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Abstract

In recent years, various levels of government in the U.S. have adopted or discussed subsidies, tax
breaks, zoning laws, and other public policy instruments to promote geographic access to healthy
food. These policies are supposed to reduce obesity. But there is little evidence from large-scale
longitudinal or quasi-experimental research suggesting that geographic access to supermarkets,
fast food restaurants, and other food outlets actually affect body mass index (BMI). Using a
longitudinal design, we examined whether geographic accessibility of food outlets was associated
with BMI change between 2009 and 2014 using clinical data for 1.7 million military veterans
living in 382 metropolitan areas. We found no evidence that the absolute or relative accessibility of
supermarkets, fast food restaurants, or mass merchandisers were associated with individual BMI
change. While they may promote equitable access, our findings suggest that policies that alter food
outlet accessibility will do little to combat the obesity epidemic.

Introduction

In recent years, various levels of government in the U.S. have adopted or discussed
subsidies, tax breaks, zoning laws, and other public policy instruments to promote
geographic access to healthy food(1,2). For example, healthy food financing initiatives offer
subsidies and tax breaks to open new stores or renovate existing stores in underserved
areas(1,3). Most subsidy programs target supermarkets because they offer the widest
selection of healthy foods(4-7). In another direction, some governments are trying to reduce
access to unhealthy food using fast food restaurant moratoriums and zoning policies that
restrict or ban new fast food restaurants in so-called over-served neighborhoods(8-10). In
other places, local zoning laws and ordinances include store size restrictions, design
guidelines, and formula business regulations(11,12) restrict the entry of the supercenters and
other mass merchandisers that are a primary source of food for American households (i.e.,
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Walmart, Target, and other large stores that sell a large variety of food and non-food
merchandise)(13,14).

Access to healthier and less healthy food outlets differs across neighborhoods(15-18).
Several studies have found that geographic accessibility of supermarkets is negatively
associated with local residents’ body mass index (BMI) or weight status (e.g., obesity) and
geographic accessibility of fast food restaurants is positively associated with BMI1(19-23),
although evidence on mass merchandiser access-BMI associations is scarce(24-26).
Research has also found associations between the relative balance of healthier to less healthy
food outlets and BMI(27-30). However, almost all studies of absolute and relative food
outlet accessibility used cross-sectional designs(19-21). Results of cross-sectional studies
may reflect unmeasured differences in preferences across people who chose to live near food
outlets rather than the causal effect of the food outlets themselves(31).

A few quasi-experimental studies have examined supermarket developments and fast food
restaurant moratoriums and found little support for the idea that policies that support or
restrict food outlets affect BMI(8,32—34). However, these studies were conducted on a small
scale and examined the connection between food outlet access and BMI in small geographic
areas. Small-scale studies have limited statistical power to detect health changes. Well-
designed longitudinal research that supports causal inference and can examine effects of
many supermarket, fast food restaurant, and mass merchandiser openings or closings across
a wide geographic area can strengthen the evidence base and inform discussions on whether
public policies addressing the food environment are likely to be effective in achieving
healthier BMI.

This paper reports results from the Weight and Veterans’ Environments Study (WAVES),
which to our knowledge, is the largest national study of the connection between residential
environments and BMI ever conducted in the U.S.(35). The project is at the forefront of “big
data” research, linking electronic health records from military veterans nationwide with
public and proprietary environmental data. It provides the statistical power needed to detect
small effects of the environment on clinical measures of BMI. The data enable research
designs that exploit temporal and spatial changes in environmental conditions over a 7-year
period and help avoid bias from a broad set of factors that were uncontrolled in earlier
research.

The analysis in this paper focuses on supermarkets, fast food restaurants, and mass
merchandisers. The premise of the policy debate is that people gain or lose weight because
of their geographic access to supermarkets, fast food restaurants, and mass merchandisers.
Often the discussion is focused on high-poverty neighborhoods, where obesity is an
important health concern, access to healthier food outlets may be limited, and less healthy
outlets may be concentrated(15,16,36,37). Our analysis tests the null hypothesis that
geographic accessibility of food outlets does not have an important effect on BMI. To shed
light on the socioeconomic gradient, we also examined whether the association between the
food outlet access and BMI differs by neighborhood poverty level. Rejecting the null
hypothesis (statistically and clinically) would provide evidence in favor of the policy view
that geographic access to food outlets matters.
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Data and Methods

Design

Sample

Measures

WAVES is a retrospective longitudinal cohort study of American military veterans who
received healthcare services from the Department of Veteran Affairs (VA) between 2009 and
2014(35). Here, we linked the first six years of individual-level data from the \VA Corporate
Data Warehouse, a repository of clinical and administrative data from the electronic health
record and other sources, to secondary data on food outlet locations to study the effects of
person-level changes in the food environment generated by store openings/closings and
individual migration.

The analytical sample consists of 1.7 million people (ages 20-64 years) residing in 382
metropolitan areas. Excluded were people without at least one VA healthcare encounter in
the two years prior to baseline; with long-stay nursing home residence at baseline; without at
least one geocoded home address; and without at least one valid height and weight
measurement.

Body mass index—We calculated a BMI measure for each person in each year using
height and weight measurements taken during patient encounters. Height was typically
based on the modal value across the study period; average weight during the second half of
the calendar year was prioritized to align the weight data with the geographic data.

Geographic accessibility of food outlets—We constructed annual measures of the
geographic accessibility of chain supermarkets, non-chain supermarkets, supercenters and
other mass merchandisers, chain fast food restaurants, and non-chain fast food restaurants
for each person and year. Specifically, we measured the number of outlets within a 1-mile
(1mi) radius and a larger 3-mile (3mi) radius (inclusive of outlets within 1-mile) of the
person’s residence. We defined relative accessibility of supermarkets as the number of
supermarkets expressed as a percentage of supermarkets and fast food restaurants. In the
analysis, the food outlet variables enter as a set of dummy variables and the reference
category typically consists of people who live near 0 such outlets.

Covariates—Individual time-invariant variables included age, gender, and race/ethnicity.
Individual time-varying covariates included marital status and ten chronic health conditions.
Area covariates included: census division, county-level urbanicity(38), census tract
demographics (percent of residents below the federal poverty line, median household
income, population density), and geographic accessibility of grocery stores, convenience
stores, parks, and fitness facilities.

Data analysis

We estimated cross-sectional models with year fixed effects and longitudinal models that
incorporated both year and person fixed effects. The person fixed effects adjust for a broad
class of potential confounding factors that could undermine the internal validity of cross-
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sectional regressions. In particular, cross-sectional models are limited by residential self-
selection bias, which might mean that cross-sectional associations between food outlet
accessibility and BMI reflect preferences or other unmeasured characteristics associated
with both food outlet accessibility and BMI. A person fixed-effect model avoids time-
invariant biases by focusing on within-person changes in food outlet accessibility. Both the
cross-sectional and fixed-effects models account for secular trends.

Person fixed-effect models exploit two different sources of within-person change in food
outlet accessibility: changes from /ndividual migration that occur when a person moves to a
new address with a net change in the prevalence of food outlets; and changes from
neighborhood change that arise when food outlets open or close. The distinction may be
important because residential self-selection may still be a problem among migrants. For
example, people may decide to move to a neighborhood where supermarkets are more
accessible because of a negative health event that makes it harder for them to travel or
because of a change in their lifestyle preferences. In that case, even the fixed-effects model
may be biased because unmeasured changes in health status or preferences may affect both
BMI and food outlet accessibility. To explore these concerns, we estimated separate fixed-
effects models for non-migrants. In the non-migrant sample, the fixed-effects models are
based exclusively on variation that comes from the entry and exit of food outlets.
Associations for non-migrants are less prone to residential self-selection bias because
individual people have very little control over the entry and exit of food outlets. That is, any
individual-level changes in health status or preferences that do occur are unlikely to be
correlated with the opening or closing of food outlets. The non-migrant fixed-effects models
strengthen our inferences about the causal effects of food outlets on BMI.

We fit two specifications of each model. The first set of models is based on food outlets
within a 1-mile radius of the person’s address. The second set is based on a 3-mile radius. To
examine whether associations differed by area economic characteristics, we added
interaction terms between the food outlet variables and census tract poverty level. Poverty
was categorized using nationwide census tract tertiles. All models accounted for clustering
of individuals within counties at baseline. Because men comprise almost 90% of the sample,
we estimated separate models for men and women.

There are limitations associated with the data and methods. First, we were unable to
incorporate measures that capture individual SES. Therefore, while we controlled for
multiple census tract socioeconomic characteristics, residual confounding related to within-
person changes in SES is possible. Second, our approach to BMI measurement (i.e., modal
height measurement across the study period) does not capture real height loss that may occur
with aging. Given our study included only those under age 65 at baseline (mean 52 and 43
among men and women, respectively) and the study follow-up time was not more than 6
years, we think undetected measurable height loss was likely infrequent and unlikely to
generate bias in effects of food outlet accessibility on BMI. Third, commercial data sources
for retail food outlets are prone to error. We carefully cleaned and processed the data to
maximize its quality(39). Fourth, this study includes only measures of the geographic
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accessibility of food outlets and does not consider other dimensions of access or food
availability, prices, quality, or marketing inside these outlets, which may impact purchasing
and ultimately BMI. Fifth, like most prior studies, we focused on accessibility of food
outlets relative to where people live rather than where they spend time, which may more
accurately capture exposures(40). Sixth, the VA population may be an important segment of
the U.S. population but the 1.7 million VA patients in our study are not a representative
sample of the U.S. adult population. For example, our study population has
disproportionately more African American and lower income persons, groups at higher risk
for obesity(35). And, VA men are older and demographically different from VA women;
therefore, our findings for men and women are not directly comparable. While our study’s
internal validity may be high and VA patients live in diverse neighborhoods nationwide
which themselves are broadly representative of the environments in which the bulk of the
U.S. population resides, the study’s external validity is unknown: it is unclear whether the
effects of geographic access to food outlets observed in the VA population are comparable to
those in the general population. Finally, our study generally estimates average effects of
geographic access to food outlets. While we examine heterogeneity of effects by
neighborhood poverty level, we do not rule out the possibility that effects are heterogeneous
across other groups of people (e.g., those without a car).

For more information on the data and methods, please see the Appendix Exhibit A(41).

Sample characteristics

MEN

Exhibit 1 describes the full sample and non-migrant sample during the baseline year
separately for men and women. See Appendix Exhibit B for more descriptive statistics(41).
To avoid comparison between men and women, regression results are presented for men, and
then women. See Appendix Exhibit C and D for complete regression results(41).

Food outlet accessibility and BMI associations—Exhibit 2 shows results from
cross-sectional and longitudinal regressions of BMI on measures of the geographic
accessibility of chain and non-chain supermarkets, mass merchandisers, and chain and non-
chain fast food restaurants within 1mi (top panel) and 3mi (bottom panel).

Cross-sectional associations: In the cross-section, neither chain supermarket nor non-chain
supermarket access within 1mi was associated with BMI among men (Exhibit 2, column 1).
Accessibility of one or more mass merchandisers within 1mi was associated with a 0.123-
unit higher BMI (p<0.001). Living near more chain fast food restaurants within 1mi was also
associated with higher BMI: 0.057 units for 3-6 restaurants (p<0.01) and 0.085 units for 7 or
more restaurants (p<0.001). Living near a moderate or high number of non-chain fast food
restaurants were associated with a 0.062 (p<0.01) and 0.206 (p<0.001) unit lower BMI,
respectively.

At 3mi (Exhibit 2, bottom panel), accessibility of 4 or more non-chain supermarkets was
associated with a 0.080-unit lower BMI among men in the cross-section (p<0.05). Compared
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to 1mi, associations between mass merchandiser accessibility within 3mi and BMI were
generally stronger with coefficients as large as 0.283 (p<0.001). Negative associations
between non-chain fast food restaurant accessibility and BMI remained at 3-mi (p<0.001).

L ongitudinal associations: Longitudinal results are shown in columns 2 and 3 (Exhibit 2).
In the full sample of men (column 2), associations were weak and the relatively few
statistically significant associations were not clinically meaningful using either 1mi or 3mi
measures. The strongest association with BMI was having 3 or more mass merchandisers.
There, the coefficient of 0.026 (p<0.001) is still very small in a clinical sense. To put the
effect in context, a 0.026-unit increase in BMI amounts to gaining 0.18 pounds for a man
who is 5 feet 10 inches tall. The longitudinal associations were generally weaker and
nonsignificant among non-migrant men (column 3).

Relative accessibility of supermarkets to fast food restaurants and BMI
associations—Exhibit 3 shows associations between BMI and the relative accessibility of
supermarkets to fast food restaurants holding constant the accessibility of other outlet types.
In general, relative accessibility of supermarkets to fast food restaurants was not associated
with BMI cross-sectionally (column 1) or longitudinally for the full sample of men (column
2) or non-migrant men (column 3).

Food outlet accessibility and BMI associations

Cross-sectional associations: Among women (Exhibit 2, column 4), cross-sectional
associations with BMI were not statistically significant for accessibility of chain
supermarkets, non-chain supermarkets, and mass merchandisers within 1mi (top panel).
Accessibility of chain fast food restaurants within 1mi was associated with higher BMI
among women: 0.139 units for 3—6 restaurants (p<0.01) and 0.168 units for 7 or more
restaurants (p<0.01). Living near a moderate (3—6) or high (7 or more) number of non-chain
fast food restaurants was associated with a 0.130 (p<0.01) and 0.426 (p<0.001) unit lower
BMI, respectively.

At 3mi (Exhibit 2, bottom panel), chain supermarket accessibility was not associated with
BMI among women in the cross-section. Accessibility of 1 and 2-3 non-chain supermarkets
were associated with a 0.073 (p<0.05) and 0.104 (p<0.05) unit higher BMI. BMI tended to
increase with more mass merchandisers within 3mi, with coefficients as high as 0.338
(p<0.001) for 3 or more mass merchandisers within 3mi. Chain fast food restaurant
accessibility was not associated with BMI, but BMI decreased significantly at higher levels
of non-chain fast food restaurant accessibility with coefficients ranging from —0.232 to
-0.871 (p<0.001).

L ongitudinal associations: There was little evidence from the longitudinal models that
BMI was associated with accessibility of chain or non-chain supermarkets, mass
merchandisers, or chain or non-chain fast food restaurants in either the full sample of
women (column 5) or non-migrant women (column 6) at either 1mi or 3mi (Exhibit 2).
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Relative accessibility of supermarkets to fast food restaurants and BMI
associations—Among women (column 4), relative accessibility of supermarkets to fast
food restaurants was not associated with BMI in the cross-section at 1 mi (Exhibit 3, top
panel). At 3mi, women with moderately high and high relative accessibility of supermarkets
had BMI 0.100 (p<0.05) and 0.140 (p<0.01) unit higher than women with low relative
accessibility. However, these relative accessibility effects disappeared in the longitudinal
models in both the full sample of women (Exhibit 3, columns 5) and the non-migrant women
(Exhibit 3, column 6).

Differences by area poverty level—We found no evidence that area poverty level
altered the relationship between BMI and food outlet accessibility in either cross-sectional
or longitudinal models (not shown).

Discussion

This study found that multiple policy-relevant aspects of the food environment were
associated with BMI in cross-sectional comparisons using clinical data on 1.7 million
military veterans nationwide. That is, people living in areas with higher accessibility of
chain fast food restaurants (1mi) and mass merchandisers (1mi and 3mi men; 3mi women)
tended to have higher BMI, while men with high accessibility of non-chain supermarkets
tended to have lower BMI (3mi). However, in longitudinal analyses that address important
limitations of cross-sectional research particularly residential self-selection bias, we found
almost no evidence that absolute or relative geographic accessibility of supermarkets, fast
food restaurants, or mass merchandisers affected BMI. Moreover, the significant cross-
sectional associations in unexpected directions disappeared in the longitudinal analyses. We
also found no support for the idea that food outlet access matters most to people living in
high-poverty neighborhoods.

Our study adds to a still small, but accumulating number of longitudinal studies that have
generally found that food outlets have either no effect on BMI or effects that are small in
magnitude and not clinically meaningful(42—-48). Our findings suggest that cross-sectional
results should be interpreted with caution and it is unlikely that additional cross-sectional
research will provide needed insights into whether geographic accessibility of supermarkets,
fast food restaurants, and/or mass merchandisers are promising targets for policy
interventions to promote healthier BMI. One important area where additional longitudinal
research would be useful is in low-SES populations. Using data from the Panel Study of
Income Dynamics, Powell and Han found that each additional supermarket per 10,000
people per 10 square miles was associated with a 0.13-unit lower BMI longitudinally among
poor women but was not associated with BMI among non-poor women, or poor or non-poor
men(48). Longitudinal associations between fast food restaurant accessibility and BMI were
not clinically meaningful in either poor or non-poor women or men in that study(48).

Overall, our findings suggest that public policies to alter residential geographic accessibility
of supermarkets, fast food restaurants, or mass merchandisers alone are unlikely to be
effective in promoting healthier BMI in adults. Our study does not reveal new information
on the possibility that policy-induced changes in food outlet accessibility could have
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beneficial effects in children or lead to other positive changes such as increased
neighborhood economic activity, job creation, and improvements in individual income.
Changes in food access may also need to be accompanied by individually-focused health
promotion interventions or economic incentives(33). Beyond supporting new food outlets
and limiting others, policies addressing the availability, prices, and marketing of food
products within food outlets may be useful(33,49). For example, strengthening healthy food
stocking requirements for federal nutrition assistance programs, such as the Supplemental
Nutrition Assistance Program, could serve as an incentive for lowering prices and
transforming the product mix in food stores, which currently favor unhealthy products(7,50-
52).

Study Strengths

The strength of the study comes from the large, nationwide, longitudinal, geocoded sample
of health care records. That dataset made it possible to construct person-specific measures of
the food environment and provided the kind of sample size required to reliably measure even
small associations between geographic accessibility of a variety of food outlets and BMI. In
addition, the structure of the data allowed us to take advantage of changes in people’s
exposure to different food outlets that arose through processes of neighborhood change and
individual migration. Variation in food environments from neighborhood change seems like
a useful way of avoiding many of the sources of potential bias that raise problems in the
current literature. Because our study included people living across the country, it was
feasible to study the differential effects of the food environment on people living in higher
poverty neighborhoods. Unlike many survey-based studies, we were able to study BMI using
clinical measurements rather than less accurate self-reports. And because our sample
consists of military veterans using VA healthcare, our study implicitly controls for health
insurance status and access to healthcare services that might confound associations in other
samples.

Conclusion

Public policy may have an important role to play in achieving population-wide reductions in
BMI. But the policies currently under discussion, based on assumptions of a causal link
between food outlet access and BMI, lack needed robust empirical support. Strategies like
the healthy food financing initiative are designed to alter geographic access to supermarkets,
fast food restaurants, and mass merchandisers. It is possible that such policies may promote
equity in access to healthy foods and reduce the saturation of unhealthy food sources in
economically and socially disadvantaged neighborhoods. But our findings suggest that such
policies alone are unlikely to lead to healthier BMI over time among adults.
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Appendix Exhibit A. Technical documentation

Design

The Weight and Veterans’ Environments Study (WAVES) is a 7-year retrospective
longitudinal cohort study of U.S. adults who were military veterans receiving primary
healthcare services in the U.S. Department of Veteran Affairs (VA) between 2009 and 2014
and who were followed to date through 2015. This paper links 6 years (2009-2014) of
individual-level data from the VA Corporate Data Warehouse, a repository of clinical and
administrative data from the electronic health record and other sources, with non-VA data on
food outlet locations.

Linking food outlet data with clinical data is complicated in practice because the home
address data, clinical data, and food outlet data are updated on different schedules. At the
time we obtained the person-level home address geocodes from the VHA Planning Systems
Support Group, the data that were available contained best known addresses as of the end of
each VA fiscal year (September 30). To operationalize our work, a first decision was to
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prioritize the second half of the year (July 1-December 31) for BMI measurement in order to
maximize the likelihood that patients were at that address when their weight was measured.
Additionally, we pursued the general goal of measuring the environment at a time point
preceding the outcome measures in each year. Since our study was designed to evaluate the
effects of environmental factors (food outlet accessibility) on BMI, we used the basic policy
of temporal precedence to make it clear that changes in environmental factors came before
changes in BMI and not the other way around. Specifically, we linked individual BMI to
food outlet accessibility measures in the 41 quarter of the previous year. For example, 2009
BMI values were joined to supermarket measures derived from 4™ quarter 2008 supermarket
location data.

The sample for the analysis in this paper consisted of 1.7 million working-age adults (20-64
years old) residing in metropolitan counties. The sample is derived from a larger study
cohort of 3.2 million U.S. military veterans aged 20-80 years who lived in the continental
U.S.(1). The exclusion criteria eliminated patients who did not have at least one VA
healthcare encounter in the two years prior to baseline; patients who resided in a long-stay
nursing home at baseline; patients who did not have at least one home address (not PO Box
address) that could be geocoded to the street or ZIP+4 level during the study period; patients
without at least one valid and clinically plausible height and weight measurement during the
study period; and patients over the age of 65 because of multiple possible lifestyle, mobility,
and socioeconomic differences among older versus younger, working-age adults that might
manifest in very different relationships between the residential environment and BMI.

Body mass index (BMI)

The dependent variable in the paper is the patient’s BMI (weight in kg / height in m?) in a
given calendar year. Practical challenges in working with electronic medical record data
include having no control over data collection periodicity, frequency, or quality. Ancillary
rules were needed to address these issues and to impose an annual structure on the data.

BMI is a weight-for-height measure that is intended to standardize weight measurements in
a way that accounts for differences in body structure across individuals that are relatively
permanent and that are unrelated to things like diet and exercise. In essence, weight
measurements are scaled by the square of a person’s height in meters. We cleaned the height
measures in the medical records by deleting implausible measurements (<48 inches or >85
inches). We then defined each patient’s height to be the modal value of all available height
measurements taken during the entire study period. When available height measurements
had no modal value, we used the mean instead. Although it is possible that a patient’s height
changes somewhat over time, we felt that difference in observed height measurements for a
patient were more likely to reflect measurement errors or data entry errors than genuine
changes in a patient’s height. Since small error in height measurement can have outsized
effects on BMI (because it is squared in the denominator), use of the most frequently
appearing value maximized the likelihood that we would be using the patient’s true height
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(rather than a mean or median which, though a good estimate, would be less likely to exactly
equal the patient’s true height). Taking a modal value each year was not feasible because the
majority of patients did not have enough height measurements within a single year to
identify a mode. A limitation of our approach is that it does not capture real changes in
height arising from the height loss that may occur with aging. Given that our study sample
was limited to patients under age 65 at baseline (mean 52 and 43 among men and women,
respectively) and the study follow-up time of not more than 6 years, we think undetected
measurable height loss likely was infrequent. Still, among those who lose height over the
time period, our approach will underestimate BMI loss and overestimate BMI gain. We can
think of no reason why unmeasured losses in height would tend to occur more rapidly in
patients exposed to time-varying changes in retail food environments and so we do not
expect unmeasured height loss to generate bias in our estimates of the effects of the food
environment on BMI. Ultimately our approach reflects our judgement that measurement
error was a larger threat to accuracy than time-related decreases in height.

We used a multi-step procedure to define an annual weight measurement for each member of
the sample. First, we set each patient’s weight in a given year equal to the average value of
all of the weight measurements available for the patient during the second half of the
calendar year. If no valid weight measurement was available during the second half of the
year or if the BMI implied by the average weight in the second half of the year was not
15.0-75.0 kg/m?, we used the average weight value from the entire calendar year. We were
able to compute annual BMI measures using the second half of the year approach for 80.7%
of 7,441,544 person-year observations in our analysis. We used the full year averaging
approach for the remaining 20.3% of the observations.

Geographic accessibility of retail food outlets

Following our review of validation studies (2), we purchased food store data from InfoUSA
and fast food restaurant data from Dun & Bradstreet. After cleaning the home address
geocodes and retail food outlet data in order to maximize their accuracy and utility (e.g.,
reclassifying some records by store type, deduplicating records)(2), we constructed annual
(41 quarter) measures of the geographic accessibility of chain supermarkets [standard
industrial classification (SIC) codes 541101-541109 (excluding 541103, convenience stores)
and >$2M annual sales, or name listed in Supermarket News Top 75 Retailers and
Wholesalers in any year between 2010 and 2014]; non-chain supermarkets [SIC codes
541101-541109 (excluding 541103) and >$2M annual sales but name not listed in
Supermarket News]; supercenters and other non-membership mass merchandisers (SIC code
53 and Walmart, Kmart, Target, or Meijer in name); chain fast food restaurants including
pizza [SIC code 58120601 or 581203 and name listed in National Restaurant News Top 200
between 2007 and 2013 or name listed in Quick Service or Fast Casual or Quick Service
Restaurant Top 50 between 2007 and 2013 (but not coffee shops: 58120304)]; and non-chain
fast food restaurants (SIC code 58120602 or 581203 and name not in National Restaurant
News or Quick Serve Restaurant lists). Most U.S. households shop at mass merchandisers or
supermarkets, particularly chain stores(3,4).
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We defined the relative accessibility of supermarkets to fast food restaurants as the
percentage of food outlets (supermarkets and fast food restaurants) that were supermarkets.
Mass merchandisers were not included in the relative accessibility measure because of
mixed conceptual and empirical evidence for their potential impact on BMI.

We used an adapted “smartmap” approach(5) to construct our measures of geographic
accessibility of retail food outlets. Specifically, we divided the continental U.S. into 30m x
30m grid cells with approximately 9 billion cells. Retail food outlet accessibility measures
are based on each grid cell’s centroid (geometric center) and calculated as the number of
outlets within a 1-mile (1mi) radius and a 3-mile (3mi) radius. For each study year, we
assigned the value of each retail food outlet measure to each patient based on the cell in
which his or her home geocode was located.

A patient’s retail food outlet measures can vary over time for two reasons: (a) individual
migration and (b) neighborhood change. Environmental variation over time because of
individual migration occurs whenever a patient moves to a new home address and the new
address has a different number of nearby retail food outlets. We considered a patient to have
moved if home geocodes based on addresses from adjacent years were more than 0.25 miles
apart. A patient’s environment may change without any migration because of the opening
and closing of retail food outlets, which we refer to as neighborhood change. Accessibility
within 3 miles may be particularly relevant for food stores, given that multiple studies show
that individuals travel between two and four miles from home to shop for groceries (4,6-10).
Accessibility within 1 mile may be more relevant for fast food restaurants where individuals
often purchase prepared foods or snacks for home consumption.

To avoid strong functional form assumptions about the relationship between the number of
nearby food outlets and BMI, we grouped the members of our sample into discrete
categories of food outlet accessibility. When categorizing the food outlet variables, we
considered several options. Our goal was to compare having different levels of food outlets
(e.g., a little, some, a lot) to having no food outlet. The variable distributions shaped whether
the variable was dichotomized or categorized based on tertiles or quartiles. We used a
hierarchy of decision rules. When more than 50% of people had none of an outlet within the
(1- or 3-mile radius) area, we created binary variables (0, 1 or more). This prevented the
construction of scarcely populated categories. For other outlets, we created 4-category
variables. When at least 10% (and <50%) of the people had no outlet within that distance,
we derived a 4-level variable: 0, and then tertiles of the non-zero distribution. When <10%
of people had none of the outlet within the specified area, we categorized the variable based
on quartiles of the entire distribution to avoid having a scarcely populated reference
category. For the relative accessibility there was an additional category of no supermarket or
fast food restaurant within that distance because we conceived of having neither a
supermarket or a fast food outlet as having potentially different effects than having no
supermarket (or a low number of supermarkets within 3 miles) but at least one fast food
restaurant. The Table shows how each food outlet was categorized at 1mi and 3mi.
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Table

Approach for categorizing food outlets

Dichotomous (0, 0 and tertiles of the
1 or more) remaining Quartilesof the
non-zero distribution of

distribution of values

values

Chain supermarkets, 1 mi

Non-chain supermarkets, 1 mi

Mass merchandisers, 1 mi

X | X|X|X

Grocery stores, 1 mi

Chain fast food restaurants, 1 mi

Non-chain fast food restaurants, 1 mi

Convenience stores, 1 mi

Relative accessibility supermarkets to fast food, 1 mi

Chain supermarkets, 1 mi

Non-chain supermarkets, 3 mi

Mass merchandisers, 3 mi

Grocery stores, 3 mi

XXX X|X|X]|X]|X]|X

Chain fast food restaurants, 3 mi

Non-chain fast food restaurants, 3 mi

Convenience stores, 3 mi

Relative accessibility supermarkets to fast food, 3 mi

Individual-level time-invariant variables included baseline age and race/ethnicity (hon-
Hispanic white, non-Hispanic black, Hispanic, non-Hispanic other/unknown). We
supplemented missing race and ethnicity information in the VA data with Medicare data on
race from the VA-CMS Data Repository (11,12).

Individual-level, time-varying covariates included marital status (married, separated or
divorced, widowed, single, unknown) and ten chronic health conditions associated in prior
research with both BMI and independently with diet and/or physical activity (breast cancer,
cerebrovascular disease, colon cancer, congestive heart failure, depression, diabetes,
hyperlipidemia, hypertension, myocardial infarction, and osteoporosis).

We included several area-level covariates: census division (New England, Middle Atlantic,
East North Central, West North Central, South Atlantic, East South Central, West South
Central, Mountain, Pacific) and urbanicity measured at the county level (large central metro,
large fringe metro, medium metro, and small metro)(1,13). County urban-rural classification
codes were available for 2006 and 2013 only; thus, we assigned 2006 NCHS urban-rural
classification codes to patients’ residential location for years 2009—-2012 and 2013 NCHS
urban-rural classification codes to patients’ residential location for years 2013-14.
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We also adjusted for small-area demographics. Based on census tract of residence, we
assigned each patient local tract-level demographic information using the American
Community Survey 5-year estimates of SES (percent of residents with annual incomes
below the federal poverty line and median household income, both categorized into deciles
of the distribution of the values for all continental U.S. census tracts) and population density
(number of residents per land area, categorized into quartiles based on all continental U.S.
census tracts). Given the delay in annual releases of successive 5-year ACS estimates, we
used a 2-year lag based on the ACS 5-year midpoint for linking patient measures to ACS
measures (e.g., 2009 patient BMI linked to 20052009 ACS data, midpoint 2007; 2014
patient BMI linked to 2010-2014 ACS data).

In addition, we controlled for accessibility of parks (1mi), fitness facilities (1mi), and other
retail food outlets (1mi or 3mi depending on the model): grocery stores (SIC codes
541101-541109 [excluding 541103], <$2M annual sales, and name not listed in Supermarket
News) and convenience stores (SIC codes 541103, 554101, 554103). We obtained grocery
store, convenience store, and fitness facility data from InfoUSA. We combined data from
TeleAtlas and NAVTEQ to derive the park measures.

Data analysis

We estimated pooled (all years) cross-sectional models with year fixed effects and
longitudinal models that also incorporated individual-level fixed effects to examine
associations between food outlet accessibility and BMI.

Cross-sectional models

To understand our statistical modeling strategy in more detail, let BM/;be the BMI
associated with patient 7in study year tas described above. X;is a vector of patient-level
time-invariant characteristics. Zjis a vector of time-varying patient-level characteristics and
characteristics of the patient’s environment (small area demographics, accessibility of parks,
convenience stores, etc). FEj¢is a vector of time-varying food environment variables.
Depending on the model, FE;;may include indicator variables for several different levels of
supermarket counts, fast food restaurant counts, mass merchandiser counts, and relative
accessibility measures. And depending on the model, these measures may be defined on
either a 1-mile radius or a 3-mile radius around the patient’s place of residence. With that
notation as background, we fit the following regressions using OLS:

BMI, =Xa+Z p+FE,5+0 +¢,

In the model, 6;is a year-specific intercept and ej;is an error term. We estimated standard
errors that allowed for observations to be correlated within counties. &§is the vector of
coefficients on the food outlet variables. These coefficients measure the cross-sectional
association between the food outlet variables and BMI, after controlling for time period
effects, time-varying covariates, and time-invariant covariates. Under the strong assumption
that there are no unmeasured variables that are associated with both BMI and the food outlet
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variables, & captures the causal effects of the geographic accessibility of food outlets on
BMI.

Fixed effects models

Residential self-selection bias or omitted variable bias is an important threat to the validity
of the cross-sectional regression models. A basic worry is that people decide where to live
partly because of their preferences for different food environments. It is possible that a
person’s food environment preferences are associated with his or her BMI. Together these
two points raise concerns that the coefficient on the food outlet variables in the cross-
sectional regressions may be biased in ways that make food outlet access look like a more
important determinant of BMI than it really is. For example, unmeasured lifestyle
preferences that make people like living near fast food restaurants and might also lead them
to have higher BMI. In that case, the cross-sectional regression coefficient on measures of
fast food restaurant accessibility will reflect both the causal effects of the restaurants and the
unmeasured lifestyle factors. The results will imply that fast food restaurant accessibility
increases BMI even though most of the relationship may have nothing to do with the
restaurants themselves and will merely reflect lifestyle differences between people who
choose to live near vs. far from fast food restaurants. It is important to note, though, that this
concern arises from any unmeasured factor associated with both where someone lives (e.g.,
discrimination) and the associated environmental exposures.

To avoid these kinds of confounding interpretations, we took advantage of the longitudinal
structure of our data to estimate person fixed effects regression models. These models isolate
the causal effect of the food outlet variables among patients who experience a change in
their residential food environment. The key assumption required in this type of analysis is
that the confounding factors that threaten the validity of the cross-sectional models are time
invariant over the study time period. That is, these models work under the assumption that
the lifestyle factors that (partially) shape residential choices do not themselves change over
time. Arguments like this one apply to any unmeasured confounding patient characteristic
that does not change over the study time period. Like the cross-sectional models, the person
fixed effects models also allow for a flexible time trend that may which may capture changes
in economic conditions, market environments, and health behaviors that could confound
food outlet-BMI associations.

The basic form of the fixed effects model that we work with is:

BMI, =7, f+FE,5+0,+ 4 +¢,

In this model, A;represents a full set of person fixed effects. The time-invariant covariates
contained in Xjare absorbed into the person specific intercepts, along with any unmeasured
time-invariant factors that may have generated omitted variable bias in the cross-sectional
models. In these models, & represents the causal effects of the food outlet variables under the
assumption that there are no unmeasured time-varying confounders that are associated with
both BMI and changes in food outlet accessibility.
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These person fixed effect models exploit two conceptually different sources of within-person
change in food outlet accessibility in sequential years: change due to individual migration
(i.e., a person moving to a new address with a net change in the prevalence of food outlets)
and neighborhood change for non-migrants (i.e., the openings and closings of food outlets),
which can affect patients whose home address does not change (i.e., non-migrants). The
distinction may be important because residential self-selection bias may still be a problem
among migrants. For example, patients may decide to move to a neighborhood where
supermarkets are more accessible because of a negative health event that makes it harder for
them to travel. In that case, even the fixed effects model may be biased because the
(unobserved) change in underlying health status may affect both BMI and food outlet
accessibility. To explore these concerns, we also estimated separate fixed effects models for
non-migrants. Fixed effects models applied to a sample of non-migrants rely only on within-
person variation from neighborhood evolution, which may be less prone to bias from time-
varying factors that may prompt people to move to a new environment while also changing
their BMI.

To test our main hypotheses, we ran each model twice, once for retail food outlet
accessibility within 1 mile and again for retail food outlet accessibility within 3 miles of
patients’ homes. Cross-sectional and fixed effects models include several time-varying
individual- and area-level covariates (see Measures). To examine whether associations
differed by area economic characteristics, we added interaction terms between the food
outlet access variables and area poverty level to the main effects models. Census tract
poverty level was categorized using nationwide census tract tertiles as low (0-8.26%;
mean=5.00), medium (8.27-17.71%; mean=12.54), or high (17.71-100%; mean=29.19). All
models accounted for clustering of patients within counties at baseline using a Huber-White
cluster robust variance matrix. Because men comprise almost 90% of the sample, we
estimated separate models for men and women.
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Appendix Exhibit B. Descriptive statistics for the total sample and non-

migrants at baseline by sex
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Men (n=1,522,803) Women (n=183,618)
Non-migrant Total Non-migrant
Total sample sample sample sample

n=1,522,803 n=1,034,375 n=183,618 n=112,670
% or % or % or % or

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

Body massindex Mean (SD) 30.2 (6.0) 30.3(6.0) 29.5(6.4) 29.6 (6.4)
Body weight status, % Underweight or normal 18.2 17.6 26.5 259

weight (BMI < 24.9)
Overweight (25 = BMI 35.9 35.9 31.1 31.2
<29.9)

Obese (BMI = 30) 459 46.5 42.4 429

Age Mean (SD) 51.8 (11.5) 52.5(11.3) 43.4 (11.5) 445 (11.3)
Marital status, % Unknown 14 1.6 2.1 2.4
Married 48.8 53.0 333 36.6
Separated or divorced 26.2 23.8 31.6 30.1
Widowed 1.8 1.7 2.2 2.2
Single 218 19.9 30.8 28.7
Race/ethnicity, % Non-Hispanic white 60.5 60.9 50.1 49.8
Non-Hispanic black 225 20.8 321 311
Hispanic 6.0 6.0 6.0 5.8
Other 25 2.6 3.3 33
Unknown 85 9.7 85 10.1
Medical diagnoses, % Breast cancer 0.0 0.0 13 14
Cerebrovascular disease 2.7 2.7 1.2 1.3
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Men (n=1,522,803)

Women (n=183,618)
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Non-migrant Total Non-migrant
Total sample sample sample sample
n=1,522,803 n=1,034,375 n=183,618 n=112,670
% or % or % or % or
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Body massindex Mean (SD) 30.2 (6.0) 30.3(6.0) 29.5 (6.4) 29.6 (6.4)
Colon cancer 0.4 0.4 0.2 0.2
Congestive heart failure 3.1 31 0.8 0.8
Depression 20.1 18.2 29.2 27.1
Diabetes 19.1 19.3 8.0 8.1
Hyperlipidemia 324 33.1 17.2 19.1
Hypertension 41.3 414 21.8 22.2
Myocardial infarction 1.7 1.6 0.4 0.3
Osteoporosis 0.5 0.5 1.6 1.8
Urbanicity, % Large central metro 29.9 289 30.2 289
Large fringe metro 24.0 24.4 24.1 24.3
Medium metro 29.9 30.2 30.8 31.2
Small metro 16.3 16.5 15.0 15.5
Census Division, % New England 3.7 3.9 25 2.6
Middle Atlantic 9.5 9.9 7.3 7.6
East North Central 13.4 133 10.5 10.1
West North Central 5.8 5.8 4.8 4.8
South Atlantic 24.7 24.8 30.8 31.3
East South Central 7.1 7.2 7.3 7.5
West South Central 14.0 14.0 15.8 15.7
Mountain 8.4 8.2 9.0 8.8
Pacific Alaska 13.3 13.0 121 116
Median household income, Mean (SD) 52334.3 (21346.8) 53374.4 (21462.8) 53192.7 (20672.6)  54160.5 (20930.6)
Censustract
Poverty rate, Census tract Mean (SD) 14.9 (11.5) 14.3 (11.0) 14.4 (10.8) 14.1 (10.5)
Population density (per square Mean (SD)  4139.5(8866.6)  4050.6 (8957.9)  4034.3 (8274.4)  3957.9 (8525.6)
mile), Census tract
Chain super markets, 1mid 1 or more stores 41.9 411 429 415
Non-chain super markets, 1mid 1 or more stores 25.5 24.7 23.3 22.4
M ass merchandisers, 1mid 1 or more stores 14.7 145 16.2 15.5
Grocery stores, 1mi< 1 or more stores 48.2 46.8 475 45.8
Chain fast food restaurants, 0 restaurants 19.4 19.8 20.0 20.3
Imi
1-2 restaurants 24.6 24.3 253 24.6
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Men (n=1,522,803)

Women (n=183,618)

Non-migrant Total Non-migrant
Total sample sample sample sample
n=1,522,803 n=1,034,375 n=183,618 n=112,670
% or % or % or % or
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Body massindex Mean (SD) 30.2(6.0) 30.3(6.0) 29.5(6.4) 29.6 (6.4)
3-6 restaurants 21.9 20.7 22.6 21.1
7 or more restaurants 34.2 35.2 321 33.9
Non-chain fast food 0 restaurants 235 24.4 253 26.1
restaurants, Imi
1-2 restaurants 25.8 25.8 27.0 26.2
3-6 restaurants 242 22.7 222 20.5
7 or more restaurants 26.5 27.1 25.6 27.2
Convenience stores, 1mi? 0 stores 221 231 23.6 24.6
1-2 stores 24.5 24.6 26.2 26.0
3-5 stores 30.0 28.3 28.6 26.6
6 or more stores 23.4 239 216 229
Relative accessibility of Low (0) 26.9 275 28.7 29.1
super markets to fast food i
restaurants {Super markets/ Low-mid (0.4-9.1%) 12.2 115 11.8 10.9
(Supermarkets + Fast Fogd . _
Restaurants) * 100}, 1mi Mid-high (9.1-16.7%) 21.6 21.2 21.8 21.0
High (16.8-100%) 19.0 19.2 19.1 19.2
No supermarket or fast 20.3 20.7 18.6 19.8
food restaurant
Parks, 1mi 0 parks 17.8 18.3 19.0 19.4
1 park 22.4 22.4 22.2 21.8
2-3 parks 26.3 253 24.0 23.0
4 or more parks 335 34.1 34.8 35.9
Fitness facilities, 1mi 0 facilities 27.5 28.1 28.7 29.3
1-2 facilities 17.2 17.2 17.9 175
3-4 facilities 26.8 25.8 26.1 24.6
5 or more facilities 28.5 28.9 27.2 28.6
Chain supermarkets, 3mi4 0 stores 22.3 23.3 23.6 24.7
1-2 stores 33.6 33.7 35.7 35.4
3-6 stores 24.6 234 244 23.1
7 or more stores 195 19.6 16.2 16.8
Non-chain super markets, 3mi4 0 stores 30.0 21.4 21.2 215
1 store 20.6 20.5 20.8 20.2
2-3 stores 216 20.5 19.4 18.3

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.
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Men (n=1,522,803)

Women (n=183,618)

food restaurant

Non-migrant Total Non-migrant
Total sample sample sample sample
n=1,522,803 n=1,034,375 n=183,618 n=112,670
% or % or % or % or
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Body massindex Mean (SD) 30.2(6.0) 30.3(6.0) 29.5(6.4) 29.6 (6.4)
4 or more stores 36.8 37.6 38.5 40.0
Mass merchandisers, 3mi4 0 stores 25.0 25.2 26.3 26.7
1 store 20.1 20.0 21.7 21.4
2 stores 18.3 18.1 194 18.6
3 or more stores 36.6 36.8 32.6 333
Chain fast food restaur ants, 0 restaurants 28.3 29.6 271.7 29.3
3mi
1-14 restaurants 29.8 30.2 32.0 32.2
15-32 restaurants 30.7 29.1 317 29.6
33 or more restaurants 11.2 11.0 8.6 8.9
Non-chain fast food 0-5 restaurants 235 24.0 21.0 22.3
restaurants, 3mi
6-18 restaurants 25.0 26.2 28.0 29.3
19-39 restaurants 24.8 24.8 26.5 25.9
40 or more restaurants 26.7 25.1 24.4 225
Convenience stores, 3mi® 0-6 stores 23.6 241 20.3 215
7-18 stores 23.4 245 25.4 26.6
19-36 stores 24.6 24.7 27.0 26.6
37 or more stores 28.4 26.7 27.3 253
Grocery stores, 3mi4 0 stores 27.0 28.1 28.2 29.3
1-3 stores 26.4 26.6 29.3 29.1
4-11 stores 28.3 26.6 26.3 24.7
12 or more stores 18.4 18.6 16.3 17.0
Relative accessibility of Low (0-7.4%) 23.2 233 24.1 24.0
super markets to fast food .
restaurants, 3mi Mid-low (7.4-10.5%) 24.6 24.5 25.2 24.6
Mid-high (10.5-14.3%) 23.1 23.0 235 233
High (14.3-100%) 235 24.0 23.1 23.8
No supermarket or fast 5.6 53 42 4.3

Authors’ analysis of participant data from the VA corporate Data Warehouse, 2009-2014; Census tract demographic data
from US Census Bureau (2005-2009, 2006-2010, 2007-2011, 2008-2012, 2009-2013, 2010-2014); Food store data from

InfoUSA (2008-2013); Fast food restaurant data from Dun & Bradstreet (2008-2013).

1 . - . . .
For food outlets for which less than 50% of the sample had an outlet within 1 mile (chain supermarkets, non-chain
supermarkets, mass merchandisers, grocery stores), we used a binary variable (0, 1 or more).
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2 . . . . .
For food outlets for which at least 10% of the sample had no outlet within 1 mile (chain fast food restaurants, non-chain
fast food restaurants, convenience stores), we used a 4-category variable, constructed as 0 and then tertiles of the non-zero

distribution of values.

3 . . -
A 5-category variable was used for relative accessibility: no supermarket or fast food restaurant, low or no supermarket
(but at least one fast food restaurant), and then low-mid, mid-high, and high based on tertiles of the remaining non-zero

distribution.

4 . - . . .

For food outlets for which at least 10% of the sample had no outlet within 3 miles (chain supermarkets, non-chain
supermarkets, mass merchandisers, chain fast food restaurants, grocery stores), we used a 4-category variable, constructed
as 0 and then tertiles of the non-zero distribution of values.

5 . . .
For other food outlets (non-chain fast food restaurants, convenience stores), we used a 4-category variable based on
quartiles of the distribution of values.

6 . . - .
A 5-category variable was used for relative accessibility: no supermarket or fast food restaurant, and then low, low-mid,
mid-high, and high based on quartiles of the remaining distribution of values.

Appendix Exhibit C. Cross-sectional and longitudinal associations between

BMI and geographic accessibility of food outlets (1 mile and 3 miles) by sex

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.

Men Women
Cross-sectional Longitudinal Cross-sectional Longitudinal
Non-migrant Non-migrant
Total sample Total sample sample Total sample Total sample sample
Per sons n=1,522,803 n=1,522,803 n=1,034,375 n=183,618 n=183,618 n=112,670
Per son-year observations n=6,668,033 n=6,668,033 n=4,229,727 n=773,511 n=773,511 n=424,329
Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
(SE) (SE) (SE) (SE) (SE) (SE)
1 mile
Chain super markets
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1 or more stores -0.010 0.007~ 0.001 -0.034 0.009 -0.002
(0.014) (0.003) (0.005) (0.036) (0.011) (0.018)
Non-chain supermarkets
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1 or more stores -0.027 -0.007 -0.002 -0.020 -0.005 -0.033
(0.017) (0.004) (0.005) (0.039) (0.011) (0.021)
Mass merchandisers
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1 or more stores 0.123™ 0.011" -0.004 0.081 0.019 -0.000
(0.016) (0.005) (0.007) (0.043) (0.014) (0.025)
Chain fast food
restaurants
0 restaurants 1.000 1.000 1.000 1.000 1.000 1.000
1-2 restaurants 0.027 0.016 0.018™* 0.059 0.009 0.009
(0.014) (0.005) (0.006) (0.039) (0.014) (0.022)
3-6 restaurants 0.057™" 0.015™" 0.012 0.139™" 0.025 0.035
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Men Women
Cross-sectional Longitudinal Cross-sectional Longitudinal
Non-migrant Non-migrant
Total sample Total sample sample Total sample Total sample sample
Persons n=1,522,803 n=1522,803  n=1,034,375 n=183,618 n=183,618 n=112,670
Per son-year observations n=6,668,033 n=6,668,033 n=4,229,727 n=773,511 n=773,511 n=424,329
Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
(SE) (SE) (SE) (SE) (SE) (SE)
(0.018) (0.006) (0.009) (0.051) (0.017) (0.027)
7+ restaurants 0.085 0.025 0.019 0.168 ™" 0.007 0.030
(0.025) (0.007) (0.012) (0.062) (0.021) (0.034)
Non-chain fast food
restaurants
0 restaurants 1.000 1.000 1.000 1.000 1.000 1.000
1-2 restaurants -0.014 0.013™** 0.013™* -0.035 -0.025" -0.032
(0.014) (0.004) (0.005) (0.037) (0.0112) (0.019)
3-6 restaurants -0.062"" 0.013™* 0.015" -0.130™" -0.013 0.002
(0.020) (0.005) (0.007) (0.047) (0.014) (0.025)
7+ restaurants -0.206 0.010 0.013 -0.426™"" -0.024 -0.015
(0.028) (0.006) (0.009) (0.069) (0.020) (0.034)
3miles
Chain super markets
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1-2 stores 0.006 0.003 -0.005 -0.078 0.012 -0.024
(0.020) (0.006) (0.008) (0.050) (0.018) (0.027)
3-6 stores -0.039 0.003 -0.001 -0.106 0.016 -0.033
(0.029) (0.007) (0.010) (0.063) (0.021) (0.031)
7+ stores -0.078 -0.001 -0.013 -0.156 0.004 -0.048
(0.045) (0.008) (0.011) (0.082) (0.025) (0.039)
Non-chain super markets
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1 store -0.001 -0.003 -0.004 0073 0.025* 0.018
(0.017) (0.004) (0.005) (0.035) (0.012) (0.016)
2-3 stores 0.010 -0.010 " -0.010 0.104™ 0.026 0.030
(0.024) (0.005) (0.006) (0.046) (0.015) (0.021)
4+ stores -0.080" -0.017™" -0.015 -0.000 0.006 0.008
(0.037) (0.006) (0.009) (0.069) (0.020) (0.029)
Mass merchandisers
0 stores 1.000 1.000 1.000 1.000 1.000 1.000
1 store 0.122™** 0.009™ 0.007 0.158™** -0.009 -0.026
(0.019) (0.005) (0.007) (0.045) (0.015) (0.025)
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Men Women
Cross-sectional Longitudinal Cross-sectional Longitudinal
Non-migrant Non-migrant
Total sample Total sample sample Total sample Total sample sample
Persons n=1,522,803 n=1522,803  n=1,034,375 n=183,618 n=183,618 n=112,670
Per son-year observations n=6,668,033 n=6,668,033 n=4,229,727 n=773,511 n=773,511 n=424,329
Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient
(SE) (SE) (SE) (SE) (SE) (SE)
2 stores 0.196 *** 0.021™** 0.016 0.161™* -0.010 -0.018
(0.022) (0.006) (0.009) (0.054) (0.017) (0.031)
3+ stores 0.283™** 0.026 " 0.012 0.338™** 0.019 0.020
(0.031) (0.007) (0.011) (0.065) (0.018) (0.034)
Chain fast food
restaurants
0 restaurants 1.000 1.000 1.000 1.000 1.000 1.000
1-14 restaurants 0.024 0.012 -0.004 0.062 -0.041 -0.063
(0.020) (0.007) (0.012) (0.069) (0.026) (0.051)
15-32 restaurants 0.011 0.011 -0.003 0.069 -0.050 -0.017
(0.029) (0.009) (0.014) (0.088) (0.030) (0.058)
33+ restaurants 0.043 0.011 -0.003 0.111 -0.026 0.015
(0.038) (0.010) (0.016) (0.106) (0.034) (0.067)
Non-chain fast food
restaurants
0-5 restaurants 1.000 1.000 1.000 1.000 1.000 1.000
6-18 restaurants -0.091 ™ 0.010 0.014 -0.232"" -0.018 -0.009
(0.022) (0.005) (0.007) (0.057) (0.016) (0.022)
19-39 restaurants -0.228™"* 0.005 0.009 -0.4117"" -0.010 -0.009
(0.033) (0.007) (0.009) (0.078) (0.022) (0.031)
40+ restaurants -0.3707(0.044) -0.002 (0.008) 0.002 (0.011) —0.871*"(0.104) —0.027 (0.027)  0.007 (0.039)

Authors’ analysis of participant BMI from the VA corporate Data Warehouse, 2009-2014; Urbanicity data from National
Center for Health Statistics (2006, 2013); Census tract demographic data from US Census Bureau (2005-2009, 2006-2010,
2007-2011, 2008-2012, 2009-2013, 2010-2014); Food store data from InfoUSA (2008-2013); Fast food restaurant data
from Dun & Bradstreet (2008-2013); Park data from TeleAtlas and NAVTEQ (2010, 2014); and Fitness facility data from
InfoUSA (2008-2013).

Note: Covariates for cross-sectional and longitudinal models included year, marital status, multiple health conditions,
region, population density, median household income, poverty, and accessibility of grocery stores, convenience stores,
parks, and fitness facilities. Cross-sectional models also controlled for baseline age and race/ethnicity.
*

p<0.05

Aok

p<0.01

Aok

p<0.001
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Appendix Exhibit D. Cross-sectional and longitudinal associations between

BMI and relative accessibility of supermarkets to fast food restaurants

within 1 mile and 3 miles by sex
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Men Women
Cross- Cross-
sectional Longitudinal sectional Longitudinal
Non- Non-
Total migrant Total migrant
Total sample sample sample Total sample sample sample
Persons n=1,522,803 n=1,522,803 n=1,034,375 n=183,618 n=183,618 n=112,670
Person-year observations n=6,668,033 n=6,668,033 n=4,229,727 n=773,511 n=773,511 n=424,329
Coefficient Coefficient Coefficient Coefficient ~ Coefficient ~ Coefficient
(SE) (SE) (SE) (SE) (SE) (SE)
1 mile
Low relative accessibility 1.000 1.000 1.000 1.000 1.000 1.000
)
Low-mid relative -0.037% 0.009 0.008 -0.094 0.003 0.006
accessibility (0.4-9.1%)
(0.018) (0.005) (0.007) (0.049) (0.014) (0.024)
Mid-high relative -0.000 0.008™ 0.004 0.045 0.013 0.011
accessibility (9.1-16.7%)
(0.015) (0.004) (0.006) (0.041) (0.012) (0.019)
High relative 0.004 0.002 <0.001 0.062 0.012 0.007
accessibility (16.8-100%)
(0.016) (0.004) (0.006) (0.039) (0.013) (0.022)
No supermarkets or fast -0.045""  -0.018"" -0.015" -0.058 0.015 0.035
food restaurants
(0.015) (0.005) (0.006) (0.041) (0.014) (0.023)
3miles
Low relative accessibility 1.000 1.000 1.000 1.000 1.000 1.000
(0-7.4%)
Low-mid relative -0.017 -0.002 -0.005 0.043 -0.003 -0.005
accessibility (7.4-10.5%)
(0.016) (0.003) (0.004) (0.035) (0.010) (0.013)
Mid-high relative -0.007 -0.002 -0.010 0.100™ -0.005 -0.007
accessibility (10.5-14.3%)
(0.021) (0.004) (0.005) (0.044) (0.012) (0.017)
High relative 0.021 -0.001 -0.005 0.140 ™ 0.025 -0.003
accessibility (14.3-100%)
(0.022) (0.005) (0.006) (0.044) (0.013) (0.020)
No supermarkets or fast -0.071** -0.021™* -0.004 -0.063 0.021 0.059
food restaurants
(0.024) (0.008) (0.012) (0.077) (0.027) (0.048)
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Authors’ analysis of participant BMI from the VA corporate Data Warehouse, 2009-2014; Urbanicity data from National
Center for Health Statistics (2006, 2013); Census tract demographic data from US Census Bureau (2005-2009, 2006-2010,
2007-2011, 2008-2012, 2009-2013, 2010-2014); Food store data from InfoUSA (2008-2013); Fast food restaurant data
from Dun & Bradstreet (2008-2013); Park data from TeleAtlas and NAVTEQ (2010, 2014); and Fitness facility data from
InfoUSA (2008-2013).

Note: Covariates for cross-sectional and longitudinal models included year, marital status, multiple health conditions,
region, population density, median household income, poverty, and accessibility of grocery stores, convenience stores, mass
merchandisers, parks, and fitness facilities. Cross-sectional models also controlled for baseline age and race/ethnicity.

*
p<0.05
Aok
p<0.01

Aok

p<0.001

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 28

Zenk et al.

S'09THS L'Z6TES v'yLEES eyeees  gUBN 10B.11SNSUBD ‘BWO0JU1 PIOYSSNOY UeIps |

§'sT 0'sT g'oT €97 010U [[ews
A 8°0€ AV 6'62 oJ3dW WNIPaIA|
eve Tve 've 0ve oJ3pw abuy abie]
6'82 z0¢e 6'82 6'62 oJ1aW [euad abie] % ‘A1oiueqin
T0T S8 1’6 g8 umouxun
€€ et 97 G Byo
8'G 09 09 09 ojuedsiH
T1¢ 43 802 4 9e|q djuedsiH-UoN
8’6 105 609 509 3)yM d1uedsiH-UoN % ‘Aapluyieeoey
182 8°0€ 66T 8'TZ albuis
2e 2e LT 81T PaMopIA
T°0€ 9'T¢ 8'€e 92 Pa2IoAIp 10 pajesedas
9'9€ €'ee 0'€S 8’8y paLue
vz 12 9T 7T umouyun % ‘sniess [eure N
Sy vey §'es 815 ZuenN aby
(X44 vy S'9v 6'GY (0g = 1N g) 8800
A TT€E 65 6'GE (6'6Z > 1N Z 52) b1aMIaA0
6'Ge §92 9.1 28T (672 > 1NgG) BIam fewiou 1o yBramiapun % ‘sniess bem Apog
962 562 £0¢ zoe TN Xopu|ssew Apog

Ues |\ 10 9% Ues |\ 10 9 Ues |\l 10 9% uea |\ 10 9

0/9'2TT=uU 8T9'€8T=U  G/E'VE0'T=U  £08'22S'T=u

a|dwres a|dwres [e101 a|dwres a|dwres [e101
Jue JB1W-uoN Jue JB1W-uoN

(8T9'c8T=U) UBWOM

(608'22S'T=U) LBIN

Xas Ag auljaseq 1e siuebiw-uou pue sjdwes [e101 ayl J0J saNsneIS aAnduasag

T NqIux3

Author Manuscript Author Manuscript

Author Manuscript

Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 29

Zenk et al.

#'9 = UBWOM JuelBIW-Uuou pue [10] J0) AS ‘0°9 = UawW JuelBIW-uou pue (1o} Jof n_mN.

"(€T02-8002) 192.115peIg *® UNQ LLIOJ4 BIep JueINe)sal pooy Ised (ET0Z-8002) YSNOJUI WO Bep 8103s oo :(¥T0Z-0T0Z ‘€T0Z
—600¢ '2T02-8002 'TT0Z-L00Z ‘01029002 '6002-G002) Neaing snsuad SN oy eyep d1ydelBoluap 19e13 snsuad :(7T02-6002) 3Snoyasep efeq ajelodiod WA sy} wo.y erep juedionued Jo sisAjeue ,sioyiny

8'6T 9'8T 102 €02 1UBINRISA) POOJ 158} IO 183 ewsadns oN
z6T T6T z6T 06T (%00T-8'9T) UBIH
012 8'1¢ ze 912 (%2'97-T°6) UBIY-PIN
60T 81T g1l e (%T°6-1°0) PIw-mo] P00 BB + S| ew BdnS)
T'6¢ 1'8¢ S'/Z 692 (0) mo /S few odns} sjue ineisa s pooy 1sey 03 sy few jadns Jo A1|1g1ssaode aalle Ry
(x4 9'S¢ T'lC §9¢ Sjueinelsal alow 1o L
S0¢ (44 L'ee e sjueineisal 9-¢
2'9¢ 0.2 8'q¢ 8'GZ sjuelnelsal Z—-T
T9Z €5z vz 5ez slueInelsal 0 £ \WT 'S)UBINEISS | OO} 158 UfeLO-LON
6'€E T¢ce [t e Sjueinelsal alow 1o L
T1¢ 9'2e 102 6'TC sjueineisal 9—-¢
Ch74 14 174 9'v¢ sjueanelsal z-T
€0¢ 0'0¢ 8'6T ¥'6T sjueJnelsal 0 , \WT ‘SiUenelsal pooj isej ureyd
q'q1 29T SYT LYT $8101S aJow 10 T 9!WT ‘SBSIpueyd oW sse N
&4 €'ee L'v2 §'Ge $81031S alow 10 T 9!WT ‘Sl ew Jadns ureyo-uoN
STy 6°¢Cy Ty 6Ty $910]S alow 10 T 9w ‘s Jew jadns ureyd
6'.56S €Yoy 9'050% S6ETY gUeSN e IISnsUe) ‘(1w arenbs sed) A1suep uoie|ndod

YT vl £Vl 6T pHUEN PeIISNSUBD ‘918 A1BA0d
9'62 §6C €08 208 TN Xopul ssew Apog

ues |\ 10 % Uea |\ 10 % uea |\ 10 9% uea |\ 1o %

0/9°CTT=U 8T9'e8T=U GLEVE0'T=U  €08'CeS'T=u

a|dwes a|dwres 1ol 9|dwres a|dwres e101
Jue JB1W-UoN Jue JB1W-UoN

(8T9'€8T=U) UBWOM

(e08'2zs'T=U) LN

Author Manuscript

Author Manuscript

Author Manuscript Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 30

Zenk et al.

“uonNQLISIp 01az-uou Bururewal sy} Jo s3|1LI8} UO

paseq ybiy pue ‘yYBiy-piw ‘PIu-mo| Uay) pue ‘(JUeIneIsal ooy 1sey sUO 1Ses| Je INg) 18YJewIadns ou Jo MO| ‘JUBINeISa] POOJ 1sey J0 Jasewadns ou :A1|1G1SS00e BAIR[al 10} pash sem a|qeLieA A10Ba1es-G <m

*SaN|eA JO UONNQLISIP 019Z-UOU 8Y) JO S8|11a] UdY) pue O Se Palonisuod

‘31qeLIeA A10631e0-1 B pasn am ‘(S310)S 30USIUBAUOD ‘SIUBINEISA) POOJ 1SB) UIRYD-UOU ‘SIURINEIS3S POOY IS8y UIeYD) 81l T UIYMM 19IN0 ou pey ajdwes ay) JO 040T 1Ses| 18 YoIYMm 10j SI9IN0 pooy En_N

‘(alow

10 T '0) 8|qeriea Areuiq e pasn am ‘(sa101s A1900.6 ‘sIasipuRYoIaW SSew ‘s)as ewIadns ureyd-uou ‘siasewadns ureya) ajiw T UIYIM 13130 ue pey ajdwes sy} JO 950G Uey) SS3] YdIYM 1o} S1I9[IN0 Pooy BH_Q

9'GZG8 = UsW JueIBIW-uou 10y S ‘¥'77/28 = USWOM [e10] 10} S 6°/G68 = Usw 1ueiBiw-uou 1oy dS ‘9°9988 = UsW [e10] 10} n_mm.

G'0T = UBWOM JueIBIW-uou 10} S ‘g'0T = USLWIOM [10] 10} AS ‘0°TT = Uaw JuelBiw-uou 1oy AS ‘G'TT = UsW [e10] 10} ﬁ_mNV

9'0£602 = Uawom JueiBiw-uou 1oy s ‘9°2/90Z = USWOM [e10] 10} S ‘8'29%TZ = Usw juelbiw-uou 1o} AS ‘8'97E€TZ = UsW [10) 0} ﬁ_mm.

€'TT = UBWOM JueIBIW-uou pue usw elBiw-uou 10y @S ‘S TT = USWOM [£10) pUB UsW 210} 10} omw

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

available in PMC 2018 August 01.

Health Aff (Millwood). Author manuscript



Page 31

Zenk et al.

2000 €100~ 1 0ET0- »S10°0 #x €100 22 €90°0- SluRINe}S3I 9—¢
Ze00- 5¢0°0- GE0'0- €100 e €100 ¥10°0- sjuRINE)SaI g—T
000'T 000'T 000'T 000'T 000'T 000'T SiueINEISal O

SIURINEIS3 | POO} 1SB) Ueyd-UON

0200 1000 #8910 6100 srre 3600 o 3800 slueIne)sal +/
§20°0 5200 »x 010 100 1 5100 1 LS00 slueInelsal g—¢
6000 6000 6500 %8700 2xx 9100 1200 SjueINe)sal 7—T
000'T 000'T 000'T 000'T 000'T 000'T slueINelsal

SlUe INeIS3 I P00} 1Se) UreyD

000'0- 6100 1800 000~ £ 1100 2o ECT0 $31015 3I0W 10 T

000'T 000'T 000'T 000'T 000'T 000'T 53101 0
SJesipueyo B sse

££0'0- 5000~ 020°0- 200'0- 1000~ 1200~ $910)S 210U JO T

000'T 000'T 000'T 000'T 000'T 000'T 53101 0
sYJew jodns ureyod-uoN

2000~ 6000 vE00- 1000 »1£000 0100~ $3101S BIOW 10 T

000'T 000'T 000'T 000'T 000'T 000'T 591015 0
sy few odns ureyn

9w T

80D 1UB1d1B0D UBI1B0D 180D 1UB1d1B0D UBI1B0D

6¢€'eh=u TIS'€L.=U TIS'€LL=U lzl'6ee'y=u  £€0'899'9=u €£0'899'9=U Suol¥enjesqo Jeah-uos od

0/9°CTT=u 8T9'e8T=U 8T9°e8T=U GLEVE0'T=U  €08°CeS'T=u €08'¢eS'T=u suos led

9|dwres a|dwes 101  a|dwes 101 9|dwres a|dwes 101l  a|dwes 101
Jue J61W-UoN Jue J61W-UoN
reuipniibuo [euOo11985-55010 feuipniiBuo ] [euOo11985-55010
USWIOAN WA

Xas Aqg (Sajlw € pue ajiw T) S19]IN0 P00y Jo ANjIqIssadde alydeiBboab pue [N Usamlag SUOIRIJOSSE [eulpnliBuo] pue [euOI1d8S-SS0ID

¢ uqyx3

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 32

Zenk et al.

LT0°0- 0500~ 6900 £00°0- 1700 1700 sjueIneISal Ze-GT
£90'0- 700~ 2900 000~ 2100 ¥20'0 sjueIne}sal -1
000'T 000'T 000'T 000'T 000'T 000'T sjueIneISal O
SJUR.INEISa | POy} ISk) ureyD
0200 6100 e 8EE0 2100 e €00 e €820 S80S +€
8100~ 0T0'0- 1 1OT0 9100 e €00 e 96T°0 S80S Z
920°0- 600°0- #8510 1000 6000 rrx0CT0 21015 T
000'T 000'T 000'T 000'T 000'T 000'T $91015 0
sJasipueyo ow sse N
8000 9000 000°0- ST0°0- »x LT00- 0800~ S3103S +¥
0800 9200 »70T°0 0T0'0- »0100- 0100 $31035 £
8100 x5¢0°0 »£L00 ¥00°0- £00°0- 1000~ a101s T
000'T 000'T 000'T 000'T 000'T 000'T 591015 0
s Jew sodns ureyos-uoN
8v0'0~ 000 95T°0~ €100~ 1000~ 8100~ $3101S +/
££0°0~ 9700 90T°0- 100°0- £00°0 6£0°0~ $810JS 9-€
¥20°0- 2100 8100~ 500°0- £00°0 9000 $210)S Z-T
000'T 000'T 000'T 000'T 000'T 000'T 591015 0
sy few sedns ureyd
sw g
G100~ 200~ o V0 €100 0100 e 90C0 SjueINeISal +/
WBYBOD  WBDIR0D 1We11)80D WBIROD  WBDIR0D 1We11)80D
62€'ver=u T15'€//=U TI5'€//=U /2/'6227=U  ££0'899'9=U  ££0'899'9=U SUOITeAJesqo Jeak-uos led
0/9'CTT=U 819'cgT=U 819'c8T=U G/EVEO'T=U  €08'22ST=U  £08'C¢S'T=U suos od
a|dwres a|dwres 0] ajdures 0] a|dwres a|dwres 0] ajdures 10]
Jue JB1W-UoN Jue JB1W-UoN
reuipniiBuo [euo11995-5S0 1D reuipniiBuo [euo11095-5S0 1D
USWOAN WA

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 33

T0005d
.

¥¥

1005d
*

x*

so0sd
*

*Ruo1uy1a/a0el pue abe au1jaseq 10y Pa]|041u0d 0S| S|3POW [BUOIIDBS-SS0D) "SIM|10B) SSBUMLY puR ‘SHJed ‘S8I01s 80USIUBAUOD ‘s310)s 180046
10 A)j1g1sse0e pue ‘Alanod ‘awiodul pjoyasnoy uelpaw ‘Aisusp uonejndod ‘uoifial ‘suonipuod Yyeay ajdinw ‘sniels [epsew 1eak papnjoul S|apow [eulpnibuo| pue [euooas-Sso.d 10y SaleLIeA0D (310N

"(€T02-8002) WSNOJU| WoJj erep Aujioey sseund pue (#10Z ‘0T02) OFLAVN pue Seja|aL woly erep
Yed {(€T02—8002) 18a.1speig 79 und WoJj efep Jueinelsal pooy 1sed :(€T0Z-8002) YSNOLUI W) BIep 3101s pooH :(yT02-0T02 ‘€T02-6002 ‘2T02-800Z ‘TT0Z-L002Z ‘0T02—9002 ‘6002-S002) Neaing snsuad
SN wouy erep olydelBbowap 10841 snsua) ‘(ET0Z ‘9002) SONSNEIS Yl[eaH J0) J3jusd [euoneN woly exep Aloiueqin ‘(#T02-6002) asnoyalep ereq a1elodio) WA syl wody (g uedioned Jo sisAjeue sioyiny

Zenk et al.

Author Manuscript

000 1200~ o 1180~ 2000 2000~ s 0LE 0~ SlueINeIsal +0y
6000~ 0100~ e VIV 0- 6000 5000 e 8CC 0~ SlueINeISal GE—6T
6000~ 810°0~ s CEC 0= ¥10°0 0700 s 160°0- slueinelsal 879
000'T 000T 000T 000'T 000T 000T sjueineisal G—0

SJUe.INeISs .l Poo) Se) Ureyd-UoN

G100 9200 T1T0 €00°0—- T100 €00 sjueinelsal +£€

WBIBOD  WBPIR0D 1UB1011)80D WBIBOD  WBPIR0D 1UB1011)80D
62E've=u TIG'€L/=U TIG'€L/=U 12/'622'v=u €€0'899'9=U €€0'899'9=U suolenlesqo Jesh-ucs Bd
0/9'2TT=u 8T9'e8T=U 8T9'e8T=U G/E'YE0'T=U €08'2eS'T=U €08'2eS'T=u Suos led
a|dures a|dwes 1ol ajdwres 101 a|dures a|dwes 1ol ajdwres 101
Jue JB1W-UoN Jue JB1W-UoN
reuipniibuo [euo11995-550 1D reuipniibuo [euo11995-550 1D
USWIOAN WA

Author Manuscript

Author Manuscript

Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 34

Zenk et al.

‘Ruo1uya/aoel pue abe auljaseq o} Pa]|04IU0d 0S| S|9POL [BUOIIIBS-SSO.D) "SaII[19B) SSBUMLY puR ‘Syed ‘SIBSIPURYIIBLI SSBU ‘SBI0)S 80USIUBAUOD ‘s310)s 180016
10 Auj1giIssa0oe pue ‘Alanod ‘awiodul pjoyasnoy uelpa ‘Aisusp uonendod ‘uoifal ‘suonipuod Yyeay ajdinw ‘sniels [epsew 1eak papnjoul S|apow [eulpniBbuo| pue [euonoas-Sso.d 10y SaleLIeA0D (310N

"(ET0Z-8002) WYSNOJUI Wody eyep A1oe) ssaulld pue (¥T0Z ‘0T02) OILAVN pue SeyajaL wol erep
ed :(€T02-8002) 19a11spelg 7® Und WoJj elep JueIne)sal pooy 1se4 (€T02-8002) WYSNOIU| WO elep a1ols pooS :(#T02-0T0Z ‘€T02-600Z ‘ZT02-8002 ‘TT0Z-L00Z ‘0T0Z-900Z ‘6002-5002) Neaing snsus)
SN wouy erep oydelBowsap 19e41 Snsua) (ET0Z ‘9002) SINSNLIS Yl|eaH 0} J81ua) [euonieN wouy erep Aloiueqln (¥T0Z—6002) asnoyalepn eleq arelodiod WA ayl woly [INg Juedionted Jo siSA[eue sioyiny

6500 1200 £90°0- 000~ yx 100 o 1L0°0- SjueINe)Sal Pooy Ise) Jo sjax euiadns oN
£00°0~ 6200 #0710 5000~ 1000~ 1200 (%00T-€'¥T) ANliqIssaade anie|al ybiH
1000~ 5000~ »00T0 0100- 2000~ 1000~ (%€ '7T-5°0T) AN|Iq1sS809e aANe[a) YBIY-pIA
G00'0- €00°0— €700 G00°0— 200°0- LT0°0- (%G°0T—"2) Au|1q1SS830® BAIIR[3I PILI-MOT]
000'T 000'T 000'T 000'T 000'T 000'T (%' £-0) AN1qISS329E BAITR[a) MO
9w g
GE0'0 S100 8500~ »S10°0- e 8100 e V00— S)UBINE}SAI P00} ISB) IO Slayewnadns ON
1000 2100 2900 100°0> 2000 000 (9600T-8'9T) AN|1qIS$390E BANR[a1 YBIH
1700 €100 Sv0°0 000 »8000 0000~ (%L°9T-T°6) ANIqISSa09e aAITe[a) UBIY-pIA
9000 £00°0 760°0- 8000 6000 »LE00- (%T°6-1'0) AN1Q1SS300E BAITR[8) PIW-MO]
000'T 000'T 000'T 000'T 000'T 000'T (0) Anpiqissaooe aAte|a1 Mo
ajw T

WOPIBOD  JUBPIBOD  WBPILOD  ILRIR0D  JUBPIROD  ILRIR0D

6ee'vey=u  TIG'€l/=U TIG'€L/=U  Jgl'6ce'y=U €£0'899'9=U  £€0'899'9=U suolrenesqo Jesh-uos od
0/9'CTT=uU  8T9'€gT=U 8T9'€8T=U  G/EPE0T=U €08CZST=U  €08'CeS'T=u SUuos led
a|dwres a|dwres a|dwres [e1ol a|dwres a|dwres a|dwres [e1ol
e Biw el Jue IBiw el
-UON -UON
feuipniifuo feuo1joes feuipniifuo feuo11oes
-$50.1D SS0.1D
USWIOAN WA

1584 01 S1ayew.adns Jo AjIgissadde a1ydeifoab aAlelal pue |G UsaMmiaqg SUOIIRIJ0SSE [eulpnliBuo] pue [euoI19as-sso)

€ NqIyx3

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



Page 35

Zenk et al.

10005d
*

K
1005d
*¥

Go0sd
*

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

Health Aff (Millwood). Author manuscript; available in PMC 2018 August 01.



	Abstract
	Introduction
	Data and Methods
	Design
	Sample
	Measures
	Body mass index
	Geographic accessibility of food outlets
	Covariates

	Data analysis
	Limitations

	Results
	Sample characteristics
	MEN
	Food outlet accessibility and BMI associations
	Cross-sectional associations
	Longitudinal associations

	Relative accessibility of supermarkets to fast food restaurants and BMI associations

	WOMEN
	Food outlet accessibility and BMI associations
	Cross-sectional associations
	Longitudinal associations

	Relative accessibility of supermarkets to fast food restaurants and BMI associations
	Differences by area poverty level


	Discussion
	Study Strengths

	Conclusion
	References
	Appendix Exhibit A. Technical documentation
	Table
	Appendix Exhibit B. Descriptive statistics for the total sample and non-migrants at baseline by sex
	Table T5
	Appendix Exhibit C. Cross-sectional and longitudinal associations between BMI and geographic accessibility of food outlets (1 mile and 3 miles) by sex
	Table T6
	Appendix Exhibit D. Cross-sectional and longitudinal associations between BMI and relative accessibility of supermarkets to fast food restaurants within 1 mile and 3 miles by sex
	Table T7
	Exhibit 1
	Exhibit 2
	Exhibit 3

