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ABSTRACT 
	  
Background: 

 
Diabetes is a diet-sensitive chronic disease with crippling complications and costs.1 In 

concert with other factors, the food retail options available in the residential neighborhood may 
support or hinder diabetes self-management efforts and influence disease outcomes. 
Consequently, geographic variation in the availability of specific food vendors may contribute to 
disparities in diabetes self-care between affluent and deprived neighborhoods.2–4 In recent years, 
numerous states and localities in the United States have developed financing programs to 
increase the availability of supermarkets and other fresh food vendors in underserved 
neighborhoods. However, the health consequence of increasing physical proximity to 
supermarkets is still unknown. Moreover, no analyses have investigated whether geographic 
variation in food vendor availability plays a role in explaining neighborhood health disparities. 
This overarching goal of my dissertation research is to address these gaps in the evidence base.  
 
Methods:  

 
This dissertation is broken out into three separate sets of analyses that are presented in 

five chapters. Chapter 1 provides an overview of the research and policy context that motivates 
this research. In Chapter 2, I investigate whether the association between neighborhood 
deprivation (NDI) and BMI is mediated by the availability of “healthful” and “unhealthful” food 
vendors, as is commonly assumed. In Chapter 3, I examine whether increasing supermarket 
proximity is associated with weight reduction among a subsample of patients living in close 
proximity to twelve new supermarkets. In Chapter 4, I examine the association between changes 
in neighborhood supermarket presence (supermarket development and closure) and changes in 
glycemic control (hemoglobin A1c). Finally, in Chapter 5, I summarize study conclusions and 
recommendations for future research.  

 
Study subjects for each analysis represent different subsamples of adults from the Kaiser 

Permanente of Northern California (KPNC) Diabetes Registry, a large (>300,000 members) and 
well-characterized longitudinal cohort of insurance plan members with diabetes mellitus 
identified from clinical records and survey self-report. The Registry was an ideal data resource 
for research on the association between food retail change and change in clinical outcomes 
because all available electronic medical records (including inpatient, outpatient, laboratory and 
pharmacy records) could be linked with geospatial measures by the member’s address of 
residence. 
 
Discussion: 
 
These analyses will help further our understanding of how neighborhood deprivation “gets under 
the skin” and will help clarify the role of neighborhood food vendor availability in shaping 
clinical outcomes. The findings are directly applicable to current policy discussions on the health 
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impacts of supermarket development in food deserts and may help policymakers evaluate policy 
options for improving diabetes outcomes.
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CHAPTER ONE 
	  

Introduction  
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INTRODUCTION 
	  

DIET AND WEIGHT MANAGEMENT FOR TYPE 2 DIABETES 
 

Type 2 diabetes mellitus is an increasingly common chronic disease associated with 
crippling and costly complications, including heart disease, stroke, blindness, kidney failure, and 
loss of digits or limbs.1 The rapid growth in the prevalence of type 2 diabetes mellitus in recent 
years is alarming. Based on data from 2009-2012, the CDC estimates that approximately 37% of 
American adults ≥ 20 years of age have diabetes or prediabetes,2 a 43% increase compared to 
just six years earlier.3 As the prevalence of diabetes mellitus climbs, so does the related 
economic burden. Medical costs and lost productivity attributed to diagnosed diabetes increased 
41% from 2007 to 2012.4  

Sweeping lifestyle changes are needed at a population-level to curb or reverse this rise in 
the prevalence of diabetes.  It is well established that diet and weight management can prevent 
type 2 diabetes and improve prognosis for those already living with the disease.5–7  Eating a 
balanced diet rich in fruits, vegetables, whole grains, and lean proteins improves glycemic 
control, which can prevent or delay the complications of diabetes.8–10 Diet adherence is also 
important for maintaining a healthy weight, which can minimize the risk of complications.7  

Health education campaigns for diabetes prevention and management are laudable, but 
for many, having knowledge about nutrition, weight and glycemic control guidelines is not 
sufficient to initiate or sustain recommended lifestyle changes.11  Macrosocial changes, including 
changes to the social, physical and economic environments within which individuals live, may 
be needed to encourage healthy dietary habits. Policy interventions on upstream determinants of 
health, such as the food retail environment, may be able to lower barriers to healthy living and 
help make healthier choices the default option.12,13 
	  

NEIGHBORHOOD EFFECTS ON HEALTH 
	  

Space and place are key dimensions across which health is patterned.  Numerous studies 
document substantial differences in health behaviors, disease risk, and mortality between areas of 
higher and lower neighborhood socioeconomic status, even after accounting for neighborhood 
composition.14–18  

One common measure of neighborhood SES is the neighborhood deprivation index 
(NDI), a composite score calculated from administrative records for US Census area units.19 A 
recent analysis of the Diabetes Study of Northern California (DISTANCE)20 found that NDI had 
a significant positive relationship with obesity and cardiometabolic risk factors among adults 
with diabetes, independent of personal characteristics.  Specifically, body mass index (BMI), 
glycosylated hemoglobin level (A1c), and systolic blood pressure were significantly higher for 
each increase in quartile of neighborhood deprivation.21   

While there may be a direct causal link between neighborhood deprivation and health, 
neighborhood deprivation is generally viewed as a crude proxy for specific neighborhood 
stressors and buffers that affect health behaviors and health outcomes more directly.17 A 
burgeoning body of research seeks to characterize the specific neighborhood features that 
mediate the observed association between neighborhood deprivation and health, so as to 
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understand the mechanisms by which neighborhood deprivation “gets under the skin.”22–24 The 
goal is to identify potentially modifiable social and environmental factors on which to intervene 
so as to reduce neighborhood-level health disparities.   
	  

HEALTHFUL FOOD AVAILABILITY 
 
There is growing interest in understanding whether the availability of healthful foods is 

equitably distributed across areas and how healthful food availability shapes dietary behaviors 
related to a range of chronic diseases.25,26  Past research has defined healthful food availability in 
myriad ways but most studies have used the presence, count, proximity, or density of 
supermarkets in an area.27,28 The predominance of these metrics is partly due to data availability, 
as commercial lists of food outlet locations over large areas are less costly to obtain than data on 
the availability of actual food items based on in-store audits.  

Supermarkets are large food stores that typically offer a wide selection of fresh produce, 
meats, dairy products, baked goods, and frozen and stable-shelf foods.  Supermarkets are 
commonly classified as food stores with certain Standard Industrial Classification (SIC) codes 
that surpass a threshold for annual sales or number of employees. Although supermarkets 
typically carry a wide range of healthful and unhealthful food items, prior research has generally 
characterized supermarkets as healthful food outlets because in seminal studies, they were found 
to offer a greater variety of healthful food items, (e.g. fresh produce and whole grains), at lower 
prices, compared to convenience stores and small grocery stores.29,30   
	  

RESEARCH ON HEALTHFUL FOOD RETAIL AND HEALTH OUTCOMES 
 
Neighborhood healthful food availability has been shown to be cross-sectionally 

associated with residents’ dietary patterns and obesity status even after controlling for individual 
characteristics.31–37 In light of persistently high levels of residential segregation by race & SES, 
these results suggest that differential access to healthful foods could be an important contributor 
to socioeconomic and racial/ethnic diet-related health disparities. However, no analyses to date 
have investigated whether differential healthful food availability contributes to diet-related health 
disparities between more and less deprived neighborhoods. Additionally, few longitudinal 
studies exist and none have been able to validate the assumption that greater supermarket 
availability will improve neighborhood health outcomes.38–41  

The first such longitudinal study, a “natural experiment” in Glasgow, Scotland, exploited 
the opening of a new supermarket in a low-income postal district.42 The authors, Cummins et al, 
found no change in fruit or vegetable consumption following the opening of the supermarket 
comparing the low-income postal district to a nearby district with similar socioeconomic 
characteristics. Nine years later, Cummins and collaborators conducted a similar evaluation of a 
new supermarket development in a Philadelphia “food desert” neighborhood that was financed 
by the Pennsylvania Fresh Food Financing Initiative.26 The Philadelphia-based study compared 
dietary quality and BMI changes in the intervention community with outcome changes in a 
demographically comparable and geographically distinct “food desert” community which did not 
have supermarket development. The authors found that the intervention store lifted community 
perceptions of healthful food availability but did not improve dietary quality or BMI.42  In both 
the Glasgow and Philadelphia studies, sample sizes were small (Glasgow: N = 412; Philadelphia: 
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N = 656) and the resulting analysis had poor power to detect modest effect sizes. Moreover, in 
each case, there may have been other concurrent neighborhood changes in the “intervention” 
district that were not present in the “control” district that may contribute to dietary quality and 
BMI.  

Using a larger sample, Boone-Heinonen et al (2011) followed prospectively over 5,000 
young adults in the Coronary Artery Risk Development in Young Adults (CARDIA) study from 
1985 to 2000.39  The authors found no significant association between supermarket proximity 
and dietary intake, after adjustment for individual-level and neighborhood-level covariates in a 
fixed effects model. Although this study is one of the most methodologically rigorous analyses to 
date, the analysis sample included individuals who moved residence over follow-up. Thus, the 
analysis fails to separate the variation in supermarket availability that is caused by supermarket 
changes from the variation in supermarket availability that is caused by people moving. This is a 
source of confounding bias because residents may select into neighborhoods based on factors 
related to dietary intake. 

In a recent analysis of four waves of the Early Childhood Longitudinal Study – 
Kindergarten cohort (ECLS-K),40 greater supermarket availability was found to be associated 
with a modest increase in BMI among children who did not move residence over the course of 
follow-up. However, the observed increase did not achieve statistical significance. The study 
design ensured that effect estimates reflected the impact of neighborhood contextual changes, 
rather than residential relocation. However, random-effects models were used to estimate the 
impact of supermarket availability on BMI and this is problematic because random-effects 
models are valid only under strict data assumptions that may not apply in this research context. 
	  

LIMITATIONS OF EXISTING RESEARCH 
	  

Neighborhoods are dynamic and the factors that impact residential and store location are 
complex. Researchers investigating the dietary and health impacts of supermarket availability 
have struggled to untangle the contextual effects of neighborhood attribute from the 
compositional effect of neighborhood residents because the relationship between neighborhood 
food availability and the dietary preferences of its residents is likely to be bidirectional. These 
challenges are discussed in further detail below. 
	  
SELECTION OF STORES INTO NEIGHBORHOODS 
 

The nonrandom selection of food stores into neighborhoods poses the first challenge. 
Bias arising from store selection occurs because food store openings and closures are influenced 
by market and economic trends. The same economic forces that spur supermarket development 
and closure can also affect countless other changes in the community (e.g. other retail, crime, 
employment opportunities, local government services and traffic). These other changes may also 
affect the health outcome of interest.  If data on potential confounding neighborhood factors is 
not collected, it is difficult to disentangle the influence of supermarket availability from 
concurrent neighborhood changes. 
	  
SELECTION OF RESIDENTS INTO NEIGHBORHOODS 
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Additionally, individuals may change residences over time, and location choices are 
influenced by many factors, including personal preferences, health status and financial resources. 
The nonrandom selection of residents into neighborhoods poses a challenge for estimating the 
health effects of neighborhood attributes because the same factors that influence residential 
selection may also affect health outcomes.43–45 For example, individuals who maintain healthy 
diets may be more likely to prioritize access to healthy foods in their choice of where to live.  
Health status itself may influence residential location. For example, financial hardship from a 
chronic illness may cause an individual to relocate to a lower-income neighborhood with a 
poorer food environment. For these reasons and others, inadequate control for confounding by 
measured and unmeasured individual-level characteristics can induce spurious relationships 
between neighborhood contextual factors and health outcomes. 
	  
SHORTCOMINGS OF COMMON ANALYTIC AND STUDY DESIGNS 
 

Due to the selection issues described above, a longitudinal study design is necessary to 
establish exposure-outcome temporality and control for neighborhood- and individual-level 
confounders. Furthermore, among the various statistical options for longitudinal analyses, 
estimators that use each subject as their own comparison, such as fixed effects and first-
difference estimators, are better able to address the neighborhood selection issues discussed 
above compared to estimators that exploit between-subject variation, such as random effects 
models.  Fixed effects and first-difference estimators use within-subject change in the exposure 
and covariates to predict within-subject change in the outcome.  Such models automatically 
control for measured and unmeasured time-invariant individual characteristics such as race, sex 
and educational attainment. In contrast, random effects models, while commonly employed, are 
ill-suited for this research purpose because, like cross-sectional analyses, random effects models 
assume that the neighborhood exposures are uncorrelated with unmeasured individual and 
neighborhood characteristics. This is equivalent to assuming that the covariate list includes all of 
the various factors that influence the selection of individuals and stores into neighborhoods.  

Fixed effects or first-difference longitudinal analyses control for residential selection based 
on time-invariant individual-level characteristics but confounding by time-varying individual-
level characteristics as well as time-varying and time-invariant neighborhood-level 
characteristics are still concerns. One strategy to minimize confounding by time-varying 
individual level characteristics as well as by time-invariant neighborhood-level characteristics is 
to use a fixed effects or first-difference model on an analysis sample which only retains 
observations at each subjects’ modal address. In this way, residential location is static across 
observations for each individual. Although excluding observations at non-modal addresses from 
the analysis sacrifices a degree of external validity and precision, it ensures that any observed 
variation in supermarket exposure is attributable to changes in neighborhood context, rather than 
to residential mobility. This distinction is important from a policy perspective because we are 
interested in the health consequences of changes in supermarket availability due to store changes 
rather than to residential relocation.  

In order to minimize confounding by time-varying neighborhood-level factors, studies should 
measure and adjust for changes in neighborhood socioeconomic status and specific 
neighborhood attributes that are theorized to affect the outcome to the extent that it is feasible. 
Changes in the availability of other retail including physical activity venues and other food retail 
can potentially impact diet quality, weight, and other health outcomes, and should be included as 
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model covariates if applicable.  
In summary, research on the impact of supermarket availability on diabetes outcomes is 

underdeveloped. Few longitudinal studies exist and among them, none adequately adjust for 
neighborhood-level and individual-level confounding influences in their analytic and study 
designs. Rigorous longitudinal studies are needed to address these research gaps. 

POLICY IMPLICATIONS 
 
Research on the health impacts of supermarket availability is needed to inform public 

policy decisions. There is growing interest in the development of supermarkets as a potential 
health policy intervention for reducing neighborhood disparities in nutrition, obesity and the risk 
of chronic disease. Although findings are mixed,46,47 several studies have documented that there 
are fewer supermarkets, worse nutritional status, and increased risk of chronic disease (e.g. 
cardiovascular disease and obesity) in low-income neighborhoods.33,48,37 Given these findings, 
the 2008 Farm Bill instructed the United States Department of Agriculture (USDA) to study the 
prevalence of food deserts: low-income census tracts in which more than a third of residents live 
more than one mile away from the closest supermarket. 4950  More recently, the First Lady’s 
Let’s Move! Initiative committed to eliminating America’s food deserts in seven years.51 The 
primary tool at the federal level that will be used for this purpose is the Healthy Food Financing 
Initiative (HFFI), which provides healthy food retailers with grants and loans to assist with the 
costs of starting, refurbishing, and operating qualifying food stores in areas designated as food 
deserts.52 In parallel, local and state governments have developed or are developing similar 
programs to correct what many perceive as market failures in food retail.53–55 

Given the amount of public attention and policy action in this arena, it is surprising that 
very little is known about how changes in supermarket availability influence diet, the prevalence 
of obesity and risk factors for chronic disease over time. The underlying assumption of these 
programs is that the greater availability of supermarkets would improve the health of area 
residents through easier access to affordable healthful foods.  While such effects are plausible, 
supermarkets may similarly increase access to nutritionally poor and calorie-dense food options 
such as processed snack foods, soda, and prepared meals.  Thus, the net health impact of 
improved access to supermarket food offerings is uncertain and may vary by compositional and 
contextual characteristics of stores and neighborhoods. 
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RESEARCH QUESTIONS, AIMS AND RATIONALE 
 
Diabetes-related behaviors and health outcomes, such as diet quality, obesity, and 

hemoglobin A1c level vary systematically by level of neighborhood deprivation.18,21 There is 
enormous interest in supermarket development as a potential policy intervention for reducing 
neighborhood disparities in nutritional status and prevalence of disease. However, we have little 
understanding of the role of the food retail environment in explaining differences in nutritional 
status and the burden of chronic disease by neighborhood. Only a handful of longitudinal 
investigations of the impact of food retail availability on diet, obesity and other health outcomes 
exist,38,40,56 and none adequately accounted for the dynamic processes of residential and store 
selection into neighborhoods and the potential biases produced by these processes. This research 
attempts to address these deficits in our understanding of the contextual barriers to the prevention 
and management of diabetes through the following three aims.  
Aim 1.  Examine whether the association between neighborhood deprivation and obesity is 
mediated by healthful and unhealthful food retail outlet density. 
 
Aim 2. Among patients who live within two miles of a new supermarket development, examine 
whether decreasing distance to nearest supermarket (as a result of new developments) is 
associated with BMI change.   
 
Aim 3.  Investigate how gains and losses in neighborhood supermarket presence within one mile 
of the home affect residents’ glycemic control (measured by glycated hemoglobin level, A1c) for 
patients with different levels of glycemic control at baseline. 
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CHAPTER TWO 
 

Does Food Vendor Density Mediate the Association 
Between Neighborhood Deprivation and BMI? 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter is a reproduction of previously published work. Epidemiology: May 2015 – Volume 
26 – Issue 3 – p 344-352. Wolters Kluwer Health Lippincott Williams & Wilkins© No 
modifications will be permitted. 
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ABSTRACT 
 
Background:   

In previous research, neighborhood deprivation was positively associated with body mass 
index (BMI) among adults with diabetes. We assessed whether the association between 
neighborhood deprivation and BMI is attributable, in part, to geographic variation in the 
availability of healthful and unhealthful food vendors. 
Methods:  

Subjects were 16,634 participants of the Diabetes Study of Northern California 
(DISTANCE), a multiethnic cohort of adults living with diabetes.  Neighborhood deprivation 
and healthful (supermarket and produce) and unhealthful (fast food outlets and convenience 
stores) food vendor kernel density were calculated at each participant’s residential block 
centroid. We estimated the total effect, controlled direct effect, natural direct effect, and natural 
indirect effect of neighborhood deprivation on BMI. Mediation effects were estimated using G-
computation, a maximum likelihood substitution estimator of the G-formula that allows for 
complex data relationships such as multiple mediators and sequential causal pathways. 
Results:  

We estimated that if neighborhood deprivation were reduced from the most deprived to 
the least deprived quartile, average BMI would change by -0.73 units (95% CI -1.05, -0.32); 
however, we did not detect evidence of mediation by food vendor density. In contrast to previous 
findings, a simulated reduction in neighborhood deprivation from the most deprived to the least 
deprived quartile was associated with dramatic declines in both healthful and unhealthful food 
vendor density. 
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INTRODUCTION 
 

Neighborhood deprivation indices are composite measures of area socioeconomic status 
(SES) commonly used in early neighborhood effects research as crude proxies for area-level 
deprivation and as predictors of health access and outcomes.17  Much of our understanding of the 
relevance of place to health comes from these early ecologic and multilevel studies of the 
relationship between neighborhood deprivation and disease risk.58 Our previous research found 
that, independent of personal characteristics, neighborhood deprivation index had a significant 
positive and monotonic relationship with body mass index (BMI) and cardiometabolic risk factor 
control among adults with diabetes.21  Diabetes is a chronic disease influenced by health-related 
behaviors including diet and exercise, and thus place-based interventions that promote weight 
loss or simply weight maintenance may improve long term diabetes outcomes.7  

The pathways through which neighborhood deprivation index affects BMI are not well 
understood, but the food retail environment has been proposed as an important mediator and has 
been shown to have strong cross-sectional associations with BMI in both healthy and chronically 
ill populations.34,59,60  Our previous analysis of the Diabetes Study of Northern California 
(DISTANCE) found that among moderate to high-income subjects, greater neighborhood 
healthful food retail density was associated with lower obesity prevalence.61  However, no 
studies to date examine whether and how much geographic variation in food retail density 
accounts for neighborhood-level socioeconomic disparities in BMI.   

Is neighborhood density of retail food outlets a major contributor to the BMI disparities 
we observed between more- and less-deprived neighborhoods in this population with diabetes? 
To address this question, we estimated the total effect, the controlled direct effect, the natural 
direct effect, and the natural indirect effect of neighborhood deprivation index on BMI through 
food retail density, accounting for sequential impacts on intermediate behavioral variables along 
the causal chain. To accommodate complex data relationships, we used G-computation, a causal 
inference technique based on the Rubin Causal Model counterfactual framework.62,63 

We hypothesized that the effect of neighborhood deprivation on BMI is explained in part 
by geographic variation in healthful and unhealthful food vendor density among those living 
with diabetes. Using data from DISTANCE, a well-characterized, multi-ethnic cohort of 
Californian adults with diabetes, we estimated the share of the total effect of neighborhood 
deprivation index on BMI that was explained by differences in food retail density between most 
and least deprived neighborhoods. Additionally, we explored the behavioral mechanisms 
underlying the direct and indirect mediation pathways. We estimated the effect of a simulated 
reduction in neighborhood deprivation index on smoking, physical activity, and dietary 
adherence and incorporated the impact of those subsequent behavioral changes on BMI.   
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METHODS 
 

STUDY SAMPLE 
	  

Kaiser Permanente Northern California (KPNC) is a large, integrated health care delivery 
system caring for more than 3 million persons who are representative of the San Francisco Bay 
and Sacramento regional population.64 The DISTANCE survey was conducted during 2005-2006 
in an ethnically stratified random sample of KPNC members in the diabetes registry (n = 40,735) 
with approximately equal samples sizes among the five largest ethnic groups (African American, 
Chinese, Filipino, Latino, and White). As described by Moffet et al. (2009), a total of 20,188 
people responded to the survey for a response rate of 62% after adjusting for estimated eligibility 
among non-respondents.20 Respondents to the short-form survey (n = 2,393), individuals with 
type 1 diabetes (n = 826), and individuals with extreme BMI values above the 99th percentile or 
below the first percentile (n = 335) were excluded, leaving a final analytic sample of 16,634. 

 

OUTCOME: BMI 
	  
 BMI was calculated from electronic records using the first clinical measurement of height 
and weight recorded in an outpatient visit after the survey date.  Self-reported weight and height 
from the survey was used (n = 1,226) if individuals had no measured weight and height within 
two years after the survey. BMI was inverse-transformed in regression models to approximate a 
normal distribution. In sensitivity analyses, we assessed the robustness of findings using 
alternative body mass outcomes including binary indicators of obesity (BMI≥30) and severe 
obesity (BMI≥35). 
 

EXPOSURE: NEIGHBORHOOD DEPRIVATION 
 
Neighborhood deprivation index was calculated based on 2000 US Census housing and 

population data. Eight census-derived variables comprising six domains (income, poverty, 
housing, education, employment, and occupation) were used to create the index using principal 
components analysis of 2,250 census tracts in the 19 counties with more than 25 DISTANCE 
respondents (Cronbach alpha = 0.93).19,21  We calculated neighborhood deprivation index 
quartiles (quartile 1 = least deprived; quartile 4 = most deprived), and assigned quartile values to 
respondents at the census tract level based on 2006 home address data.  
	  

MEDIATOR: HEALTHY AND UNHEALTHY FOOD VENDOR DENSITY 
 
Healthful food vendor density was defined as the kernel density of chain supermarkets 

(including wholesale clubs), large grocery stores (>$2 million in sales), and produce outlets at 
the census block centroid of each respondent’s 2006 residence. Unhealthful food vendor density 
was defined as the kernel density of fast food outlets and convenience stores at the same address. 
Vendor locations were obtained from the 2006 InfoUSA commercial food store database as 
distributed through ESRI Inc.,65 and food stores were classified by Standard Industrial Codes 
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(SIC) as well as by key word, chain name recognition, and annual sales.  ArcGIS 10.166 (ESRI, 
Redlands, CA) was used to transform the geocoded vendor locations into a smooth kernel 
density surface using a 1-mile radius buffer and a quadratic function for inverse distance 
weighting.  Quartiles of kernel density surface scores were used in the analysis. The first quartile 
represents the smallest and the fourth quartile represents the greatest kernel density of food 
vendors. 

 

INTERMEDIATE HEALTH BEHAVIORS 
 
We accounted for the effect of a simulated neighborhood deprivation index reduction on 

intermediate health behaviors (current smoking status, physical activity, and diet adherence) on 
the theorized causal pathway from neighborhood deprivation index to BMI. Current smokers 
(yes vs. no) were members who reported having ever smoked 100 cigarettes and currently 
smoking at the survey date. Physical activity (sufficiently active vs. inactive) was measured 
using the brief version of the International Physical Activity Questionnaire.67  Diet adherence, a 
potential mediator of the pathway between food vendor density and BMI, was assessed by two 
items. Subjects were asked 1) “On how many days out of the last SEVEN DAYS have you 
followed a healthful eating plan?” and 2) “On average, over the past month, on how many DAYS 
PER WEEK have you followed your eating plan?” Responses from the two survey items were 
averaged, and diet adherence was dichotomized as good (≥ 5 days) vs. poor (< 5 days).   

 

COVARIATES 
  

Age and sex were collected from KPNC administrative data as of the date of survey 
completion.  Census tract residential density was obtained from the 2000 Census and included in 
regression analyses as quartile indicator variables.68  Other covariates derived from survey 
responses include: race/ethnicity, marital status, nativity, household size, education, employment 
status, value of assets, income-to-federal-poverty-ratio, and diabetes-related locus of control.  
Given that diabetes-specific locus of control has been associated with self-care behavior,69 we 
included responses to two questions as proxies for health-related attitudes that may influence 
neighborhood preference. Locus of control was assessed by respondents’ levels of agreement on 
a 5-point Likert scale with the statements: “What I do has a big effect on my health and I can 
avoid complications of diabetes” (internal locus of control) and “Good blood sugar control is a 
matter of luck and my blood sugars will be what they will be” (external locus of control).  Both 
internal and external locus-of-control measures were dichotomized (≤3, >3).   
 

MISSING DATA  
 
Of the 16,634 respondents in the analytic sample, 7,796 were missing data on at least one 

of the above measures. Compared to respondents with complete data, respondents with missing 
data were more likely to be female, non-white, older, and foreign-born, and to have lower 
income and total years of education. Missing values were imputed using chained equations as 
described in Appendix Table 1. Since standard errors were estimated using bootstrapping, a 
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single stochastic imputation was drawn for each missing value in each iteration of the G-
computation process.70  

 

CAUSAL GRAPH 
 
We developed a directed acyclic graph which makes explicit our assumptions about the 

causal relationships between neighborhood deprivation index, healthful food vendor density, 
unhealthful food vendor density, smoking, physical activity, diet adherence, and BMI (Figure 1).  
In this graph, individuals choose their neighborhood of residence based on preferences, resource 
constraints, and personal characteristics. Neighborhood deprivation index and residential density 
are characteristics of the residential neighborhood, and these two factors affect healthful and 
unhealthful food vendor density as well as individual smoking and physical activity.  Healthful 
and unhealthful food vendor density influences BMI directly and indirectly through diet 
adherence.   

 
FIGURE 1. DIRECTED ACYCLIC GRAPH.  

	  

	  
Arrows represent theorized causal relationships 

	  
The decomposition of the effect of neighborhood deprivation index on BMI into direct 

and indirect effects required adjustment for factors that confound the neighborhood deprivation 
index-food vendor, food vendor-BMI, and neighborhood deprivation index-BMI relationships.   
Thus, we adjusted for individual-level traits and residential density in all prediction models. We 
were also interested in decomposing the natural direct and indirect effect of neighborhood 
deprivation on BMI into subcomponent pathways that operate through diet adherence. Physical 
activity and smoking were potential confounders of the diet adherence and BMI relationship; 
however, these health behaviors were also descendants of the exposure and might mediate the 
direct effect of neighborhood deprivation on BMI.  Standard adjustment for physical activity and 
smoking could therefore block the direct effect of neighborhood deprivation index on the 
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outcome. G-computation enabled us to adjust for exposure-dependent confounding by smoking 
and physical activity without blocking the direct path between neighborhood deprivation index 
and BMI. The application of G-computation to analyses involving exposure-dependent 
confounding, of which mediation is a special case, has been discussed previously.62,70–72 In brief, 
we estimated the counterfactual probabilities of smoking and physical activity under alternate 
neighborhood deprivation interventions. Then, to estimate counterfactual diet adherence and 
BMI values under hypothetical scenarios that intervene on neighborhood deprivation, we set 
physical activity and smoking to their respective counterfactual values under the specific 
neighborhood deprivation intervention. 

 

STATISTICAL ANALYSIS 
 
G-computation was used to estimate the total effect, the controlled direct effect, the 

natural direct effect, and the natural indirect effect of neighborhood deprivation index (A) on 
BMI using Stata, release 12 (College Station, TX).73–75 The neighborhood deprivation 
intervention settings correspond with a hypothetical reduction in neighborhood deprivation from 
the highest to the lowest quartile. First, we generated prediction models for BMI, healthful food 
vendor density, unhealthful food vendor density, smoking, and physical activity as a function of 
their respective variable inputs (Appendix Table 2). Bivariate interaction terms were included as 
covariates in prediction models if the terms were significant at the p<0.20 level.  Model 
diagnostics were performed for all models to identify specification errors. This involved 
computing the generalized Hosmer–Lemeshow goodness-of-fit statistic76 for all logistic and 
multinomial logistic regression models, conducting specification link tests77 on all models, and 
visually examining the graph of model residuals against fitted values for BMI.  

 
Next, we used prediction models to simulate counterfactual values for BMI and all 

variables that impact BMI under six intervention scenarios that differed by exposure and 
mediator assignment.  We simulated counterfactual estimates sequentially such that the predicted 
probabilities of input variables were used in the prediction of successive outcomes. First, we 
estimated counterfactual probabilities for each healthful food vendor density quartile (H) and 
unhealthful food vendor density quartile (U) as well as smoking (S) and physical activity (P) 
under two exposure settings:  1) if the respondent lived in the least deprived neighborhood [i.e. 
setting A = 1: to obtain 𝐻!!, 𝑈!!, 𝑆!!, and 𝑃!!], and 2) if the respondent lived in the most 
deprived neighborhood [i.e. setting A = 4: to obtain 𝐻!!, 𝑈!!, 𝑆!!, and 𝑃!!].  Next, we simulated 
counterfactual diet adherence probabilities (D) and counterfactual BMI values (transformed back 
to original units) setting input variables to the counterfactual values outlined in Table 1.  
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TABLE 1. VALUES FOR VARIABLE INPUTS IN BMI PREDICTION MODELS UNDER 
SIX INTERVENTION SCENARIOS 
	  

Scenario Neighborhood 
Deprivation 

Index  
Quartile 

(A) 

Smoking 
status 

(S) 

Physical 
activity 

(P) 

Healthful 
Vendor 
Density 

(H) 

Unhealthful 
Vendor 
Density 

(U) 

Diet Adherence 
(D) 

1 1: Least 
Deprived 

𝑆!!  𝑃!!  4: Highest 4: Highest 𝐷 𝐴 = 1, S = 𝑆!! , P = 𝑃!! ,𝐻 = 4,𝑈 = 4  

2 4: Most 
Deprived 

𝑆!!  𝑃!!  4: Highest 4: Highest 𝐷 𝐴 = 4, S = 𝑆!! , P = 𝑃!! ,𝐻 = 4,𝑈 = 4  

3 1: Least 
Deprived 

𝑆!!  𝑃!!  𝐻!!  𝑈!!  𝐷 𝐴 = 1, S = 𝑆!! , P = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
 

4 1: Least 
Deprived 

𝑆!!  𝑃!!  𝐻!!  𝑈!!  𝐷 𝐴 = 1, S = 𝑆!! , P = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
 

5 4: Most 
Deprived 

𝑆!!  𝑃!!  𝐻!!  𝑈!!  𝐷 𝐴 = 4, S = 𝑆!! , P = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
 

6 4: Most 
Deprived 

𝑆!!
 𝑃!!

 𝐻!!
 𝑈!!

 𝐷 𝐴 = 4, S = 𝑆!! , P = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
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The differences in counterfactual BMI values between scenarios 1 and 2 were used to 
estimate the controlled direct effect of neighborhood deprivation on BMI, holding both healthful 
and unhealthful food vendor density variables at the highest quartile values. Counterfactual BMI 
values under scenarios 3, 4, 5, and 6 were used to calculate the total effect, natural direct effect 
and natural indirect effect of neighborhood deprivation on BMI. 

 

MEDIATION EFFECT PARAMETERS 
 
Assuming that everyone lived in the most deprived neighborhood quartile at baseline, the 

mediation parameters represent the expected change in population average BMI under alternative 
neighborhood deprivation and food vendor density interventions. Mediation parameters were 
estimated as the differences in sample mean simulated BMI comparing the intervention scenarios 
presented above. Confidence intervals for all mediation effect estimates were obtained from 
three hundred bootstrap iterations of the G-computation procedure.  
	  
CONTROLLED DIRECT EFFECT 
	  
𝐶𝐷𝐸!!!,!!! 

= 𝐸
  𝑌 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 4,𝑈 = 4,𝐷 = 𝐷 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 4,𝑈 = 4
−𝑌 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 4,𝑈 = 4,𝐷 = 𝐷 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 4,𝑈 = 4

 

 
The controlled direct effect represents the expected change in population average BMI 

due to decreasing neighborhood deprivation holding healthful and unhealthful food vendor 
densities constant at a specific value for all cohort members. Since controlled direct effect 
parameters are defined by the specific mediator value settings that are chosen, multiple 
parameter definitions exist. We estimated the controlled direct effect of neighborhood 
deprivation index on BMI, holding both healthful and unhealthful food vendor density at the 
highest quartile. This parameter is estimated by the mean difference in simulated BMI for 
scenario 1 versus scenario 2. 
	  
NATURAL DIRECT EFFECT 
	  
𝑁𝐷𝐸!!!!! ,!!  !!!

= 𝐸
𝑌 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!!𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
−𝑌 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!!𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!

 

 
Similar to the controlled direct effect, the natural direct effect also estimates the expected 

change in population average BMI due to decreasing neighborhood deprivation, omitting the 
influence of food vendor density. However, food vendor density values were set to their 
counterfactual values under the least deprived neighborhood setting and these counterfactual 
values may differ between subjects. This parameter was estimated by the mean difference in 
simulated BMI for scenario 3 versus scenario 5. 
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NATURAL INDIRECT EFFECT 
	  
𝑁𝐼𝐸!!!

= 𝐸
𝑌 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!!𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!
−𝑌 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!!𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!

 

 
The natural indirect effect parameter of interest was estimated by the mean difference in 

simulated BMI for scenario 5 versus scenario 6. This parameter represents the expected change 
in population average BMI if we could set every study subject to his or her counterfactual food 
environment values under the least-deprived neighborhood quartile while holding neighborhood 
deprivation constant at the most deprived quartile. 

TOTAL EFFECT  
    

𝑇𝐸 =

𝐸
𝑌 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 1, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!   
−𝑌 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!! ,𝐷 = 𝐷 𝐴 = 4, 𝑆 = 𝑆!! ,𝑃 = 𝑃!! ,𝐻 = 𝐻!! ,𝑈 = 𝑈!!

 

 

The total effect (TE) of neighborhood deprivation index on BMI represents the combined 
effect of all direct and indirect causal pathways.  It is estimated by the mean difference in 
simulated BMI for scenario 3 compared to scenario 6. It is also computationally equal to the sum 
of the natural indirect effect and the natural direct effect parameters above. 
	  
OTHER COMPONENT EFFECTS 
	  

The natural direct and indirect effect of neighborhood deprivation index on BMI can be 
further decomposed into subcomponent pathways through intermediate behavioral outcomes. 
Appendix Table 3 presents the definitions for these additional subcomponent effects. Each 
subcomponent effect was estimated as the difference in sample mean simulated values 
comparing counterfactual interventions that differ by neighborhood deprivation index, healthful 
food vendor density, and unhealthful food vendor density settings. The estimation process is 
analogous to the process described above for the estimation of the total effect, natural indirect 
effect, and natural direct effect.  

 

RESULTS 
	  

Table 2 presents selected socio-demographic and health characteristics by neighborhood 
deprivation index and food vendor density. The average BMI of this cohort was 31.7 kg/m2. BMI 
was higher in the most deprived neighborhoods (quartile 4) compared with the least deprived 
neighborhoods (quartile 1) (32.6 vs. 30.6 kg/m2). Higher BMI was also observed among 
residents with the lowest density (quartile 1) compared to the highest density (quartile 4) of 
healthful food vendors (31.7 vs 31.0 kg/m2).   
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TABLE 2. SELECTED HEALTH AND DEMOGRAPHIC CHARACTERISTICS BY 
NEIGHBORHOOD DEPRIVATION INDEX AND FOOD VENDOR DENSITY 
   Neighborhood Deprivation  Healthful Food Vendors  Unhealthful Food Vendors 

 
Overall  

n=16,634  
Q1: Lowest 

n=3,427 
Q4: Highest 

n=3,689  
Q1: Lowest 

n=4,148 
Q4: Highest 

n=4,144  
Q1: Lowest 

n=4,201 
Q4: Highest 

n=4,159 
BMI (kg/m2) 31.6  30.6 32.6  31.7 31.0  31.5 31.7 
           
Obese  
(BMI ≥30) 

51%  46% 58%  54% 47%  51% 52% 

           
Severe Obese 
(BMI≥35) 28%  23% 33%  29% 25%  27% 29% 
           
Follow diet ≥5 
days/wk  

59%  68% 55%  61% 59%  62% 59% 

           
Physically active 40%  41% 36%  42% 38%  43% 38% 
           
Current smoker 8.4%  6.8% 10%  7.8% 9.5%  7.5% 9.3% 
           
Age 58.6  59.2 58.4  58.5 58.6  58.8 58.5 
           
Percent male 52%  60% 44%  56% 49%  57% 49% 
           
Race           
   White 23%  31% 13%  31% 17%  31% 20% 
           
   Black 17%  12% 29%  15% 19%  15% 19% 
           
   Hispanic 20%  11% 29%  17% 21%  15% 24% 
              
   Asian 26%  35% 12%  24% 31%  27% 23% 
              
   Other/Mixed 14%  11% 16%  13% 13%  13% 14% 
           
Education           

Less than high 
school 

17%  9.0% 26%  14% 19%  13% 20% 

           
Completed high 
school or 
technical 

43%  32% 48%  42% 42%  40% 45% 

           
   Associates 11%  12% 11%  12% 9.9%  12% 11% 
           
   Bachelors  20%  28% 11%  22% 20%  23% 17% 
           
   Post-college 9.5%  19% 3.8%  11% 9.4%  12% 7.5% 
           
Married 71%  79% 63%  78% 65%  80% 63% 
           
Income  
(% of Federal 
Poverty Level)    

          

  <100% 12%  7.1% 18%  9.2% 14%  8.7% 14% 
           
  100-300% 33%  20% 45%  28% 37%  25% 39% 
           
  301-600% 35%  36% 30%  37% 32%  37% 33% 
           
  600%+ 21%  40% 7.3%  26% 17%  30% 14% 
           
Born in USA 64%  61% 67%  66% 55%  65% 60% 
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Table 3 presents the marginal mediation effect estimates obtained from G-computation. A 
reduction in neighborhood deprivation from the highest to the lowest quartile would be 
associated with an average change in BMI of -0.73 units (95% CI -1.05, -0.32). Analyses that 
used dichotomous outcome classifications (i.e. obesity and severe obesity) found similarly large 
total effect estimates. We found no evidence of mediation by healthful and unhealthful food 
vendor density.  The simulated effect of lower deprivation on BMI through the healthful and 
unhealthful retail food pathway was an increase in average BMI of 0.01 (95% CI -0.06, 0.05) 
units. In sensitivity analyses, healthful and unhealthful food vendor density did not appear to 
mediate the association between neighborhood deprivation index and dichotomous obesity 
outcomes. 

 
TABLE 3. MARGINAL MEDIATION EFFECTS OF NEIGHBORHOOD DEPRIVATION 
REDUCTION FROM HIGHEST TO LOWEST QUARTILE 
	  
  BMI 

(kg/m2) 
 Obese* 

(BMI≥30) 
 Severe obese* 

(BMI≥35) 

   Estimate 95% CI  Estimate 95% CI  Estimate 95% CI 

Total Effect a  -0.73 (-1.05, -0.32)  -5.0% (-7.1, -2.0)  -5.0% (-6.1, -1.3) 

Controlled Direct Effect b  -0.71 (-1.00, -0.32)  -4.7% (-6.8, -1.5)  -4.6% (-5.6, -0.90) 

Natural Direct Effect c  
-0.74 (-1.06, -0.34)  -6.3% (-7.0, -1.3)  -5.5% (-6.8,-0.54) 

Natural Indirect Effect d  
0.01 (-0.06, 0.05)  1.3% (-0.51, 3.7)  0.5% (-2.1, 1.9) 

 

* Mediation effects for obese and severe obese dichotomous outcomes are expressed as expected change in probability of event in absolute-scale 
percentage points. 
a Total Effect estimates the total effect of a NDI reduction (from highest to lowest quartile) on body mass outcomes. 
b Controlled Direct Effect estimates the effect of a NDI reduction (from highest to lowest quartile) on body mass outcomes holding healthful and 
unhealthful food vendor density constant at the highest quartile (H=4, U=4) 
c Natural Direct Effect estimates the effect of a NDI reduction (from highest to lowest quartile) on body mass outcomes, holding healthful and 
unhealthful food vendor density constant at their counterfactual values under the most affluent neighborhood setting (H!!!, U!!! ). 
d Natural Indirect Effect estimates the effect of healthful and unhealthful food vendor density change (from H!!! and U!!! to H!!! and U!!! ) 
on body mass outcomes, holding neighborhood deprivation constant at the highest quartile. 
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The natural direct effect and natural indirect effect estimates were further decomposed 
into constituent subcomponent effects. Figure 2 depicts the simulated influence of neighborhood 
deprivation index on each intermediate behavioral outcome in the causal chain. 

 

FIGURE 2. DECOMPOSITION OF NATURAL DIRECT AND INDIRECT EFFECTS.  
 

 
Neighborhood deprivation index was reduced from the most deprived (Qt 4) to least 
deprived (Qt 1) quartile. Dashed lines indicate path segments that contribute to the 
natural indirect effect 
 
Unlike many studies that document a positive association between neighborhood 

affluence and healthful food vendor availability,48,78,79 in our analysis, a simulated reduction in 
neighborhood deprivation from the most deprived (quartile 4) to the least deprived quartile 
(quartile 1) was associated with dramatic declines in both healthful and unhealthful food vendor 
density.  Based on prediction models, the probability of being in the highest quartiles of healthy 
food vendor density and unhealthy food vendor density would decline 7.2 percentage points 
(95% CI -11.7, -5.1 and 22.5 percentage points (95% CI: -25.9, -19.6), respectively, if 
neighborhood deprivation were reduced. The probability of being in the lowest quartiles of 
healthy food vendor density and unhealthy food vendor density would rise by 9.3 percentage 
points (95% CI 5.7, 11.6 and 19.3 percentage points (95% CI 17.1, 22.9), respectively, if 
neighborhood deprivation were reduced. The simulated reduction in neighborhood deprivation 
index and the resulting changes in healthful and unhealthful vendor density, smoking and 
physical activity did not appear to improve diet adherence. The total effect of reducing 
neighborhood deprivation from the highest to the lowest quartile would reduce the probability of 
diet adherence by 2.9 percentage points (95% CI: -1.4, 5.4). 

Simulated BMI and obesity outcomes under the natural course (i.e. no intervention 
scenario) were comparable to observed outcomes across categories of the exposure and 
mediators (not shown). Moreover, the magnitude of the deviation between simulated and 
observed outcome values did not differ across neighborhood deprivation index, healthful food 
vendor density, and unhealthful food vendor density mediator categories (not shown).  
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DISCUSSION 
 
In this multi-ethnic cohort of adults living with diabetes, we found a significant 

association between neighborhood deprivation and BMI using causal modeling methods that 
adjusted for a wide array of individual characteristics, but we found no evidence that variation in 
food vendor density mediated that relationship in our sample. Healthful and unhealthful food 
vendor density accounted for none of the total effect of neighborhood deprivation index on BMI, 
obesity, and severe obesity. 

 
To our knowledge, this is the first study to evaluate the pathways through which 

neighborhood deprivation index may affect BMI and obesity using G-computation.  Assuming 
that predictive models are correctly specified, G-computation can estimate natural mediation 
effect parameters in the presence of exposure-mediator interaction and sequential impacts on 
intermediate variables along the causal chain. Despite the advantages of using G-computation for 
mediation analyses and the availability of a statistical package for common mediation parameters 
(g-formula),70 few applications of this method have been published to date.80  

In contrast to previous findings,48,78,79  greater neighborhood deprivation was associated with 
a higher density of all types of food vendors, healthful and unhealthful. This is not surprising in 
this study setting, however.  Higher land values in more affluent neighborhoods may discourage 
construction of supermarkets in these residential areas.  Moreover, residents are likely to value 
the residential feel and, through zoning, maintain a distance from centers of commerce. In 
addition, produce stores were clustered in neighborhoods with large immigrant populations (i.e. 
Chinatown, San Francisco), which were less affluent. As expected, unhealthful food venues also 
clustered in poorer neighborhoods, with the number of unhealthful food venues far outweighing 
the number of healthful food venues. The associations between food vendor density and 
neighborhood deprivation index persisted despite adjustment for population density, suggesting 
that other social forces influence the location of healthful and unhealthful food venues.  

Several limitations should be considered when interpreting our study findings. DISTANCE 
survey respondents represent an insured, managed-care population of adults with type 2 diabetes 
in a largely urban area, and study results may not generalize to dissimilar populations. Also, 
given that this mediation analysis is based on cross-sectional data, there is no way to establish 
time ordering of the exposure, mediators, and outcome.  Additionally, the validity of the G-
computation estimator hinges on the validity of the predictive models used to create the 
simulated data. Misspecification of the predictive models, either by omission of confounding 
variables or miss-specification of functional form would lead to bias. We adjusted for a wide 
range of individual characteristics and beliefs that plausibly predict residential choice and store 
location, but these controls may not have been adequate. Moreover, diet adherence, smoking, 
physical activity, and personal socio-demographic characteristics were obtained from survey 
responses that may not reflect true values. Additionally, a handful of studies have documented 
both random and systematic error in vendor classification and identification in commercial 
databases obtained from marketing firms81–83 and mediator measurement error can induce bias in 
mediation effect estimates.  Ground-truth verification of supermarket and produce store locations 
was not feasible given the extensive geographic scope of this study, but store type designations 
within the commercial list were cleaned and reclassified based on key word searches, name 
recognition, and annual sales data to improve accuracy.  
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Overall, retail food vendor density is a crude measure of neighborhood food availability and 
it is not, on its own, an appropriate measure for neighborhood food access.27,84,85  In addition to 
vendor proximity and density, within-store product variety, quality, price, and cultural relevance 
are important components of food accessibility that may more strongly influence individual food 
choice.  Moreover, resident characteristics such as car-ownership or disability also affect the 
lived experience of accessing neighborhood food resources. None of these factors were measured 
in our study.   

A related but separate concern that is common to current research on neighborhood health 
effects is that the exposure and mediator definitions used in analyses do not capture important 
distinctions in neighborhood environment. Two neighborhoods in the same healthy food vendor 
density quartile can have vastly different food environments in practice. Additionally, similar 
food environments can arise from very different underlying processes. For example, a greater 
density of healthful food vendors may be an unintentional consequence of land use and zoning 
changes. Alternatively, intentional policy interventions that subsidize food retail development in 
target neighborhoods may create a similar food environment.26 Thus, each value of neighborhood 
deprivation index or food vendor density may in fact represent multiple underlying “versions” of 
“treatment” that can have differential impact on BMI and this complicates the interpretation of 
mediation effect estimates.86,87  

It is also worth noting that there is considerable debate about the policy relevance of 
natural direct and indirect effects since the intervention settings for the parameters cannot be 
defined in practice.88–90 Controlled direct effects, which estimate the magnitude of the exposure-
outcome relationship that would remain under an intervention which sets the mediator to specific 
levels, has been proposed as a preferred alternative.88,89 However, only natural direct and indirect 
effects analyses can quantify the relative contribution of a mediation pathway in accounting for 
the total influence of an exposure on an outcome. In deference to each viewpoint, our study 
presented both controlled and natural direct effects estimates. We believe that both of these 
approaches can provide meaningful policy guidance and can help policy makers evaluate and 
prioritize among many policy options for addressing neighborhood disparities in chronic disease. 

We found that neighborhood deprivation is strongly and independently associated with BMI 
and other weight outcomes, but there was no consistent evidence that these associations were 
mediated by neighborhood food vendor density in this sample of adults with diabetes. The 
identification of the specific neighborhood attributes that explain geographic variation in obesity 
risk in this population remains largely unexplained. Future investigations of the impact of the 
food vendor environment on diet-related outcomes should adopt a more nuanced exposure 
definition that makes a distinction between food product availability and retail outlet type. 
Despite the limitations, our methods and findings contribute to a growing literature which 
investigates how neighborhood deprivation translates into specific and potentially modifiable 
neighborhood factors that impact the daily existence of residents.  
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CHAPTER THREE 
 

Reduction in distance to nearest supermarket was unassociated with BMI change 
among type 2 diabetes patients 
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ABSTRACT 
 
Background:  

For patients with type 2 diabetes, greater travel distance to a supermarket may hinder 
healthy eating and weight maintenance. We examined whether a change in supermarket 
proximity was associated with BMI change among patients who reside within two miles 
of new supermarket openings. 

Methods:  
We identified a dozen new supermarkets that opened between 3/14/2009 and 9/15/2010 
in eight low- to moderate-income neighborhoods in northern California. Using the Kaiser 
Permanente Northern California Diabetes Registry, we identified residents with type 2 
diabetes in these neighborhoods 12 months prior to the first supermarket opening and ten 
months following the opening of the last supermarket. Exposure (yes/no) was defined as 
a reduction in travel distance to the nearest supermarket as a result of a new supermarket 
opening. First difference regression models were used to estimate the impact of reduced 
supermarket distance on body mass index (BMI), adjusting for longitudinal changes in 
patient and neighborhood characteristics. 

 
Results:  

The average distance to the nearest existing supermarket was 1.8 miles among the 
exposed group and 0.8 miles among the unexposed group. Among patients in the exposed 
group, new supermarket openings reduced travel distance to the nearest supermarket by  
0.7 miles on average.  However, reduced distance to nearest supermarket was not 
associated with BMI changes in unadjusted [0.15 (-0.07, 0.40)] or adjusted [0.17 (-0.07, 
0.40)] models. 

Conclusions:   
Overall, we found no evidence that reduced supermarket distance was associated with 
reduced levels of obesity for residents with type 2 diabetes.  
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INTRODUCTION 
 

Weight management is an important component of type 2 diabetes disease management but 
many patients struggle to follow self-care guidelines. In concert with other factors, the food retail 
options available in an individual’s residential neighborhood may shape daily dietary choices and 
influence body weight and disease outcomes. In recognition of the influence of neighborhood 
factors on obesity, a growing number of localities and states are developing programs to increase 
the availability of healthful foods in low income areas.53,55,91–93 These programs may provide 
financial incentives for supermarket operators and other food retailers to open or expand in areas 
with poor supermarket access.  

In the epidemiologic literature on the health impacts of the food retail environment, 
supermarkets are widely regarded as community health assets, because they tend to offer a 
greater variety of healthful food options (e.g. produce, whole wheat products, lean meats and 
low-fat dairy) at lower prices compared to smaller food stores.29,30 However, unhealthful foods 
such as fried snacks, sugary beverages, and calorie-dense convenience meals may also be more 
affordable and accessible in supermarkets.  

Given the mixed nutritional quality of products at the average supermarket, the net health 
impact of greater supermarket proximity on body weight is unclear. While early cross-sectional 
studies found that greater supermarket proximity and density were associated with improved 
dietary quality and reduced obesity risk,31–37 very few studies have assessed the health 
consequences of supermarket development longitudinally. 38–41   In contrast to earlier research, 
preliminary findings from longitudinal studies do not support the premise that supermarket 
availability has a beneficial impact on health. 

A recent pilot evaluation of a supermarket intervention supported by the Pennsylvania Fresh 
Food Financing program found that the intervention store lifted community perceptions of 
healthful food availability but did not improve dietary quality or BMI.42  This study compared 
dietary quality and BMI changes in the intervention community with outcome changes in a 
demographically comparable community which did not have supermarket development. The 
authors urged other researchers to conduct similar analyses in other locations. However, the 
logistical challenge of anticipating supermarket developments and collecting longitudinal health 
outcomes from area residents is a major barrier to study replication. 

In contrast to the prospective approach detailed above, we conducted a secondary analysis of 
medical records in the Kaiser Permanente of Northern California (KPNC) Diabetes Registry.  
This retrospective approach sidestepped the need to anticipate future supermarket developments 
and collect original survey responses. Instead, we exploited a dozen previous supermarket 
developments in eight Northern California neighborhoods as a quasi-experiment to estimate the 
influence of increasing supermarket proximity on change in BMI among neighborhood residents 
with diabetes. However, study neighborhoods in the present analysis differ from those in the 
Cummins et al analysis in a notable way.  In the present analysis, although study neighborhood 
residents lived more than one mile from the nearest supermarket on average, only one of the 
study neighborhoods qualified as a food desert by USDA criteria. 

METHODS 
 

We identified eight neighborhoods (defined below) in northern California in which 12 new 
supermarkets opened between 3/14/2009 and 9/15/2010. Seven of the 8 neighborhoods had 
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≥15% of residents living below the federal poverty line, and three neighborhoods had ≥20% of 
residents living in poverty. Only one neighborhood, East Palo Alto, was located in a “food 
desert” as defined by USDA criteria.50 There were no other large food retail changes within two 
miles of neighborhood boundaries in the 12 months preceding (baseline) or the 10 months 
following (follow-up) this period.  

We identified diabetes patients from the KPNC Diabetes Registry (described below) who 
resided in these eight neighborhoods during baseline and follow-up. Patients who moved 
residence between baseline and follow-up were excluded. We used geospatial measures to 
calculate travel distance to the nearest supermarket before and after supermarket openings.  New 
supermarkets were generally located within two miles of existing food stores. Despite this, travel 
distance to the nearest supermarket was reduced for a subset of residents. Joining geospatial 
measures with clinical records, we compared BMI changes  from baseline to follow-up for 
patients in each neighborhood who experienced reductions in supermarket distance versus 
patients in the same neighborhood who did not experience reduced supermarket distance. 

STUDY PERIOD 

The baseline assessment period (03/14/2008 – 03/14/2009) encompassed the twelve months 
preceding the first supermarket opening.  The follow-up assessment period (09/16/2010 – 
07/15/2011) spanned the ten months immediately after the last supermarket opening (Figure 1). 
The baseline and follow-up assessment period boundaries were constrained to a window of time 
in which no other large food retail changes (e.g., other supermarket developments, supermarket 
closures or supercenter grocery expansions) occurred within two miles of the neighborhood 
boundaries. 
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FIGURE 1. TIMELINE OF SUPERMARKET DEVELOPMENTS IN STUDY PERIOD 

 
 

NEIGHBORHOOD DEFINITION 

Neighborhood geographic boundaries were defined by a two network mile buffer around 
each supermarket (Table 1).1  Overlapping buffer regions were merged into one neighborhood. 
 

	    

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  In	  East	  Palo	  Alto,	  neighborhood	  boundaries	  were	  defined	  as	  the	  two	  network	  mile	  buffer	  around	  Mi	  Pueblo	  
only.	  The	  region	  around	  Trader	  Joe’s	  was	  excluded	  due	  to	  its	  close	  proximity	  with	  a	  concurrent	  supermarket	  
closure.	  
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TABLE 1. SUPERMARKET DEVELOPMENTS BY NEIGHBORHOOD 
	  

Neighborhood N Nexposed 
(%) 

Total new 
openings 

Supermarket brands Days to 
follow-upa 

Poverty 
rateb 

Berkeley 
957 147 

(15%) 2 
Berkeley Bowl, 

Trader Joe’s 468 15.3% 

Pittsburg  677 325 
(48%) 1 Mi Pueblo 550 16.3% 

East Palo Alto 
319 288 

(90%) 2 
Mi Pueblo, 

Trader Joe’s 304 15.4% 

Fresno 
Northwest 264 33 

(12%) 1 Fresh & Easy 224 14.8% 

Fresno North 234 38 
(16%) 1 Fresh & Easy 245 8.7% 

Fresno 
Southeast 

197 35 
(18%) 1 WinCo Foods 380 30.0% 

Fresno East 461 143 
(31%) 3 

Vallarta 
Supermarket, Fresh 

& Easy (2) 300 20.9% 

Fresno Center 138 16 
(12%) 1 Fresh & Easy 240 36.0% 

a Number of days from earliest supermarket opening to first day of follow-up period 
b Percent of individuals with household income below the federal poverty level (American Community Survey, 
2006-2010) 
 

STORE VALIDATION 
 

We defined supermarkets as large grocery stores, supermarkets, wholesale stores, and 
supercenters with  ≥$2 million dollars in annual sales, ≥ 4 cashiers, ≥ 30 varieties of fresh fruit, ≥ 
50 varieties of fresh vegetables, ≥ 10 varieties of dairy, ≥ 20 varieties of meat or fish, and ≥ 20 
varieties of frozen foods.   

Between 05/09/2013 and 07/31/2013, the lead author visited each intervention supermarket 
to verify store address and confirm that in-store attributes met supermarket criteria. This 
“ground-truthing” also included verification that, within the study period, no other supermarket 
developments, closures, or supercenter expansions occurred within a two network mile radius of 
the intervention neighborhoods. Using 2008, 2009, 2010, and 2011 commercial lists obtained 
from InfoUSA Inc,94 a proprietary information service offering commercial databases on 
business, we identified all supermarkets, supercenters, and large grocery stores within a two mile 
buffer around neighborhood boundaries. Using official store websites, news articles, Yelp.com,95 
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and Google Streetview,96 we identified mis-categorized listings and omissions from the InfoUSA 
list. The dates of store openings and, if applicable, closings for intervention stores and originally 
existing stores were obtained using the above resources and were cross-checked using off-sale 
license records from the California Department of Alcoholic Beverage Control97 and inspection 
records from the local health department. We contacted supermarket staff to obtain missing 
information and conducted in-store audits to verify supermarket status of unrecognized store 
brands. 
	  

STUDY SAMPLE 
 

Kaiser Permanente Northern California (KPNC) is a large, integrated health care delivery 
system whose membership is broadly representative of the overall population in northern 
California, with the exception of the extreme tails of the income distribution.64 The KPNC 
Diabetes Registry is a longitudinal cohort of KPNC members identified with diabetes using 
clinical records.98

 Individual-level administrative and clinical records for KPNC Diabetes 
Registry members were linked with geospatial measures by the member’s address of residence 
from membership files. 

The study sample is the subset of type 2 diabetes patients from the KPNC Registry who lived 
within the eight neighborhood boundaries from baseline to follow-up.  Members who relocated 
between baseline and follow-up (n = 385) were removed from the cohort. Members who were 
pregnant (n = 9) or who had bariatric surgery (n = 10), cancer (n = 175), or lower extremity 
amputations (n = 24) during or immediately preceding the study period were excluded from 
analyses due to the impact on changes in weight. Members with missing outcome or covariate 
values at baseline or follow-up were retained in analyses and variable values were imputed. The 
final analytical sample was comprised of 3,247 individuals.  
	  

OUTCOMES 
 

For each patient, we obtained body mass index (BMI) values from the electronic medical 
records. Baseline and follow-up average BMI was calculated as the averages of all patient BMI 
records available in the two respective time periods. The outcome measure was the patient-
specific difference in average BMI between the two periods. Patients who did not have a BMI 
record in the baseline or follow up period were retained and their missing BMI value was 
imputed. 
 

EXPOSURE 

Change in road network distance between each individual’s residential census block centroid 
and the nearest supermarket was calculated as the travel distance in the baseline period minus the 
distance in the follow-up period using ArcGIS 10.1.66  The exposure was a dichotomous 
indicator of a reduction in distance >0.1 mile to nearest supermarket. Given that minor changes 
in supermarket distance may arise from random geocoding error, the exposed group comprised 
of residents who experienced a reduction in distance to nearest supermarket by 0.1 mile or more 
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and the comparison group comprised of residents who experienced less than 0.1 mile reduction 
in distance.  

 

COVARIATES 

Annual clinical measures were extracted from medical and pharmacy records and covariate 
measures were defined to represent change from baseline to follow-up. The Charlson 
comorbidity index is a validated measure of mortality risk based on diagnosis of 22 health 
conditions.99,100 We also developed separate indicators for medication use associated with weight 
gain and medication use associated with weight loss based on pharmacy records. Specification of 
time-invariant individual-level covariates such as gender or race/ethnicity was unnecessary 
because the statistical model adjusts for these factors. 

 
We adjusted for a number of potential, time-varying neighborhood-level confounders and 

included indicators for each of the eight neighborhoods in the regression model. Specifically, we 
adjusted for changes in census block group population density using the difference in five-year 
aggregate measures from the American Community Survey 2006-2010 to 2008-2012.101  
Additionally, we adjusted for concurrent changes in other retail density including fast food outlet 
count, produce store count, convenience store count, and physical activity resource kernel 
density within one network mile of each patient’s residential block centroid. For the calendar 
years associated with the baseline (2008) and follow-up (2011) period, we identified retail 
locations based on NAICS and SIC industry code, keyword searches, and name recognition in 
the InfoUSA commercial database for each retail class.  
 

MISSING VARIABLE IMPUTATION 
 
A quarter of the sample were missing values for BMI at baseline or follow-up. We imputed 
missing values for BMI and Charlson Comorbidity index with predictive mean matching and 
checked the distribution of imputed values against observed values.  Standard errors for model 
estimates were obtained through bootstrapping of both the imputation and modeling process. In 
each bootstrap iteration, each missing outcome and covariate value was imputed with a single 
value using predictive mean matching.  To assess the impact of data imputation on model results, 
we also replicated the analysis using only patients with complete data on all measures (n = 
1,908) in a sensitivity analysis. 
	  

STATISTICAL ANALYSIS 

A first difference regression model was used to model change in individual-level BMI from 
baseline to follow-up as a function of exposure and change in covariates (Model 1).102 In a first 
difference model, the difference in outcome comparing time one to time two is modeled as a 
function of the differences in exposure and covariate values comparing time one to time two. 
With two time-periods, the first difference model specification is algebraically equivalent to the 
potentially more familiar fixed effects model with individual-level fixed effects.  
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A first difference model offers several advantages for estimating the health impact of non-

randomized neighborhood-level interventions. Firstly, covariates that do not change in value 
across time, such as race/ethnicity or sex, are assumed to have no impact on the direction or 
magnitude of outcome changes and can be omitted from the model.  Additionally, the use of a 
first difference model combined with sample restriction to residents who remained at the same 
address over the study period ensured that individual-level changes in supermarket proximity 
over time were attributable to supermarket developments and not to residential mobility or other 
individual-level factors such as income or food preferences.  In other words, we assumed that 
changes in a resident’s individual-level attributes (ex. personal changes in food preference) have 
no causal impact on neighborhood supermarket openings or closures and therefore do not affect 
their change in supermarket proximity.  
 

Model 1:  

𝐵𝑀𝐼!!! − 𝐵𝑀𝐼!"! =   𝛽! + 𝐼[(𝐷𝑖𝑠𝑡!!! −   𝐷𝑖𝑠𝑡!!!) < −0.1]  𝛽! + 𝑤!" − 𝑤!"!! 𝛽! + (𝐶!)𝛽! + 𝜀!" −
𝜀!"!!   
 
In which i subscripts the individual, t subscripts the time period (0 baseline, 1 follow-
up)  
𝐼[(𝐷𝑖𝑠𝑡!!! −   𝐷𝑖𝑠𝑡!!!) < −0.1] indicates that travel distance to the nearest supermarket for 
subject i decreased by more than 0.1 mile from baseline to follow-up. 
𝑤!"  is a vector of time-varying covariates including Charlson comorbidity index, 
medication use associated with weight-gain, medication use associated with weight-
loss, PA density, fast food outlet count, convenience store count, produce store count, 
and population density  
𝐶!   is a vector of dummy variables for each neighborhood. 

All statistical analyses were conducted in the R programming language.103 We calculated 
confidence intervals empirically using 1,000 bootstrap iterations of the data imputation and 
model fitting process to account for a potentially correlated error structure. 

RESULTS 
 

Patients ranged from 23 to 101 years of age with an average age of 64 years (SD=14.7). The 
sample was ethnically diverse with 35% non-Hispanic white, 24% Black, 22% Hispanic, 10% 
Asian, and 9% other race (Table 2). The average BMI at baseline was 32.2 (kg/m2) and over half 
(56%) of patients were obese. Nearly all patients lived in urban or suburban areas (only ~1% 
resided in a rural area).  
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TABLE 2. CLINICAL AND NEIGHBORHOOD CHARACTERISTICS OF STUDY SAMPLE 
 

 

 

Baseline 

 

Follow-up 

 

Difference 

 

 Mean (SD) Mean (SD) Mean (SD) 

Individual-level variables    

Race/ethnicity    

Non-Hispanic white 35.4% N/A N/A 

Black 23.7% N/A N/A 

Hispanic 22.1% N/A N/A 

Asian 9.6% N/A N/A 

Other race 9.1% N/A N/A 

Female 48.0% N/A N/A 

Age 64.4 (14.7) N/A N/A 

BMI (km/m2) 32.2 (7.2) 32.0 (7.4) -0.2 (2.4) 

Comorbidity Score 2.1 (1.5) 2.4 (1.6) 0.2 (1.2) 

% on meds associated with weight gain 5.0% 5.9% 0.9% 

% on meds associated with weight loss 6.4% 6.7% 0.3% 

Area-level variables    

Produce store count (1 mi network radius) 0.4 (0.6) 0.4 (0.6) 0.0 (0.6) 

Fast food count (1 mi network radius) 4.0 (3.3) 4.4 (3.6) 0.4 (1.2) 

Convenience store count (1 mi network 
radius) 2.7 (2.1) 2.5 (2.2) -0.2 (1.2) 

Physical activity venue density ( 1 network 
radius)  2.0 (1.7) 2.2 (1.9) 0.1 (0.6) 

Population density (pop/sq mi) (census block 
group) 9,432 (5,529) 9,752 (5,806) 320 (2,145) 

Federal poverty rate (census block group) 17.6% 
(12.9%) 

19.7% 
(13.3%) 2.1% (9.6%) 

 
As a result of the new supermarkets opening, a third of patients (32%) were now closer to a 

supermarket during the follow-up period than in the baseline period. Prior to the opening of the 
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new supermarkets, the average distance to the closest existing supermarket was 1.8 miles among 
the exposed and 0.8 miles among the comparison group. Among patients in the exposed group, 
the new supermarkets reduced supermarket travel distance by 0.7 miles on average (median: 0.6, 
interquartile range: [0.3, 1.0]). By definition, patients in the unexposed group experienced no 
change in supermarket distance. The percentage of patients in the exposed group varied across 
the eight neighborhoods (Table 1). In East Palo Alto, the new supermarket developments 
decreased travel distance for 90% of patients, with an average of 1.3 mile reduction in distance to 
the nearest supermarket.  In contrast, in Fresno Center, where the new supermarket opened 0.7 
miles from an existing store, only 12% of patients experienced a reduction in travel distance to 
nearest store (-0.3 mile average reduction).  
 

A reduction in the distance to nearest supermarket was not associated with BMI changes in 
either unadjusted [0.15 (-0.07, 0.40)] or adjusted [0.17 (-0.07, 0.40)] models (Table 3). 
Neighborhood specific estimates were highly variable (-0.60 to 0.57 BMI units). The data 
imputation process did not appear to bias study findings. In a sensitivity analysis on a subset of 
residents with complete measures (n =1,908), the adjusted association between BMI change and 
reduction in supermarket distance [(0.13 (-0.11,0.39)] was comparable to the estimate obtained 
from the full sample. 
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TABLE 3. ADJUSTED ASSOCIATIONS BETWEEN REDUCTION IN SUPERMARKET 
TRAVEL DISTANCE AND BMI CHANGE 
	  

 

 N 

Mean change in 
supermarket distance among 

exposed (mi) ∆BMI 95% CI 

Overall     

Unadjusted 3,247 -0.7 0.15 [-0.07, 0.40] 

Fully Adjusteda 3,247 -0.7 0.17 [-0.07, 0.40] 

By Catchment Areaa     

Berkeley 957 -0.3 0.41 [-0.05, 0.91] 

Pittsburg  677 -0.5 -0.22 [-0.60, 0.34] 

East Palo Alto 319 -1.4 0.04 [-0.63, 0.94] 

Fresno Northwest 264 -0.5 0.57 [-0.04, 1.38] 

Fresno North 234 -0.4 0.23 [-0.62, 0.71] 

Fresno Southeast 197 -0.5 0.11 [-1.26, 0.49] 

Fresno East 461 -0.6 0.33 [-0.11, 0.88] 

Fresno Center 138 -0.3 -0.60 [-2.46, 0.85] 

a Adjusted for Charlson Comorbidity Index, medications associated with weight gain or loss, produce fast food and 
convenience store count (within 1 mile), physical activity venue kernel density (within 1 mile), and population 
density 

DISCUSSION  
 

In this longitudinal study, we estimated the effect of a reduction in the distance to the closest 
supermarket on BMI change among patients with type 2 diabetes. We took advantage of the 
opening of a dozen new supermarkets in eight northern California neighborhoods (March 2009 – 
Sept 2010) as a quasi-experiment and compared BMI changes over time for patients with 
reduction in supermarket distance versus patients in the same neighborhoods with no change in 
distance to nearest supermarket. In most cases, both exposed and unexposed residents lived 
within one mile of existing supermarket retail and thus, the results of this study are not directly 
comparable to the aforementioned community health evaluation of the first full service 
supermarket in a food desert.42 

Rather, this study estimated the impact on BMI of any reduction in supermarket distance 
among residents with type 2 diabetes. Contrary to our hypothesis, reduction in travel distance to 
closest supermarket was not associated with significant or substantive changes in BMI. These 
findings however are consistent with recent studies which found that the introduction of a full-
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service supermarket in a low-income urban neighborhood had no detectable impact on weight or 
diet-related outcomes among area residents.41,42 

Our study may, however, underestimate the impact on BMI of reduction in distance to closest 
supermarket.  First, the average reduction in supermarket distance, among patients who 
experienced any reduction, was small (only 0.7 miles.) While this change may alter food 
shopping patterns for patients who walk, bicycle, or take public transport to the supermarket, it 
may not be sufficient behavior change incentive for patients who drive. Second, while we 
expected the greatest impacts of supermarket openings on patients with shortened distance to 
nearest supermarket; we anticipated spill-over effects on patients in the comparison group as 
well, leaving only a modest difference in supermarket exposure between exposure and 
comparison groups. Lastly, our estimates may understate the impact of supermarket openings on 
BMI because consumers need time to adjust food purchasing and consumption in response to 
new food retail opportunities. The time interval between store development and assessment may 
not have been sufficient to observe the full impact of reduced supermarket distance on BMI 
outcomes. 

Our study has other limitations in addition to the above. This study had limited power to 
detect small effects in BMI change due to small sample sizes and limited variation in the 
exposure variable. Also, the time window of this analysis represents the worst recession of the 
US economy since the Great Depression and our findings may not generalize to different time 
periods. The supermarket openings in this period of economic recession may be intrinsically 
different from stores that open in non-recession years; store product mix, prices, marketing, and 
food purchasing patterns among consumers may have been particular to this time period. 
Moreover, the analysis sample represents an insured population of patients with type 2 diabetes 
who were able to remain at the same residence over the study period. Our findings may not be 
applicable to dissimilar populations. Additionally, we adjusted for localized changes in 
neighborhood attributes using census block group and one mile radius buffers as granular 
geographic units. Nonetheless, omitted or inaccurately measured neighborhood-level changes 
could bias study findings in unexpected directions. Lastly, many factors influence shoppers’ 
choice of food retail outlet aside from physical proximity. These other store qualities, such as 
price, quality, variety, cultural fit, cleanliness, safety, and customer service may affect patients’ 
visits to and purchases at new supermarkets.  While we verified that all 12 intervention stores 
stocked a wide variety of fresh produce, meats, dairy and frozen items, we did not conduct 
comprehensive in-store audits, nor did we verify whether patients frequented intervention stores 
in the follow-up period. 

In summary, our study corroborates other recent longitudinal analyses which failed to detect 
a beneficial effect of increasing residential proximity to supermarkets on diet, weight, and 
associated health outcomes.  Given that supermarkets offer a wide array of both healthful and 
unhealthful food options; it is time to re-evaluate common assumptions about the impact of their 
location on health. That said, our findings should not be interpreted as a broad dismissal of all 
programs that incentivize fresh food retail development in underserved communities. After all, 
we estimated an average effect of a relatively small reduction in supermarket distance across a 
wide variety of supermarket types, neighborhoods, and residents. The anticipated effects of 
improved supermarket proximity on weight outcomes will likely depend on an interaction of 
resident, store and neighborhood characteristics.   
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CHAPTER FOUR 
Longitudinal associations between neighborhood supermarket presence and 

hemoglobin A1c among patients with type 2 diabetes 
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ABSTRACT 
	  
Background:  

Findings from cross-sectional studies on the influence of food retail on health have 
shaped the public perception of supermarkets as community health assets. However, few 
longitudinal studies exist to help policy makers understand the health impacts of supermarket 
development and closure. We examined whether annual changes in hemoglobin A1c (A1c) were 
associated with changes in neighborhood supermarket presence among patients with type 2 
diabetes. 
Methods:  

Annual clinical measures (2007 - 2010) from the Kaiser Permanente Northern California 
Diabetes Registry (n = 434,806 person-years) were linked with annual GIS metrics at each 
patient’s address of longest residence. We specified first difference regression models to estimate 
the associations between changes in supermarket presence (gain, loss, or no change) and A1c 
change, adjusting for individual and area-level attributes and stratified by baseline glycemic 
control: near normal (< 6.5%), good (6.5 - 8.0%), moderate (8.0 - 9.0%), and poor (>9.0%). 
Results:  

Although differences were not clinically significant, relative to no change in supermarket 
presence, supermarket loss was associated with worse A1c trajectories for those with good, 
moderate and poor baseline glycemic control. Supermarket gain was associated with marginally 
better A1c outcomes only among patients with near normal (<6.5%) A1c at baseline. In general, 
patients with the poorest glycemic control at baseline (>9.0%) had the worst associated changes 
in glycemic control following either supermarket loss or supermarket gain.   
Conclusions:  

For patients with diabetes, gaining neighborhood supermarket presence did not benefit 
glycemic control in a substantive way. The net health impacts of supermarket development and 
closure likely depend on a complex interaction of resident, neighborhood and store 
characteristics. 
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INTRODUCTION 
 
The prevalence of type 2 diabetes mellitus is increasing and a major public health 

concern.4,104  This chronic condition is characterized by insulin resistance and elevated blood 
sugar (hyperglycemia). Prolonged hyperglycemia can lead to crippling complications, including 
heart disease, stroke, blindness, kidney failure, and loss of digits or limbs. Eating a balanced diet 
rich in fruits, vegetables, whole grains, and lean proteins; and limited in sugar and refined 
carbohydrates can help improve glycemic control and prevent or delay these complications.105   

The food retail options available where patients live may shape daily dietary choices and 
support or hinder individual efforts to self-manage this chronic condition.30 Supermarkets 
generally offer a greater variety of healthy items, such as fresh produce, at lower prices relative 
to smaller grocery stores.29  A growing number of local jurisdictions and states are funding 
policy initiatives to subsidize the development of supermarkets and other fresh food retail in 
underserved neighborhoods.53,55,92,93 At the national level, the primary policy levers are the 
Healthy Food Financing Initiative,52 a program that provides grants and subsidized loans for food 
retail investments, and the New Market Tax Credit, a program that provides tax credits for 
eligible businesses in low income areas.106  

Many advocates of these policies implicitly assume that the introduction of supermarket 
retail will deliver positive health benefits for area residents; however this assumption lacks an 
evidence basis. Research on the health effects of community food retail interventions is still in 
nascent stages with few longitudinal analyses to date. In recent years, a handful of studies 
examined diet and weight outcomes before and after neighborhood changes in supermarket 
retail, but found no associations.56,107–109  

Isolating the impact of the local food environment on health is challenging given that many 
factors influence the selection of residents and retail into neighborhoods, each of which may 
independently affect health. First, residential selection processes may bias study findings if 
people choose residential neighborhoods based on factors that are correlated with the outcome 
under investigation (e.g., individuals with healthier lifestyles may prioritize convenient access to 
supermarkets).44  Retail selection is also problematic, because stores locate in neighborhoods 
based on factors correlated with individual health outcomes, e.g., local economic growth or 
population density.   

Rigorous and thoughtful analyses are needed to help policy makers evaluate the merits of 
supermarket incentive programs and understand the health impact of neighborhood food retail 
changes on residents. Virtually nothing is known about how neighborhood food retail changes 
affect disease management outcomes among the most clinically vulnerable residents who already 
have a chronic condition. Given that eating a nutritious diet is critical for glycemic control, the 
opening of the first supermarket in a food desert or the closure of the last remaining 
neighborhood supermarket could have a major glycemic impact on diabetic residents. Moreover, 
among residents with diabetes, those with worse glycemic control may be differentially impacted 
by supermarket development and closure because they potentially have the most to gain from 
new access to fresh food retail and the most to lose from a loss of local fresh food retail.   

Using data from the Kaiser Permanente Northern California Diabetes Registry over four 
years (2007-2010), we examined the impact of a gain or loss in the presence of a neighborhood 
supermarket on changes in glycemic control (based on hemoglobin A1c (A1c)) among patients 
with type 2 diabetes, stratified by baseline A1c levels.  Relative to no change in neighborhood 
supermarket presence, we hypothesized that the opening of the first supermarket in a 
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neighborhood (hereafter referred to as “supermarket gain”) would be associated with better A1c 
trajectories (i.e. larger A1c reductions or smaller A1c gains) and the closure of the last 
supermarket in a neighborhood (hereafter referred to as “supermarket loss”) would be associated 
with worse A1c trajectories (i.e. smaller A1c reductions or greater A1c gains) in all strata.  
Moreover, we expected patients with worse A1c levels at baseline to have the greatest relative 
A1c reduction from supermarket gain and the greatest relative A1c increase from supermarket 
loss. 
	  

METHODS 
	  
STUDY SAMPLE 
 

The sample was drawn from the Kaiser Permanente of Northern California (KPNC) 
Diabetes Registry110, a dynamic cohort of KPNC health plan members with a history of diabetes 
mellitus ascertained from clinical and laboratory-based diagnoses. KPNC is a large, integrated 
not-for-profit health care delivery system that provides care for approximately one third of 
Northern California.  A unique medical record number assigned to each member linked 
comprehensive clinical records with geospatial measures at the members’ geocoded address at 
the Census block centroid of record. The study period spanned four years from Jan 1, 2007 to 
Dec 31, 2010 with annual measurements in each calendar year. 
	  
INCLUSION/EXCLUSION CRITERIA 

 
Of all Registry members with type 2 diabetes, no end-stage renal disease, and at least one 

A1c record (n = 229,778 subjects), we excluded members with invalid address data (n = 11,579 
subjects) as well as members with evidence of bariatric surgery, positive pregnancy test, end-
stage renal disease or cancer diagnosis within one year of the study period (n = 33,676 subjects). 
Additionally, we restricted the sample of observations to limit residential mobility by retaining 
observations that correspond to years at each subject’s longest address of residence (excluded n = 
76,204 person-years). Thus, if a subject moved in the fourth year of the study period, we retained 
the first three years of observations. Alternatively, if a subject moved in the first year, we 
retained the last three years of observations.  Finally, we excluded potential outliers by dropping 
observations with extreme annual A1c change in the top or bottom 0.5% of the frequency 
distribution. This left a final analytic sample of 160,000 subjects who contributed a total of 
434,806 person-years. 
OUTCOME: CHANGE IN A1C  

 
Individual-level change in annual average hemoglobin A1c was the primary outcome of 

this study.  A1c assays were ordered over the natural course of patient medical care and were 
conducted using high-performance liquid chromatography by a single KPNC central laboratory.  
For each subject, baseline A1c was defined as the annual, average A1c in the subject’s first year 
of data in the study period . 
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EXPOSURE: CHANGE IN SUPERMARKET NEIGHBORHOOD PRESENCE 
 
In each year of the study period, we mapped updated retail locations of supermarkets and 

large grocery stores (>$2 million in sales annually and >2,499 sq ft in floor area) based on 
InfoUSA  business establishment data as distributed through ESRI Inc.65 Store type designations 
within the commercial list were cleaned and reclassified based on Standard Industrial Codes 
(SIC) of businesses as well as by key word searches and name recognition.  We created an 
indicator for supermarket presence in a neighborhood, defined as within a one-mile street 
network buffer around the census block centroid of each member’s residential address, using 
ArcGIS 10.1.66  Change in neighborhood presence of supermarket compared to the previous year 
was then transformed into three mutually exclusive indicator variables: supermarket gain, no 
change, and supermarket loss. 

Supermarket gain refers to the development of the first supermarket in a neighborhood 
without any supermarkets in the previous year. Similarly, supermarket loss refers to the closure 
of the last neighborhood supermarket such that no neighborhood supermarkets are open in the 
current year. No change refers to the absence of both of these conditions. We developed these 
definitions under the assumption that with respect to neighborhood health, the marginal benefit 
provided by each new supermarket is greatest with the first neighborhood supermarket and the 
marginal health cost of each neighborhood supermarket closure is greatest with the last 
supermarket closure.  

 
COVARIATES: CHANGE IN INDIVIDUAL AND NEIGHBORHOOD CHARACTERISTICS 

 
Physical activity (PA) kernel density (e.g. parks, camps, gyms, and recreation centers) 

and unhealthful food outlet kernel density (fast food outlets and convenience stores) within a 
mile of each member’s census block centroid were estimated using a quadratic function for 
inverse distance weighting.  Additionally, Census block group measures of population density, 
poverty rate, and median self-reported home value were obtained from the 2005-2009, 2006-
2010, 2007-2011, and 2008-2012 five-year aggregate American Community Survey (ACS) 
releases. Aggregate estimates were assigned to the middle year of the five-year period in panel 
data.101  

The Charlson Comorbidity Index  was calculated from prior year clinical records and 
serves as a validated measure of ten-year mortality risk based on the presence of 22 comorbid 
conditions.99,100 Additionally, we created an indicator for the use of diabetes treatment 
medications including insulin, sulfonylurea, metformin and thiazolidinedione.  

 
MISSING DATA 

 
Missing values for both A1c and Charlson Comorbidity Index were imputed using 

chained equations as described in Appendix, Table 4. Given that standard errors were estimated 
using bootstrapping, a single stochastic imputation was drawn for each missing value in each 
bootstrap iteration.70  
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STATISTICAL ANALYSES 
 
We estimated the effect of neighborhood supermarket presence change on individual-

level A1c using a first-difference regression model102 (Model 1) in STATA 12 (College Station, 
TX).73  

 
Model 1:   

𝐴1𝑐!" − 𝐴1𝑐!"!! =   𝛽! + 𝑆𝑢𝑝𝑒𝑟𝑚𝑎𝑟𝑘𝑒𝑡𝐺𝑎𝑖𝑛 𝛽! + 𝑆𝑢𝑝𝑒𝑟𝑚𝑎𝑟𝑘𝑒𝑡𝐿𝑜𝑠𝑠 𝛽! + 𝑤!" − 𝑤!"!! 𝛽! + 𝜀!" 
 

In which i subscripts the individual, t subscripts the year and 𝑤!"  is a vector of covariates 
including Charlson Comorbidity Index, diabetes medication use, PA density, unhealthful 
food outlet density, population density, poverty rate and median census block group 
housing value. Quadratic and cubic polynomials were included for all continuous 
covariates to allow more flexible functional form. 𝛽! and 𝛽! estimate the effect of 
supermarket gain and supermarket loss on A1c change, respectively compared to the 
category of no presence change (the reference group).  
 
Subjects were stratified by baseline A1c (< 6.5%, 6.5 - 8.0%, 8.0-9.0%, and ≥ 9.0%) and 

first difference models were estimated for each stratum separately. Since all observations for 
each subject reflect time at a single address (the address of longest residence), within-subject 
changes in supermarket exposure from year to year can be attributed to supermarket 
developments and closures rather than to changes in residence.  

Observations for each subject were inverse-weighted by the subject’s total contributed 
person-years of differenced observations to up-weight subjects with fewer years of data. To 
account for a correlated error structure, empirical confidence intervals were calculated from 
1,000 nonparametric bootstrap iterations of the data imputation and model fitting process. 
Sensitivity analyses were conducted to test the robustness of estimates to more conservative 
model specifications that account for several potential sources of bias (details in Appendix, Table 
6).  
	  

RESULTS 
  

There was no significant change in A1c over time, although comorbidity scores did 
increase over the course of the study. Additionally median home prices declined, and poverty 
rate and population density increased over time. Changes in neighborhood supermarket presence 
were rare. Over the four year period, six percent of subjects experienced a gain in neighborhood 
supermarket where there were no supermarkets in the previous year and seven percent of 
subjects experienced a loss of neighborhood supermarket such that no supermarkets remained. 
Individual and neighborhood-level characteristics by baseline A1c strata are presented in 
Appendix Table 5. 
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TABLE 1. INDIVIDUAL- AND NEIGHBORHOOD-LEVEL CHARACTERISTICS OF 
STUDY SAMPLE (POST-IMPUTATION) 
	  

 

 

2007 

(n = 143,152) 

2008 

(n = 143,152) 

2009 

(n = 146,324) 

2010 

(n = 145,328) 

 Mean (SD) Mean (SD) Mean (SD) Mean (SD) 

Individual-level variables     

Age 61.9 (12.6) 62.9 (12.6) 63.7 (12.6) 64.7 (12.6) 

% Female 47.0% 46.8% 46.9% 46.8% 

Race     

    Asian 18.0% 18.0% 18.1% 18.0% 

    Black 9.3% 46.2% 9.4% 9.3% 

    Hispanic (Non-White) 20.0% 20.0% 19.9% 20.0% 

    White 46.2% 46.2% 46.0% 46.1% 

    Other 6.5% 6.5% 6.5% 6.5% 

BMI 31.6 (7.1) 31.5 (7.2) 31.5 (7.2) 31.4 (7.2) 

HbA1c 7.3 (1.4) 7.1 (1.4) 7.2 (1.4) 7.2 (1.4) 

Comorbidity Score 1.8 (1.2) 2.0 (1.5) 2.2 (1.6) 2.3 (1.6) 

% on insulin, TZDs, 
metformin, 

or sulfonylureas 
66.0% 67.9% 67.4% 66.7% 

Neighborhood-level variables     

% with any supermarket 
presence 54.0% 54.0% 52.6% 52.2% 

% gained supermarket 
presence (vs prior year) N/A 2.0% 2.5% 2.5% 

% lost supermarket presence 
(vs prior year) N/A 2.0% 3.8% 2.7% 

Fast food & convenience 
store kernel density 1.2 (1.2) 1.1 (1.2) 1.2 (1.2) 1.2 (1.2) 

Physical activity venue 
density 1.5 (1.7) 1.4 (1.7) 1.4 (1.7) 1.5 (1.7) 

Median home price $509,305 $483,864 $446,250 $413,092 



43	  
	  

($216,743) ($227,225) ($232,101) ($235,830) 

Poverty rate 10.0% (9.7%) 10.4% (10.3%) 11.0% (10.6%) 11.7% (10.9%) 

Population density 8,084 (8,396) 8,298 (8,801) 8,354 (8,866) 8,396 (8,890) 

 
Overall, patients with the lowest A1c at baseline experienced the greatest annual increase 

in A1c and patients with the highest A1c at baseline experienced the greatest annual decrease in 
A1c (Figure 1).  
 

FIGURE 1. ANNUAL ADJUSTED A1C CHANGE BY BASELINE A1C AND 
NEIGHBORHOOD SUPERMARKET PRESENCE CHANGE 
	  

 
 
However, within each strata of baseline A1c, neighborhood supermarket presence change 

was associated with different magnitudes and directions of annual A1c change. Among patients 
with the lowest A1c, those with no change in supermarket presence experienced an average 
annual increase in A1c of 0.10%, 95% C.I. (0.10, 0.11),  while those who gained neighborhood 
supermarket presence increased less [0.08% 95% C.I. (0.07, 0.11)] and those who lost  
neighborhood supermarket presence increased more [0.13%, 95% CI: (0.10, 0.15)]. This pattern 
shifts when we look at patients in other strata. Among patients with the highest A1c at baseline, 
those with no change in supermarket presence experienced a decrease in A1c of -0.49%, 95% 
C.I. (-0.47, -0.50), while those who gained or lost neighborhood supermarket presence decreased 
less; [-0.39%, 95% C.I. (-0.26, -0.47)] and [-0.33%, 95% C.I. (-0.25, -0.43)], respectively.  

In strata-specific adjusted associations between neighborhood supermarket presence 
change, i.e. supermarket gain (𝛽!) and supermarket loss (𝛽!), and A1c change, the reference 
category is no presence change (Figure 2).   
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FIGURE 2. ADJUSTED ASSOCIATIONS BETWEEN NEIGHBORHOOD SUPERMARKET 
PRESENCE CHANGE AND A1C CHANGE A,B,C 

 
A Baseline A1c strata sample sizes: ≥ 9.0, n = 19,473 subjects; 8.0 - 9.0, n = 19,127 subjects; 6.5 - 8.0, n = 79,381 
subjects; < 6.5, n = 51,590 subjects 
B Adjusting for Charlson Comorbidity Index, diabetes medication use, PA density, unhealthful food outlet density, 
population density, poverty rate and median census block group housing value 
C Percentile-based confidence intervals were obtained from 1,000 bootstrapped iterations of the data imputation and 
model estimation procedure 
 

Supermarket gain was marginally associated with better A1c trajectories (smaller gains) 
relative to the reference category only among patients with near normal (<6.5%) glycemic 
control at baseline [-0.02%, 95% C.I. (-0.03, 0.01)]. For patients with good (6.5-8.0%) and poor 
(≥9.0%) A1c control, supermarket gain was associated with worse A1c trajectories (greater gains 
or smaller reductions) compared to the reference category [good: 0.05%, 95% C.I (0.02, 0.08); 
poor: 0.10%, 95% C.I. (0.01, 0.21)]. Compared to the reference category of no presence change, 
neighborhood supermarket loss was associated with worse A1c trajectories (greater gains or 
smaller reductions)  for all patient strata. However, the magnitude of the association between 
supermarket loss and A1c change was greatest among patients with moderate [0.12%, 95% C.I. 
(0.03, 0.16] or poor glycemic control at baseline [0.16, 95% C.I. (0.05, 0.23)].  

In sensitivity analyses (Appendix Table 6), we found similar results in unadjusted 
models, models adjusted for year effects and subject fixed effects, and in the complete case 
analysis. Additionally, the estimated associations between supermarket gain or loss and A1c 
change did not differ by neighborhood poverty rate. However, in the long-difference model 
which examined changes over four years, no significant associations were found. 
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DISCUSSION 
 
This is the first longitudinal study to estimate the influence of supermarket availability on 

disease management outcomes for residents with a chronic condition. The sheer size of the 
KPNC analysis sample provided us with the power to detect small effect sizes that would have 
been statistically ambiguous in smaller studies. Furthermore, several of the measures and 
analytical methods employed in this study are relatively novel in the neighborhood health effects 
literature and may serve as a model for future research.  
  

As we expected, relative to no change in supermarket presence, supermarket loss was 
associated with worse A1c trajectories. Also in line with expectations, patients with the poorest 
glycemic control at baseline appeared to have the largest relative A1c increase following 
supermarket loss. However, in contrast to our hypotheses, supermarket gain was associated with 
marginally better A1c trajectories only among patients with near normal (<6.5%) glycemic 
control at baseline. For patients in other strata, supermarket gain was associated with relative 
increases in A1c. In particular, patients with the poorest glycemic control at baseline experienced 
the most detrimental changes in A1c following a gain in neighborhood supermarket presence. 

Although estimates were attenuated, these patterns resurfaced in alternate model 
specifications that adjusted for several potential sources of bias (Appendix Table 6). The 
associations that we found between neighborhood change in supermarket availability and A1c 
change were not explained by secular time trends or patient-level differences in A1c trajectories. 
Nor did the findings appear to be an artifact of the data imputation process. Moreover, while 
baseline A1c was strongly correlated with neighborhood poverty, the pattern of effect 
modification by baseline A1c does not appear to be attributable to underlying group differences 
in neighborhood affluence.  

Overall, the estimated effects of supermarket presence gain or loss on A1c change were 
small relative to the effects of standard pharmaceutical and lifestyle recommendations such as 
metformin111, exercise112, and nutrition therapy113 and would not be considered clinically 
significant. Additionally, it is important to note that the associations between supermarket gain 
or loss and A1c change were not observed in long-difference regression models and appear to be 
short-lived. 

We propose several possible explanations for our findings. First, both gains and losses of 
neighborhood supermarket availability constitute major disruptions to the local retail 
environment and to household routines of food acquisition, preparation and consumption. A 
change in the food retail environment may trigger food purchasing changes as residents adapt to 
different shopping opportunities. Observed differences in effect estimates across baseline A1c 
strata may be due to differences in how patients adapt to this change. Patients with better control 
of their chronic condition may be better able to leverage the healthful food resources in the 
supermarket to improve their metabolic outcomes. On the other hand, patients who struggled to 
maintain glycemic control at baseline may have a harder time adjusting to either gains or losses 
in neighborhood supermarket availability.  

 
Concurrently, observed differences in effect estimates across patient strata may be due to 

underlying differences in neighborhood supermarket attributes.  Supermarkets vary widely by 
category (e.g. chain vs independent, ethnic vs non-ethnic, discount vs premium) and in-store 
characteristics (e.g. food availability, variety, product mix, and quality). Our study estimated an 
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average effect across all supermarkets and did not account for the influence of store-specific 
characteristics. This is a limitation of our analysis. 
 

Lastly, our estimates may be confounded by unmeasured concurrent neighborhood 
changes. While we adjusted for changes in the density of fast food outlets and convenience 
stores, neighborhood supermarket gain may be accompanied by the development of other food 
retail, such as full-service restaurants and bars. These specific food retail changes were omitted 
in our study but may nonetheless affect A1c. Alternatively, supermarket closure may be a 
symptom of general neighborhood disinvestment leading to the deterioration or loss of 
unmeasured health assets such as a food bank or clinic. While we adjusted for changes in several 
neighborhood-level attributes, both inaccurate measurement of these covariates and omission of 
other time-varying neighborhood factors could bias our results.  

 
Our study has several other limitations besides those already mentioned. First, this 

sample represents an insured population of type 2 diabetes patients who regularly obtain A1c 
assessments and results may not generalize to other populations. Although efforts were taken to 
minimize selection bias through missing data imputation and regression weighting, subjects who 
failed to contribute a single A1c assessment and subjects with non-geocodable addresses were 
excluded from analyses. Second, the time lag between neighborhood supermarket change and 
measurement of A1c is also an important consideration for the interpretation of our findings. Our 
annual measures of neighborhood retail reflect store changes in the preceding calendar year. 
Thus, the actual time-interval between neighborhood supermarket presence change and patient 
A1c assessment could vary from as short as one day to as long as 24 months.  

 
Despite these limitations, we believe that this policy-relevant study makes a valuable 

contribution to the literature. In several influential cross-sectional studies, decreased proximity 
and availability of supermarkets have been associated with lower consumption of fruits and 
vegetables, poorer adherence to dietary guidelines, and greater risk of obesity.31–34,37 While 
associations are not indicative of a causal relationship, these findings have shaped the public 
perception of supermarkets as community health assets.114,115 Conversely, neighborhoods that 
lack supermarket presence (i.e. food deserts) are increasingly targets for policy intervention.116  

 
Supermarket availability is commonly used as a proxy for neighborhood healthful food 

availability, but this practice is overly simplistic and may mislead policymakers to prioritize 
supermarket development over other policy solutions. Future longitudinal studies in this research 
domain should adopt more nuanced measures of healthy food availability which take into 
account within-store characteristics such as affordability, quality, product mix, and variety.  

 
While access to healthful food is a necessary condition for the successful management of 

chronic condition, this evidence suggests that supermarket presence is not sufficient. 
Supermarkets offer a wide array of both healthful and unhealthful foods and the net health 
impacts of supermarket development and closure likely depend on a complex interaction of 
individual behavioral, neighborhood and store characteristics.  
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CHAPTER FIVE 
 

DISCUSSION, SIGNIFICANCE AND FUTURE STEPS 
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CONCLUSION 
 

As a whole, the three studies of this dissertation challenge the commonly held 
assumptions that 1) increasing physical proximity to supermarkets will improve the health 
outcomes of community residents and 2) neighborhood disparities in obesity are caused in part 
by the unequal geographical distribution of “healthful” and “unhealthful” food vendors.  In 
Chapter 2, we found that the most deprived neighborhoods also had the greatest density of both 
healthful and unhealthful food outlets and disparities in the area density of food vendors did not 
explain the gap in obesity rates between less deprived and more deprived neighborhoods.  In 
Chapter 3, among residents in the Kaiser Permanente Diabetes Registry who lived within two 
miles of 12 new supermarket developments, we failed to detect a relative improvement in BMI 
when the distance to nearest supermarket was reduced.  Finally, in Chapter 4, we found that the 
opening of the first neighborhood supermarket and the closure of the last remaining 
neighborhood supermarket were both associated with different health outcomes for different 
diabetes patient subpopulations. The opening of the first neighborhood supermarket was 
associated with relatively better disease trajectories for residents with near normal glycemic 
control and relatively worse disease trajectories for residents with poor glycemic control.  The 
closure of the last remaining supermarket in the neighborhood was associated with worse disease 
trajectories for all diabetes patients but the magnitude of the association was greatest for those 
patients with poor glycemic control at baseline.   

 
Research on the health effects of neighborhood food access is methodologically 

challenging and the three studies in this dissertation demonstrated how methods borrowed from 
other fields of research could be adapted to address some of these challenges.  The mediation 
analysis described in Chapter 2 is the first study to evaluate the pathway(s) through which 
neighborhood deprivation affects weight outcomes.  Additionally, it is the only study that 
decomposes natural direct and indirect effects into component pathways, accounting for 
sequential impacts on intermediate variables along the causal chain. The effect decomposition 
traced the influence of the exposure through the causal sequence to better understand how the 
total effect of exposure on the outcome is mediated through various nodes.  

 
Chapter 3 exploited 12 previous supermarket openings in Northern California as a 

“natural experiment” to investigate the impact of increasing supermarket proximity on BMI 
among patients in a large ongoing diabetes research study. While other studies in this field have 
also leveraged supermarket developments as imperfect proxies for experimental studies, these 
studies have all taken a prospective approach that necessitated data collection before and after 
the store opening. This approach leaves little room for error in timing and can be derailed when 
an anticipated supermarket does not open on schedule. This weakness was apparent in the recent 
pilot evaluation of a Philadelphia supermarket by Cummins and colleagues when a three year 
delay in the construction of the supermarket resulted in a three year difference in the follow-up 
time between residents in the intervention versus the comparison community. In contrast, the 
study detailed in Chapter 3 demonstrated how retrospective clinical and patient records could be 
leveraged for a similar purpose.   

 
Finally, Chapter 4 demonstrated how first differencing, an econometric model that is 

relatively rare in the neighborhood health effects literature, could be used to examine how gains 
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and losses in neighborhood supermarket presence affect glycemic control for residents with type 
2 diabetes. Additionally, the study used dummy indicators for every category of supermarket 
presence change (gain, loss, no change) which allowed for asymmetry in the magnitude and 
direction of effect estimates for a gain in supermarket presence versus a loss in supermarket 
presence. The potential asymmetry of neighborhood health effects is an issue that has not been 
adequately considered in existing studies. This additional flexibility in the operationalization of 
the exposure proved to be important because, in comparison to no change in neighborhood 
supermarket presence, both gains and losses of neighborhood supermarket presence were 
associated with worse A1c trajectories among patients with good, moderate, and poor glycemic 
control at baseline. 

 

LIMITATIONS OF RESEARCH 
This research has several limitations as described in the respective chapters. In each of the 

three studies, subjects represent an insured managed care population of adults with type 2 
diabetes in a largely urban area, and study results may not be generalizable to populations that 
are dissimilar to the study sample. The primary limitation of the mediation analysis in Chapter 2 
is the cross-sectional design of the study, meaning that there was no way to establish time 
ordering of the exposure, mediators and outcome. In the analyses presented in Chapters 3 and 4, 
observations of individuals following residential relocation were removed. This limits the 
generalizability of findings to a larger population because the characteristics of people who move 
may differ from those who stay.  As is common in observational research, all of the analyses 
employed parametric statistical models. Misspecification of these models, either by omission of 
confounding variables or by miss-specification of functional form would lead to bias. Although 
each of the models adjusts for a wide range of confounding factors, residual confounding may 
remain.  Additionally, with the exception of the analysis described in Chapter 3, ground-truth 
verification of supermarket and produce store locations was not feasible, resulting in potential 
inaccuracies in the characterization of food vendor and supermarket retail resources. All studies 
relied heavily on GIS measures of vendor density and proximity, which are not, on its own, 
appropriate proxies for neighborhood food access.27,84,85  Within-store product characteristics are 
important components of food accessibility that may influence individual food choice and were 
not measured.  

Despite these limitations, this research contributes to our understanding of how 
neighborhood deprivation translates into specific and potentially modifiable neighborhood 
factors that alter the daily existence of residents. It examined whether differences in food retail 
between rich and poor neighborhoods contribute to neighborhood-level health disparities, as is 
commonly believed. It estimated the impact on dietary quality and glycemic control of changes 
in supermarket proximity and neighborhood presence. The findings can help policy makers 
evaluate, prioritize, and design policy initiatives for addressing neighborhood disparities in 
diabetes and other chronic disease outcomes.  
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APPENDIX 
	  
TABLE 1. MISSING DATA IMPUTATION 
 
Imputation of missing data was performed with chained equations in STATA using the mi 
impute chained command with 10 burn-in cycles. Multiple linear regression was used to impute 
BMI values, which were inverse transformed, and the distributions of imputed and observed 
values were compared graphically. Logistic regression was used to impute dichotomous 
variables and multinomial logistic regression was used to impute categorical variables. All 
analytic variables were included as regressors in imputation models.  
Variable Percent Missing Imputation Method 

NDI 10.2% Multinomial logistic regression 

Healthy food vendor density 9.4% Multinomial logistic regression 

Unhealthy food vendor density 9.4% Multinomial logistic regression 

BMI  (inverse-transformed) 4.2% Linear multiple regression 

Diet 17.3% Logistic regression 

Physical activity 15.7% Logistic regression 

Smoking 15.7% Logistic regression 

Race 3.9% Multinomial logistic regression 

Income to poverty ratio 15.5% Multinomial logistic regression 

Education 1.5% Multinomial logistic regression 

Household size 4.9% Multinomial logistic regression 

Marital status 4.3% Multinomial logistic regression 

Assets 22.0% Logistic regression 

Unemployment 3.2% Logistic regression 

Nativity 3.6% Logistic regression 

Internal locus of control 18.3% Logistic regression 

External locus of control 18.6% Logistic regression 
 

Population density 7.0% Multinomial logistic regression 
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TABLE 2. PREDICTION MODELS 
	  

Variable Model 
Type 

Model Specification 
Healthful 
vendor 
density  
(𝐻!) 

Multinom
ial 
logistic 

𝑙𝑛 !(!!!!)
!(!!!!)

=   𝛽! + 𝛽!𝐴! +   𝛽!𝐴𝑔!   +  𝛽!𝐺! + 𝛽!𝑅! + 𝛽!𝐸! + 𝛽!𝐼!   +  𝛽!𝑀! + 𝛽!𝑁! + 𝛽!𝐸𝑚! +
𝛽!"𝐻ℎ! + 𝛽!!𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗ 𝑃𝑑! + 𝛽!"𝐴! ∗ 𝐼! + 𝛽!"𝐴! ∗ 𝑅! + 𝛽!"𝐺! ∗ 𝐴𝑔! +
𝛽!"𝐴𝑔! ∗ 𝐸! + 𝛽!"𝑁! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸𝑚! + 𝛽!"𝐸! ∗ 𝐻ℎ! + 𝛽!"𝐸! ∗ 𝑅! + 𝛽!!𝐴! ∗ 𝐸! + 𝛽!"𝐴𝑔! ∗𝑀! +
𝛽!"𝑆! ∗ 𝐼!  

Unhealthf
ul vendor 
density  
(𝑈!) 

Multinom
ial 
logistic 

𝑙𝑛 !(!!!!)
!(!!!!)

  =   𝛽! + 𝛽!𝐴! +   𝛽!𝐴𝑔!   +  𝛽!𝐺! + 𝛽!𝑅! + 𝛽!𝐸! + 𝛽!𝐼!   +  𝛽!𝑀! + 𝛽!𝑁! + 𝛽!𝐸𝑚! +
𝛽!"𝐻ℎ! + 𝛽!!𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗ 𝑃𝑑! + 𝛽!"𝐴! ∗ 𝐼! + 𝛽!"𝐴! ∗ 𝑅! + 𝛽!"𝐴𝑔! ∗ 𝐸! +
𝛽!"𝐴𝑔! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝑅! + 𝛽!"𝐸𝑚! ∗ 𝐻ℎ! + 𝛽!!𝑁! ∗ 𝐸𝑚! + 𝛽!"𝐸! ∗ 𝐻ℎ! + 𝛽!"𝐸! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸! +
𝛽!"𝐴! ∗ 𝐸! + 𝛽!"𝐴𝑔! ∗ 𝐼! + 𝛽!"𝐴! ∗ 𝐻ℎ!+𝛽!"𝑁! ∗ 𝐴𝑔! + 𝛽!"𝐺! ∗ 𝐼! + 𝛽!"𝑋! ∗ 𝑅!

  

Physically 
active   
(𝑃!) 

Logistic 𝑙𝑛 !(!!!!)
!!!(!!!!)

= 𝛽! + 𝛽!𝐴! +   𝛽!𝐴𝑔!   +  𝛽!𝐺! + 𝛽!𝑅! + 𝛽!𝐸! + 𝛽!𝐼!   +  𝛽!𝑀! + 𝛽!𝑁! + 𝛽!𝐸𝑚! +
𝛽!"𝐻ℎ! + 𝛽!!𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗ 𝑃𝑑! + 𝛽!"𝐴! ∗ 𝐸! + 𝛽!"𝐸𝑚! ∗ 𝑅! + 𝛽!"𝐸𝑚! ∗
𝐿! + 𝛽!"𝐸! ∗ 𝑅! + 𝛽!"𝐴𝑔! ∗ 𝐻ℎ! + 𝛽!"𝑁! ∗ 𝐴𝑔! + 𝛽!!𝑅! ∗ 𝐻ℎ!

  

Smoker 
(𝑆!) 

Logistic 𝑙𝑛 !(!!!!)
!!!(!!!!)

=   𝛽! + 𝛽!𝐴! +   𝛽!𝐴𝑔!   +  𝛽!𝐺! + 𝛽!𝑅! + 𝛽!𝐸! + 𝛽!𝐼!   +  𝛽!𝑀! + 𝛽!𝑁! + 𝛽!𝐸𝑚! +
𝛽!"𝐻ℎ! + 𝛽!!𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗ 𝐼! + 𝛽!"𝐺! ∗ 𝑅! + 𝛽!"𝐴𝑔! ∗ 𝑅! + 𝛽!"𝐿! ∗ 𝐸! +
𝛽!"𝑁! ∗ 𝐸! + 𝛽!"𝐴! ∗ 𝐸! + 𝛽!"𝐴𝑔! ∗ 𝐻ℎ! + 𝛽!!𝑋! ∗ 𝑅! + 𝛽!"𝑅! ∗ 𝐻ℎ!

   

Diet 
adherence  
(𝐷!) 

Logistic 𝑙𝑛 !(!!!!)
!!!(!!!!)

=   𝛽! + 𝛽!𝐴! + 𝛽!𝐻! + 𝛽!𝑈! + 𝛽!𝑃! + 𝛽!𝑆! + 𝛽!𝐴𝑔! + 𝛽!𝐺!   +𝛽!𝑅! + 𝛽!𝐸! +
𝛽!"𝐼!   +  𝛽!!𝑀! + 𝛽!"𝑁! + 𝛽!"𝐸𝑚! + 𝛽!"𝐻ℎ! + 𝛽!"𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗ 𝐻! +
𝛽!"𝐴! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸𝑚! + 𝛽!!𝐸! ∗ 𝑄! + 𝛽!"𝑁! ∗ 𝐸! + 𝛽!"𝐴! ∗ 𝐸! + 𝛽!"𝑆! ∗ 𝐸! + 𝛽!"𝑃! ∗ 𝐴𝑔! +
  𝛽!"𝑃! ∗ 𝐸!  

BMI  
(𝑌!!) 

Linear 
(inverse 
transform
ed) 

!
!!
! =

  𝛽! + 𝛽!𝐴! + 𝛽!𝐻! + 𝛽!𝑈! + 𝛽!𝑃! + 𝛽!𝑆! + 𝛽!𝐷! + 𝛽!𝐴𝑔! + 𝛽!𝐺!   +𝛽!𝑅! + 𝛽!"𝐸! + 𝛽!!𝐼!   +  𝛽!"𝑀! +
𝛽!"𝑁! + 𝛽!"𝐸𝑚! + 𝛽!"𝐻ℎ! + 𝛽!"𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐻! ∗ 𝑈! + 𝛽!"𝐺! ∗ 𝑅! + 𝛽!!𝐺! ∗
𝐸! + 𝛽!"𝐴𝑔! ∗ 𝐸! + 𝛽!"𝐴𝑔! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝑅! + 𝛽!"𝐸𝑚! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸𝑚! + 𝛽!"𝑉! ∗ 𝑅! + 𝛽!"𝐴! ∗
𝐷! + 𝛽!"𝐺! ∗ 𝑁! + 𝛽!"𝐸𝑚! ∗ 𝐻ℎ! + 𝛽!"𝐸𝑚! ∗ 𝑆! + 𝛽!!𝐸! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸! + 𝛽!"𝑃! ∗ 𝑅! + 𝛽!"𝑃! ∗ 𝐸! +
𝛽!"𝑆! ∗ 𝑅! + 𝛽!"𝐴𝑔! ∗𝑀! + 𝛽!"𝐷! ∗ 𝐺!  

Obesity 
  (𝑌!!) 

Logistic 𝑙𝑛 !(!!
!!!)

!!!(!!
!!!)

=   𝛽! + 𝛽!𝐴! + 𝛽!𝐻! + 𝛽!𝑈! + 𝛽!𝑃! + 𝛽!𝑆! + 𝛽!𝐷! + 𝛽!𝐴𝑔! + 𝛽!𝐺!   +𝛽!𝑅! +

𝛽!"𝐸! + 𝛽!!𝐼!   +  𝛽!"𝑀! + 𝛽!"𝑁! + 𝛽!"𝐸𝑚! + 𝛽!"𝐻ℎ! + 𝛽!"𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝑈! ∗
𝑅! + 𝛽!"𝐴𝑔! ∗ 𝑅! + 𝛽!!𝑁! ∗ 𝑅! + 𝛽!"𝐸𝑚! ∗ 𝑅! + 𝛽!"𝑉! ∗ 𝑅! + 𝛽!"𝐷! ∗ 𝑅! + 𝛽!"𝑃! ∗ 𝑆! + 𝛽!"𝐺! ∗ 𝑁! +
𝛽!"𝐸𝑚! ∗ 𝑆! + 𝛽!"𝐸! ∗ 𝑅! + 𝛽!"𝑃! ∗ 𝐸! + 𝛽!"𝑆! ∗ 𝑅! + 𝛽!"𝐷! ∗ 𝑆! + 𝛽!!𝐴𝑔! ∗𝑀! + 𝛽!"𝐴𝑔! ∗ 𝐼! +
𝛽!"𝐿! ∗ 𝐴𝑔! + 𝛽!"𝐺! ∗ 𝐼! + 𝛽!"𝑀! ∗ 𝑅!  

Severe 
obesity  
(𝑌!!) 

Logistic 𝑙𝑛 !(!!
!!!)

!!!(!!
!!!)

= 𝛽! + 𝛽!𝐴! + 𝛽!𝐻! + 𝛽!𝑈! + 𝛽!𝑃! + 𝛽!𝑆! + 𝛽!𝐷! + 𝛽!𝐴𝑔! + 𝛽!𝐺!   +𝛽!𝑅! +

𝛽!"𝐸! + 𝛽!!𝐼!   +  𝛽!"𝑀! + 𝛽!"𝑁! + 𝛽!"𝐸𝑚! + 𝛽!"𝐻ℎ! + 𝛽!"𝐿! + 𝛽!"𝑋! + 𝛽!"𝑉! + 𝛽!"𝑃𝑑! + 𝛽!"𝐴! ∗
𝑃𝑑! + 𝛽!"𝐺! ∗ 𝑅! + 𝛽!!𝐺! ∗ 𝐸! + 𝛽!"𝐴𝑔! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝑅! + 𝛽!"𝐸𝑚! ∗ 𝐻ℎ! + 𝛽!"𝑁! ∗ 𝐸𝑚! + 𝛽!"𝐷! ∗
𝑅! + 𝛽!"𝐴! ∗ 𝐷! + 𝛽!"𝐸𝑚! ∗ 𝑆! + 𝛽!"𝐸! ∗ 𝑅! + 𝛽!"𝑁! ∗ 𝐸! + 𝛽!"𝑃! ∗ 𝐸! + 𝛽!!𝐷! ∗ 𝑆! + 𝛽!"𝐴𝑔! ∗ 𝐼! +
𝛽!"𝐿! ∗ 𝐴𝑔! + 𝛽!"𝑁! ∗ 𝐴𝑔! + 𝛽!"𝐺! ∗ 𝐼! + 𝛽!"𝑋! ∗ 𝑅! + 𝛽!"𝑅! ∗ 𝐻ℎ! + 𝛽!"𝐸! ∗ 𝐻ℎ!  

	  
	  
𝐴!: NDI, 𝐴𝑔!: age, 𝐺!: gender, 𝑅!: race, 𝐸𝑑!: education,  𝐼!: income, 𝑉!: value of assets, 𝑀!: marital status, 𝑁!: nativity, 𝐸𝑚!: employment status, 
𝐻ℎ!  household size, 𝐿!: internal locus of control, 𝑋!: external locus of control, 𝑃𝑑!: population density 
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TABLE 3. SUBCOMPONENT MEDIATION PARAMETER DEFINITIONS 
	  
Parameter Definition 

  a 𝐸 𝐻(𝐴 = 1) − 𝐻(𝐴 = 4)  

b 𝐸 𝑈(𝐴 = 1) − 𝑈(𝐴 = 4)  

c 𝐸 𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 4
− 𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4  

d 𝐸 𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 1
− 𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4  

e 𝐸 𝐷 𝐴 = 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1
− 𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1  

f 𝐸 𝑌 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 4 ,𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4   
− 𝑌 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4 ,𝐷 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4     

 g 𝐸 𝑌 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 1 ,𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4   
− 𝑌 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4 ,𝐷 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4     

 h 𝐸 𝑌 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4 ,𝐷 𝐴 = 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1   
− 𝑌 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4 ,𝐷 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 4 ,𝑈 𝐴 = 4     

 i 𝐸 𝑌 𝐴 = 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1 ,𝐷 𝐴 = 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1   
− 𝑌 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1 ,𝐷 𝐴
= 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1     

 J 𝐸 𝑌 𝐴 = 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1 ,𝐷 𝐴 = 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1   
− 𝑌 𝐴
= 1,𝑃 𝐴 = 1 , 𝑆 𝐴 = 1 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1 ,𝐷 𝐴
= 4,𝑃 𝐴 = 4 , 𝑆 𝐴 = 4 ,𝐻 𝐴 = 1 ,𝑈 𝐴 = 1     
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TABLE 4.  MISSING DATA IMPUTATION 
 
Imputation of missing data was performed with chained equations in STATA using the mi 
impute chained command with 10 burn-in cycles. Multiple linear regression was used to impute 
HbA1c values (inverse-square transformed) and the Charlson comorbidity score.  All model 
covariates and HbA1c and Charlson scores from other years were included as regressors in 
imputation models.  Annual average BMI value and a kernel density measure for all businesses 
were included in imputation models as auxiliary variables.  Imputed values were trimmed to be 
within the range of observed values and imputed Charlson scores were rounded to the nearest 
integer.  
 

 % Missing 
Variable 2007 2008 2009 2010 
HbA1c     

Pre-imputation 14.9% 16.2% 21.6% 24.4% 

Post-imputation 3.4% 4.5% 6.5% 7.0% 

Charlson comorbidity     

Pre-imputation 8.6% 7.0% 9.2% 15.5% 

Post-imputation 2.5% 3.0% 2.8% 4.8% 

On insulin, sulfonylureas, TZDs 0.0% 0.0% 0.0% 0.0% 

One mile supermarket presence 0.0% 0.0% 0.0% 0.0% 

One mile kernel density     

Physical activity 0.0% 0.0% 0.0% 0.0% 

Convenience stores and fast food 0.0% 0.0% 0.0% 0.0% 

ACS block group values     

Poverty rate 

Bl 

0.0% 0.0% 0.0% 0.0% 

Median home value 0.0% 0.0% 0.0% 0.0% 

Population density 0.0% 0.0% 0.0% 0.0% 
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TABLE 5. CHARACTERISTICS OF STUDY SAMPLE (IN 2007) BY BASELINE A1C 
STRATA 
 

 

 

A1c < 6.5% 

(n =43,521) 

A1c 6.5-8.0% 

(n = 68,358) 

A1c 8.0-9.0% 

(n = 16,098) 

A1c ≥ 9.0% 

(n = 15,175) 

 Mean (SD) Mean (SD) Mean (SD) Mean (SD) 

Individual-level variables     

Age*** 64.6 (12.7) 62.6 (12.1) 58.3 (11.6) 54.6 (11.4) 

% Female*** 46.3% 48.3% 44.7% 43.7% 

Race     

    Asian*** 14.0% 20.6% 19.3% 16.4% 

    Black*** 7.8% 9.2% 10.5% 12.8% 

    Hispanic*** 16.6% 18.9% 24.0% 30.3% 

    White*** 55.1% 44.6% 39.7% 34.4% 

    Other  6.4% 6.7% 6.5% 6.1% 

BMI*** 30.9 (6.8) 31.6 (7.1) 32.5 (7.2) 32.8 (7.4) 

Comorbidity Score*** 1.9 (1.3) 1.8 (1.2) 1.8 (1.2) 1.7 (1.1) 

% on insulin, TZDs, 
metformin or sulfonylureas*** 44.2% 72.8% 82.5% 80.8% 

Neighborhood-level variables     

% with supermarket 
presence*** 53.2% 54.2% 53.9% 55.3% 

Fast food & convenience store 
kernel density*** 1.1 (1.3) 1.2 (1.2) 1.2 (1.2) 1.2 (1.2) 

Physical activity venue 
density* 1.4 (1.6) 1.5 (1.7) 1.5 (1.7) 1.5 (1.7) 

Median home price*** $521,511 
($223,486) 

$513,376 
($215,911) 

$493,040 
($210,805) 

$481,162 
($203,680) 

Poverty rate*** 9.5% (9.5%) 9.8% (9.6%) 10.6% (10.1%) 11.3% (10.5%) 

Population density*** 7,591 (7,863) 8,155 (8,517) 8,387 (8,792) 8,727 (8,711) 

Stars indicate that differences across strata are significant at the p<0.05 level (*), p<0.01 level (**), or 
p<0.001 level (***).  
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TABLE 6. SENSITIVITY ANALYSES 
   Supermarket gain Supermarket loss 

Model # subjects  
(observations) 

𝛽! 95% CIa 𝛽! 95% CIa 

Model 0: Unadjusted      

 
A1c ≥ 9.0 

18,343 

(47,125) 
0.10 [0.01, 0.21] 0.18 [0.08, 0.27] 

 
A1c 8.0 - 9.0 

18,013 

(48,693) 
0.02 [-0.06, 0.09] 0.11 [0.03, 0.16] 

 
A1c 6.5 - 8.0 

75,123 

(207,390) 
0.05 [0.02, 0.08] 0.01 [-0.02, 0.03] 

 
A1c < 6.5 

48,521 

(133,513) 
-0.02 [-0.03, 0.01] 0.03 [0.00, 0.05] 

Model 2: Model 1 + year effects     

 
A1c ≥ 9.0 

18,343 

(46,860) 
0.07 [-0.01, 0.19] 0.08 [-0.01, 0.16] 

 
A1c 8.0 - 9.0 

18,013 

(48,485) 
0.01 [-0.08,0.08] 0.09 [0.01, 0.14] 

 
A1c 6.5 - 8.0 

75,123 

(206,535) 
0.04 [0.02, 0.07] -0.01 [-0.03, 0.01] 

 
A1c < 6.5 

48,521 

(132,926) 
-0.02 [-0.04,0.01] 0.02 [-0.01, 0.04] 

Model 3: Model1 + subject fixed effects     

 
A1c ≥ 9.0 

18,343 

(46,860) 
0.11 [0.00, 0.25] 0.20 [0.06, 0.27] 

 
A1c 8.0 - 9.0 

18,013 

(48,485) 
0.06 [-0.07, 0.13] 0.11 [-0.02, 0.14] 

 
A1c 6.5 - 8.0 

75,123 

(206,535) 
0.04 [0.02, 0.09] 0.01 [-0.01, 0.04] 

 
A1c < 6.5 

48,521 

(132,926) 
-0.02 [-0.04, 0.01] 0.02 [-0.01, 0.05] 
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Model 4: Model 1 with complete case sample     

 
A1c ≥ 9.0 

14,896 

(30,374) 
0.07 [-0.03, 0.23] 0.14 [0.01,0.25] 

 
A1c 8.0 - 9.0 

15,470 

(34,529) 
0.04 [-0.06, 0.13] 0.06 [-0.03,0.15] 

 A1c 6.5 - 8.0 66,821 
(156,964) 0.07 [0.03,0.10] 0.01 [-0.02,0.03] 

 
A1c < 6.5 

42,341 

(95,559) 
-0.01 [-0.03, 0.02] 0.03 [0.00, 0.05] 

Model 5: Model 1 by poverty rate strata     

 Poverty  ≥  20%  

 

23,272 

(61,612) 
0.03 [-0.02, 0.08] 0.05 [-0.02, 0.09] 

 
Poverty < 20%  

136,728 

(373,194) 
0.02 [0.01, 0.05] 0.04 [0.02, 0.06] 

Model 6: Long difference (four-year)     

 
A1c ≥ 9.0 

14,017 

(14,017) 
-0.06 [-0.13, 0.13] -0.04 [-0.16, 0.08] 

 
A1c 8.0 - 9.0 

14,950 

(14,950) 
-0.04 [-0.11, 0.10] 0.01 [-0.06, 0.11] 

 
A1c 6.5 - 8.0 

64,045 

(64,045) 
0.03 [-0.03, 0.05] 0.02 [-0.02, 0.04] 

 
A1c < 6.5 

40,958 

(40,958) 
0.00 [-0.03, 0.03] 0.00 [-0.03, 0.03] 

 
Model 0 : Unadjusted associations.  
Model 2: Full model with year fixed effects to account for potential secular changes in A1c across time. 
Model 3:  Full model with individual fixed effects such that subjects serve as their own controls not only with 
respect to their annual A1c levels but also with respect to their A1c trajectories over time.  
Model 4: Full model excluding observations with any missing values to examine the impact of the data imputation 
process on estimates. 
Model 5: Full model stratified by neighborhood poverty rate to explore whether the differences in estimates across 
A1c strata are attributable to underlying differences in neighborhood poverty.  
Model 6: Long difference model to estimate the effect of supermarket change over a longer time horizon. All model 
variables are defined as change over four years (2007-2010).  
 
	  




