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ABSTRACT
The objective of this study is to analyze the relationship between availability of
restaurants in the neighborhood and the prevalence of obesity in the United States (U.S.). The
study sample consists of 72,691 individuals participating in the United States Department of
Agriculture (USDA) National Household Food Acquisition and Purchase Survey (FOodAPS), a
nationally representative cross-sectional survey of American households. Findings of this study
indicate a positive and significant relationship between availability of both fast-food and non-
fast-food restaurants in the neighborhood and the prevalence of body mass index (BMI). We also
find that the probability of being obese is significantly higher for individuals who live within
0.25-mile radius of the restaurants. These findings can be used by local, state, and federal

government to inform their health policy decisions.
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND AND STATEMENT OF THE PROBLEM

Consumption of restaurant food is an integral part of the American diet, and the number of
people to rely on such convenience food is multiplying day by day. However, frequently eating
restaurant foods could increase body mass index (BMI) and can make people overweight and
obese because food prepared outside the home often contains excessive calories, fat, and sodium
than the food prepared at home (Anderson & Matsa, 2011; Currie et al., 2010). This excessive
calorie intake, coupled with a sedentary lifestyle, in general, increases the BMI of individuals or
the risk of being overweight and obese. This situation may get worse if people have underlying
or preexisting health conditions. Among various factors influencing behavioral aspects of calorie
intake, the growth in the number of restaurant establishments corresponds with the increased
consumption of such food (Oexle et al., 2015).

Easy access to restaurant foods, particularly fast foods near home, encourages people to
take excessive calories, which can play a crucial role in dietary intake and obesity rates (Lee et
al., 2015; Gustafson et al., 2016). It is argued that the availability of restaurants in close
proximity to residential areas could encourage people to consume restaurant foods more often
than preparing a meal at home. Accordingly, adults who live close to restaurants are expected to
consume restaurant foods more frequently than their counterparts, increasing their body weights.
This study tests this premise using USDA's Household Food Acquisition and Purchase Survey

(FoodAps) data collected in 2016 (USDA, 2016). We examine whether or not individuals' body



mass index (BMI) and obesity are associated with the prevalence of restaurants from their
residences in the United States (U.S.). For this study, the prevalence of restaurants is defined as
the number of restaurants within 0.25 miles radius of individuals' homes.

A study investigating the relationship between proximity to restaurants and BMI is
policy-relevant for several reasons. The Centre for Disease Control and Prevention (CDC, 2019)
reports that nearly 40 percent of the Americans who were age 20 or over were obese in 2016, and
the prevalence of obesity is in increasing trend each year. Although overweight and obesity are a
serious public health concern in the U.S., limited studies have investigated the socioeconomic
and behavioral factors associated with overweight and obesity. Studies suggest that food
prepared away from home (FAFH), particularly fast food, has an inferior nutritional quality
compared to food prepared at home. Frequent consumption of such foods can be positively
associated with higher fat and sodium consumption, leading to sustained positive energy balance
and, thereby, a higher rate of obesity (Anderson & Matsa, 2011; USDA ERS, 2019; Lee et al.,
2015).

Furthermore, location and distance, along with the restaurant density of both fast food
and non-fast food, can influence people consuming such foods. All this occurs in a social,
cultural, and economic environment that can aggravate the population's health unless active
measures are taken to make the environment a health-promoting one (WHO, 2003). One such
policy measure that could help improve diet quality and lower BMI is to discourage the opening
of new restaurants, particularly fast-food restaurants, close to residential areas. Likewise,
mandatory calorie posting by restaurants could be another remedy to offset the ever-growing

obesity and BMI.



1.2 ORGANIZATION OF THE STUDY

Following this Introduction chapter, Chapter 2 reviews and summarizes existing literature related
to this study, providing background information on the relationship between FAFH and body
weights. This chapter also explores the relevant literature on the factors associated with changes
in eating habits, the growth of fast food and non-fast-food restaurants in the U.S., and the
relationship between eating habits and the growth of restaurants in the neighborhood. Chapter 3
introduces the conceptual framework, discusses the statistical/econometric model, explains the
data source and the variables used in the study, and the data analysis process. Chapter 4 reports
the study findings. Chapter 5 discusses the findings and summarizes the results, and Chapter 6

concludes this study.



CHAPTER 2

LITERATURE REVIEW
There has been a remarkable shift in eating culture in the United States over the past 40 years.
The consumption of foods prepared outside the home has steadily increased from 16 percent to
almost 33 percent of an individual's daily nutritional intake between 1970 and 2015 (Lin and
Guthrie, 2012; Seguin et al., 2016). Studies suggest that there has been a notable decline in the
amount of time devoted to food preparation at home and eating away from home has become a
routine part of American eating culture (Warde et al., 2007). The decrease in time spent on meal
preparation and cooking at home and the increase in the availability of high-calorie energy-dense
food options in the neighborhood are argued to be historically associated with obesity prevalence
(Lee et al., 2015; Seguin et al., 2016). According to the United States Department of Agriculture
Economic Research Station (USDA ERS, 2019), the average American consumes one-third of
their daily calorie intake from the food prepared outside the home.

Among various factors influencing the shift in consumer preferences toward eating away
from home, the increased availability of FAFH options and the opportunity cost of time
associated with food preparation at home are the most significant factors contributing to the shift
in eating away from home (Smith et al., 2013; Saksena et al., 2018). Studies suggest that from
2000 to 2015, the number of quick-service restaurants operating in the United States increased
by 20 percent, while the number of full-service restaurants remained unchanged (USDA ERS,
2020). In absolute numbers, this accounts for 340,000 new quick-service restaurant

establishments, and restaurant spending accounts for more than half of total expenditures on food



in the United States from 2000 to 2015 (USDA ERS, 2020). The increased spending, paired with
increased geographic access to restaurant and supermarket locations, may nudge consumers to
consume more calorie intense foods, contributing to a higher level of BMI and obesity,
especially in individuals who primarily rely on such food (Inagami et al., 2009; Rahkovsky et al.
2018). Here, the underlying assumption is that the close proximity to restaurants lowers the
consumption cost (e.g., the opportunity cost of time), resulting in the frequent use of such foods,
leading to substantial body weight gain.

While eating away from home is increasingly popular, meals prepared away from home
have different nutritional qualities than meals prepared at home. A research study by the U.S.
Economic Research Service (ERS) found that food prepared away from home tends to have
lower nutritional quality and is dense in calories than food prepared at home. An increase in the
consumption of such food coupled with a sedentary lifestyle can significantly contribute to body
weight gain and increased BMI. The situation worsens when greater fast-food access is
positively associated with higher consumption of such foods at the community level. In an
empirical study, Rosenheck (2008) found a link between the increased supply of fast-food
restaurants and a substantial increase in obesity in the U.S. More recently, in an attempt to
identify the effect of an increase in the supply of fast-food restaurants on obesity rates, Currie et
al. (2010) reported a significant association between proximity to fast-food restaurants and the
risk of being obese. Further, they reported that the prevalence of fast-food restaurants within a
0.1-mile radius of the school area results in a 5.2 percent increase in the obesity rate among ninth
graders and the prevalence of such a restaurant within 0.5 miles of residence increases the

probability of gaining 20 kilos weight by 1.6 percent among pregnant women. Moreover, they



found that the effect of having a restaurant within a 0.1-mile distance is equivalent to an increase
in daily calorie consumption by 100 calories due to the proximity of fast food.

Dunn (2010), using the 2004 to 2006 Behavioral Risk Factor Surveillance System
(BRFSS) data and self-collected data on the number of fast-food restaurants, investigated the
effect of fast-food availability on weight outcomes by geographic location in the U.S. The author
found that the availability of such restaurants does not affect the weight outcomes in rural
counties but does tend to increase the body mass index among females and non-whites in
medium-density counties. Further, the author suggests that since the effect of access to fast food
is concentrated only among females and minority groups in medium-density areas, intervention
programs should be focused solely on these groups. This, in turn, could help reduce the cost of

intervention while discouraging fast food consumption and reducing overall obesity levels.

Using Dietary Recall data between 1994 and 2004 from the National Health and
Nutrition Examination Survey (NHANES) and using the first-difference estimator approach to
analyze the causal relationship between FAFH and dietary intakes, Macino, Todd, & Lin (2010)
found that FAFH does contribute to increase the caloric intake and reduce diet quality.
Additionally, their study found that each meal away from home is estimated to add 130 more
calories to the total daily calorie intake and lower the healthy eating index by two points. A
similar study conducted by Todd, Masino, and Lin (2010) analyzed the association between
FAFH and poor diet quality. They used 1994-96 and 2003-04 NHANES data and applied the
fixed-effect estimation approach to account for unobservable influences. They found that FAFH
increases daily caloric intake and reduces diet quality for an average adult. Further, their study
suggests that the effect varies depending on meal type consumed away from home, with dinner

having a higher impact.



A similar study by Liu et al. (2013) found that policy interventions that are designed to
address rising obesity levels and encourage consumers to decrease their calorie intake have little
to modest impact in achieving goals such as reducing calorie intake. Further, consumers'
education level, their understanding of the information provided, and motivation and self-control
are the major factors encouraging consumers to lower their calorie intake. Consumers'
sociodemographic characteristics were also associated with paying attention to calorie labels
posted or provided by restaurants. A Gallup study conducted in 2013 reported that 68 percent of
people surveyed pay attention (great or fair attention) to calorie labels at restaurants (43 percent
of people pay a "great deal" or a "fair amount™ of attention to calorie labels at restaurants). The
survey also found that sociodemographic characteristics matter — women, college graduates, and
people making $75,000 or more are far more likely to pay attention to nutrition labels provided

by restaurants compared to other sociodemographic groups (Brown, 2013).

Although previous studies have made significant contributions to the literature by
investigating the potential association between the prevalence of restaurants and BMI, their
outcomes have yielded different results. For example, Dunn (2010) and Anderson & Matsa
(2011) found no causal link between restaurant food consumption and obesity at various levels of
distance to the nearest restaurants. However, a study by Currie et al. (2010) and Rashad et al.
(2005) found a strong association between the increased number of per capita restaurants and
consumption of such restaurant food on increased BMI and obesity. Hence, this study uses the
USDA's nationally representative FOodAPS data and investigates the potential association

between the proximity of restaurant outlets and body mass index (BMI) in the United States.



CHAPTER 3
METHOD
3.1 DATA
This study utilizes the United States Department of Agriculture (USDA) National Household
Food Acquisition and Purchase Survey (FoodAPS) data collected in 2016. The USDA FoodAPS
is a nationally representative survey of American households that collects comprehensive data
about household food purchases and acquisitions (USDA FoodAPS, 2018). Detailed information
was collected about food purchased for consumption at home and away from home. The survey
also contains a wide range of information about households and individuals, including their
socioeconomic and demographic characteristics such as age, gender, education, race/ethnicity,
employment status, and participation in federal food assistance programs.
The consolidated data used in this study include household-level public use file,
individual-level public use file, Food at Home (FAH) events public use file, FAH item data, food
Away from Home (FAFH) event data, FAFH item data, FAH nutrient information, FAFH

nutrient information, meals and snacks information, and access data.

3.2 RESPONSE VARIABLES

Our response variable, body mass index (BMI), is defined as weight in pounds divided by height
in inches squared. The FoodAPS individual-level survey collects BMI information for
individuals who are two years or older. However, since the scope of our study is limited to adults
18 years and older, we exclude observations corresponding to individuals who are less than 18

years.



We conduct robustness checks by analyzing an alternative model where the response
variable (obese — a bodyweight category) is a binary measure. The variable obese equals one if
the individual's BMI is greater than or equal to 30, and zero otherwise. These measures are
standard in the obesity literature (Solomon & Manson,1997; Horwich et al., 2001; Calle et al.,

2005).

The visualization of the response variables (both BMI and bodyweight categories) is
summarized in the Figure 1. The left panel of Figure 1 suggests that 75 percent of the
respondents in our sample have BMI between 19.01 and 28.29. It also indicates that the mean
(24.37) and the median (23.67) BMI are close, suggesting that our sample has an approximately
normal distribution, and no transformation is necessary for statistical analysis. The figure on the
right panel presents the categories of body weight distribution by the average number of

restaurants in the neighborhood.

Distribution of BMI Body Weight Categories by Number of Restaurants
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3.3 PREDICTOR VARIABLES

This analysis used two types of predictor variables: numerical and categorical. The numerical

variables are age, the total number of restaurants within 0.25 mi distance, frequency of eating

food Away from Home (FAFH), and family income. The number of restaurants within a quarter-

mile distance from the respondent's residence and FAFH are the variables of interest in this

study. Table 1 summarizes the variables (both response and predictor) used in this study.

Table 1: Descriptions of the variables

VARIABLES

DESCRIPTION

BMI

A numeric variable measuring respondent's calculated Body Mass Index

No. of restaurants

A numeric variable that counts the number of fast-food and non-fast-food
restaurants within 0.25 of residence

Sex

A categorical variable equals '1' if the respondent is male and '2" if the
respondent is female.

Frequency of FAFH

A numeric variable that counts the number of times per week an
individual eats dinner out.

Age group

A categorical variable equals '0' if the respondent’s age is between 18-34
years, ‘1" if the respondent's age is between 35-64 years, and '2' if the
respondent's age is above 65 years.

Race

A categorical variable equals ‘0" if the respondent is White, '1" if the
respondent is Black, '2" if the respondent is Asian, and ‘3" if the
respondent belongs to another race.

Education

A categorical variable equals '0' if the respondent had less than or equal to
a high school degree, '1" if the respondent had some college degree, 2" if
the respondent had a bachelor's degree, and '3" if the respondent had
master's degree and above.

Marital status

A categorical variable equals '0' if the respondent was married, '1" if the
respondent was never married, and ‘2" if the respondent was widowed,
divorced, or separated.

Employment status

A binary variable equals '1' if the respondent had a job in the past week
and '0' otherwise.

Hispanic A categorical variable equals '1' if the respondent is of Hispanic ethnicity
and '0' otherwise.

Reported Health | A categorical variable equals '0" if the respondent reported health status is

status excellent or very good, '1" if the respondent reported health status is good,

and '2' if the respondent reported health is fair or poor.

Family Income

A numeric variable that measures a family's average monthly income as a
sum of income per member.

10




Obese A binary variable equals '1" if the respondent’'s BMI is > 30 and '0'
otherwise.

Rural A categorical variable equals '1" if the household is in the rural census
tract and '0' otherwise.

FoodAPS, access data codebook, defines the number of restaurants within the quarter-
mile distance as the count of FAFH outlets. Such outlet includes all full-service restaurants,
limited-service restaurants, drinking places, hotels and motels, retail stores and vending
machines, recreational places, schools and colleges, other FAFH sales, and food furnished and
donated (USDA ERS, 2020). Likewise, FoodAPS individual public use file defines the
frequency of FAFH as the usual times per week an individual eats dinner out.

We calculate the Pearson Correlation between all pairs of four numerical predictors and

their relationship with BMI. The result is presented in Figure 3.
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Figure 2. Pairwise correlations among numerical variables

We also include a number of sociodemographic characteristics of the respondents as

control variables collected at the individual and household levels. Information on the
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sociodemographic characteristic comprises age, gender, marital status, education,
homeownership, employment status, children in the household, household income, and
race/ethnicity. The majority of these control variables are categorical. We calculated the

frequencies of each level of these categorical variables in Figure 3.
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Figure 3. Distribution of categorical predictors

The result summarized in the Figure 3 suggests that each factor level utilized in this study
has enough observations to ensure the validity of the statistical model. The top panel in Figure 3
indicates nearly an equal number of males and females in the sample, but working-age people
have a higher representation. Most of the respondents are non-Hispanic married white with high
school or less education. There are nearly equal employed and unemployed survey respondents
in the sample, with most reporting excellent health conditions and living in the urban census
tract.

The box plots summarized in Figure 4 visualize the relationship between categorical

predictor variables and the response variable, BMI. For instance, the average BMI of the
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respondents from both Urban and Rural census tract regions is approximately similar. The BMI
of respondents whose perceived health status if fair or poor is significantly higher than those
whose perceived health is in excellent condition. The millennial's BMI is slightly lower than

adults in the working-age group, and Asians have comparatively lower BMI than other racial

groups.
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Figure 4. Relations between categorical predictors and BMI
3.4 STATISTICAL/ECONOMETRIC MODEL
We model that the BMI of an individual (BMI) depends on the number of restaurants within
0.25-mile proximity of his/her residence (R) while controlling for his/her socioeconomic (S) and
demographic characteristics (D), and the frequency of eating out (F), as summarized in equation
(2):
BMI = f(R,S,D, F). 1)
Since our response variable (BMI) is continuous, an ordinary least square (OLS)

regression is used to estimate the association between BMI and the number of restaurants within

13



0.25 miles of proximity to individuals' residences. The OLS regression model estimates equation
(1) by minimizing the sum of squares in the difference between the observed and predicted
values of the response variable. The OLS formulation may be outlined in equation (2):
Y=XB+¢ (2

where Y is the response variable, and X is a vector of the predictor variables (humber of
restaurants, frequency of FAFH, race, age, education, income, employment, marital status, and
health status), # is the vector of the parameters to be estimated, and & is an unobserved error term
assumed to be approximately normally distributed. The OLS estimator assumes that all
coefficients in the model are unknown and are to be estimated from the given data using the
algebraic operation, summarized in equation (3).

B= XXX (3)

A binary measure — obese, which is associated with BMI is also constructed. We also
model whether the binary variable obese is associated with an increased number of restaurants
within 0.25 miles of their residence. Since this response variable is binary, we use a logistic
regression model to estimate equation (1). The logistic regression model may be summarized in

equation (4):

n(%) = ln(Odds(y = 1)) =a + BX ()

In this equation, y is the response variable indicating the obesity status of an individual in the
sample. That is, y =1 if BMI > 30 or 0 otherwise. X is the vector of explanatory variables, and

is the vector of parameters to be estimated.
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CHAPTER 4

FINDINGS

4.1 SUMMARY STATISTICS

The FoodAPS dataset used in this study consist of 155,911 observations collected in 2016.
However, after excluding irrelevant covariates, missing values and outliers, a total of 72,691
observations are used for this analysis. Table 2 presents the summary statistics of the variables

used in the study.

Table 2: Summary statistics (n = 72,691)

Variable Mean Std. Dev.  Minimum Maximum
Body Mass Index (BMI) 27.71 7.09 0.83 160.15
Obsess (BMI > 30) 0.28 0.45 0 1
Number of restaurants (in 0.25 miles) 2.67 6.24 0 91
Female 0.44 0.49 0 1
Average HH income (Monthly) 4139 3950 1 25520
Frequency of FAFH per week 1.79 1.77 0 7
Millennials (17 — 34) 0.38 0.34 0 1
Working Age (35 — 65) 0.43 0.49 0 1
Retired Age (> 65) 0.19 0.39 0 1
White 0.75 0.33 0 1
Black 0.11 0.31 0 1
Asian 0.05 0.21 0 1
Other race 0.09 0.29 0 1
High school or less 0.47 0.35 0 1
Some college or associated degree 0.29 0.46 0 1
Bachelor’s degree 0.14 0.35 0 1
Master’s degree and above 0.09 0.29 0 1
Married 0.36 0.48 0 1
Employed 0.58 0.49 0 1
Hispanic 0.15 0.36 0 1
Perceived health (excellent or very good) 0.49 0.49 0 1

15



Perceived health (good) 0.38 0.49 0 1
Perceived health (poor) 0.21 0.41 0 1

The body mass index (BMI) for average respondents is nearly 28, twenty-eight percent of
them are obese, and there are, on average, three restaurants (all restaurants -- fast food and non-
fast food) within a quarter-mile radius of individuals' residence. The income variable reported in
the table indicates that the monthly household income is $4,139, and participants eat dinner away
from home an average of two times per week. In the sample, 38 percent of the participants are
millennials (ages between 18 to 35), 43 percent are working age (ages between 35 to 65), and 19
percent are retired (age 65 and older). Regarding race/ethnicity, 75 percent of the survey
respondents were white, 11 percent were black, 5 percent were Asian, 15 percent were Hispanic,
and 9 percent belonged to other races. Forty-seven percent of the respondent have a high school
or less education, 30 percent have some college or an associate degree, 14 percent have a

bachelor's degree, and 9 percent have a master's degree or higher.

Regarding the demographic structure, 44 percent of the survey participants were female,
and 36 percent were married. Of the participants, on average, 58 percent were employed.
Regarding the general health condition of the survey participants, 41 percent perceived their
health as in excellent or very good condition, 38 percent perceived in good condition, and 21

percent perceived in poor condition.

4.2 RELATIONSHIP BETWEEN PROXIMITY TO RESTAURANTS AND BMI: OLS

REGRESSION RESULTS

Since the objective of this study is to investigate if proximity to restaurants and frequency of

eating food away from home (FAFH) affect an individual's overall body mass index (BMI), we
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analyze the determinants of BMI using ordinary least square (OLS) model, and the findings are
reported in Table 3. The regression equation is statistically significant, as indicated by the F
statistic and corresponding p-values, to explain the variation in BMI. As indicated by R?, 11
percent of the variation in BMI is explained by the regression equation. The decision criteria for

hypothesis testing are based on a 5 percent significance level (Greene, 2012).

Table 3: OLS regression results on BMI and the number of restaurants in 0.25 mi

95% ClI

Body Mass Index (BMI) Coefficients Std. Error  t-value  P>|t|  Lower Upper
No. of restaurants (in 0.25 miles) 0.022 0.008 2.85 0.00 0.007 0.037
No. of restaurants (in 0.25 miles)? -0.001 0.000 -2.98 0.00 -0.001 0.000
Female -0.059 0.052 -1.12 0.26 -0.161 0.044
Average HH income (monthly) -0.0001 0.000 -18.75  0.00 -0.00015 -0.00012
Frequency of FAFH per week -0.010 0.015 -0.66 0.51 -0.039 0.019
Working age (35 — 65) 1.891 0.062 30.64  0.00 1.770 2.012
Retired age (> 65) 1.116 0.085 13.09  0.00 0.949 1.283
Black 0.048 0.084 0.58 0.56 -0.116 0.213
Asian -2.996 0.131 -22.83  0.00 -3.253 -2.739
Other Race -0.217 0.102 -2.13 0.03 -0.417 -0.017
Some college or associated degree 0.328 0.060 5.46 0.00 0.210 0.446
Bachelor’s degree -0.756 0.081 -9.32 0.00 -0.915 -0.597
Master’s degree and above -0.384 0.101 -3.81 0.00 -0.581 -0.186
Married 0.658 0.059 11.17  0.00 0.543 0.774
Employed -0.235 0.060 -3.93 0.00 -0.353 -0.118
Hispanic -0.019 0.085 -0.23 0.82 -0.186 0.147
Perceived health (good) 1.805 0.059 30.65 0.00 1.689 1.920
Perceived health (poor) 4.116 0.072 5722  0.00 3.975 4.257
Rural 0.041 0.061 0.66 0.51 -0.080 0.161
Constant 25.763 0.095 270.32  0.00 25.577 25.950

(R?=0.1066, F-statistics = 443.94, Observations = 70,690)

The variable number of restaurants within 0.25 square miles, working-age dummy,
retired-age dummy, some college or associated dummy, married dummy, perceived health
(good) and perceived health (poor) were all positive and significant in explaining the variation in

body mass index (BMI) at five percent or better significance level. But the average household
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income, race dummies such as Asian and others are negative and significant at a five percent or
better significance level. Similarly, education dummy, which includes a bachelor's degree and
master's degree and above, is also negative and significant. Likewise, the employment dummy

variable is negative and significant in explaining the variation in the body mass index.

Our key predictor variable, our variable of interest - the number of restaurants (in 0.25
miles), is positive and significant in explaining the variation in BMI at a five percent or better
significance level. However, its squared term is negative and significant at a one percent
significance level, indicating that an increase in the number of restaurants within 0.25 miles is
associated with an increase in BMI but at a decreasing rate. A $1,000 increase in monthly
household income is associated with a 0.0001 unit decrease in BMI. Compared to millennials,
working-age respondents who are defined to be in the age group 35 to 65 years have BMI two
units higher. On the other hand, Asians are likely to have a 300 percent lower BMI, while other

racial groups are likely to have a 21 percent lower BMI than the White respondents.

Regarding education, respondents with some college or associate degrees had a 33
percent higher BMI than respondents with high school or less education. But respondents with
bachelor's degrees had 76 percent, and those with a master's degree or higher had 38 percent
lower BMI than those who had high school or less education. Married respondents had 66
percent higher BMI than their unmarried counterparts, and employed respondents had a 24

percent lower BMI than unemployed respondents.

The FoodAPS survey also collects information about individuals' ratings of their general
health status. The collected data were recorded into seven categories: excellent, very good, good,

fair, poor, refused, and do not know. The observations in which respondents either did not know
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or refused to answer were excluded from the analysis, and the remaining five categories were
merged into three. Excellent and very good health rating was merged into the excellent perceived
health category. The rating good was kept as is, and fair and poor were combined into the poor
perceived health category. Regarding their marginal effects, respondents with good perceived
health conditions had 180 percent higher, and respondents with poor perceived health conditions
had 412 percent higher BMI than their counterparts whose perceived health condition was

excellent.

4.3 RESIDUAL ANALYSIS

This section assesses the fit of the linear regression model estimated in the previous section.
Residuals are typically used to evaluate the fit and the validity of the statistical models and can
also be used as a tool for model selection (Nobre & Singer, 2007). The basic assumption for the
Ordinary Least Square (OLS) regression model is that the residuals follow a normal distribution,
have a constant variance, independent, no outlier is present, and have a zero conditional mean
(Greene, 2012). The expectation is that an adequate model should satisfy the above-stated
assumptions and contain no obvious pattern in the residuals. If any assumptions are violated, it
may lead to an unstable model. And the standard summary statistics such as the t or F test are not
enough to ensure the models' accuracy. Further, mathematical literature indicates that violations
of one or more linear regression assumptions might fail to represent the true nature of the
situation and lead to serious problems with parameter estimations, mainly if the violations appear
in combination (Wooldridge, 2015). Hence, to ensure the fit and validity of our model

assumptions, we perform the residual analysis of our fitted model, and the result is presented in
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Figure 5. The residuals will be randomly scattered around the center with no obvious pattern if

the assumptions are met.
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Figure 5. Residual plot of the fitted OLS model

The Q-Q plot, the residuals vs. fitted plot, and the histogram of the residual are the tools
used to assess if the model satisfied the OLS assumptions. The diagnostic plots presented in
Figure 1 show the residuals in four different ways. The Q-Q plot shows an approximately
straight-line pattern in the middle part but heavy tails suggesting non-normality. However, the
histogram of residuals is approximately symmetrical, we can consider the normality assumption
not to be severely violated. The residual vs. fitted plot indicates that residuals are random and do
not exhibit any pattern suggesting the residuals are independent of one another or mutually
uncorrelated. Further, the residual vs. fitted plot shows a band of relatively constant width along
the horizontal band, above and below the value 0, suggesting that the assumption of constant

variance is satisfied. The boxplot of residuals by perceived health status means a conditional
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zero-mean assumption is held for different census tract respondents. Hence, we can conclude that

the overall assumptions of linear regression have been satisfied.

4.4 RELATIONSHIP BETWEEN PROXIMITY TO RESTAURANTS AND THE

PROBABILITY OF BEING OBESE: LOGISTIC REGRESSION RESULTS

Further, the FoodAPS survey collects individuals' weight category information based on their
BMI and records it into three sub-categories. Adults aged 18 and older who have a BMI of 24.9
or less are not overweight, a BMI between 25.0 to 29.9 is defined as overweight, and a BMI
higher than 30.0 is defined as obese. To make our analysis less complex, we regroup these three
categories into two: obese (BMI >30) and not obese (BMI <30). Since BMI and obesity are
closely related, we decided to estimate an alternative regression model where the response
variable is obesity. All the predictor variables were the same as the baseline model. As the
response variable is coded as a binary choice, logistic regression is used to model their response
behavior (Wooldridge, 2010).

Table 4: Relations between proximity to restaurants and obesity: A logistic regression results

95% ClI
Obsess Odds Ratio  Std. Err. z P>z Lower  Upper
No. of restaurants (in 0.25 miles) 1.007 0.003 204 0.041 1.0003 1.0130
No. of restaurants (in 0.25 miles)? 1.000 0.000 -2.29 0.022 0.9996 1.0000
Female 1.190 0.021 9.67 0.000 1.1491 1.2333
Average HH income (Monthly) 1.000 0.000 -15.18 0.000 1.0000 1.0000
Frequency of FAFH per week 1.007 0.005 142 0155 0.9972 1.0175
Working age (35 — 65) 1.784 0.039 26.58 0.000 1.7099 1.8623
Retired age (> 65) 1.329 0.040 955 0.000 1.2539 1.4093
Black 1.059 0.030 2.04 0.041 1.0023 1.1197
Asian 0.286 0.019 -19.28 0.000 0.2520 0.3250
Other race 1.240 0.042 6.32 0.000 1.1599 1.3256
Some college or associated degree 1.102 0.022 479 0.000 1.0590 1.1466
Bachelor’s degree 0.697 0.021 -11.78 0.000 0.6562 0.7400
Master’s degree and above 1.135 0.040 356 0.000 1.0586 1.2171
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Married 1.246 0.025 1092 0.000 1.1978 1.2962

Employed 0.896 0.018 -5.35 0.000 0.8610 0.9330
Hispanic 1.050 0.030 1.70  0.090 0.9925 1.1103
Perceived health (good) 2.295 0.049 38.80 0.000 2.2006 2.3933
Perceived health (poor) 4.057 0.099 57.56 0.000 3.8684 4.2556
Rural 1.066 0.022 3.06 0.002 1.0232 1.1100
Constant 0.151 0.005 -54.30 0.000 0.1410 0.1616

(n=72,691, LR y2 =7,965.03, Prob > x2 = 0.000, Pseudo R? = 0.092, Log Likelihood = -39,407.08)

The first column of Table 4 reports the odds ratio for the logistic regression, the second
column reports the standard errors, and the last two columns present the confidence interval of
the odds ratio. The model is significant, as indicated by the pseudo-likelihood and Wald chi-
square. The decision criteria for hypothesis testing are based on a 5 percent level of significance.
For an additional number of restaurants within a quarter miles distance, the odds of being obese
increase by 1.0066 but at a decreasing rate as suggested by its square term. Likewise, the odds of
being obese for a female respondent is 1.19 times higher than that of males. But the average

household income and obesity are independent of each other.

Regarding the age variable, the odds of being obese for respondents in the working-age
group are 1.785 times higher, and for the retired age group, the odds are 1.33 times higher than
those who belong to the millennial age group. Compared to whites, Asians are 0.29 times, other
races are 1.24 times, and Hispanics are 1.05 times more likely to be obese, but the significance
level for the Hispanic race category is at 10 percent or better level. Similarly, compared to
respondents who had high school or less education, people with some college or associated
degree are 10 percent, people with a bachelor's degree are 0.70, and people with a master's
degree or above education are 1.14 times more likely to be obese. Likewise, the odds of being
obese are 1.245 times that of unmarried, and employed respondents have odds of being obese by

0.9 times that of unemployed. Regarding the health category, the odds of being obese are 2.29
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times for people whose perceived health status is good, and the odds are 4.05 times for people
whose health condition is poor compared to people whose perceived health condition is
excellent. The logistic regression results are consistent with the OLS regression results to explain

the variation in the individual's BMI and obesity.
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CHAPTER 5

DISCUSSIONS

We used the USDA FoodAPS data collected in 2016 to analyze the association between body
mass index and obesity and proximity to restaurants. We estimated two separate regression
equations using OLS and logistic models. Both models shared common explanatory variables,
but the response variables were different. Our estimates in the OLS model suggest that the
availability of restaurants within a 0.25-mile radius of residential areas is associated with higher
BMI. The existence of plentiful restaurants closer to the residential area not only encourages the
residents to eat more but also makes them less active in preparing food at home or traveling a
further distance to obtain healthy food (Rashad, Grossman, & Chou, 2005). However, the
relationship between proximity to restaurants and BMI is non-linear, meaning as the supply of
restaurants increases, BMI also increases but at a decreasing rate. Further, OLS results indicate
that an increase in monthly household income is inversely associated with BMI implying that
wealthy people are less vulnerable to the proximity of restaurants. However, the weekly

frequency of food away from home is not significant to explain the variation in BMI.

Similarly, compared to white respondents, Asians and people of other races have lower
BMI. However, there is not a significant association between proximity to restaurants and Black
and Hispanic respondents. The regression results also indicate that people of working age (35 to
65 years) and retired age (65 years or more) have significantly higher BMI than their millennial

counterparts. This could be because of the higher leisure time and stable income associated with
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these people compared to millennials could explain this result. Further, as expected higher level
of educational attainment is inversely associated with body mass index. Consistent with the
previous studies, our regression result indicates that people tend to have higher BMI at a lower
level of education. Still, as the level of education increases toward advanced degrees such as
bachelor's or master's degrees, people tend to have a lower level of BMI. For example, our result
suggests that people with some college or associate degrees tend to have 32 percent higher BMI
than high school dropouts, but people with bachelor's degrees have 76 percent lower, and people
with master's degrees have 38 percent lower BMI than high school dropouts. Hence, this study
supports previous findings that educated people are more health-conscious and tend to have
lower BMI. In contrast, we found that married people had a significantly higher BMI than their

unmarried counterparts.

Whether restaurants substantially contribute to increasing obesity is an empirical question
and estimates of the linear OLS regression model are likely to give misleading results about the
true relationship between eating out and obesity. In this connection, we decide to check the
validity of the OLS regression result by fitting a logistic regression model. Since BMlI is a
continuous variable, and we cannot fit a logistic model with a continuous response variable, we
choose obese as our new response variable. Obesity as a response variable is justified as it is
strictly derived from BMI, and the comparison of OLS and logit regression results is less

questionable.

Both OLS and logistic models focus on the number of restaurants available within 0.25
square miles of the respondents' residence as a relevant measure of BMI. This is because the

neoclassical theory of consumer preferences suggests that consumers, as an optimizing agent, try
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to maximize their utility by consuming more when they are closer to restaurants (Anderson &
Matsa, 2011). It is equally possible that the availability of a larger number of fast food and non-
fast-food restaurants closer to the agents' residence could lower the monetary and nonmonetary
costs of accessing unhealthy food and increase the calorie intake and thereby increase BMI

(Currie et al., 2010).
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CHAPTER 6

SUMMARY AND CONCLUSIONS

Using FoodAPS data from the USDA, we empirically investigated if BMI or the probability of
being obese is associated with the number of restaurants within the 0.25-mile radius of
individuals' residences. We find a positive and statistically significant relationship between BMI
and the number of restaurants within 0.25-mile proximity. We also find that the probability of
being obese is significantly higher for individuals who live within 0.25 miles radius of
restaurants. Hence, educating residents about the excessive calory of restaurant meals may help
them understand the consequences of eating restaurant meals, which can help to reduce their
BMI. Policies encouraging residents involving on physical activities may also help reduce their
BMI. Opening new public parks, improving physical safety of public parks, and other economic
incentives (e.g., free or reduced-price pass for low-income residents) may help them involve
more often in physical activities (Ghimire et al., 2014). Additionally, promoting the culture of

cooking meals at home can also help reduce excessive calory intake and BMI.
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