
120 Co HWY Density 17 Sch Small Grocery 12 Sch LU Wetland 8 
121 Co Population Density 16 Sch LU Water 12 Sch Small Grocery 8 
122 Co Mean Education 16 Tr Produce Market 11 Sch Supermarket 7 
123 Co Per Capita Income 15 Sch Supermarket 10 Tr Produce Market 6 
124 Sch Produce Market 15 Sch Produce Market 7 Sch Produce Market 4 

Random Forest variable ranking results by grade. Importance refers to the relative contribution to the 
Random Forest model, and can be interpreted as the change in the model’s MSE when the variable is 
randomly permuted into and out of the model.  
Abbreviations:  Sch: School; Cnty: County; Trct: Tract; Zip: ZIP Code; HU: Housing Unit; HH: Household; 
HWY: Highway; LU: Land Use; Ed: Education; NDVI: Normalized Difference Vegetation Index; Nrst: 
Nearest; Unclass: Unclassified; Sen: Sensing; Dev: Deviation; Dist: Distance. 
Importance: Refers to the relative importance assigned by Random Forest.  
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Item 3-II. 5th Grade Random Forest Variable Importance From Long Dataset 

 

Item 3-III. 7th Grade Random Forest Variable Importance From Long Datase    
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Item 3-IV. 9th Grade Random Forest Variable Importance From Long Dataset 
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CHAPTER 4. CONCLUSIONS 

The research presented in this dissertation contributes to the field’s 
understanding of the socio-spatial environment and health risk relationship. Notably, we 
apply new statistical and GIS methods for this purpose.  In the aggregate, the primary 
findings elucidate the importance of the social environment and local socioeconomic 
composition on the two health risks analyzed: smoking and obesity. We demonstrate 
this importance using publicly available data and three different analytical approaches: 
machine learning algorithms, prediction models, and multilevel regression models. 
Additionally, we provide a novel way of working with big data at the state and national 
levels to provide small-area analysis. 

Chapter 1 illustrates the geospatial clustering of socioeconomic composition with 
smoking and obesity health risks. Taking advantage of this spatial relationship, we are 
able to produce downscaled small-area estimates of smoking and obesity prevalence at 
the census tract and ZIP code levels with limited county level data. We used publicly 
available data from the Behavioral Risk Factor Surveillance System for the 20-year 
period from 1990 to 2010 to train a prediction model and used census data to develop 
the prevalence estimates for the four quinquennia in this period. To avoid overfitting the 
model and introducing bias in the model selection, we used a lasso-based machine 
learning approach to select the model predictors. Moreover, comparing cross-validated 
mean squared errors, the variance of the random effects, observed on predicted plots, 
and mapping these statistics, we were able to evaluate the predictive capacity of our 
models. As with Chapter 3, this chapter demonstrates the importance of race, gender 
and socioeconomic factors on explaining health risks. To our knowledge these 
predictions are the first to provide estimates at the census tract and ZIP code levels for 
the entire conterminous United States. These estimates may be of important utility to 
future studies. 

Chapter 2 capitalizes on existing data systems that may not have been intended 
for health surveillance and analysis but serve as valuable sources of information that 
can be used for that purpose. Using improved computational power of current systems 
and GIS tools, we were able to assemble a comprehensive set of socio-physical 
characteristics of the school environment. Data sources include the California 
Department of Education, the United States Geologic Survey, CalAtlas, US Census, 
Federal Bureau of Investigation, and other publicly accessible sources. The ability to 
conduct spatial joining of point locations to geopolitical boundaries (e.g., law 
enforcement agency jurisdiction and census tracts) where it was not possible to join 
data through a common identifier (e.g. county code and school code) allowed us to 
create a more comprehensive dataset. In addition to its breadth, the dataset created is 
the first of this scale to characterize the school environment using network-based 
neighborhoods (instead of Euclidean). This dataset may be of significant utility for future 
research, which has been limited by the lack of an established school environment 
dataset. 

Chapter 3 applies a novel approach to understanding the school environmental 
influences on childhood obesity by focusing on the relative importance of the attributes 
available from the database developed in Chapter 2.  Using an ensemble learning 
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method, we were able to discern how categories of attributes ranked relative to each 
other.  This allowed a high-level assessment of different hierarchical levels and the 
comparison of social versus physical factors. Because social and built environment 
exposures do not directly cause an energy imbalance, but rather modify an individual’s 
physical activity and dietary behavior, the exposures we have quantified should be 
interpreted as proxies for the general experience of the individual in his or her 
surroundings. Additionally, many of the attributes we have quantified are highly 
correlated to other socio-physical factors (e.g., English learners and free or reduced 
price meals). As a result, the use of the ensemble method is more appropriate than 
traditional regression in identifying the type of environments that are obesogenic. The 
use of GAMEPHIT--a recently developed random effects program designed specifically 
for spatially correlated data analysis--was used to confirm the results from the machine 
learning variable ranking process and provided an evaluation of a parsimonious model 
to larger models. 

Our results afford valuable insight into the role of the school socio-physical 
environment and childhood obesity.  Following individual race and gender factors, the 
social environment ranks consistently high importance for all three grades analyzed. 
Surprisingly, the physical environment was less important than expected as was evident 
by the rankings and the variable importance value; however, it is likely due to data 
accuracy and missing data (such as the home environment, detailed within school 
environment factors, etc.).   The random effects model analysis further supported these 
findings.  Comparing the parsimonious model selected from the importance plots’ first 
point of inflection, or “elbow”, to the one extending to the second elbow, showed little 
improvement in reducing the random effects variability even though the regressors were 
approximately doubled. This analysis suggests that race, gender and socioeconomic 
factors account for the majority of obesity differences seen between schools. 

As a whole, this dissertation brings to light the importance of quality, linkable 
data.  While we have new geospatial and statistical tools and computational capacity, to 
understand exposures and health outcomes, there is still a dearth of reliable and easily 
accessible data. 

Directions for future research 

The methodology presented in the preceding three chapters can be used for 
future analyses.  Several of the approaches to characterize the environment and to 
select regressors from a larger variable space are novel contributions of this 
dissertation.  Specifically, the multi-step process of correlated variable elimination 
followed by a machine learning algorithm for variable selection and the use of the 
resulting variable set with a random effects model. Here, we show the value of using the 
variance of the random effects variance to avoid overfitting a model. Future studies may 
use similar methods to predict other risk factors at the national level, or state level and 
analysis in other states.  With respect to the smoking and obesity adult estimates from 
Chapter 1, these should be validated through their use in analysis of datasets with 
known smoking and obesity status. Lastly, we stress the importance of programs such 
as the Environmental Public Tracking Network, and we urge the generation and 
improvement of collaborative systems to capture and share better data. 
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*** 

 

In summary, this dissertation makes a novel contribution to the literature by 
applying a combination of machine learning methods, multilevel models, and GIS to 
quantify exposures and develop prediction models where little data are available but 
where there are spatial patterns in the distribution of the risk factor(s).  Additionally, the 
research presented here contributes to the Environmental Public Health Tracking 
Network by developing estimates for smoking and obesity and a database that 
characterizes the within school within and school neighborhood environments of 
California public schools. 

.  

 




