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Three essays in the application of obesity economics to intervention
evaluation and food access.

Jacqueline N. Yenerall

Abstract

Obesity remains one of the greatest public health concerns in the United States due to both
its cost and complexity. To effectively identify the potential causes and evaluate the effec-
tiveness of interventions to reduce obesity requires multiple dimensions of analysis to ensure
the goals of analysis are being adequately addressed. This paper contains three papers that
span the spectrum of obesity research, from potential causes in the local food environment,
to potential programs to address obesity in the worksite.

The first chapter addresses the effectiveness evaluation of weight loss programs, which usu-
ally focuses on significant changes in weight. However, the underlying goal of weight loss is
to reduce weight to reduce health risks. This requires a second dimension in the effectiveness
evaluation, since the relationship between body mass index (BMI) and obesity health risks
is non-linear. Severity can be used to address this dimension by using the squared depth
of obesity, which can better detect changes in BMI that indicate changes in obesity risks.
When used in the time-effect analysis it can identify important heterogeneous responses to
the treatment, which can be used to direct future research.

The second chapter addresses the missing data dimension of the cost-effectiveness analysis
(CEA) of weight loss programs. Most previous studies ignore missingness in the CEA of
weight loss programs, but this could result in biased results. Comparing two sample selec-
tions reveals that the analysis is sensitive not only to the missingness mechanism, but also
which outcome is considered, and the experimental design.

Finally, the third chapter considers potential causes of obesity in the local food environment.
Although the spatial dimension of access is often overlooked, it could help better explain pre-
vious mixed findings. Access hypothesizes that living further from a supermarket increases
the probability of obesity, which would result in spatial variation in the distribution of the
outcomes relative to supermarkets. Spatial scanning statistics can detect this specific type
of variation, which can then be formally tested for in conditional regression analysis.
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Chapter 1

Deeper Look at Weight Loss Program
Effectiveness: Beyond Prevalence
Rate Reduction

1.1 Introduction

Since the 1970s, obesity rates have risen at such an alarming rate in the United States that it

has been labeled an epidemic (Wang and Beydoun,2007). This led the Department of Health

and Human Services (HHS) to set a goal of reducing the obesity prevalence from 33.9% to

30.5% by 2020 as part of their Healthy People 2020 campaign (”Nutrition and Weight Sta-

tus”, 2014). One motivation for reducing obesity, both at a population and individual level,

comes from the relationship between obesity, health risks, and the associated costs (Cawley,

2011). When analyzing the results of weight loss interventions, traditional methods focus on

detecting statistically and clinically significant changes in weight, but these methods may

not always reveal the full effect of an intervention on obesity health risks reduction. This is

because these traditional methods do not fully capture the relationship between changes in

1
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weight that relate to changes in obesity health risks.

Traditional program evaluation studies generally utilize either a binary or continuous form

of body mass index (BMI) or weight loss as the outcome of interest. These measures can

detect changes in weight, but they can only partially detect changes in obesity health risks

reduction. The binary form of BMI (where obesity is defined by a BMI≥30) treats all obese

individuals the same, and would imply that weight loss improves health risks only if a person

loses enough weight to fall below the obesity threshold. Alternatively, the continuous form of

BMI implies a linear relationship between changes in BMI and health risks when used as the

outcome in a linear model. A linear relationship implies that the returns from weight loss

are the same regardless of a person’s initial BMI. In other words, the improvement in health

risks from a 5-point BMI reduction is considered the same for individuals with baseline BMIs

of 35 and 65.

However, previous research on the relationship between BMI and obesity health risks sup-

ports neither a binary nor linear relationship. When assessing obesity health risks across

obesity sub classes (ie. obese I: 30≤BMI<35; obese II: 35≤BMI≤40; obese III: BMI≥40) a

linear relationship between BMI and health risks would imply that the relationship is con-

stant across weight classes, however, previous research has found a significant positive trend

of increasing morbidity and mortality risks with increasing obesity classes (Colditz et. al,

1995; Field et. al, 2001; Gelber et. al, 2007; Rapp et. al, 2005; Thompson et. al, 1999; van
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Dam et. al, 2006; Wang et. al, 2005). This indicates that there is a non-linear relationship

between BMI and health risks (Bray and Bellanger, 2006).

The costs associated with obesity also increase with obesity class (Finkelstein et. al, 2010;

Finkelstein et. al, 2010; Finkelstein et. al, 2008; Finkelstein et. al, 2010; Tsai et. al,

2011). Obesity can result in increased direct medical costs (those associated with treating

co-morbidities) as well as increase losses from productivity due to increased absenteeism

(missed days of work due to illness) and presenteeism (reduced productivity due to illness).

Furthermore, the nonlinear relationship between BMI and health risks implies that sub-

groups with higher obesity prevalence rates have greater cumulative obesity health risks.

African Americans, individuals with low socioeconomic status (SES), and women are exam-

ples of three subgroups with persistently higher prevalence rates (Wang and Beydoun, 2007;

Flegal et. al, 2010; Wen and Kowaleski-Jones, 2012). Thus developing targeted weight loss

interventions for these subgroups could result in a larger public health impact.

The findings on the relationship between obesity, health risks, and costs suggest two criteria

for selecting measures to assess obesity population health risks. First, the measure should

capture the finding that individuals do not need to change weight status (i.e. from obese

to overweight) to experience health benefits from weight loss. Second, the measure should

capture a nonlinear relationship between BMI and obesity health risks. The most commonly

used individual level measures (a binary indicator and continuous BMI) fail to meet at least
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one of these criteria and may result in misleading conclusions regarding changes in obesity

health risks.

The binary indicator for obesity (which equals one for individuals who have a BMI of at

least 30 and 0 otherwise) is an individual level outcome which is used to construct the pop-

ulation level measure known as prevalence. Since the prevalence ratio is the proportion of

obese individuals it is, by construction, sensitive only to the number of individuals with a

BMI greater than 30, and cannot detect changes in the weight of individuals who remain

obese. The continuous forms of weight and BMI treats weight loss uniformly regardless of

the baseline weight status of the individual. This would suggest that the benefits of weight

loss are uniform, rather than non-linear. This paper proposes using the severity measure,

which meets the above criteria. Severity uses the squared deviations of an obese individual’s

BMI from the obesity threshold (Foster et. al, 1984). Squaring the deviations not only makes

the measure sensitive to an individual’s baseline BMI, but also to the distribution of BMI

within the obese population. Thus, this index can be used in conjunction with prevalence

and continuous BMI to better capture programs’ health risks impacts.

The potential of the severity measure to address some of the weaknesses in the prevalence

ratio was first highlighted in Jolliffe (2004), when he utilized the severity measure to re-

evaluate trends in the obesity epidemic between 1971 and 2000. Jolliffe’s study found that

the Hispanic subgroup had the second highest percentage increase in obesity prevalence rel-
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ative to Caucasians and African Americans. This would suggest that they also suffered from

the second greatest increase in associated health risks. However, the severity measure re-

veals that the cumulative increase in BMI within Hispanic subgroup was the smallest, which

suggests that the Hispanic subgroup may not be as vulnerable as previously thought.

1.2 Severity Measure

Severity originated in the economic development literature related to poverty in income,

where it was one form of the poverty index developed by Foster, Greer and Thorbecke

(1984). Thus, we will start by introducing the income poverty measure used in development

economics literature and then discuss the modification tailored to obesity. To assess poverty

in a population, we need two steps: identification and aggregation (Foster et. al, 1984).

The first step identifies all individuals who are poor, which is defined as not achieving a

desired level of outcome, and calculates their individual poverty. The second step, known

as aggregation, finds population levels of poverty, usually by presenting the population level

mean of individual poverty levels.

The Foster, Greer ,and Thorbecke (FGT)(1984) poverty index, P takes the following form:
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P (y; z) =
1

N

∑
i

I(yi < z)

(
z − yi
z

)α
(1.1)

Where N represents the total number of individuals in a population, yi is the observed out-

come for the ith individual, z is the poverty line (which represents the level of the outcome

separating the poor from the non-poor), α is the ”poverty aversion parameter” (the higher α

the more weight is placed on poorer individuals). Finally,I(yi < z) is an indicator function,

which identifies if a person is poor. For all individuals who are not poor (i.e. yi > z) their

poverty value is 0, and for all others individual poverty is calculated by:
(
z−yi
z

)α
.

The severity measure, which occurs when α =2, was designed to capture certain relation-

ships between changes in poverty at the individual level and population level, which will also

be useful when studying changes in BMI and obesity. First, the measure is unaffected by

changes in income amongst the non-poor (Foster et. al, 1984). Second, severity increases

not only when a person transitions into poverty, but also when a poor person becomes more

poor (Foster et. al, 1984). Third, the measure is decomposable which allows us to study

changes in subgroups. However, to apply the measure to the obesity outcome requires a few

modifications, which were first introduced by Jolliffe (2004).

Following Jolliffe (2004) the poverty measure adapted for use in obesity reflects that poverty

is defined as having a BMI above a certain threshold (i.e. BMI=30 for obesity), rather than

below a certain income level:
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P (BMI; z) =
1

N

∑
i

I(BMIi > z)

(
BMIi − z

z

)α
(1.2)

When α = 0 the FGT measure takes on the familiar prevalence form:

Prevalence =
1

N

∑
i

I(BMIi > z)

(
BMIi − z

z

)0

=
1

N

∑
i

I(BMIi > z) =
q

N
(1.3)

Where q corresponds to the number of individuals with a BMI at or above a certain thresh-

old. Notice that the prevalence rate assigns a weight of 0 (since α = 0) to the depth (defined

by
(
BMIi−z

z

)
) of each individuals obesity. Thus prevalence only takes into consideration the

number of obese individuals but not how obese they are, which is given by the depth of

obesity. This implies that an individual with a BMI of 31 would be considered equally as

obese as an individual with a BMI of 50. This also means that prevalence is unable to detect

changes within the obese population that stays obese over time.

When α = 1 the FGT measure is known as the depth and takes the form:

Depth =
1

N

∑
i

I(BMIi > z)

(
BMIi − z

z

)
(1.4)

Now the measure in equation 1.4 is sensitive to the depth of an individual’s poverty.This

means that it can help to differentiate between populations and subgroups based not only on
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the number of individuals who are obese, but also on cumulative obesity within the popula-

tion. However, it still gives equal weight to all changes in BMI, regardless of baseline BMI.

This would suggest a uniform benefit from weight loss, however, as was previously discussed

the benefit of weight loss is likely to be greater for those with more severe obesity.

To capture the relationship between health risk and BMI it is necessary to utilize severity

defined by α = 2:

Severity =
1

N

∑
i

I(BMIi > z)

(
BMIi − z

z

)2

(1.5)

The measure in equation 1.5 uses the squared depth, which provides a greater penalty to

individuals with very high BMI’s, which makes the measure sensitive to the distribution

of obesity in a population. Squaring the depth results in a greater changes in the severity

measure when weight loss is experienced by a severely obese individual as compared to an

individual with a BMI close to the obese threshold. While this measure uses a quadratic

specification for the relationship between health risks and changes in BMI, this is not in-

tended to suggest the relationship is quadratic, rather, it is used to capture a more general

non-linear relationship, and provide a comparison to measures that would only imply a linear

relationship between changes in BMI and obesity health risks.
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A simple example can better demonstrate the benefits of the severity relative to prevalence

and continuous BMI when trying to detect changes in BMI that translate to changes in

population health risks. Consider two populations, A and B, which both have 10 obese

individuals but in population A all individuals have a BMI of 35 while in population B all

individuals have a BMI of 60. If all individuals in both populations lose 5 BMI points, then

the average BMI in population A is 30, and 55 in population B. Given the previous research

on obesity health risks, we would conclude that since population B had higher levels of BMI

at baseline, they should experience the greatest benefits from weight loss. However, contin-

uous BMI would conclude the average change was the same for both populations, and the

prevalence rate would conclude there was no change (since no one in either population lost

enough weight to fall below the obesity threshold). Only severity would reveal an important

distinction between the distribution of weight loss within the two populations that would

have important implications for the potential effect on health risks. Unlike the previous

statistics, severity would recognize the reduction was greater for population B as compared

to A: population A experienced a reduction in severity by 2.78 while population B experience

a 30.56 reduction in severity.
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1.3 Data

To illustrate the benefits of utilizing severity in conjunction with prevalence and contin-

uous BMI to better capture the full effect of a weight loss intervention the baseline and

6-month data from a cluster randomized control trial (CRT) for worksite weight loss will be

used as a case study. The CRT randomly assigned recruited worksites to two conditions:

a less-intensive quarterly newsletter program that provided information on healthy eating

and physical activity (LMW); or an individually-targeted internet-based intervention with

monetary incentives (INCENT). To be eligible worksites had to: provide internet access to

their employees; have between 100 and 600 employees; have employees physically located in

one site with access to a central location for kiosk weigh-ins; and agree to conduct a brief

health survey of the entire employee population. To be eligible participants had to: be adults

(>18 years old); have a BMI≥25 kg/m2; not currently pregnant or pregnant in the last 12

months; not currently participating in a weight loss program (e.g. Weight Watchers); free of

serious medical conditions (e.g. terminal cancer, recent heart attack); be employed by one of

the participating worksites; and have access to the internet at their work location (Almeida

et. al, 2015).

At baseline, a total of 1,737 individuals out of the 1,790 participants had non-missing baseline

weight outcomes. At six-months, one worksite in LMW group dropped out as a whole and

thus the participating employees from this worksite (n=54) were excluded from the analysis.
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Furthermore, the study excluded those individuals who left the intervention due to serious

medical conditions or job loss (n=65), or who had missing values for the baseline covariates

controlled in the treatment effect model (n=169). Thus, our final sample consists of 27

clusters (14 in INCENT and 13 in LMW) with 1,502 individuals (871 in INCENT and 631

in LMW). Missing BMI outcomes at 6 months were addressed using the last observation

carried forward. For more information on the design of the intervention and 6-month weight

and behavioral outcome effectiveness assessment please see Almeida et. al (2015).

Baseline statistics were calculated at the worksite level to ensure balance was achieved during

randomization. Because the panel is unbalanced (i.e. there are different numbers of partici-

pating employees in each worksite) both weighted and unweighted analysis was conducted.

The weighted method takes into account the different sized clusters when calculating means

and t-tests (Hayes and Moulton, 2009). Since the results of both methods were similar only

unweighted means are reported. The similarity of the results provide additional evidence of

the validity of the randomization process. Table 1.1 contains the baseline summary statistics.

From the table we can see that at baseline the only significant difference between INCENT

and LMW at the cluster level is worksite years (i.e. the number of years an individual was

employed at their worksite) and percentage of employees who are managers.
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1.4 Analytical Plan

The analysis follows a traditional analytical plan for intervention studies. First, the time

effect in INCENT and LMW using each measure, prevalence, continuous BMI, and severity,

was estimated. Then, the relative program effect (i.e. INCENT vs. LMW) was estimated

using continuous BMI as the outcome. All estimated models, both time and treatment effect,

utilized linear mixed effect models with cluster robust standard errors, and the differences

between 6-months and baseline outcomes served as dependent variables. For prevalence, this

suggests a linear probability model was used.

In CRT studies with voluntary participation, certain factors may affect both individuals’

decision to enter the weight loss program and their weight loss outcome. These factors are

known as the ”must case” covariates, and must be controlled for to avoid a biased treatment

effect (Cameron and Trivedi, 2005). Behavioral theory indicates ”must case” covariates

come from three sources: demographic, worksite and health status (Wang and Beydoun,

2007; Guh et. al, 2009; Robroek et. al, 2009; You et. al, 2011). The treatment effect model

includes age, gender, race, ethnicity, income, education, occupation type, dummy to identify

those with no child, dummy to identify those with heart disease, high blood pressure, and

arthritis, tenure (i.e., the number of years an individual has worked at their current worksite),

the degree of comfort with the internet, the degree of comfort with e-mail, and individual’s

health literacy level as covariates. Furthermore, given the disparities in obesity prevalence
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subgroup analysis by race was conducted.

1.5 Results

1.5.1 Time Effect

Table 1.2 contains the results for the time effect analysis for the full sample and by race

subgroups along with the baseline prevalence. Results show a significant decrease in BMI at

6-months for the full population (difference=-0.28, p<0.000), and for each of the two con-

ditions: INCENT (difference=-0.35, p<0.000) and LMW (difference=-0.19, p=0.03). This

significant decrease in BMI only extended to two race subgroups in LMW (Caucasians (dif-

ference =-0.22, p=0.03), African Americans (difference=-0.18, p=0.001)), but was found in

all race subgroups in INCENT ((Caucasians (difference =-0.33, p<0.000), African Americans

(difference=-0.41, p<0.000), Other (difference=-0.46, p=0.02)). While the INCENT condi-

tion experienced a significant decline in obesity prevalence (difference=-2.87, p=0.0003), this

finding only extended to the Caucasian subgroup (difference=-2.83, p<0.001) but not the

African American subgroup (difference=-1.83, p=0.2) or other subgroup (difference=-12.00,

p=0.07), despite a significant decline in BMI for all three groups.

Relying on changes in BMI and prevalence alone may have led to the conclusion that within

the INCENT condition Caucasians experienced the greatest benefit from the intervention
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(relative to African Americans or others) since they experienced a significant decline in both

BMI and prevalence. However, given that obesity health risks increase nonlinearly across

weight classes, a more complete assessment of changes in weight that could indicate changes

in health risks, requires knowledge of the distribution of weight loss across the baseline weight

status of participants. Incorporating the results from changes in severity, and using them in

conjunction with BMI and prevalence findings can better identify the distribution of weight

loss across the population.

Severity was calculated using Equation 3 and multiplied by 100 for comparison purposes.

Table 1 reports no significant changes in severity for the LMW condition despite several sig-

nificant declines in BMI. For the INCENT condition, severity declined significantly for the

overall group (difference=-0.25, p=0.006) and for the African American (difference=-0.69,

p=0.004). Since severity places greater weight on individuals with higher baseline BMIs

(i.e., more severe in obesity condition), a significant decline in severity suggests that the

individuals who lost weight were mostly those who were severely obese at baseline. This

result reveals that African Americans were more likely to have experienced improvements

in health risks since they experienced both a significant decline in severity and BMI. On

the other hand, for Caucasians in INCENT condition, the significant decline in BMI and

prevalence, but not severity, suggests that most individuals who lost weight had a BMI close

to the obese threshold at baseline (i.e., less severe in obesity condition). As was discussed

previously, the health risks related to obesity are greatest for the most severely obese indi-
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viduals, thus conducting analysis that is sensitive to the distribution of weight loss across

weight classes will help us to identify which subgroups experience weight loss that translates

to the greatest improvements in health risks.

To better understand the above results Table 1.3 shows the percentage of individuals in

INCENT who lost, gained, or experienced no weight change at 6 months by their baseline

weight status. Table 1.3 shows that among those Caucasians who lost weight 45.83% were

overweight at baseline while only 25% were obese II or III at baseline. However, among

those African Americans who lost weight a much larger proportion were obese II or III at

baseline as compared to overweight at baseline (54.57% vs. 20.24%). This finding would

suggest that the possible effects of the INCENT intervention on weight loss are not uniform,

but rather vary across race subgroup. This finding would have been lost if only BMI had

been used, but is important in order to better direct future research to develop sub-group

targeted interventions.

The severity measure helped us to better identify who in the population, based on baseline

BMI status, lost weight at 6 months. Importantly it revealed a potentially heterogeneous

response to the intervention within the race subgroups. As was discussed previously, the

health benefits of weight loss are greater for those who are more severely obese at baseline

because they are at greater risk for developing co-morbidities and are more likely to be cur-

rently experiencing them. A second finding regarding the benefits of weight loss was that



Jacquline N. Yenerall Chapter 1. Deeper Look at Weight Loss Program Effectiveness 16

greater benefits are experienced by greater weight loss. A loss of 5% and 10% has previously

been identified as a goal for achieving significant health benefits, we also know that for the

most severely obese achieving these goals will require greater weight loss than for their mildly

obese counterparts (Bjorntorp, 2001; ”Expert Panel Report,” 2014; Forsythe et. al, 2008;

Johnson et. al, 2011; Menzies et. al, 2012; Goldstein, 1992). Thus it will also be useful

to determine if those individuals who were more likely to lose weight in our subgroups of

interest also lost the most weight.

To further illustrate the underlying mechanism of the above findings, Figure 1.1 and Fig-

ure 1.2 show the percentage of individuals who achieved a 5% and 10% weight loss by 6

months for both conditions. The results are subdivided by race and baseline weight status

subgroups. For INCENT, the individuals in the African American subgroup who achieved

these clinically significant weight losses are more likely to be at least severely obese (i.e.

obese II and obese III) at baseline, this trend was not present in the Caucasian subgroup.

In the LMW condition, the Caucasians subgroup does show this trend, yet overall the per-

centage of Caucasians in LMW achieving either weight loss goals was smaller as compared

to INCENT which may have resulted in the insignificant severity time effect at 6 months.

The figures confirm the conclusions from the above time effect analysis in that African

American subgroup in INCENT which experienced the significant decline in severity, also

had the highest percentage of severely obese individuals experiencing clinically significant
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weight losses. Since the severely obese must lose relatively more weight to achieve the same

goal the figures also suggests a possibly heterogeneous response to the INCENT intervention

across race subgroups. In summary, using severity as an outcome in the time effect analysis

allowed for the identification of a possibly heterogeneous response to the intervention across

race subgroups by baseline weight status, which would have been hidden if BMI or prevalence

were used alone.

These findings from the time effect analysis suggest the need for more targeted models to

explore the full effect of the intervention on BMI, specifically as it relates to changes health

risks. Thus, in additional to the traditional full group analysis we also include subgroup

analysis by race and baseline weight status.

1.5.2 Program Evaluation

In this section we will investigate the relative effect of the incentivized internet-based inter-

vention (INCENT) compared to the standard intervention (LMW). A traditional analysis

would consider the average change in BMI for the full population. However the previous

section showed that using BMI alone would not reveal the full effect of changes over time.

Incorporating severity into our analysis revealed some potentially heterogenous responses

within the INCENT group by race and baseline weight status.
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Since we have a two time period panel we will be using the first difference (FD) model

to identify the relative average treatment effect on the treated (ATT) (represented by the

Group variable, which is 1 for INCENT and 0 for LMW), with BMI as the outcome. To

address the cluster randomization we will use a linear mixed model with cluster robust

standard errors. The model also controlled for: age, gender, race, ethnicity, income, edu-

cation, occupation type, no child, heart disease, high blood pressure, and arthritis, tenure

(or the number of years an individual has worked at their current worksite), comfort with

the internet, comfort with e-mail, and health literacy. Occupation, education, and income

were included as categorical variables (rather than decomposing them into occupation or in-

come status specific dummy variables) to act only as controls. These covariates were chosen

a priori based on prior evidence as to which variables are likely to influence the outcomes

of interest (Robroek et. al, 2009; You et al, 201; Guh et. al, 2009; Wang and Beydoun, 2007)

A traditional program evaluation for the effect of the intervention on continuous BMI would

have considered the overall results from the full sample found in Table 1.4, and concluded

there was no significant effect (coef =-0.18494, p=0.1). However, informed by the findings in

the time effect analysis we utilized more targeted models that consider potential differences

among race and gender subgroups, as well as among individuals who were at least severely

obese (obese II and obese III) at baseline. From Table 1.4 we can see that the time effect find-

ings translated into a significant relative treatment effect for the African American subgroup

in both the overall (coef=-0.3286, p=0.03), and obese II and III subgroup (coef=-0.88509,
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p=0.001) models.

Given the disparities in obesity within the race subgroups as well as the increasing health risks

associated with weight status, understanding the full effect of an intervention on weight loss

in at risk subgroups is an important step for directing future research to design targeted and

effective interventions for the most vulnerable sub populations. Using severity in conjunction

with prevalence and continuous BMI can help us identify the full effect of an intervention by

better incorporating health risks into outcome analysis due its sensitivity to the distribution

of BMI in the obese population.

1.6 Conclusions

One of the primary motivations for addressing the obesity epidemic comes from the relation-

ship between obesity and health risks. Previous research suggests a non-linear relationship,

however, traditional weight loss evaluation methods can only capture a linear relationship.

Thus relying on previous measures alone may not capture the changes in weight consistent

with changes in obesity health risks. Severity better captures a non-linear relationship by

using the square deviations of an individual’s BMI from the obesity threshold, which places

more weight on the individuals who are severely obese at baseline, making it more sensitive

to changes in their weight.
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Utilizing severity in the time effect analysis of worksite weight loss intervention led to the

identification of a heterogeneous response amongst the treatment arm’s race subgroups.

While Caucasians experienced a significant decline in obesity prevalence and BMI, African

Americans experienced a significant decline in BMI and severity. This indicated that African

Americans who lost weight were more to be likely severely obese at baseline, which translates

to potentially greater reductions in obesity related health risks.

These findings were used to develop a more informed relative treatment effect analysis that

revealed a significant relative treatment effect amongst African Americans, which would have

been hidden had prevalence and BMI been used alone. Although these findings should be

interpreted with some caution given the low representation of African Americans in the sam-

ple, the methods outlined in this paper will help future researchers better design the analysis

of their interventions to reflect the interventions effect on weight loss and obesity health risks.

Given the disparities in the obesity prevalence amongst subgroups as well as the nonlinear

relationship between BMI and obesity health risks, understanding the full effect of an in-

tervention on weight outcomes is an important step in developing effective interventions for

the most vulnerable subpopulations. Severity can be used in conjunction with traditional

measures to identify the effect of an intervention on weight changes that can be translated to

changes in obesity health risks. This can direct future research by identifying interventions

and programs that are more likely to be effective amongst the most at risk subpopulations.
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Tables

Table 1.1: Baseline Summary Statistics, Cluster Level

Total INCENT LMW
BMI 33.32 33.24 33.39

(1.41) (1.48) (1.39)
Severity 5.62 5.57 5.67

(2.46) (2.87) (2.09)
Caucasian(%) 77.32 72.66 81.97

(21.83) (20.60) (22.78)
African American(%) 19.14 24.02 14.26

(21.75) (20.99) (22.15)
Other(%) 3.55 3.32 3.79

(2.49) (2.23) (2.78)
Female(%) 73.82 80.21 67.43

(20.01) (10.84) (25.02)
Male(%) 26.18 19.79 32.57

(20.01) (10.84) (25.02)
Spouse(%) 60.71 58.28 63.14

(7.94) (7.36) (8.00)
Worksite Years 9.75 8.12 11.38**

(3.37) (3.00) (2.98)
Heart Disease(%) 4.71 2.71 6.70

(8.06) (3.66) (10.63)
Diabetes(%) 10.37 8.54 12.21

(8.89) (5.67) (11.17)
High Blood Pressure(%) 32.54 29.04 36.03

(11.41) (10.85) (11.25)
Arthritis(%) 18.34 14.94 21.74

(10.33) (5.24) (13.02)
Income<$50,000(%) 37.93 39.63 36.22

(16.17) (16.83) (15.92)
Income $50,000-$99,999(%) 38.10 37.68 38.53

(7.56) (5.53) (9.36)
Income>$100,000(%) 21.51 21.28 21.73

(13.72) (13.98) (13.99)
Manager(%) 14.14 11.28 17.01**

(6.02) (4.27) (6.27)
Sales(%) 7.56 9.97 5.15

(14.60) (18.90) (8.54)
Service(%) 3.48 3.60 3.35

(4.14) (3.96) (4.46)
Office(%) 19.83 21.63 18.03

(9.57) (10.63) (8.38)
Equipment(%) 7.29 5.66 8.91

(13.76) (13.74) (14.11)
Other(%) 15.07 15.15 14.99
Stars refer to a significant difference between the INCENT and LMW group

*= p <.05 **= p <.01 ***= p <.001
Continued on next page
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Table 1.1–continued from previous page
Total INCENT LMW
(8.54) (9.88) (7.35)

Note: Weighted means were also calculated, but because they were
very similar to unweighted means the results are not reported

Stars refer to a significant difference between the INCENT and LMW group
*= p <.05 **= p <.01 ***= p <.001
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Table 1.2: Changes in BMI, Prevalence and Severity Over Time

Mean(SD) Total Time Effect INCENT Time Effect LMW Time Effect
Baseline 6 months Coef(CRse) Baseline 6 months Coef(CRse) Baseline 6 months Coef(CRse)

Full Population
BMI 33.35 33.06 -0.28*** 33.25 32.90 -0.35*** 33.50 33.29 -0.19*

(6.41) (6.49) (0.06) (6.39) (6.48) (0.06) (6.44) (6.50) (0.09)
Prevalence 63.05 61.58 -1.36 63.61 60.73 -2.87*** 62.28 62.76 0.55

(48.28) (48.66) (0.76) (48.14) (48.86) (0.81) (48.51) (48.38) (1.19)
Severity 5.46 5.25 -0.21** 5.35 5.10 -0.25** 5.61 5.46 -0.16

(12.03) (11.67) (0.08) (12.25) (11.74) (0.09) (11.73) (11.58) (0.14)
Race
Caucasian
BMI 33.01 32.73 -0.28*** 32.72 32.39 -0.33*** 33.37 33.14 -0.22*

(6.29) (6.41) (0.06) (6.12) (6.29) (0.07) (6.48) (6.53) (0.10)
Prevalence 60.02 58.91 -1.04 59.65 56.83 -2.83** 60.45 61.38 1.05

(49.01) (49.22) (0.83) (49.10) (49.57) (0.88) (48.94) (48.73) (1.26)
Severity 5.03 4.88 -0.15 4.58 4.46 -0.12 5.56 5.37 -0.19

(11.59) (11.23) (0.09) (11.35) (10.86) (0.13) (11.85) (11.65) (0.15)
African American
BMI 35.03 34.68 -0.35*** 35.21 34.80 -0.41*** 34.51 34.33 -0.18**

(6.80) (6.76) (0.08) (6.88) (6.78) (0.10) (6.55) (6.74) (0.06)
Prevalence 76.16 73.67 -2.49* 77.51 75.60 -1.83 72.22 68.06 -7.43

(42.69) (44.12) (1.16) (41.85) (43.05) (1.53) (45.10) (46.95) (5.77)
Severity 7.69 7.23 -0.49* 8.04 7.39 -0.69** 6.69 6.75 0.06

(14.22) (13.87) (0.20) (14.83) (14.32) (0.24) (12.29) (12.56) (0.13)
Other
BMI 31.86 31.75 -0.11 30.48 30.03 -0.46* 33.35 33.62 0.29

(5.30) (5.35) (0.22) (5.45) (5.46) (0.20) (4.81) (4.64) (0.41)
Prevalence 60.42 56.25 -4.19 48.00 36.00 -12.00 73.91 78.26 4.35

(49.42) (50.13) (5.21) (50.99) (48.99) (6.56) (44.90) (42.17) (7.75)
Severity 2.87 2.77 -0.10 2.34 2.19 -0.38 3.44 3.41 -0.03

(5.29) (4.85) (0.23) (5.60) (5.34) (0.31) (4.98) (4.27) (0.45)
Stars refer to a significant difference between baseline and 6 month

*= p <.05 **= p <.01 ***= p <.001
Note:Time effect tested with a linear mixed model (outcome was 6 month difference) and cluster robust standard errors
(CRse). Severity multiplied by 100. Sample size restricted to individuals with complete responses to: Rapid Assessment
of Physical Activity (RAPA), female, age, caucasian, African American, hispanic, no child, tenure, comfort with internet,
comfort with email, heart disease, high blood pressure, arthritis, education, income, occupation, health literacy
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Table 1.3: Changes in Weight by baseline BMI Status: INCENT Group

Change in Weight at 6 months
Lost Weight No Change Gained Weight Total

Baseline Weight Status
Overweight
Caucasian 45.83% 35.2% 37.63% 40.35%
African American 20.24% 14.93% 34.48% 22.49%

Obese I
Caucasian 29.17% 28.49% 32.99% 30.14%
African American 26.19% 47.76% 37.93% 36.36%

Obese II
Caucasian 14.02% 18.99% 20.62% 17.43%
African American 26.19% 19.4% 13.79% 20.57%

Obese III
Caucasian 10.98% 17.32% 8.76% 12.09%
African American 27.38% 17.91% 13.79% 20.57%

Total
Caucasian 100% 100% 100% 100%
African American 100% 100% 100% 100%

Weight Status Definitions:
Normal: BMI< 25, Overweight: 25≤BMI<30; Obese I: 30≤BMI<35;

Obese II: 35≤BMI≤30; Obese III BMI≥40
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Table 1.4: Relative Program Treatment Effect for the First Difference of BMI

Full Sample Subsamples
Race

Coef(CRse) Caucasian African American
Overall
Group -0.1849 -0.1356 -0.3286*

(0.1143) (0.1267) (0.1482)
Obese II&III
Group -0.1196 -0.0195 -0.8851**

(0.1760) (0.2418) (0.2762)
*= p <.05 **= p <.01 ***= p <.001

Note the following variables were controlled for: RAPA, female, age,
Caucasian, African American, hispanic, no child, tenure, comfort with
internet, comfort with email, heart disease, high blood pressure,
arthritis, education, income, occupation, health literacy
Linear mixed model and cluster robust standard errors (CRse) were used
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Figures

Figure 1.1: INCENT: Five Percent Weight Loss

Figure 1.2: INCENT: Ten Percent Weight Loss
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Chapter 2

Missingness in Cost Effectiveness
Analysis: Comparison of Sample
Selection Model

2.1 Introduction

Cost-effectiveness trials which follow individuals over multiple time periods are likely to lose

individuals to drop out, or loss to follow up. This is more generally known as attrition,

and failure to appropriately address the resulting missing observations can result in biased

estimates and misleading conclusions (Nobel et al, 2012; Faria et al., 2014; Rubin and Little,

2002; Diaz-Ordaz et al., 2014). In cost-effectiveness analysis (CEA) bias in either the incre-

mental cost or effectiveness estimates will bias the incremental net benefit (or incremental

cost-effectiveness ratio). Since these results are used to inform health policy, it is necessary

to be especially careful regarding how missing data is handled (Faria et al, 2014). Compli-

cated experimental designs, such as cluster randomized trials (CRT) also call for greater care

when addressing missingness, as previous research has shown methods even for complete data

33
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are sensitive to the CRT design (Gomes et al, 2011; Flynn and Peters, 2005; Ng et. al, 2013).

Of greatest concern is when observations are systematically missing, i.e. missing not at ran-

dom. In this case, if appropriate methods are not used to address the missingness it will

result in biased point estimates (Rubin and Little, 2002). Sample selection models are one

method which attempts to addresses systematic missingness by simultaneously estimating

the outcome and missingness mechanism (Rubin and Little, 2002; Diggle and Kenward, 1994;

Heckman, 1976). Both the statistics and econometrics literature have produced forms of this

type of model, where an important difference between the two models is how they concep-

tualize the missingness mechanism (Diggle and Kenward, 1994; Heckman, 1976). However,

neither model explicitly incorporates the CRT structure. Thus, the purpose of this paper is

to compare the performance of these two sample selection models when applied to the CEA

of a CRT panel. To accomplish this, I will analyze the 12-month results from a worksite

weight loss trial and conduct a small Monte Carlo simulation experiment.

2.2 Current Practice

Analyzing data from a cluster randomized trial (CRT) in a cost effectiveness analysis (CEA)

presents many challenges. Cluster randomized trials use a higher level, such as a workplace

or hospital, as their unit for randomization, and then participants are recruited within those
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units (Ng et. al, 2013). This is problematic because individuals within a group are more

likely to act more similarly, then individuals across groups. This behavior can result in

correlation between individual outcomes, which violates the independent and identically dis-

tribution assumption required for standard linear models (Goldstein, 1995). Such a violation

leads to a bias estimation of the standard errors, which can result in misleading conclusions

about the effectiveness of interventions. (Goldstein, 1995). Further complications are intro-

duced when trying to conduct a CEA of CRT, given the potential correlation between and

individual’s cost and effect, and the skewed distribution associated with health costs (Gomes

et al, 2011; Flynn and Peters, 2005; Ng et. al, 2013).

Previous research to identify the best methods to address the unique problems associated

with the CEA of a CRT has focused on comparing the performance of methods that are

designed to address clustering, which has included multilevel models, cluster robust stan-

dard errors, two stage bootstrapping, and methods to address issues stemming from the

cost-effectiveness analysis, which has included seemingly unrelated regression, and general-

ized linear models (Bachman et. al, 2007; Grieve et. al, 2007; Ng et. al, 2013; Turner et.

al, 2006). However, much of this research was conducted using case studies, so it is unclear

how generalizable the conclusions are. Monte Carlo simulations provide an opportunity to

isolate those attributes from either the CEA or CRT design considered most important to

the properties of an estimator, and compare the performance of different methods in a con-

trolled environment (Burton et. al, 2006). Simulation studies pertaining to the CEA of
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CRT have found that two-stage bootstrapping, and multilevel models (MLM) are able to

appropriately address the various challenges (Gomes et al, 2011; Gomes et al, 2012; Flynn

and Peters, 2005). However, these simulations have only considered datasets with complete

observations, and methods to address attrition in these complex settings have received less

attention.

Missing data is a routine occurrence in experimental data, and if not addressed appropri-

ately it can bias point estimations (Nobel et al, 2012; Faria et al., 2014; Rubin and Little,

2002; Diaz-Ordaz et al., 2014a). Often the missingness is a result of attrition, which occurs

when experiments follow individuals over time and participants are either lost to follow-up

or drop out of the study, and are not observed again after the time period in which they

go missing (Rubin and Little, 2002). Previous literature has consistently found that when

data is missing either in CEA, CRT, or CEA of CRT it is most often ignored, or simplistic

methods such as complete case analysis or last observation carried forward are utilized (Dias-

Ordaz et al, 2014a; Dias-Ordaz et al, 2014a; Dias-Ordaz et al, 2014b; Nobel et al, 2012).

These methods are valid only when observations are missing completely at random, which

is very difficult to justify in a clinical trial (Rubin and Little, 2002; Dias-Ordaz et al, 2014 b).

The limited research on methods to address missingness in the CEA of CRT has focused

on evaluating and adapting multiple imputation (MI) to incorporate the clustered nature of

the data (Gomes et. al, 2013; Dias-Ordaz et. al, 2014b). By comparing a MI model that
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does not address clustering, with a MI model that does address clustering, the researchers

were able to show that in the case of data which is missing at random, the CRT specific

model outperformed more naive alternatives (Gomes et. al, 2013). However, MI models are

only appropriate when the data is missing at random, and in the case that missingness was

not at random, which includes attrition, the CRT specific MI model resulted in biased point

estimates (Gomes et al, 2013). Thus highlighting the importance of not only addressing the

CRT structure, but also the appropriate type of missingess.

Sample selection models propose addressing the bias from attrition by modeling the joint

distribution of the outcome and missingness. Forms of sample selection models have been

developed in both the statistics, with the Diggle Kenward model, and econometrics, with the

Heckman model, literature (Diggle and Kenward, 1994; Heckman, 1976). One of the most

important differences between these two models comes from differences in how the disciplines

conceptualize the missingness mechanism. While the Diggle Kenward (DK) model relies on

differences in time trends between the observed and missing groups, the Heckman looks to an

external mechanism to drive attrition. However, neither model directly addresses the CRT

structure and given the past research showing the sensitivity of general estimation models

when applied to CRT it is important to assess the performance of sample selection models.
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2.3 Sample Selection Models

The first step in conducting a CEA is to estimating the incremental cost and effectiveness

for the intervention of interest. While the goal for this stage of the analysis is generally to

produce an estimate that can evaluate the effectiveness or cost for the population of interest,

a researchers ability to produce unbiased estimates can be affected by what data they use

(Schafer and Graham, 2002). Many of the statistical models, and their properties, used in

CEA are built from the assumption of repeated samples, in which it assumed the sample

contained in the dataset, Y, could be replicated through a repeated experiment (Schafer and

Graham, 2002). However, in the case that there is attrition the true dataset, Y, partitions

into individuals who are completely observed, Y o, and individuals who go missing, Y m, at

some point in the trial. Although the goal of the analysis is to make inferences about Y,

most researchers rely only on Y o. If Y m varies systematically from Y o, then ignoring to Y m

and relying only Y O will result in biased conclusions about Y.

Sample selection models attempt to address this potential bias by recognizing the presence

of two mechanisms, the mechanism which drives missingness, and the mechanism which

drives the outcome, and estimating them jointly to obtain an unbiased estimate for the full

population (Rubin and Little, 2002; Amemiya, 1985). The Diggle Kenward (DK) model

from the statistics literature, and the Heckman model from econometrics are two forms of

a selection model (Diggle and Kenward, 1994; Heckman 1976). Both introduce a second
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random variable to represent the missingness process. Diggle Kenward frames the missing-

ness process in terms of dropout, D, which captures the probability of not being observed.

Whereas Heckman considers the sample selection process, Y S which captures the probability

of being observed in the sample. How each model frames the missingness process represents

a important difference between the two models, and could affect their performance when

evaluating the CEA of a CRT. To understand the differences and developments of the mod-

els more thoroughly, the next two sections reviews each model in more detail.

2.3.1 Heckman Model

The Heckman model comes from the Tobin family of econometric models, which were origi-

nally developed for cross sectional data with a large point mass over zero (Amemiya, 1985).

Although the behavior under consideration is different, the motivation was the same: ad-

dressing bias that would result in the conditional expectation of the outcome should the zero

values be ignored (Amemiya, 1985). That is, the bias that would result from estimating the

model using only positive outcomes, and ignoring the observation with a zero value.

Heckman’s specific form of the Tobin model was developed when he was attempting to esti-

mate a wage function for women where a large number of observations have a recorded wage

of zero in the survey (Heckman, 1976). These zeros did not represent missing values, rather
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the zero values reflect the choice not to work. However, in the case that there are unobserved

factors which influence both the decision to work and wages, estimating the wage equation

using ordinary least squares will result in biased estimates. Thus, Heckman’s specific form

of the Tobin model allows for correlation between the two equations.

Heckman is also credited with recognizing that this model could be extended to situations in

which the point mass over zero was a result of missing observations(Heckman, 1974). Instead

of choosing to work, individuals now choose to be part of the sample. Thus, the econometric

sample selection model incorporates an underlying behavioral theory on missing or censored

data (Amemiya, 1985; Heckman, 1976). In the Heckman model, attrition bias is driven by

omitted variables that would affect both the selection and the outcome process. This results

in correlated outcomes, that require joint estimation to avoid bias. The model is represented

by the following set of equations:

Y s = 1ifR∗ > 0

= 0ifR∗ ≤ 0

Y ∗ = Y oifY s = 1

= Y mifY s = 0

(2.1)

Where:

R∗ = Wθ + V

Y = Xβ + U
(2.2)
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The first equation, Y s, captures the selection process, and the second equation, Y, captures

the outcome process. In both, the outcome and sample selection process follows a latent

variable process (where R∗ and Y ∗ represent the latent variables). This implies that while

we only observe the binary outcome Y s, the sample selection actually follows a continuous

process. This latent variable process represents the individuals optimization problem, in the

case that they determine it is optimal to be observed in the sample R∗ > 0, Y s = 1 and Y

is observed.

The goal of the model is to estimate the outcome equation, Y ∗, however, as was discussed

previously Y ∗ is only observed in the case that that Y s = 1. The question then is, can we

consistently estimate Y ∗ using ordinary least squares given the sample selection process?

E(Y |X, Y s ≥ 0) = Xβ + E(U |V ≥ −Wθ) (2.3)

Clearly, unless U is independent of V , the conditional mean of W will be non zero, and

a sample selection bias in the parameters of Y will result. Given the linear form of both

the selection process and the outcome, assuming a joint distribution (here bivariate normal)

for the error terms allowed Heckman to derive the exact form of the sample selection bias

(Heckman, 1976).
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(
V
U

)
∼ N{

(
0
0

)(
1 σV U
σV U σ2

U

)
} (2.4)

Since the error terms are bivariate normal, they will also display linear dependence (Vella,
1998).

U |V ∼ N(σV U , σ
2
U − σ2

V U)

U = σV UV + ε

Where:

ε ∼ N(0, σ2
U − σ2

V U)

(2.5)

We can then substitute this definition for U back into equation 2.3:

E(Y |X, Y s = 1) = Xβ + E(σvuV + ε|V > −Wθ)

= Xβ + σV UE(V |V > −Wθ)

Where:E(V |V > −Wθ)describes the mean of a truncated standard normal

= Wβ + σV U

(
φ(Wθ)

1− Φ(−Wθ)

)
= Wβ + σV U

(
φ(Wθ)

Φ(Wθ)

)
= Xβ + σV Uλ(Wθ)

(2.6)

In the last line, λ(Wθ) is known as the inverse mills ratio, and it indicates the probability

that an individual will be included in the sample (Heckman, 1976). Although not explicitly

designed for a longitudinal setting, the model could be used in this setting if researchers are
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willing to assume the selection process is the same in every period.

One advantage of deriving an explicit form for the bias and utilizing two separate equations

for the selection and outcome process is that it increases the options for estimation. The

explanation above outlines the two step approach, which estimates the sample selection bias

in the first stage using a probit model, then includes the the estimate in the second stage,

which is estimated using ordinarily least squares (Heckman, 1976). Alternative, a maxi-

mum likelihood approach can be used to simultaneously estimate the selection and outcome

process (Amemiya, 1985). In the MLE the correlation between the two equations is parame-

terized in the model as ρ. The log likelihood for the MLE for the Heckman model is as follows:

For those who are observed:

Lij = Φ

(
wijθ + (yij − xijβρ/σ

(1− ρ2)1/2

)
− 1/2

(
yij − xijβ

σ

)2

− ln((2πσ)1/2)

For those who are not observed

Lij = lnΦ(−wijθ)

(2.7)

The test for the presence of a sample selection bias in the Heckman model, is the significance

of the coefficient associated with the estimated sample selection bias. In the two step model,

this is the significance of the inverse mills ratio, and in the MLE it is the test for significance

of ρ.
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2.3.2 Diggle Kenward (DK) Model

The Diggle Kenward (DK) model was developed from Rubin’s theories on mechanisms in

missingness (Rubin and Little, 2002; Diggle and Kenward 1994). The purpose of this theory

was to identify the conditions under which missingness could be ignored without biasing the

analysis of the outcome of interest (Rubin, 1976). Thus, to understand how the Diggle and

Kenward model proposes to address attrition bias, it is necessary to first understand Rubin’s

theories on missingness, since they serve as the basis for the DK model.

Rubin’s theory begins by explaining how missingness affects a complete dataset, and then

missingness mechanism are developed to capture different possible relationships between

missingness and the outcome of interest (Rubin 1976, Rubin and Little, 2002). Let Y ∗ = (y∗ij)

denote the complete sample that would have been obtained if there was no missing data.

The missing components of Y ∗ are Y m = (ymij ) and the observed are Y o = (yoij) (Diggle et

al., 2002). Where the index i = 1, ....N refers to the number of individuals, and the index

j = 1, ....T refers to the number of time periods under observation.

The random variable indicator for missingness, R, is equal to zero when an observation is

missing, and one when an observation is observed. In attrition, there is an additional random

variable known as the drop out indicator Di that refers to the time period in which an individ-

ual first goes missing, since after this time period they are not observed again. Thus, in the
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case that drop out occurs at Di = d then yi1, .....yi,d−1 are observed and yid, ...yiT are missing.

Using this information makes it possible to re-express the distribution of the sample, as the

joint distribution of the missing portion of the sample, observed portion of the sample, and

missingness process: f(Y o, Y m, R|θ, β) where θ and β are unknown parameters for the dis-

tribution of the outcome, Y, and missingness, R, respectively. Using standard factorization

rules we can rewrite it as:

f(Y o, Y m, R|θ, β) = f(Y o, Y m|β)f(R|Y o, Y m, θ) (2.8)

To make this distribution compatible with likelihood methods, it is then necessary to inte-

grate out the missing values so that the joint distribution is in terms of the observed random

variables only (Diggle et al., 2002).:

f(Y o, R|θ, β) =

∫
f(Y o, Y m|β)f(R|Y o, Y m, θ)dY m (2.9)

Simplifying this distribution any further requires the introduction of Rubin and Little’s

(1987) classification of missingness mechanisms. This classification system focuses on fur-

ther defining the conditional distribution of missingness, based on the relationship between

the random variable for missingness and the outcome (Rubin and Little, 2002). For panel
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datasets, this requires defining the relationship between past and current observations.

The most restrictive case is called missing completely at random (MCAR), this assumes that

missingness is independent of both the observed and missing outcome:

f(R|Y o, Y m, θ, β) = f(R|θ)for allY o, Y m, θ (2.10)

In the case of longitudinal data, this would imply (Rubin and Little, 2002):

Pr(Di = d|yi1, ...., yiT ) = θfor allyi1, ..., yiT (2.11)

In the case that the missingness variable depends on the observed outcome, but not the

missing outcome it’s known as missing at random (MAR)

f(R|Y o, Y m, θ, β) = f(R|Y o, θ)for allY m, θ (2.12)

In the case of panel data, this implies that missingness can depend on values observed prior

to drop out, but not on values at the time of drop out (Rubin and Little, 2002).
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Pr(Di = d|yi1, .., yiT ; θ) = Pr(Rt = d|yi1, .., yi,d−1, θ)for allyi1, ..., yiT (2.13)

Finally, in the case that missingness depends on both the observed and missing observation,

the conditional distribution cannot be further simplified and results in the missing not at

random (MNAR) mechanism. Using these definitions we can see that when the mechanism

is MCAR or MAR the joint distribution f(Y o, R|β, θ) further simplifies to:

f(Y o, R|θ, β) =

∫
f(Y o, Y m|β)f(R|Y o, Y m, θ)dY m

= f(R|Y o, θ)

∫
f(Y o, Y m|β)dY m

= f(R|Y o, θ)f(Y o|β)

(2.14)

In the case that the missing data follow follows the MAR mechanism and the parameters for

the missingness process and the outcome process are distinct (i.e. the parameter space of

(θ, β) is the product of the parameter space for θ and β) then the missing-data mechanisms

is ignorable (Rubin and Little, 2002). However, the ignobility of the missing data mechanism

only holds when using likelihood based inferences (Rubin and Little, 2002).

Simplistic methods such as complete case analysis or last observation carried forward rely

implicitly upon the MCAR assumptions, because they ignore the missingness mechanism and
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do not utilize likelihood methods (Little and Rubin, 2002; Faria et al., 2014; Molenberghs

and Kenward, 2007). However, in practice the MCAR assumption is not very realistic (Little

and Rubin, 2002). Thus, different methods have been developed to estimate models which

are assumed to have data missing at random. These methods include multiple imputation

(MI), expectation maximization (EM), and methods utilizing likelihood functions (Little and

Rubin, 2002; Molenberghs and Kenward, 2007).

Within the literature on missing data in CEA and CRT the focus has been on adapting

multiple imputation (MI) to address the complex nature of the data. MI was originally

developed to address missing data in large, publicly available datasets where the imputation

and analysis would be done separately (Rubin, 1996). As its name suggested, unlike single

imputation where a missing value may be replaced with a single value (such as in mean

imputation), in multiple imputation the imputation stage is repeated many times to account

for uncertainty not only in the data generating process, but also in the imputation process

(Rubin, 1996; Schafer 1999). MI is most often used to address cases when it is assumed the

data is MAR, although it can be adapted for use in the MNAR case (Ruin, 1996; Gomes et

al, 2013; Diaz-Ordaz et al, 2014a).

Previous research on the application of MI to CEA of CRT and has shown that it is impor-

tant to incorporate the hierarchical structure of the dataset into the method used to address

missingness to avoid bias estimation (Gomes et al, 2013; Diaz-Ordaz et al, 2014a). To do
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this, researches have used multilevel models in both the imputation and analysis stages of

MI (Gomes et al, 2013; Diaz-Ordaz et al, 2014a). However, these models were only designed

to analyze missing data that resulted from MAR and from a two time period study. In one

application, it was shown that when the true missingness mechanism was MNAR the MI

model adjusted for the hierarchical nature of the data was still biased (Gomes et al, 2013).

This clearly demonstrates the importance of identifying models that will yield valid inference

under the MNAR mechanism and are suited to handle the complex nature of CEA and CRT

data.

In the case that we believe the data is missing not at random (MNAR) it is not possible

to ignore the missingness mechanism in the joint distribution of the outcome. The original

factoring of the joint outcome, equation equation 2.8, used the marginal distribution of the

outcome, and the conditional distribution of the missingness mechanism, this results in the

sample selection model (Rubin and Little, 2002).

The Diggle and Kenward model is one of the most widely cited examples of how to op-

erationalize the sample selection model for the case of attrition in the panel data setting

(Diggle and Kenward, 1994; Rubin and Little, 2002; Molenberghs and Kenward, 2007). The

purpose of their original paper was to develop a model that could nest MCAR and MAR

in an MNAR model (Diggle and Kenward, 1994). Diggle and Kenward noted in their pa-

per that they believe developing a model that could distinguishing and test for differences
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between MNAR and MAR was a more important than distinguishing between MCAR and

MAR (which had been the focus of previous papers) because failure to distinguish between

the former would result in bias parameter estimates of the outcome equation (Diggle and

Kenward, 1994).

In this model, the sample selection process is a function of the history of observed obser-

vations up to the time of drop out at j = d, Hd = (yi1, ...., yi,d−1, and y∗id) the value of the

outcome that would have been observed had the individual not dropped out. This speci-

fication of the selection equation incorporates Rubin’s theory on missingness mechanisms,

and suggests that different trends amongst the observed and unobserved individuals drives

attrition bias. The probability of drop out is given by:

P (R = d|Hd) = pd(Hd, y
∗
id; θ) (2.15)

Given that this model was only for the attrition pattern, it assumes there is no missingness

in the first time period and that:

P (Yk = 0|Hk, Yk−1 = 0) = 1 (2.16)
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In the case of MCAR, pd() depends on neither Hd nor y∗id; in the case of MAR, pd() depends

on Hd but not y∗id; and finally in MNAR, pd() depends, most importantly, on y∗id and possibly

also on Hd. Note that while the model generally allows for missingness mechanisms to depend

on the complete history, in practice only two time periods are use to represent the period of

last complete observation, and the period in which drop out occurs (or the end of the study

in the case of completers).

The outcome, y∗ij, is normally distributed and represented by f ∗ij(yij|H∗j ; β) where H∗j =

i∗i1, ..., y
∗
i,j−1 and is normally distributed, and , while the conditional distribution of yij is rep-

resented by fij(y|Hj; β), where Hj = yi1, ..., yi,j−1. Combining all of this, we can then write

the distribution for completers (i.e. those who do not drop out), suppressing the dependence

on the parameters θ, β :

f(y) = f ∗1 (y1)
T∏
k=2

fk(yk|Hk)

= f ∗(y)

(
t∏

k=2

(1− pk(Hk, yk))

) (2.17)

And for those who experience drop out at time j = d:

f(y) = f ∗1 (y1)

(
d−1∏
k=2

fk(yk|Hk)

)
P (Yd = 0|Hd)

= f ∗d−1(yd−1)

(
d−1∏
k=2

(1− pk(Hk, yk))

)
P (Yd = 0|Hd)

(2.18)
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Then the log likelihoods for each can be written as following:

Completers:

f(y) =
T∑
k=1

f(y) +

(
t∑

k=2

(P (D = 0|yijk; θ))

)
(2.19)

Drop out at time j = d:

f(y) =
d−1∑
k=1

f(y) +
d−1∑
k=2

(P (D = 0|yijk; θ) + P (Yd = 0|Hd) (2.20)

The outcome model follows a multivariate normal distribution, with a variance covariance

structure that accounts for serial correlation (Diggle and Kenward). In the terminology of

econometrics, their outcome model follows a random effects model (estimated using max-

imum likelihood) with adjustment for serial correlation. The missingness equation follows

a logistic distribution: logit[pk(Hk, y; θ)] = θ0 + θ1y +
∑k

j=2 θjyk+1−j. However, in most

applications the mechanism is restricted to the time period in which an individual drops

out, and the previous period resulting in the following specification: logit[pk(Hk, y; θ)] =

θ0 + θ1yi,j−1 + θ2yj. So the full set of equations for this specification is:

Where:
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f(y) = ln(2π)− 0.5lnΣ− 0.5(yijk − xijkβ)′Σ−1(yijk − xijkβ)

P (D = 0|yijk; θ) =
exp(θ0 + θ1yijk−1 + θ2yijk)

1 + exp(θ0 + θ1yijk−1 + θ2yijk)

P (Yd = 0|Hd) =

∫ (
exp(θ0 + θ1yijk−1 + θ2y

d)

1 + exp(θ0 + θ1yijk−1 + θ2yd)
∗ f(yd)

)
dyd

(2.21)

The use of current and past observation in the missingness equations not only provides the

link Rubin’s theories on missingness, but it also provides the means for testing for attrition

bias by nesting an MNAR model within a MAR model. In the above equation, θ1 corresponds

to the MAR mechanism because captures the relationship between the observed outcome

and missingness, while θ2 corresponds to MNAR. The test for MNAR is a likelihood ratio

test for H0 : θ2=0 (Diggle and Kenward, 1994). Thus rejecting the null finds evidence for

and MNAR mechanism and attrition bias.

2.3.3 Comparison

The purpose of comparing these models it not to suggest that one is universally preferred

to the other, but to highlight conditions under which one model may be more appropriate.

As was discussed earlier, one important difference between these models is how they address

the missingness mechanism, which relates to their theories on why individuals go missing

in a sample. However, one criticism of sample selection models in general is that they are

sensitive to model specification, especially in the sample selection process (Little and Rubin,

2002; Verbeke et al, 2001; Molenberghs and Kenward, 2007).
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Past comparisons of the two models have focused on adapted forms of each model which

were motivated by the different specifications of the missingness process (Crouchley and

Ganjali, 2002; Washbrook et. al, 2014). Crouchley and Ganjali (2002) simplified the DK

model by dropping the integral over missingness in order to develop a model that could nest

the Heckman, while Washbrook (2014) used the time of last observation, rather the value of

the last observation. However, this paper will focus on the models as they were originally

developed by the authors as specified in Equation 2.21.

In the words of Diggle and Kenward (2002) the missingness process ”conveys the notion that

dropouts are selected according to their measurement history.” This notion is incorporated

into their missingness equation by relying on past and current observations of the outcome,

where attrition bias is driven by differences in trends between individuals who are observed

and those who drop out. Reliance on trends, and differences in trends between completers

and drop outs could indicate that this model will not be appropriate for trials in which

there is not significant changes in the outcome over time. Additionally, given the presence

of random effects and multiple high dimensional integrals (for both missing data and the

random effects), the log likelihood is highly complex, and can be difficult to estimate in the

presence of high rates of attrition (Dmitrienko et. al, 2007).

Alternatively, the Heckman relies on a behavioral theory that frames the sample selection
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process in the context of an individuals optimization problem, in which an individual is only

observed if it is optimal (Heckman, 1976). This provides researcher with the additional free-

dom to consider a selection process that is distinct from the outcome process, but at the cost

of an identifying covariate in the selection equation (Heckman, 1976). In order to identify

the inverse mills ratio, which is central to bias correction in the Heckman model, researchers

need to identify one covariate that is relevant to the selection process, but independent from

the outcome process (Vella, 1998). The sensitivity of the Heckman model to the identify-

ing covariate is a well established weakness of the model (Leung and Yu, 1996; Vella 1998;

Puhani, 2000).

In CEA of interventions that rely upon voluntary participation, the assumption of a sam-

ple selection process described in the Heckman model may seem fairly reasonable, at least

for the effectiveness outcome. At each time period individuals have a choice as to whether

or not they continue to participate in the trial, and this may be related to factors beyond

their success in the program (i.e. the history of their observations). In particular, we may

have reason to believe that the same variables that drive the selection process, also affect

the outcome, but are unobservable. Factors like motivation, self-efficacy, and satisfaction

with program design may make a person more likely to stay in the sample, and excel in the

program (Robroek et. al, 2009; Williams et al., 1996). However, they may be very diffi-

cult to collect information on, and thus be omitted from the selection and outcome equation.
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On the other hand, the observation of the cost outcome may not be driven by individuals

choice and may be more driven by factors unrelated to trial, such as clerical errors. Having

two outcomes, with possibly two different missingness mechanism, and two sample selection

models, with different theories on missingesss, provides a unique opportunity to not only

identify the most appropriate selection model for each outcome, but also compare the per-

formance of the two selection models.

2.4 Methods

The purpose of this paper is to compare the ability of two sample selection models to address

attrition bias when when applied to a CRT with multiple time periods. Estimators will be

evaluated in two settings: a case study, and Monte Carlo Simulation. Both settings use

data from three time periods, and the outcome model follows a three-time period difference-

in-difference specification. This includes time dummies, a group dummy, and a treatment

effect dummy, which is interaction between a time dummy for the intervention periods (i.e.

0 at baseline and 1 for each time period of the intervention) and the group dummy. This

treatment effect dummy assumes that the treatment effect is the same for all time period of

the intervention.

A similar analytical plan will be used to evaluate the performance of the selection models in
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both the case study and simulation. Since the focus is on potential attrition bias, the mod-

els will build from the most naive approach, which ignores non-random missingness, to the

selection models, which are designed to address non-random missingness. The most naive

model ignores the missing data and results in complete case (CC) analysis, which would

only be unbiased if the missingness mechanism is MCAR. This naive model is estimated

both with ordinary least squares (OLS) and a linear mixed model (LME) to correspond to

the naive forms of the Heckman and DK model respectively. Additionally, a multilevel model

will be included as comparison since it was previously identified as a preferred method for

addressing clustering. The last observation carrier forward (LOCF) will also be applied to

both OLS, LMW, and MLM models since this treatment is popular in the literature, but

would still only appropriate in the case of the MCAR mechanism.

Since only the DK model makes a distinction between MAR and MNAR, the results from the

MAR step in DK will also be presented in the case study. This model results from the use of

a selection equation that includes the last observed outcome, but not the outcome at the time

of missingness. Such a specification is consistent with Rubin’s definition of random missings

(MAR) in a panel setting, since MAR missingness is dependent only observed outcomes.

However, such models are appropriate only under the MAR mechanism, and would still be

biased if missingness followed an MNAR or non-random missingness mechanism. Finally,

both sample selection models are estimated. Two forms of the Heckman will be estimated,

both using maximum likelihood. The first is the standard Heckman, and the second will
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include cluster roust standard errors to address clustering in the datasets. All models will

be estimated in R.

2.5 Case Study

2.5.1 Data

The data for this study comes from the cost-effectiveness analysis of a cluster randomized

trial for weight loss. The experimental design for this weight loss program, and more ex-

tensive summary statistics are included in Chapter 1. However, for this chapter I will be

using data from three time points: baseline, 6 months and 12 months, whereas in Chapter 1

I focused only on data from baseline and 6 months.

A limited amount of information indicating why individuals were missing was collected as

part of a survey. Those individuals who were missing for reasons that constituted as MAR

or MCAR were dropped prior to analysis (consequently, their cost information was also

dropped). This included individuals who were participants in a worksite that withdraw from

the study prior to 6 months (52 individuals), and individuals who were missing due to loss

of job (58 individuals at 6 months, and 1 individual at 12 months). For each time period,

there was a maximum sample size of 1,626 individuals, for the INCENT group there were

932 individuals and for the LMW group 694 individuals.
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The intra-class correlation coefficient (ICC) measure the proportion of variation from within

the cluster relative to total variation, and can be used to asses the level of potential clus-

tering within the dataset due to the CRT design (Cameron and Trivedi, 2005). For BMI

the overall ICC was 0.067, at baseline it was 0.033, at 6-months 0.041, and at 12-months it

was 0.265. The ICC for costs overall was 0.010, at baseline it was 0.119, at 6 months it was

0.027, and at 12-months it was 0.016. This indicates that there is stronger clustering the

BMI data overall, and within each time period. Also, the strength of clustering (indicated

by higher values of ICC) grows in each period in BMI, but increases and then decreases in

cost.

Table 2.1 shows the summary statistics for the effectiveness outcome, BMI, in the three

time periods. The decline in sample size across the three time periods indicates significant

attrition. The attrition rate (relative to baseline) at 6 months was 27.2% for total sample,

26.7% for the INCENT group, and 27.7% for the LMW group. The attrition rate (relative

to baseline) at 12 months was 38.8% for the total sample, 35.9% for the INCENT group,

and 40.8% for the LMW group.
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2.5.2 Cost Collection

The costs for this trial were collected retrospectively (i.e. after the trial ended). There are

two sources of costs common to the intervention (INCENT) and the comparison (LMW):

program fees, and costs associated with absenteeism. Both of these cost were assessed for

the duration of the twelve month interventions. Program fees for both groups were first

calculated at the worksite level (except for the cost of incentives for the INCENT program)

and then a per-participant cost was calculated for use in the analysis.

Program fees for the INCENT group followed the formula used by a company that currently

operates a similar program. The program fee included a monthly base program fee which

was incurred per eligible employee, which is an important distinction from the number of

participating employees. The primary dataset utilized for this paper included only partic-

ipating employees, since individuals had already enrolled at baseline. A secondary dataset

that included information from a survey administered prior to enrollment was used to assess

the number of eligible employees in both the INCENT and LMW groups.

Also included in the INCENT group’s program fees were several additional fees that are

associated with the number of employees. For worksite with less than 300 eligible employ-

ees, additional program costs included travel costs related to the ”kickoff” (an event that

introduced the employees to the intervention and enrolled them), and a per eligible em-
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ployee monthly rental fee for the health spot (used to objectively measure weight). Finally,

the INCENT program included incentives which are paid for by participating the worksite.

The incentive structure was based off percentage weight loss, relative to the baseline, and

incentives were earned at 6 months and 12 months. Incentives started at 5% weight loss,

and increased by increments of 5: weight loss of 5-9% earned $5; 10-14% earned $10; 15-19%

earned $15, and >20% earned $20. The total fee was payed off in installments, with 60%

paid at baseline, 20% at 6 months, and the remaining 20% is paid at 12 months.

The LMW program fees were micro-costed since this program was an adaptation of the

INCENT program. The base program fee included the cost to adapt the newsletter and

the mini-sessions. LMW participants received monthly newsletters during the year long in-

tervention. Producing the content of the newsletter required 4 hours of labor per quarter

of messaging from a student with a masters degree level of education who received $10/hr.

Additionally, each LMW worksite could receive 4 ”mini sessions” on topics related to health

and fitness. Each one of these sessions required two master level students to serve as staff

members who scheduled the sessions, developed material for the sessions, and delivered the

sessions (this includes preparation and travel time), which totaled 5 hours of labor at $10/hr,

plus the additional costs of gas and a rental vehicle. While I can estimate a cost per session,

I have no information on attendance by employees or on the number of sessions actually

implemented.
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The cost of adaptation of newsletter, and the mini sessions constituted the worksite level

program fee. In addition to the program fee, LMW worksites incur the rental fee for a trav-

eling health spot. This results in a total worksite level program cost, which was converted

to an individual level by calculating the per participant cost within each worksite. It was

assumed that the the payment scheduled was the same for the LMW worksites as it was for

the INCENT, thus 40% paid at baseline, 20% at 6 months, and the remaining 20% is paid

at 12 months.

Since the CEA was conducted from the worksite’s perspective, presenteeism and absen-

teeism data was also collected, since they both measure changes in worker’s productivity,

which affects a worksite’s profits. Both were assessed using the the World Health Organiza-

tion (WHO) Health and Work Performance Questionnaire (HPQ) (Kessler et al, 2003;2004).

The purpose of the questionnaire is to collect information on three measures of workplace

performance: absenteeism, presenteeism, and job related accidents, however, we will only

focus on the first two measures in this paper (Kessler et al, 2003;2004).

Presenteeism in the WHO HPQ survey is assessed through a self-reported global rating scale

of 0-10, with 0 indicating the worse performance and 10 indicating the best performance

(Kessler et al, 2003;2004). A global rating scale means that workers are asked about their

overall performance rather than answering questions about specific work related functions;

this method was used to help increase the generalizability of the scale to many occupation
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types (Kessler et al, 2003;2004). The scale is also self anchored, which means that a worker’s

current performance is assessed in relation to what they believe is the performance of an av-

erage worker, and how they rate their usual performance (Kessler et al, 2003;2004). To gain

a relative measure of presenteeism, the current performance of a worker is divided by their

rating for the average worker (Kessler et al, 2003;2004). Because presenteeism is measured

as a perception of work performance, rather than hours lost due to illness I was unable to

include this portion of productivity in the cost evaluation.

Absenteeism is generally assessed by asking employees how many days in the past month

they missed work, however, the WHO HPQ survey instead assesses absenteeism by missed

hours of work to account for the variation in work requirements in different occupations (i.e.

the ”typical” 8 hour work day may not be so typical anymore) (Kessler et al, 2003;2004).

Workers are asked not only about the number of hours they work, but also about how many

hours they are expected to work and the number of additional hours worked to make up for

missed time (Kessler et al, 2003;2004). For this study, absolute absenteeism was utilized,

which is calculated as the number of expected hours per month, less the number of hours

worked in the past month.

It is also important to note that both measures of absenteeism and presenteeism are general

and not specific to any illness. Thus they capture all missed work and not just missed work

attributed to illness. In absenteeism, the focus on total missed hours rather than sick leave
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hours/days comes from the increased use of more flexible benefits packages offered by some

employers in which days allotted for leave is considered in a lump sum fashion, rather than

designating leave for illness or vacation (Kessler et al, 2003;2004). While this was a source

of critique the authors contend that failure to distinguish between the two types of absences

is not a problem because in analysis you will always be comparing the sick to the healthy,

and by taking the difference in missed days you will net out any common days of leave taken

for vacation (Kessler et al, 2003;2004).

In order to value absenteeism, there are two commonly use methods: human capital and fric-

tion costs. The human capital method values time away from work at the wage rate (fringe

benefits are also commonly included in implementation). The friction cost was developed to

address some of the weaknesses of the human capital method that occur when the horizon of

a study is very long (Koopmanschap and Ineveld, 1992; Koopmanschap et. al, 1995) . In the

case that an individual is permanently injured the human capital costs would estimate the

productivity costs of that injury from the time of the injury until death using the wage rate

at the time of the injury (Koopmanschap and Ineveld, 1992; Koopmanschap et. al, 1995).

Given that this study only estimates costs for one year, the human capital cost approach

was used. Yearly income was collected in the baseline survey, and was recorded in interval

form (i.e. does income fall within one of the following brackets), rather than a unique income

level. For each interval, the midpoint was used to indicate monthly income and was used to

value monthly absenteeism values. Additionally, since absenteeism was only assessed at 6
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and 12 months, and only referenced the previous month, there are only three months worth

of absenteeism costs (one measure for baseline, one for 6 months, and one for 12 months).

Table 2.2 includes the summary statistics for the total costs of the program for the LMW

and INCENT group. A common cause for concern amongst the cost evaluation in CEA is

the potential for a skewed distribution of costs. Skew generally results from the inclusion of

direct medical costs, which can be very large for the few individuals who are very ill (Briggs

and Gray, 1998; Blough et. al, 1999; Briggs et. al, 2005; Gilleski and Mroz, 2004; Manning

etl al, 2005; Manning and Mullahy, 2001; Mihaylova et. al, 2011). Direct medical cost were

not collected as part of this study which would lessen the concerns for a skewed cost dis-

tribution, and Figure 2.1 shows that total cost in both the INCENT and LMW group does

appear skewed.

2.5.3 Investigating Missingness

The first step in addressing missingness in CEA is to assess the characteristics of missingness

within the data. This includes identifying patterns of missingness, since the DK model can

only address attrition. Secondly, trends in BMI and costs for completers versus drop outs

are compared in an attempt to detect a DK style selection process.
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Table 2.3 shows the pattern of missingness (where 1 indicates an individual is observed, and

0 is missing) across the three time periods for the effectiveness outcome, BMI, for the full

sample. A majority of individuals follow an attrition pattern, in which once an individual

goes missing, they stay missing for the rest of the study period. Only 7% of individuals

show an intermittent missingness pattern, which occurs when they observed again after go-

ing missing for a time period. Table 2.4 shows the patterns for cost, and again, the majority

individuals follow the attrition pattern, with approximately 5% following an intermittent

pattern of missingness. Since the DK model can only address missingness from the attri-

tion pattern, all those individuals who follow an intermittent missing pattern are dropped

from the analysis. This resulted in 102 dropped observations for the BMI outcome, and 171

dropped observations in the cost outcome.

Next time trends in the cost and effectiveness outcomes are assessed in an attempt to detect

differences in trends between completers and drop outs. These trends are important in the

DK model which theorizes that the differences in trends is what drives the sample selection

process. For a selection mechanism that is consistent with the DK model, these figures

should reveal distinct trends for the completers and drop outs.

Figure 2.2a and Figure 2.2b contain the trends for the effectiveness outcome, BMI, and re-

veals several things. First, in either the completers or the drop out group there are very

limited trends over the three time periods. Having a limited number of time points may make
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the DK model less appropriate since there may not be any strong trends in the data. Second,

it does not appear that there is any clear distinction between the trends for completers in

drop out. In both groups, there appears to be individuals who gained or lost weight. This

may indicate that sample selection theory in DK is not appropriate for this data outcome.

The trends in the cost data are presented in Figure 2.3b and Figure 2.3a. While there is far

more variation in the cost trends, as compared to the BMI outcome, there does not seem to

be any distinction between trends in the completers and the drop outs. In both completeres

and drop out groups, there are cost that increase over time, and that decrease. The com-

pleters figure even shows individuals for which cost decrease and increase.

A final consideration for the selection models, is the specification of the selection equation

in the Heckman model. While the selection equal in the DK model uses past observations,

the Heckman model relies on the identification of variables related to the decision to par-

ticipate in a weight loss program. The current literature on worksite weight loss programs

focuses primarily on program design and outcome analysis rather than trying to understand

participation (Benedict, 2008). Thus, very little is known about why people choose to enroll

in weight loss programs or why some individuals are more successful at weight loss.

When participant characteristics are reported, there tends to be a great deal of variation

between worksite program types (Robroek et. al, 2009). For example, while women are
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more likely to participate in education based programs, men are more likely to participate

in worksite facility access programs (Robroek et. al, 2009). In general, previous research has

found that age, gender, race, income, occupation type, and martial status are all important

determinants in worksite health program participation (Williams et al., 1996; Robroek et.

al, 2009; You et al, 2011). Therefore, the selection equation for the Heckman model in both

cost and BMI will control for the Group (i.e. INCENT vs LMW), age, race, health literacy

and income.

2.5.4 Case Study Results

Given the large number of models estimated, the results for each outcome where divided into

two tables. Table 2.5 and Table 2.7 contain the results for the naive models, and Table 2.6

and Table 2.8 contain the results for the MAR and sample selection models. Each column

represents a different model, with the far left column representing the most naive and then

progressing to the sample selection models. Cost had to be estimated in cost per $1,000,000

due to computational issues with the DK model.

The results from the BMI outcome highlight some of the challenges associated with the DK

model. Within the naive models in Table 2.5, the only difference across the models was

the significance of the coefficient associated with the third period. In the case that a base-
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line carried forward treatment is applied, significance is lost and magnitude increases. This

would suggest that those who dropped at were heavier at baseline, and once their BMI was

added back into the dataset it reduced the decline in BMI. It is also apparent that the MLM

models does address some clustering in the model, as the standard errors in the MLM model

tend to be higher.

Results from the sample selection models in Table 2.6 highlights the importance of taking

into consideration both the missingness mechanisms, and the CRT structure. A significant

difference between the naive and sample selection models is that the treatment coefficient

becomes significant in the Heckman model. However, this significance is lost once the cluster-

ing in the dataset is accounted for. Not only does the Heckman model change an important

interpretation of the results, it also finds evidence for attrition bias in the model since ρ

coefficient is significant in both forms of the model.

While it would have been advantageous to compare the results from the Heckman sample

selection model with the DK sample selection model as part of a sensitivity analysis, the

DK model performed extremely poorly in the BMI models. The coefficients for the miss-

ingness equation in the MAR model have standard errors of 0, which indicates a a failure

to converge. This failure is most likely due to lack of trends in the BMI outcome, which

may have resulted in multicollinearity between the parameters in the missingness mechanism.
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Although in the cost outcome the results indicate that if the missingness had been naively

ignored that it would not have affected the conclusions drawn from the results, the results

do point to some additional insight into the performance of the two selection models in Ta-

ble 2.8. For costs, both the MAR and the MNAR form of the DK model were estimable.

This is most likely due to the differences in the trends between the cost and BMI outcome.

Figure 2.2a and Figure 2.2b showed that there were hardly any trends detectable in the BMI

which led to issues when trying to estimate the DK model for BMI. On the other hand,

Figure 2.3b and Figure 2.3a did show that there were some trends in the cost data. While it

did not appear that these trends were necessarily consistent with the DK theories on miss-

ingness, the likelihood ratio test for MNAR mechanism found significant evidence for the

MNAR mechanism (D=-3.2, pval=0).

Thus the results from the case study have shown the sensitivity of the selection models to

the potential differences in mechanisms in the dataset. However, the case study alone is not

sufficient to compare the two models, because it is unclear what, if anything else, is driv-

ing the differences in the performance between the two models. Using the simulation will

provide the opportunity to isolate the attributes important to the CRT and the missingness

and focus on the effect they have on the performance selection models.
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2.6 Simulation Study

The second method that will be used to compare the performance of the two sample selec-

tion models is a Monte Carlo simulation. Simulations have the advantage of relying upon

randomly generate datasets, in which some parameters of the data generate process are

controlled (Burton et al, 2006). The data is repetitively simulated to generate a sampling

distribution of a parameter of interest, which is used to make inference about the properties

of the parameter of interest (Burton et al, 2006). This advantage of this method, relative to

the case study, is that it allows researchers to vary the levels of the parameters of interest in

different scenarios to investigate the robustness of the estimator in a more controlled setting.

This simulation study has two goals, first to investigate the robustness of the Heckman and

DK sample selection models to estimate an unbiased incremental net benefit (INB) for a

CEA of a CRT given various levels of several attributions of the CRT and missingness. Sec-

ond, to test the robustness of the Heckman and DK model when the missingness mechanism

is misspecified. The later goal will be accomplished by generating missingness in a dataset

according to one selection model, but estimating the INB using the other model to create a

mismatch in mechanism and estimator.

An additional benefit of the simulation study is the ability to control for attributes of the

dataset which may cause bias, but are not the focus of the study. One concern in a panel
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setting setting is the bias caused by the correlation between the individual heterogeneity

term and covariates (the fixed effect model), however neither the DK nor Heckman model

address that concern (Cameron and Trivedi, 2005). The DK outcome model utilizes a linear

mixed model which addresses the panel structure by including a random effect at the indi-

vidual level, and while this improves the efficiency of the estimator, it will result in bias if

the individual heterogeneity term is correlated with the covariates. The simplistic Heckman

uses a pooled outcome model which does not address the individual heterogeneity term, and

thus will also result in biased estimates if the individual heterogeneity term is correlated

with the covariates. In this simulation, the dataset will be generated using a random effects

design so this concern is avoided. To incorporate the features of a panel, a random term at

the individual level with an auto-correlation (AR(1)) process will be utilized. The mean and

standard deviation, as well as the value for the AR process will be fixed in all scenarios.

The parameters of interest for the simulation come from the missingness mechanism and

CRT design. There are two concerns related to missingness which will be addressed in this

simulation. The first is simply how much missingness, or how high the level of attrition is.

The second is how did it get there, which is addressed by using both missingness mechanisms

suggested in the DK and Heckman model. By first generating a complete dataset, and then

simulating missingness using either the DK and Heckman model, it is possible to directly

compare the ability of both estimators to address attrition bias, even when the missingness

mechanism is misspecified.
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The parameters from the CRT design which will be investigated in the simulation include

the number of clusters, cluster size (i.e. the number of individuals per cluster), and the

intra-class correlation coefficient (ICC). The number of clusters and cluster size are both im-

portant parameters that are used to establish the consistency of estimators, since they both

influence the total sample size (Middleton, 2008). Since the simulation will only address a

finite sample size the properties of the estimators could be affected by small sample bias,

which will be influenced by both the number of clusters and cluster size (Middleton, 2008).

The ICC is a measure of the clustering in the dataset which results from the randomization

at the group level. It measures the proportion of the total variation in the dataset that can

be attributed to variation within the groups (Cameron and Trivedi, 2005). A higher ICC in-

dicates that more variation results from within variation, which indicates higher correlation,

and can result in bias in the standard errors. All three of these parameters were found to

have a significant effect on the properties of estimators when utilized in a simulation study

for methods to address CEA of CRT in a cross sectional, complete data setting (Gomes et

al, 2011).

Before discussing the scenarios for the simulation, it is necessary to outline the data gener-

ation process in greater detail. Data was generated in two steps. First a complete dataset

is generated to capture all the panel, CEA, and CRT attributes previously discussed. And

then the missingness is generated using either the DK or Hekcman selection mechanism for
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a given level of attrition.

2.6.1 Data Generating Process

2.6.2 Complete Data Set

The complete data set includes attributes for the CEA of a CRT in a panel with three time

periods, and equal clusters per intervention arm. The parameter of interest in the simula-

tion is the incremental net benefit (INB), which is calculated at the benefit of the study less

the cost. To calculate the INB it is necessary to estimate the incremental effectiveness and

incremental cost. For this study, the true incremental cost (βc1) is 5 , and true incremental

effectiveness (βe1) is 0.75. After estimation the INB can be calculated as: INB=βe1 ∗ λ− βc1,

where λ is the cost effectiveness threshold and is fixed at 20, thus the true INB for the study

is 10.

To incorporate a CRT structure I followed Gomes et al (2011), which previously used a

simulation study to address the appropriateness of methods for analyzing a one time period

CRT with complete data. Following their methods, the first step is to simulate means at the

cluster level, which includes the incremental cost and effectiveness:
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ηcj = βc0 + βc1Tj + ucj

ηej = βe0 + βe1Tj + uej

(2.22)

Where:

ucj ∼ N(0, σc)

uej ∼ N(0, σe)

Then, this mean is used to center the individual level outcomes. The individual level contains

the parameters for the outcome model, which follows a three period difference-in-difference

specification. However, for the purposes of the simulation it was assumed the true group ef-

fect was 0 and is thus omitted. There are two time effects, for the second (βe2 = 0.1,βc2 = 0.9)

and third period(βc3 = 1.5,βe3 = 0.4):

ycijk = ηcj + βc2P2 + βc3P3 + ucj + wcij + εcijk

yeijk = ηej + βe2P2 + βe3P3 + γ(ycij − ηcj) + uej + weij + εeijk

(2.23)

Where:

εoijk = ρoεoijk−1 + voijk, o ∈(c,e)

wcij ∼N(0,2),εcijk ∼N(0,3) ρc = 0.2
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weij ∼N(0,3),εeijk ∼N(0,6) ρe = 0.5

i = (1...N) individuals; j = (1...M) clusters; k = (1..3)time periods

The parameter γ introduces mild correlation between the cost and effectiveness outcome,

which is thought to be a common occurrence in CEA data and is fixed at a value of 0.2

throughout. (Gomes et al, 2011). The individual level outcomes further incorporates the

CRT structure by utilizing the intra-class correlation coefficient (ICC) to relate the cluster

means (ηoj ) to the individual means. By fixing the standard deviation of the individual level

random variable (woij), the ICC (that values for which are specified as part of each scenario)

can be used to solve for the value of the standard deviation of the random effect at the cluster

level (uoj): σ
o =

V (wo
ij)∗ICCo

(1−ICCo)(1/2)
. Where ICC = σo

σo+V (wij)
. Panel features were incorporated by

including auto-regressive (AR(1)) process in the normal error, εoijk.

2.6.3 Missing Data

Once a complete dataset was generated it was necessary to generate missingness. Since the

purpose of the paper is to compare the performance of two sample selection models, the se-

lection mechanism suggested by both is used to generate missingness. The level of attrition

is the same for both mechanisms, and it is assumed in both mechanisms that attrition is

spread evenly over all three time periods. Additionally, the same mechanisms is used in both
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the effectiveness and the cost outcome, thus the superscript for outcome is dropped.

The first missingness mechanism comes from the Heckman model, which assumes that miss-

ingness follows a latent variable process that is a function of at least one variable which is

exogenous to the outcome process α1. Thus the unobserved missingness mechanism takes

the following form:

yo∗ijk = α0 + α1w + α2ε
o
ijk + eijk (2.24)

Where:

X∗ ∼N(0,1); eijk ∼ N(0, 1)

α1 = 4 coefficient on selection covariate

α2 = 0.3 parameter to capture correlation between outcomes

Since an important feature of the Heckman model is the correlation between the selection

and outcome equation, a second parameter α2 was added to induce correlation between the

two equations, by making the selection equation at least partially a function of the error

term from the outcome equation.

The second mechanism comes from the Diggle Kenward model, which assumes that missing-

ness follows a logistic distribution and is a function of the last observed outcome yoij,k−1, the

outcome at the time of dropout yoijk. Thus the mechanism takes the form:
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Logit(Do
ijk = 1|yoijk) = θ0 + θ1y

o
ij,k−1 + θ2y

o
ijk (2.25)

Where:

θ0 = −2

θ1 = 0.02

θ2 = 0.3

As was previously explained, one of the goals of developing the DK model was the ability to

nest an MAR and MCAR model within the MNAR model. Here, θ2 represents the coefficient

for the MNAR model. The values for the various parameters for this mechanism were based

off results from the case study.

2.6.4 Scenarios

For each scenario there were four parameters of interest: number of clusters, cluster size,

ICC, and attrition. Each variable took on two values: either high or low, the values are

reported in Table 2.9 and came from a previous Monte Carlo simulation for CEA of CRT

which conducted a literature review to chose the appropriate parameter values (Gomes et

al, 2011). Across all scenarios the sample size was fixed, in order to focus on the effects
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the varying number of clusters. This means that the parameters for number of clusters and

cluster size could only be combined in high/low or low/high to keep total sample size at

3,0000 individuals for each outcome.

The remaining parameters were combined in a full factorial design, and the value for the

parameters for each of the eight scenarios is described in Table 2.10. Each scenario was repli-

cated twice: first with the missingness generated from the DK missingness mechanism, and

then using the missingness mechanism suggested by the Heckman model. Eight estimators

were evaluated in each scenario: OLS, OLS with baseline carried forward, LME, the LME

with baseline carried forward, MLM, MLM with baseline carried forward, DK, Heckman,

and the Heckman with cluster robust standard errors.

One limitation of this simulation was the run time associated with the DK model. Only ten

simulations are used for each scenario since the run time of the DK estimator at this number

of simulations was 24 hours. Finally, the results from each scenario are compared on the

basis of the median bias, where bias=(θ̂k − θ), and the standard error of the bias, which is

calculated as follows:

SEofBias =

∑n.sim
k=1

ˆ(θk−
¯̂
θ)2

n.sim−1

n.sim

(1/2)

(2.26)
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2.6.5 Simulation: Results

Table 2.11 contains the results for the simulation when the DK mechanism for missingness

was used to generate missingness in the datasets. When comparing the various models, I

would expect to see that the results using the DK estimator (the first column) have the small-

est median bias, since the DK estimator is matched with the DK missingness mechanism.

While this is mostly true when comparing results to the Heckman estimator, in Scenario

5 and 6 the Heckman stimulators outperforms (i.e. has a smaller median bias) the DK.

There are several scenarios in which the more naive estimators, including the MLM model,

outperform the DK estimator. This is particularly true for the results from the naive models

with a baseline carried forward (BCF) correction. The MLM with BCF outperforms the

DK estimator across all scenarios. While LME and OLS also outperform the DK estimator

in most scenarios. This finding reflects the reliance of the missingness mechanism in DK

model on trends in the dataset. These results could suggest that if a DK mechanism was

suspected, a more simplistic mechanism may perform just as well as the complex DK model.

However, some caution should be taken interpreting these results given the small number of

simulations.

Another important finding in this table is the sensitivity to all the estimators to the number

of clusters. When there are a high number of clusters, generally all the estimators per-

form better. This finding highlights the concern of small sample bias associated with the

number of clusters in a CRT. The DK, MLM, LME and OLS estimators all also appear to



Jacquline N. Yenerall Chapter 2. Missingness in Cost Effectiveness Analysis 81

be sensitive to the ICC, as their median bias tends to be lower in the scenarios with low ICC.

Table 2.12 contains the results for the simulations when the Heckman missingness mecha-

nism was used to generate missingness in the datasets. The Heckman estimator outperforms

the DK estimator in every scenario, as would be expected since the Heckman is now cor-

rectly matched with its proposed missingness mechanism. The Heckman estimators also

outperforms the MLM estimator which ignores missingness in almost every scenario and out

performs the MLM with BCF in every scenario. With the Heckman missingness mechanism,

now the BCF treatment appears to be a naive choice since the bias associated with these

estimators is higher than their counter parts that ignore missingness, or the Heckman estima-

tor. However, the Heckman results do not appear to be as sensitive to the CRT parameters,

since they not show the same kind of consistent expected reposes to the number of clusters

and ICC as in the DK results.

2.7 Conclusions

The purpose of this paper was to investigate the robustness of two sample selection models

when used in the cost-effectiveness analysis (CEA) of a cluster randomized trials (CRT).

This is important because while previous research has shown that methods for the CEA of

CRT are sensitive to the CRT design, they assumed that there was no missingness in the
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dataset (Gomes et. al, 2011). However, in the case that missingness is non-random these

models will result in biased estimates even if they account for the CRT structure.

The Diggle Kenward (DK) and Heckman model are two forms of a sample selection model

that attempts to address attrition bias by simultaneously modeling the missingness mech-

anism and outcome (Diggle and Kenward, 1994; Heckman, 1976). They differ in how they

handle the missingness mechanism. The DK model proposes that differences in the trends

between completers and drop outs drives attrition bias, while the Heckman model proposes

that correlation between the two process drives the bias.

The performance of the two sample selection models were compared in a case study and a

simulation. The case study used data from the 12 month results of a worksite weight loss,

and highlighted the sensitivity of the DK model to trends in the outcome. Due to a lack

of variation in trends with the BMI outcome, I was unable to estimate the MNAR form of

the DK model. The Heckman model for this outcome indicated sensitive to both attrition

bias and the CRT structure. The original Heckman model found that once missingness was

accounted for the treatment effect became statistically significant, however, this significance

was lost once cluster robust standard errors were introduced. Additionally, in both Heckman

models there was a finding of significant correlation between the two outcomes. On the other

hand, the cost outcome showed enough variation to estimate the DK model, and findings

from the DK and Heckman model were consistent, as both models found significant evidence
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for bias. This difference in performance of the two sample selection between outcomes could

suggest that addressing missingness will require separate methods for cost and effects.

The simulation results support this finding of sensitivity to the mechanism used to gen-

erate missingness, since both selection models generally perform best when matched with

their correct missingness mechanism. When the DK missingness mechanism is used, some

of the more naive methods outperform the DK estimator, especially those estimators with

the baseline carried forward treatment. In the case of the Heckman missingness mechanism,

the Heckman estimator outperforms both MLM estimators, which highlights the dangers

of ignoring missingness. Using either missingness mechanism, there does appear to be a

sensitivity across the estimators to the CRT parameters, which would suggest that moving

forward it will be necessary to adapt the sample selection models to account for the CRT

structure.

Finally, the implementation of the DK model also has important implications for the prospects

of encouraging researchers to incorporate models which address missingness as part of their

CEA. While this is the most commonly cited form of a sample selection model from the

statistic literature, there does not exist a ”canned” program in the Stata or SAS software

packages for researchers (Dmitrienko, et. al, 2007; Molenbergh and Kenward, 2007). Imple-

menting this model requires users to rely on hand coded-function, which require a greater

knowledge of optimization in order to address convergence issues. This is costly, not only
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in terms of time spent to learn these skills, but also in time to run this model. However,

the literature, at least within statistics, is moving towards address missingness as part of a

sensitivity analysis, rather than with a single model, which suggests that having multiple

sample selection models would be beneficial, especially if these models, such as the DK and

Heckman, have different missingness theories (Dmitrienko, et. al, 2007; Molenbergh and

Kenward, 2007). Using future research to increase researcher awareness of the Heckman

model as an alternative to the DK, could make it a viable comparison model in the sensitiv-

ity analysis which uses other methods, such as multiple imputation (MI).

There is one significant limitation in this paper which resulted from the long run time asso-

ciated with the DK estimator. For this paper I was limited to ten simulations, which limits

what can be inferred about the effect of the scenarios on the estimators ability to handle

the effect of the CRT structure on the standard errors. Ideally, confidence interval coverage

rate would be used to asses the performance of the estimators to generate unbiased standard

errors. However, calculating coverage rates general requires at least one thousand simula-

tions to minimize the effect of Monte Carlo bias (Burton et al, 2006; Gomes et al 2011).

Thus future research will include improving the efficiency of the DK estimator, so that it

is possible to increase the number of simulations and adapting sample selection models to

better address the CRT structure and include these in the simulation as well.
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Tables

Table 2.1: Summary of BMI Across Time (INCENT vs LMW)

mean(sd) Baseline BMI 6 month BMI 12 month BMI
Mean Count Mean Count Mean Count

INCENT 33.48 694 32.9 509 32.52 445
(6.53) (6.38) (6.38)

LMW 33.39 932 32.48 674 32.53 551
(6.57) (6.35) (6.7)

Total 33.43 1626 32.66 1183 32.52 996
(6.55) (6.37) (6.56)
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Table 2.2: Summary of Costs (in dollars)

Cost Baseline
mean(sd) Program Cost Absenteeism Cost Incentive Cost Total Cost Count
INCENT 64.02 19,258.39 19,323.36 911

(17.27) (262,697.48) (262,695.87)
LMW 25.33 -1,540.91 -1,515.62 670

(7.17) (254,510.76) (254,510.45)
Total 47.5 10,444.01 10,492.16 1,581.00

(23.65) (259,382.24) (259,381.94)
Cost 6 Months

Program Cost Absenteeism Cost Incentive Cost Total Cost Count
INCENT 32.01 23,165.54 1.09 23,198.97 643

(8.63) (281,146.74) (3.16) (281,146.01)
LMW 12.66 15,909.09 15,921.77 500

(3.58) (315,522.16) (315,522.02)
Total 23.75 19,991.24 20,015.59 1,143.00

(11.82) (296,562.76) (296,562.43)
Cost 12 Months

Program Cost Absenteeism Cost Incentive Cost Total Cost Count
INCENT 32.01 12,796.26 1 12,830.03 530

(8.63) (257,653.97) (2.69) (257,653.58)
LMW 12.66 26,694.88 26,707.71 419

(3.58) (262,390.80) (262,390.94)
Total 23.75 18,932.74 18,957.27 949

(11.82) (259,710.21) (259,709.77)
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Table 2.3: Missing Pattern: BMI

Pattern
Percent Baseline 6mo 12mo
55 1 1 1
18 1 1 0
21 1 0 0
7 1 0 1
100

Table 2.4: Missing Pattern: Cost

Pattern
Percent Baseline 6mo 12mo
52 1 1 1
21 1 1 0
22 1 0 0
5 1 0 1
100
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Table 2.5: Case Study Results: BMI Naive Results

Naive MCAR Models
Coeff(SE) OLS OLS + BCF LME LME + BCF MLM MLM + BCF
Outcome Model
Intercept 33.50*** 33.50*** 33.60*** 33.59*** 33.55*** 33.51***

(0.31) (0.30) (0.31) (0.31) (0.63) (0.58)
Period 2 -0.31 -0.06 -0.27 -0.15 -0.31 -0.06

(0.43) (0.39) (0.28) (0.21) (0.42) (0.39)
Period 3 -1.20** -0.34 -1.02** -0.42 -1.20** -0.34

(0.45) (0.39) (0.33) (0.24) (0.44) (0.39)
Group -0.19 -0.19 -0.36 -0.35 -0.38 -0.34

(0.41) (0.40) (0.41) (0.40) (0.87) (0.79)
Treat -0.75 -0.41 -0.40 -0.26 -0.80 -0.41

(0.54) (0.49) (0.37) (0.27) (0.53) (0.48)
*= p <.05 **= p <.01 ***= p <.001

BCF: Baseline Carried Forward; CRse: Cluster Robust Standard Errors
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Table 2.6: Case Study Results: BMI Results

MAR Model Sample Selection Models
Coeff(SE) DK Heckman Heckman+CRse DK
Outcome Model
Intercept 33.60*** 30.71*** 30.71*** Error

(0.31) (0.32) (0.48)
Period 2 -0.27 -0.04 -0.04

(0.28) (0.40) (0.38)
Period 3 -1.02** -1.75*** -1.75***

(0.33) (0.42) (0.43)
Group -0.36 -0.30 -0.30

(0.41) (0.42) (0.58)
Treat -0.40 -1.08* -1.08

(0.37) (0.50) (0.64)
Missingness Equation
Intercept 0.26 0.26

(0.14 (0.17)
Group 0.01 0.01

(0.04) (0.07)
Female -0.12** -0.12

(0.04) (0.07)
Age 0.001 0.001

(0.001) (0.002)
Caucasian 0.12** 0.12***

(0.04) (0.04)
Health Literacy 0.01 0.01

(0.01) (0.01)
Income 0.06*** 0.06**

(0.02) (0.02)
ρ 0.90*** 0.90***

(0.01) (0.07)
θ1 2.44

(0.00)
θ2 5.22

(0.00)
θ3

*= p <.05 **= p <.01 ***= p <.001
CRse: Cluster Robust Standard Errors
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Table 2.7: Case Study Results: BMI Naive Results

Nave MCAR Models
Coeff(SE) OLS OLS + BCF LME LME + BCF MLM MLM + BCF
Outcome Model
Intercept 0.002 0.002 0.002 0.001 0.001 0.001

(0.011) (0.011) (0.011) (0.011) (0.014) (0.015)
Period 2 0.021 0.018 0.021 0.019 0.021 0.018

(0.016) (0.015) (0.014) (0.011) (0.016) (0.014)
Period 3 0.018 0.013 0.019 0.014 0.019 0.013

(0.016) (0.015) (0.015) (0.009) (0.016) (0.014)
Group 0.014 0.014 0.015 0.016 0.013 0.013

(0.015) (0.015) (0.015) (0.015) (0.019) (0.021)
Treat -0.018 -0.005 -0.015 -0.007 -0.015 -0.005

(0.020) (0.018) (0.018) (0.012) (0.019) (0.018)
*= p <.05 **= p <.01 ***= p <.001

BCF: Baseline Carried Forward; CRse: Cluster Robust Standard Errors
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Table 2.8: Case Study Results: Cost Results

MAR Model Sample Selection Models
Coeff(SE) DK Heckman Heckman+CRse DK

Outcome Model
Intercept 0.002 -0.042** -0.04** 0.002

(0.011) (0.014) (0.01) (0.011)
Period 2 0.021 0.017 0.02 0.023

(0.014) (0.016) (0.02) (0.015)
Period 3 0.019 0.013 0.01 0.021

(0.015) (0.016) (0.01) (0.017)
Group 0.015 0.010 0.01 0.015

(0.015) (0.015) (0.01) (0.015)
Treat -0.015 -0.012 -0.01 -0.015

(0.018) (0.020) (0.02) (0.018)
Missingness Equation

Intercept 0.255 0.26
(0.178) (0.18)

Group -0.032 -0.03
(0.045) (0.07)

Female -0.126* -0.13*
(0.051) (0.05)

Age 0.0003 0.003
(0.002) (0.002)

Caucasian 0.190*** 0.19**
(0.051) (0.06)

Health Literacy 0.009 0.01
(0.011) (0.01)

Income 0.089*** 0.09*
(0.024) (0.04)

ρ 0.439*** 0.44***
(0.066) (0.11)

θ1 -1.073*** -1.074***
(0.046) (0.047)

θ2 0.281 0.249
(0.166) (0.182)

θ3 0.089
(0.405)

*= p <.05 **= p <.01 ***= p <.001
CRse: Cluster Robust Standard Errors
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Table 2.9: Simulation Parameters

labeltab: scen

Low High
Number of Clusters 10 50
Cluster Size 10 50
ICC 0.01 0.3
Attrition 10% 50%

Table 2.10: Simulation Scenarios

Parameter Values No. Cluster Cluster Size ICC Missingness

Scenario 1 Low High High Low
Scenario 2 Low High High High
Scenario 3 Low High Low Low
Scenario 4 Low High Low High
Scenario 5 High Low High Low
Scenario 6 High Low High High
Scenario 7 High Low Low Low
Scenario 8 High Low Low High
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Table 2.11: Simulation Results: DK DGP

Estimator DK Heckman Heckman: MLM: MLM: LME: LME: OLS: OLS:
Median(SE) INB Bias CRse Ign. Miss BCF Ign. Miss BCF Ign. Miss BCF

Scenario 1 -4.40 -5.87 -5.87 -5.74 -4.31 -6.83 -3.70 -5.64 -4.31
(6.73) (6.20) (6.20) (6.31) (6.80) (6.58) (6.83) (6.33) (6.81)

Scenario 2 -4.41 -5.23 -5.23 -4.43 -4.16 -3.96 -4.10 -5.20 -4.16
(7.38) (6.21) (6.21) (6.09) (7.08) (6.65) (7.15) (6.20) (7.09)

Scenario 3 -3.32 -3.42 -3.42 -3.53 -2.71 -3.67 -2.43 -3.60 -2.71
(2.08) (2.22) (2.22) (1.89) (2.10) (1.99) (2.14) (1.89) (2.10)

Scenario 4 -2.36 -3.53 -3.53 -3.34 -1.74 -2.51 -1.28 -3.56 -1.74
(2.29) (5.70) (5.70) (1.94) (2.30) (2.06) (2.35) (1.95) (2.30)

Scenario 5 -4.75 2.37 2.37 2.27 3.25 2.28 3.84 2.37 3.24
(2.59) (3.13) (3.13) (3.21) (3.43) (3.29) (3.46) (3.16) (3.43)

Scenario 6 4.20 -0.59 -0.59 2.25 3.51 3.42 4.62 1.71 3.49
(3.71) (6.46) (6.46) (3.07) (3.68) (3.28) (3.74) (3.00) (3.68)

Scenario 7 -0.66 -1.86 -1.86 -1.62 0.24 -1.25 0.74 -1.71 0.25
(1.20) (1.14) (1.14) (1.22) (1.18) (1.22) (1.19) (1.21) (1.18)

Scenario 8 0.83 -2.02 -2.02 -2.25 0.95 -0.39 1.00 -2.31 0.95
(1.30) (1.11) (1.11) (1.17) (1.21) (1.13) (1.26) (1.16) (1.21)

CRse: Cluster Robust Standard Errors; Ign. Miss: Ignoring Missingness
BCF: Baseline Carried Forward
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Table 2.12: Simulation Results: Heckman DGP

Estimator DK Heckman Heckman: MLM: MLM: LME: LME: OLS: OLS:
Median(SE) INB Bias CRse Ign. Miss BCF Ign. Miss BCF Ign. Miss BCF

Scenario 1 2.06 1.78 0.07 1.95 2.59 2.20 2.59 1.75 2.59
(4.42) (4.40) (0.19) (3.77) (3.83) (4.44) (4.49) (3.77) (3.83)

Scenario 2 -9.66 1.50 1.50 1.03 2.45 2.21 2.41 0.96 2.45
(3.44) (3.77) (3.77) ( 3.77) (3.86) (3.82) (3.81) (3.80) (3.86)

Scenario 3 -3.38 -2.41 -2.41 -2.25 -2.62 -2.60 -2.81 -2.21 -2.62
(0.99) (1.75) (1.75) (1.77) (1.93) (1.82) (1.95) (1.76) (1.93)

Scenario 4 -2.28 -1.19 -1.19 -0.79 -2.38 -1.69 -2.52 -0.74 -2.38
(1.76) (1.77) (1.77) (1.78) (1.75) (1.75) (1.72) (1.79) (1.75)

Scenario 5 -4.28 -3.73 -3.73 -3.74 -4.99 -4.50 -4.91 -3.57 -4.99
(2.84) (2.83) (2.83) (2.83) (2.90) (2.85) (2.97) (2.81) (2.90)

Scenario 6 -3.30 -3.05 -3.05 -3.28 -3.65 -3.16 -3.24 -3.07 -3.65
(3.12) (3.19) (3.19) (3.22) (3.25) (3.23) (3.31) (3.17) (3.25)

Scenario 7 -1.83 -2.00 -2.00 -2.08 -2.34 -1.97 -2.17 -1.93 -2.34
(1.78) (1.87) (1.87) (1.86) (1.72) (1.84) (1.76) (1.86) (1.72)

Scenario 8 -1.14 -0.83 -0.83 -0.69 -2.01 -1.44 -1.62 -0.67 -2.01
(2.00) (2.14) (2.14) (2.16) (1.93) (1.99) (1.98) (2.15) (1.93)

CRse: Cluster Robust Standard Errors; Ign. Miss: Ignoring Missingness
BCF: Baseline Carried Forward
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Figures

Figure 2.1: Distribution of Cost

(a) ICENT Cost

(b) LMW Cost
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Figure 2.2: Trends in BMI by Group: Completers vs Dropout
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Figure 2.3: Trends in Cost by Group: Completers vs Dropout
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Chapter 3

Access and the Effect on Consumption

3.1 Introduction

Simultaneous changes in the local food environment, consumption patterns, and diet-related

diseases have prompted researches to investigate possible relationships between these phe-

nomena (Morland, 2015; Papas et al, 2007).Previous, and consistent, findings of disparities

in the number of supermarkets available in in low-income, and African American neighbor-

hoods, which also suffered from disproportionately high rates of diet related diseases, such as

obesity and diabetes, spurred researches to try to identify a mechanism through which the

local food environment may affect individual outcomes (Walker et. al, 2010; Beaulac et al,

2009; Aggarwal et al, 2014, Dunn et al, 2012; Michimi and Wimberly, 2010). Access has been

proposed as a potential explanation, however, the literature examining the effect of access

on consumption and health outcomes has been mixed, and when significant relationships are

found, the magnitude is often small (Morland, 2015; Ver Ploeg et. al, 2014; Capsi et. al,

2012).
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Access is defined as a set of five dimensions (availability, accessibility, affordability, accept-

ability, and accommodation) which are believed to describe attributes of the local food envi-

ronment which influence individual outcomes (Morland, 2015; Papas et. al, 2007). However,

access lacks a broader theory to specify which of the five dimension are the most relevant

to the individual’s decision making process, or identify the possible interactions between the

five dimensions, which has resulted in a large body of literature with heterogenous models,

with most researchers focusing only on a single attribute at a time (Beaulac et al, 2009;

Morland, 2015; Charreire et. al, 2010; Walker et. al, 2010).

Of the five dimensions availability, which measures the density of food retailers within a

certain radius, and accessibility, which measures the distance to the nearest food retailer,

are the most commonly used (Charreire et. al, 2010; Morland, 2015). Their popularity may

stem from their close association with the earliest work in the food environment literature

related to food deserts, the title given to neighborhoods with disproportionately low access

to grocery stores. In food deserts poor access was generally defined by the distance to the

nearest grocery stores, or a low density of grocery stores in a given geographical area (Cum-

mins and Macintyre, 2005). The original concern with food deserts comes from the finding

that individuals living in food deserts were also more likely to develop diet related diseases

(Beaulac et al, 2009). Thus, using either of the two geographical dimensions access made it

easier to test the hypothesis that poor access, as defined by greater distances from grocery
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stores, results in poorer health and consumption outcomes.

This hypothesis suggests that the the spatial distribution of health outcomes should vary

within the geographical area of interest, yet this important source of variation in the data

is underutilized (Papas et. al, 2007). Most previous studies limit their interaction with the

spatial dimension of access to the data collection process, in which spatial methods, such

as geographical information systems (GIS) are used to create a spatially sensitive data set

(Charreire et. al, 2010). These datasets are sensitive to the location of households, and the

distances and density of food retailers in the households local food environment. The most

common consideration for the spatial dimension of these datasets is the separate analysis

of rural and urban areas, which reflects the belief that high car ownership in rural areas

has a significant impact on the effect of access on individual behavior (ver Ploeg et. al,

2014). However, any further consideration of the spatial dimension in the analysis process is

rare(Charreire et. al, 2010). A few studies have acknowledge the potential effect of spatial

autocorrelation and have address it using multilevel level models (Morland and Evenson,

2009; Santana et. al, 2009). But even fewer investigate variations in the spatial distributions

of the outcomes (i.e. obese vs non-obese) in their dataset, even though a lack of variation

in the spatial distribution could provide some insight into the lack of significant findings as

it suggests the absence of a spatial phenomenon (Charreire et. al, 2010; Baker et. al, 2006;

Day and Pearce, 2011).
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The purpose of this paper is to address two weakness in the food access literature which

may be contributing to the mixed findings. First, the household production model will be

introduced and utilized as a framework to show how multiple dimensions of access may affect

the household’s decision making, thus illustrating the potential weakness of considering only

a single dimension (Becker, 1965). Second, spatial statistics will be used to to test for differ-

ences in the spatial distribution, both between outcomes (such as obese versus non-obese)

and relative to food retailers (Kulldorf, 1997). This is an important step in the analysis

process since it can identify variation in the dataset consistent with the access hypothesis,

and ensuring the most appropriate methods are used in analysis.

One concerning type of spatial distribution is known as clustering, which indicates that indi-

viduals are not randomly distributed in a geographic area (Bivand et. al, 2013). Clustering is

a violation of the assumption of independent and identically distributed (i.i.d.) observations

necessary to consistently estimation the standard errors in the commonly used logistic and

linear regressions (Aggarwel et al, 2014; Blitstein et al, 2012; Dunn et al, 2012; Michimi and

Wimberly, 2010; Pearson et al, 2005). Should the spatial statistics detect clustering, it will

be necessary to account for it with more spatially explicitly methods.
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3.2 Access and Consumption

Research on the food environment started in the 1990’s, with an interest in identifying areas

that had poor access to grocery stores (Walker et al, 2010; Larson et al, 2009; Charreire et al,

2010). This research consistently revealed disparities in access amongst communities in the

United States that have higher proportions of low-income and African American residents

(Beaulac et al, 2009; Walker et al, 2010; Larons et al, 2009; Cummins and Macintyre, 2005).

These findings partially reflect significant changes in the retail food environment since the

1960’s, which has resulted in the rapid growth of chain supermarkets, and the movement of

store locations to the edges of town (White, 2007; Walker et al, 2010).

Simultaneously, researchers were identifying disparities in healthy food consumption and

obesity by race and socio-economic status (White, 2007, Wang and Beydoun, 2007; Flegal

et. al, 2010; Wen and Kowaleski-Jones, 2012). Given the disparities in healthy food ac-

cess and the relationship between healthy food consumption and diet related diseases (such

as obesity), the local food environment literature turned towards the relationship between

access and individual health and consumption outcomes in the early 2000’s (White, 2007;

Capsi et al, 2012).

There are several challenges researchers must address when trying to identify the effect of

the local food environment and access on health and consumption outcomes. Two challenges
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which are intertwined involve defining the local food environment, and operationalizing the

definition of food access (Papas et. al, 2007; Thornton et al, 2012; Blitstein et al, 2012).

Defining the local food environment not only requires researchers to select the geographic

region of interest, but also to define which food retailers are relevant. Generally either an

urban or rural area is identified, and researchers focus only a single type of food retailer (ex.

supermarket or fast-food restaurant), which seems to affect the way they operationalize the

definition of access (Papas et. al, 2007).

Access has been conceptualized to include five dimension: availability, accessibility, afford-

ability, acceptability, and accommodation (Capsi et al, 2012; Charreire et al, 2010). Avail-

ability and accessibility capture the geographical component of access, and measure the

density and proximity respectively of food retailers. Affordability captures costs, and the

remaining two dimensions, acceptability and accommodation, speak more to the percep-

tions and quality of the local food environment (Capsi et al, 2012; Powell and Baio, 2009).

Acceptability describes attitudes about the local food environment, and accommodation de-

scribes how well local food sources meet local needs (Capsi et al, 2012; Charreire et al, 2010).

Very few studies attempt to measure acceptability or accommodation since they relate to

attributes of the food retailer, such as hour of operation, quality of produce, selection, and

require more intensive data collection methods such as store audits and surveys (Capsi et.

al, 2012).
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Although all five dimensions may contribute to the effect of the local food environment on

individual behavior, most research only focus on the effect of a single dimension, with avail-

ability and accessibility being the most popular dimensions (Morland, 2015). Availability

can be measured either at the individual or a more aggregated geographical level. When

measured at the individual level a buffer around the individual’s home is used to designate

the geographic area of interest (the relevant local food environment) and the count or density

of food retailers is calculated within the buffer (Capsi et al, 2012). Alternatively, availabil-

ity can be calculated for a geographic unit, which is generally defined by the census (i.e.

block group, or census tract), and the density or count of food retailers is calculated for the

geographic unit (Morland, 2015). In either case, a higher density of grocery stores would

indicate better availability of healthy food, and a higher quality local food environment. On

the other hand, a higher density of fast-food restaurants would indicate better availability

of unhealthy food and a lower quality local food environment.

Accessibility is most often measured at the household level, using the distance from home

to the nearest food retailer (Aggarwal et al, 2014; Dunn et al, 2014). Although some studies

use the centroid of a census unit to proxy for the location of a household (Capsi et al, 2012;

Inagami et al, 2006). In either case, a longer distance to the retailer indicates poorer acces-

sibility. However, there are also several ways to measure distance. A euclidean distance will

measure the straight line distance from the home to the retailer, while a network distance

uses distances traveled by actual roads. One weakness of this method, is that it is generally
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unknown whether or not the household actually shops at the nearest stores, and it is assumed

this environment has the greatest influence on individual behavior (Aggarwal et al, 2014).

The choice of food retailer of interest may influence how access is operationalized, however,

it is often unclear how the decision to define the local food environment and access is made

because there is often not an explicit discussion in the literature on how to move from theo-

retical access to an empirical model (Charreire et. al, 2010). The North American Industry

Classification System (NAICS) is often to use to distinguish between retailer types, such as

grocery store vs supermarket, or fast food vs sit down restaurant (Morland, 2015; Morland

et. al, 2002). Grocery stores are often the primary retailer of interest, and used to indicate

a healthy food environment, though research has expanded to include the effects of access

to alternative food outlets, such a fast food restaurants and corner stores, which indicate

poor local food environments (Walker et al, 2010; Larson et al, 2009). Fast-food restaurants

and convenience stores became of interest after research indicated that not only was the

consumption of food away from home, and particularly fast-food consumption, increasing

over time but also that access to fast food and full service restaurants displayed some dis-

parities based on socioeconomic status, with a greater density of fast food restaurants in

lower income areas and more full service restaurants in higher income areas (Larson et al,

2009; Morland, 2015). This was particularly concerning given research showing that fast

food restaurants serve lower quality foods, and that access to full service restaurants (as

compared to fast food) can improve dietary intake (Larson et al, 2009). However, the effect
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of fast-food access on health outcomes has result in mixed findings as well (Morland, 2015;

Capsi et. al, 2012).

The effect of access is also sensitive to the outcome researchers choose. Healthy food con-

sumption, as defined by fruit and vegetable consumption, is a popular outcome, yet, studies

considering fruit and vegetables have conflicting results and even when there was a significant

result the magnitude of the finding is small (Capsi et al, 2012; Larson et al, 2009; Thornton

et al, 2012, Morland, 2015). This finding is consistent regardless of whether availability or

accessibility is used as the measure of food access, and is consistent across food retailer of

interest (Capsi et al, 2012; Morland, 2015). Accessibility produces even more inconsistent

findings than availability, and very often no relationship can be established (Capsi et al,

2012; Dunn et al, 2012; Ball et al, 2009). In one review, of the thirteen papers that looked

at accessibility and fruit and vegetable consumption seven found no relationship, and one

found increase consumption when living further from a grocery store (Capsi et al, 2012).

When considering the effect of the local food environment on health, obesity has been one

of the most commonly used health outcomes (Morland, 2015). The local food environment

for these studies has included grocery stores and restaurants (both fast food and sit-down),

and availability and accessibility have been used to represent access (Papas et. al, 2007).

For these studies, the relationship with accessibility to supermarkets yielded slightly more

consistent results than with grocery stores (where increased accessibility was associated with
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healthier weights) (Morland, 2015; Papas et. al, 2007). However, studies with statistically

significant findings usually found the magnitude of the relationship was small, and often

confined only to a particular subpopulation (Morland, 2015). The evidence for a relation-

ship between accessibility of restaurants (both fast food and sit-down) and weight was very

weak (Morland, 2015). Most studies do no control for physical activity, even though this

will affect the outcome and could be related to the local food environment (Morland, 2015).

Overall, the evidence for the effect of the local food environment on health and consumption

outcomes is weak, with many studies yielding mixed or null results (Morland, 2015; Capsi

et. al, 2012; Beaulac et. al, 2009; Michimi and Wimberly, 2010). It has been suggested that

the mixed results may be attributed in part to the geographical sensitivity in the relation-

ship between access and individual level outcomes, which would suggest a highly localized

relationship not suitable to generalization (Ball et. al, 2009). Building a body of evidence on

the relationship between access and consumption and health outcomes is further complicated

by large heterogeneity across models (Morland, 2015). How the local food environment is

defined, what definition of access is used, and what other factors are controlled for vary

widely.

Previous literature has also found that the conclusions from an access study can be sensitive

to the level of spatial aggregation and the distances used to define availability or access abil-

ity (Thornton et. al, 2012; Larson et. al, 2009). When examining the relationship between
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supermarket access and fruit and vegetable consumption Thornton (2012) found that within

a single study area the results were sensitive to whether access was defined as availability

(measured by densities) or accessibility (measured by proximity). Proximity, which measured

the distance from a geographic area to the supermarket, consistently gave null results, while

the availability results were sensitive to the size of geographic area use to defined the local

food environment. Regardless of whether the buffer was calculated using the straight line

Euclidean or road network distance, the relationship between the buffer size and likelihood

of significance seem to follow a U-shape. With smaller distances (less than 1km) yielding

null results, distances up to around 3km producing positive, significant results, and then

past 4km the results were again null (Thornton et. al, 2012).

Being able to identify what, if any, effect access, either to supermarkets or restaurants, has

on household consumption, and diet composition is an important step in understanding what

interventions could be used to help improve dietary outcomes. This is particularly true for

low-income neighborhoods which are disproportionately affected by disparities in access, and

may have lower consumption rates of healthy foods. The implication of the current theories

and findings on access has resulted in the justification of building of new grocery stores

to improve fruit and vegetable consumption, but with very limited success (Cummins and

Macintyre, 2002; Wang et al, 2007; Sadler et al, 2013). Economic theory may be able to

add to this body of literature by integrating food access into a framework supplied by the

household production model (Becker, 1965). The household production model is used to
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describe a household’s demand for goods and commodities. It can be used to incorporate

multiple dimensions of access, model their interactions, and motivate an empirical model,

and identify alternative avenues for policy intervention.

3.3 Household Production Model

Since the underlying hypothesis in access is that the local food environment directly affects

a household’s outcomes, access is also indirectly addressing the determinants of demand.

While one popular choice of consumption outcome is fruit and vegetable consumption, inter-

views with residents of food deserts, and low-income shoppers has revealed that their food

purchasing choices are often frame in terms meals, or adequate food supply (Smith and Mor-

ton, 2009; Zachary et. al, 2013 ). These interviews also reveal that both time, and income

constraints are important limitations which influence their decision making process, (Smith

and Morton, 2009; Zachary et. al, 2013 ). While these findings provide support for the

hypothesis access, they also indicate that traditional models of demand will be inadequate

to capture the effect of access on an individual’s decision making process.

Traditional models of demand assume that an individual’s consumption choices are deter-

mined by their utility function, V (Q), which represents a household preferences for cer-

tain goods, and income constraint PQ = Y , where Y represents household income, and
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P = (p1, ..pk) the price of good Q = (q1, .., qk). The traditional model has two potential

weaknesses when analyzing the relationship between access and consumption. First, it does

not consider the cost of time, and second, it does not acknowledge that households may not

derive their utility directly from the good, but rather indirectly through the commodity, Z,

the good is used to produce (Becker, 1965; Pollak and Wachter, 1975).

The household production model can accommodate this unique feature of food consumption

decisions and integrate multiple dimensions of access into a single model, which will provide

a framework better able to capture the full effect of the local food environment on individual

behavior (Becker, 1965). This is accomplished by introducing two new constraints: a time

constraint and a household production function. In the context of access and household

outcomes, the goods of interest are meals, which are distinguished by food at home (FAH)

and food at away from (FAFH), since the households decision between the two meal types

will be influenced by the environment, and have important implications for consumption and

health outcomes. Thus the utility function for this framework will be:

U = (ZFAH , ZFAFH) (3.1)

Where ZFAH are meals at home, and ZFAFH are meals away from home. Each commodity

will also have it’s own production function, which describes the households ability to produce

the commodity as a function of market goods, q, and time, T (Becker, 1965).
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ZFAH = fFAH(qfv, qp, qg, Ts, Tc, TG)

ZFAFH = fFAFH(qm, TR)
(3.2)

For simplicity, FAH production (ZFAH) is limited to the three simple market good inputs:

fruit and vegetables (qfv), protein (qp), and grains (qg), and three time inputs: time spent

shopping (Ts), time spent preparing and cooking (Tc), time spent traveling to a food retailer

(TG). The production function for meals away from home (ZFAFH) is much simpler since

the good purchase at a restaurant is the simply the meal, qm and only requires the time

spent traveling to the restaurant (TR) (note for both FAH and FAFH time spent consuming

is omitted). Substituting Equation 3.2 into Equation 3.1 shows that accommodation and

acceptability since individuals preferences for goods will influence their choice.

Finally, we can introduce the resource constraints, which are important to capturing the

dimensions of access, since they can capture the effect of the external environment on the

household’s decision making process. First, the traditional income constraint:

pfv ∗ qfv + pf ∗ qp + pg ∗ qg + pog ∗ qog = wTw + Y (3.3)

Where w refers to the wage rate, Tw time spent working, Y unearned income, and pi the
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prices of the market goods, where qgo is the enumerator for all other goods purchased. This

constraint reflects a households sensitivity to prices, which also captures the affordability

dimension of access. The relative prices of market goods, will affect a households decisions

to purchase them. However, income is not the only resource constraint a household faces

when making consumption decisions The second resource constraint, the time constraint, is

given as follows:

Tw + Ts + Tc + TG + TR + TOA = T (3.4)

Equation 3.4 contains the the time constraint, which contains the time spent working and Ti

is the time spent on the production of each commodity, where TOA represents the time spent

on all non-food related activities . T represents the total amount of time in the time frame

of interest, which could be a day (T = 24 hours) or a week (T = 7 days). Since individuals

only have a certain number of hours in the day or days in the week, they must make choices

about how they spend their time, and thus each activity has a time cost. Availability and

accessibility can both be framed as capturing a time cost associated with consumption. Con-

sider TG and TR, which are the time spent traveling to a food retailer. Both are important

for the production of meals at home and away from home, and both can expressed in terms

of a time cost which is a function of distance and mode of transportation.
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TG = DG ∗MT

TR = DR ∗MT
(3.5)

Where DG is the distance to the nearest food retailer, and DR is the distance to the nearest

restaurant. Clearly longer distances will have a relatively higher time cost, but this cost may

be mitigated by the mode of transportation, MT. For the same distance, walking will have

the highest time cost, and driving the lowest time cost. Mode of transportation is an often

over looked component of accessibility, but will be important as it implies the same distance

could have a different time cost, and thus different measure of accessibility, for different

individuals. This is why rural and urban areas are often analyzed separately, and different

metrics are used to identify the local food environment in each setting. It is assumed that

individuals living in rural areas are more likely to own vehicles, thus making the area relevant

to their local food environment larger. This is of course, conditional on vehicle ownership,

so perhaps the more important distinction should be between vehicle ownership.

Time cost will also be affected by the destination, whether it’s a restaurant or grocery store.

Going to a grocery store generally implies that the individual is preparing for a meal at

home, which has at least two additional sources of time cost: shopping, Ts, and cooking Tc.

Thus availability and accessibility may not only capture the effect of greater distances, but

the total time cost implied by the retailer destination, since a household’s meal consumption

decision has to take into consideration the total time cost of the meal type.
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Finally, to consider the full effect of the of the constraints and dimension on the household

decision making process, it is necessary to consider the first order conditions for the optimal

choice of FAH and FAFH. This optimal condition is found by taking the derivation of utility

with respect to ZFAH and ZFAFH and then setting them equal to each other.

∂U

ZFAH
=

∂U

ZFAFH
(3.6)

This condition shows that the decision about meal consumption is made by weighting the

marginal benefit of both meals, thus the optimal choice of either FAH or FAFH will be a

function of the attributes of the other meal type. Thus, in food access research it is necessary

to consider both in order to capture the full of effect of the local food environment on the

household decision making process. This may be particularly true when considering a health

outcome such as obesity which is a function of all meals consumed, which in this model

includes the optimal number of meals at and home and meals away from home. Clearly

these choices will be affected by multiple dimensions of access, as well as multiple types of

retailers. Using a model that captures a more complete picture of the household decision

making process in regards to consumption may show why empirical models that only use

fruit and vegetable consumption, or focus on a single retailer may fail to find any relationship

between access and consumption or health.
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3.4 Access as a Spatial Phenomenon

The primary hypothesis in the food access literature is that the distance from a food retailer

affects the likelihood of developing a diet related disease, or the healthiness of an individuals

diet. While most papers use spatial tools, such as geographic information system (GIS), to

build a spatially sensitive datasets by including the location of homes and food retailers, and

to measure a dimension of access (such as density of food retailers, or distance to nearest

retailer), the use of spatially explicit methods at the analysis stage has been very limited

(Papas et al, 2007, Sadler et al, 2011; Day and Pearce, 2011). A few papers have made

use of multilevel models to address spatial autocorrelation, but even fewer have used spatial

statistics to investigate differences in spatial distributions (Day and Pearce, 2011; Morland

and Evenson, 2009; Charreire et. al, 2010). The only other major consideration given to

the spatial dimension is the use of rural and urban subgroups, and while this may represent

an important delineation, we would expect to see variation in the spatial distribution of

outcomes even within these two geographic subgroups. The spatial dimension of the dataset

has two important implications for the food access literature that are often overlooked, but

will be addressed by this paper.

First at the theoretical level, if distance affects the likelihood of different outcomes, we should

expect to see a difference in the spatial distribution of outcomes, especially relative to food

retailers. Unconditional spatial statistics can be used to test for differences in the spatial
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distribution, which could provide further insight into previous findings of null or counter

intuitive results, since the lack of variation in spatial distributions could suggest the absence

of a spatial mechanism.

Second, using spatially explicit data requires additional considerations in the empirical anal-

ysis since such data is often not mutually independent (Bivand, et al 2013). Previous studies

have relied upon methods commonly applied to cross sectional datasets, including logis-

tic and linear regressions, however, the unbiasedness of these methods are based upon the

assumption of independent and identically distributed (i.i.d.) observations which may be vi-

olated in spatial data (Aggarwel et al, 2014; Blitstein et al, 2012; Dunn et al, 2012; Michimi

and Wimberly, 2010; Pearson et al, 2005). In the case that data expresses a clustered rela-

tionship observations nearer to each other will act more similar, inducing correlation in the

data set that violates the i.i.d. assumption.

This paper will focus on the relationship between access and obesity and the analysis of the

data will proceed in two stages. In the first stage, unconditional spatial statistics will be

used to detect a spatial distribution in the data, compare it between outcomes (i.e. obese

versus non-obese), and identify the location of clusters of outcomes relative to food retailers.

This first stage will give some insight into whether or not there is any spatial variation in

the data consistent with the theory of access, and help identify which retailers or dimensions

of access are most relevant. Then the second stage of the analysis will utilize conditional
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logistic regressions to more formally test for the relationship between the identified access

variables and the probability of being obese, while controlling for any relevant covariates and

accounting for any clustering in the data by using cluster robust standard errors.

3.5 Data

The data for this study comes from the Dan River Partnership for a Healthy Community

(DRPHC), a community academic partnership in the Dan River Region (DRR) and consists

of an audit of grocery stores, supermarkets, and restaurants using the Nutrition Environment

Measures Survey (NEMS) as well as household survey data. For both, physical addresses

were collected making it possible to geocode their location, and create a point referenced

dataset.

The DRR consists of two counties, Henry and Pittsylvania, in the south central Virginia and

one, Caswell, north central North Carolina. While all three counties are classified as rural

by the USDA Rural Urban Community Area Codes (RUCA), the area also contains two

small cities: the mid-size regional city of Danville which has approximately 43,000 residents

and the smaller city of Martinsville with approximately 10,000 residents. Both cities are

classified as urban clusters using Census definitions (Hill et al., 2014, ”Urban and Rural

Classification,” 2015). Figure 3.1 shows the relative location of each county and city in the



Jacqueline N. Yenerall Chapter 3. Access and Obesity 123

study area. The area is predominately white, low-income, and is federally designated as a

medically under-served area/population (MUA/MUP) (Hill et al., 2014).

The household level data was collected via a telephone survey, which sampled listed and

unlisted numbers, and both landlines and cellphones (Hill et al., 2014). The survey utilized

random proportional sampling based on the population of the three counties and two cities,

which resulted in a final sample size of 784, and a geographically representative sample(Hill

et al., 2014). The survey was modeled after the Virginia and National Behavioral Risk Factor

Surveillance System (BRFSS) surveys for 2011(Hill et al., 2014). It included modules to as-

sess demographics, socioeconomic status, physical activity, fruit and vegetable consumption

and self reported weight and height, which can be used to calculate body mass index (BMI).

The store level data was collected in two stages, and is described in greater detail in Chau

et al (2013). In the first stage, food outlets in the DRR were identified using a database of

active permits to sell food, which is provided by the Virginia Department of Health. Those

outlets that served a worksite or school, or did not serve the public were excluded. This list

was divided into stores and restaurant, and then categorized by the NEMS classifications,

which included two main categories for stores and three main categories for restaurants. A

fourth category was created for this study which included restaurants that served hot extras

as a secondary function (ex. coffee houses) (Chau et al, 2013).
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In the second stage, food outlets were evaluated using the NEMS surveys (Glanz, et al., 2007;

Saelens et al., 2007). The purpose of the NEMS study is to assess the food environment as

it relates to factors that would affect food choice: price, availability, and quality (Saelens et

al., 2007). There are two NEMS surveys: NEMS-S for food stores (i.e. grocery stores, con-

venience stores) and NEMS-R for restaurants (i.e. fast food, full service). NEMS-R classifies

restaurants based on North American Industry Classification Systems (NAICS) standards

into two categories: fast food restaurants and sit down restaurants (Saelens et al., 2007).

Fast food restaurants are defined by limited service, and paying prior to eating while sit

down restaurants are defined by table ordering and full service. The survey considers the

availability of multiple menu items (including entrees, main dishes, side dishes etc), and their

healthfulness (based on government standards); facilitators of healthy eating (availability of

nutrition information on menus, labeling, reduced portion sizes etc); barriers to healthy eat-

ing (larger portions, all you can eat options, etc); as well as comparative prices for healthy

versus unhealthy options (Saelens et al., 2007).

The focus of the NEMS-S survey is to asses the availability of more healthful or recommend

choices; the quality of produce; and relative prices (Glanz, et al., 2007). The survey includes

ten indicator food categories: fruits, vegetables, milk, ground beef, hot dogs, frozen dinners,

baked goods, beverages, whole grain and baked chips. Fruits and vegetables were chosen

based on national food sales and food consumption data to identify the top ten most com-

monly consumed fruits and vegetables, excluding potatoes (Glanz, et al., 2007). They also
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included an assessment of quality in the form of a binary acceptability variable, which was

based on a visual inspection for bruising, looking old, over ripened, or spotted. The cost

variable included the non sale price per pound of fruits and vegetables, as well as price for

healthier and standard food options (ex. skim vs whole milk).

Previously, the dataset was utilized in two papers, one which considered rural urban health

disparities and another that considered disparities in the availability of healthy food by cen-

sus block (Hill et al., 2014; Chau et al, 2013). Hill et al (2014) utilized the household survey

data and found that when comparing urban and rural residents based on race and BMI, se-

vere obesity is worse for black and urban residents (Hill et al., 2014). They also found some

differences in likelihood of meeting fruit and vegetable or physical activity recommendations

by gender and and education level, with females and individuals with a college degree being

more likely to meeting both recommendations (Hill et al., 2014). Chau et al (2013) describes

the audit of the retail stores and restaurants, and utilizes the the store level information to

assess disparities in access by block group race. They found a significant difference in the

availability of healthy food by restaurant type. There was also a low availability of healthy

foods in low-income and predominately black block groups, while middle to high income

white block groups had the highest availability, although these difference were not statisti-

cally significant (Chau et al, 2013).
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3.6 Assessing the Local Food Environment

The first step in analyzing the effect of access on individual outcomes is to compare the

geographic regions in the study based on socioeconomic, demographic, and local food envi-

ronment related variables. Local food environment variables include indicators for they type

of store which is closest to the household, the distance to the nearest food retailer by type

of retailer, the NEMS score of the nearest grocery store, as well as the counts of noxious

retailers in either a 1 mile or 10 mile euclidean buffer. Noxious retailers include convenience

stores and fast food restaurants, both of which indicate a less healthy food environment. In-

cluding both an indicator of access to a healthy food environment in the distance to grocery

stores, and access to a unhealthy environment with the count of noxious retailers, will help

give a better picture of the differences in joint food environment.

One advantage of this dataset is that it contains both rural counties and more urban cities

within close geographic proximity. This allow us not only to test for differences in rural vs

urban areas, but also consider differences between three rural areas. This information will

also be used to determine the how to evaluate the study area. Should the study area be

considered as a whole, or is it necessary to analyze sub-regions separately. To answer this

question, I will be looking for areas that are demographically similar, but with significant

differences between food access variables. This will allow me to focus on the potential effects

of access, will minimizing the confounding effects of demographics. For the remainder of this



Jacqueline N. Yenerall Chapter 3. Access and Obesity 127

paper, rural areas will be defined by the three counties of Caswell, Henry, and Pittsylvania

(referred to as the counties) and the urban areas will be defined by Martinsville and Danville

(also referred to as the cities). Figure 3.2 shows the distribution of participants, and food

retailers across the study area.

Table 3.1 contains the summary statistics for the full geography, and the geographic sub-

groups: the counties and cities. Tests for differences between the individual level variables

across the study area were conducted for three difference comparisons: rural (Caswell, Henry,

Pittsylvania) vs urban (Danville and Martinsville); Martinsville vs Danville (the cities); and

then for equality across the counties. While t-test could be used to test for differences be-

tween rural and urban areas, and between the cities, testing for equality across three counties

required the use of a comparison invariant Wald test (Liao, 2004). For the three counties,

the null hypothesis of interest is: H0 : βC = βH = βP , and the alternative is at least one

equality does’t hold. One option would be to test for this difference in a regression setting,

by using dummies for each county, and dropping one to prevent perfect multicollinearity.

The challenge is, which group to drop? The Wald test for equality across the remaining

two coefficients will be sensitive to which group serves as the comparison (Liao, 2004). To

avoid this problem, Liao (2004) developed a comparison invariant Wald test, that utilizes the

results from sub-group regressions, and incorporates the covariances between the differences

across coefficients. The test statistic takes the following form:
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WaldCI =

∣∣∣∣∣∣∣∣
β̂C − β̂H

β̂C − β̂P

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣
var(β̂C) + var(β̂H) var(β̂C)

var(β̂C) var(β̂C) + var(β̂P )

∣∣∣∣∣∣∣∣
−1 ∣∣∣∣∣∣∣∣

β̂C − β̂H

β̂C − β̂P

∣∣∣∣∣∣∣∣ (3.7)

The test statistic follows a chi-squared distribution, with degrees of freedom equal to the

number of rows in the first or third matrix (Liao, 2004). This allows for the comparison be-

tween multiple coefficients across groups. However, in this application I am only concerned

with the intercept, to capture mean differences between groups for different individual level

variables.

Results from the test comparing differences between the three groups in Table 3.1 shows

that, as would be expected, the most significant differences are between the rural and urban

subgroups, where the difference is calculated as the urban mean less the rural mean. The

difference in mean BMI (diff=2.04,pval<0.000) extended to differences in BMI categories,

with the percentage of individuals who are morbidly obese being significantly higher in ur-

ban areas (diff=9.12,pval<0.000). There are also significant differences in the percentage of

females (diff=6.31, pval=0.40), mean age (diff=-6.95, pval<0.000), and percentage African

American (diff=38.53, p<0.000). While the only significant difference between the rural and

urban areas based on employment status is the percentage of retired persons (diff=-13.54,

pval<0.000), and there are no differences on the highest level of education obtained, there

are significant differences between every income level category. The percentage of individu-
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als earning at least $20,000 is significantly higher in the rural areas (Between $20,000 and

$50,000(%), diff=-23.94, pval<0.000; Greater than $50,000(%) diff=-9.35,pval=0.003), and

the reverse relationship is true for incomes less than $20,000 (diff=33.29,pval<0.000).

One finding which hints at potentially important differences in the composition of the local

food environment between the rural and urban areas comes from examining variables related

to grocery stores. While the percentage of individuals with a grocery store as their nearest

retailer is significantly lower in the urban areas, as compared to the rural areas (diff=-7.90,

pval<0.000), the distance to the nearest grocery store is on average lower in urban areas

(diff=-1.73, pval<0.000). Additionally, the average NEMS score of the nearest grocery store

is on average significantly higher in urban areas (diff=2.70, pval<0.000). This may indicate

that the urban food environment is more densely populated. This hypothesis is supported

by the finding that in urban areas, across all store types, the average distance to the near-

est retailer is significantly lower and the count of noxious retailer within either a 1 or 10

mile radius is significantly higher. This may indicate that the differences between the local

food environments in urban areas is so large that it is not appropriate to analyze them jointly.

After separating the rural and urban regions, and comparing differences within these regions,

fewer differences were detected for both the demographic and the local food environment

variables. However, the differences between demographic variables seem to be strongest

within the urban area, as more variables show significant differences. Within both the rural
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and the urban areas there are still significant differences for the local food environment vari-

ables. One interesting finding is that once the groups are separated, there are now significant

differences between the percentage of individuals with a convenience store as their nearest

store within both the rural and urban areas (city diff 43.77, pval<0.000, rural pval<0.000).

This change is likely to be driven by a commonality between the most rural area, Caswell,

and the most urban area, Danville, which both have a majority of individuals with a con-

venience store as their nearest retailer. This is an interesting feature to be shared between

such a rural and urban area, and could indicate a common feature of a poor local food en-

vironment common to both population density extremes. Although the test for rural areas

only considered equality across all counties, rather than between specific counties this differ-

ence in the rural areas is likely driven by Caswell county where 75.5% of individuals have a

convenience store as their closest retailer, which is the highest across all counties and cities.

One consistent finding is that the average NEMS score for the nearest grocery store shows

a significant difference for all comparisons, which may suggest that there are differences in

grocery store quality regardless of the geographic region of interest (urban vs rural diff=2.70,

pval<0.000; cities diff=-5.44, pval<0.000; counties pval<0.000).

Another important difference between the rural and urban areas is vehicle ownership. Al-

though information on vehicle ownership was not collected from the individual participants,

the Census Bureau collects this information as part of the American Community Survey

(”S0802 Means of Transportation to Work”). Table 3.2 shows household vehicle availability
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by counties and cities in the study area. As would be expected, Danville and Martinsville

have the largest percentage of households with no vehicle available, but overall the percent-

age of households with at least vehicle is extremely high (over 90% in all regions). This is

important information since owning a vehicle could substantially negate the negative effect

of poor access to healthy food. Although we cannot directly control for vehicle access in

future analysis, this table suggests that not having access to a vehicle is unlikely to be a

substantial challenge for most individuals in the study area.

Overall, this initial comparison of the study area revealed significant differences between the

rural and urban areas, which suggests that they may need to be analyzed separately in the

future. However, even amongst the rural and urban subgroups there remain some significant

differences, both amongst demographic and local food environment. Moving forward I will

continue to analyze the regions separately until further conclusions about the potential dif-

ferences in an access mechanism can be identified. This initial analysis focused primarily on

the distribution of individual variables within a population of interest, but, as was discussed

earlier it is the distribution of these variables across space that should also be interest in the

food access literature.
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3.7 Results: Unconditional Spatial Statistics

3.7.1 Nearest Neighbor

A general first step in analyzing spatially sensitive data is to test for the type of spatial

distribution present in the data (Bivand et. al, 2013). This is important for two reasons.

First, if the data does not exhibit any spatial distribution, i.e. if is distributed completely

randomly, then it is unlikely that there is a spatial mechanism within the data. Second, if

a clustering distribution is detected then it is necessary to control for this clustering in the

empirical model. The nearest neighbor statistic can be used to detect a spatial distribution

in the data for the complete geographic area of interest, and as such is a global statistic

for clustering (Bivand, 2013). The nearest neighbor statistic will be used in this paper to

consider the spatial distribution in the study area as a whole, as well as in each county and

city subsample. It will also be used to compare the spatial distributions of the obese, and

overweight subsamples. If the spatial distributions differ between these two subgroups it

may indicate a spatial mechanism driving the difference.

Figure 3.3 shows the spatial distribution of the obesity outcome, and a visual inspection of

the map reveals two potential clusters, which are located in roughly the same location as

the two smaller cities contained in this region. Although there does not appear to be much

difference in distributions between the obese and overweight or less outcomes, the nearest

neighbor statistic can be used to more formally test for violations of complete spatial ran-
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domness.

The null hypothesis in the nearest neighbor statistics is that the data is distributed with

complete spatial randomness (CSR) which indicates that observations are distributed at

random and uniformly over the study area, which would imply that there are no regions

where observations are more or less likely to occur and the presence of of an observation

has no affect on the probability of nearby observations (Bivand et al, 2013). Should CSR

be violated, we would observed either a clustered or regular pattern. A clustered pattern

occurs when there is an attraction between points, while a regular pattern occurs when there

is dispersion (Bivand et al, 2013).

To test for a violation in CSR the empirical value for the test statistic is compared to the

value for the test statistic under the assumption of CSR (the null hypothesis) (Bivand et al,

2013). The test statistic uses the ratio of the observed mean distance between each obser-

vation and its nearest neighbor over the expected mean distance for a completely random

pattern. A ratio of less than 1 indicates clustering, while a ratio greater than one indicates

dispersion. The test statistics for average nearest neighbor (ANN) ratio is the z-score(”How

nearest neighbor works”):
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z =
D̄O − D̄E

SE

D̄O =

∑n
i=1 di
n

D̄E =
0.5√
n/A

SE =
0.26136√
n2/A

(3.8)

Where di is the distance between observation i and its nearest neighbor, n is the total number

of observations, and A is the area of the minimum enclosing rectangle around all observa-

tions. D̄O is the observed mean distance between each observation and its nearest neighbor,

and D̄E is the expected means distance for the observations, assuming a random pattern.

Table 3.3 contains the results for the nearest neighbor statistic. It was calculated for the

full population, each geographic subpopulation (each county and the two cities) and com-

pared between obesity outcomes (i.e. either obese or overweight or less). Table 3.3 shows

that for the full geography, and most of the counties, there is significant clustering. Only in

Caswell county do we consistently fail to the reject the null of CSR. Additionally, for the full

geography the ratios are very similar for the full sample, the obese, and overweight or less

subsamples, which would suggest the spatial distribution is similar between these outcomes.
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Only in Martinsville and Henry is there a difference in the nearest neighbor statistic between

the obese and overweight or less subgroup.

While the nearest neighbor statistic can give some insight into the spatial distribution of the

data, which will be important when considering the most appropriate empirical techniques

to analyze the data, there are several limitations when using it in the local food environment

research. First, it is a global statistic and thus sensitive to the total area under consideration.

Second, while the test statistic indicates some differences between the obese and overweight

or less subgroup in Martinsville and Henry there does not exist a test for the differences be-

tween the two statistics. Finally, it considers only distances between individuals, rather than

the distribution relative to a food retailer, which is the distance of greatest interest in food

access. Thus it can identify whether the outcome is clustered for the entire area of interest,

which is important since it indicates a possible spatial mechanism within the dataset, but

the variation most important for access is that relative to a food retailer. Scanning statistic

can address this weakness by locating clusters within a given geographical region.

3.7.2 Scanning Statistics

While the nearest neighbor is a useful first step in detecting a spatial distribution in the data

as whole, it does not capture the spatial variation in the data most relevant to testing the
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access hypothesis. In access, the clustering of greatest importance is that of a specific out-

come, such as obesity. To test the hypothesis suggested by the access literature will require

the use of a more specialized spatial statistic known as the scanning statistic (Bivand et. al,

2013). Unlike the nearest neighbor statistic which tested for the clustering of individuals in

a geographic region, the scanning statistic is used to detect clusters of outcomes within a

specific geographic area. Thus it can be used to detect clusters of obese individuals, relative

to the entire population and as such is a local statistic for clustering.

There are two forms of the statistic, which are differentiated by the assumption of the un-

derlying distribution of the outcome and allow for the detection of two kinds of clusters

(Kulldorf, 1997). The first distribution is a poisson distribution, and it allows for the detec-

tion of clusters for areal data. The second distribution, Bernoulli, detects clusters in point

referenced data. Specifically the scanning statistic in the Bernoulli distribution detects clus-

ter of a certain outcome, known as cases. For example in obesity, individuals with a BMI

of at least 30 would be identified of cases, and the scanning statistic would identify clusters

of obese individuals. This statistic can also be used to detect clusters relative to a fixed

outcome, such as the location of retailer (Kulldorf, 1997).

The underlying hypothesis in the food access literature is that the local food environment

has an effect on individual outcomes. The spatial scanning statistic will be used in three

stages to investigate spatial variation consistent, or counter, to this hypothesis. In the first
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stage, the poisson form of the spatial statistic will be used to detect areas of poor access to

health food, which are defined as lower than expected numbers of grocery stores, higher than

expected numbers of fast-food restaurants or convenience stores. This form of the scanning

statistic was used in the past to detect food deserts, which were defined by lower than ex-

pected numbers of grocery stores (Baker et. al, 2006). While this is a useful first step, it does

not address the question of variation in spatial distribution of outcomes, especially relative

to different food retailers, as is suggested by the access hypothesis. Thus, the Bernoulli form

of the scanning statistic will be used to detect cluster of obese individuals, using grocery

stores as the center of the windows. This will detect clusters of a health outcome relative

to the food retailer of interest. Finally, both statistics will be used to determine if there is

overlap between the areas of poor or good access, and clusters of health outcomes, which

could indicate an influence of the local food environment on individual outcomes. This final

stage will be conducted by mapping the results of the first and second stage and visually

inspecting for overlap.

The general method used in the scanning statistic to detect local clusters, also known as

windows, is the same for the Bernoulli and Poisson forms (Kulldorf, 1997). Windows are

defined by a foci which identifies the center of the window, and a radius which defines the

size of the window, and is variable.

The common null hypothesis for this statistic is that the probability of an individual being

located within a window (denoted as p) is equal to the probability of being located outside
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the window (denoted as q) (Kulldorf, 1997). The alternative hypothesis is that p > q, i.e.

the window represents a cluster. The most likely cluster is identify through maximum like-

lihood, where the likelihood, either Bernoulli or Poisson, is maximized with respect to the

window, W and has the highest likelihood value. This likelihood forms the numerator of the

likelihood test ratio, and the denominator is the likelihood associated with the null hypothe-

sis. To test for the significance of the likelihood test ratio, since the exact distribution of the

test statistic is not known, a p-value is obtained through Monte Carlo hypothesis testing,

in which the likelihood value for the null hypothesis is simulated 1,000 times, then the rank

of the test statistics is compared to the simulated likelihood values (Kulldorf, 1997). If the

rank of the test statistics is R then p = R
(1+num.simulations)

.

The likelihood for the poisson model, which is used for areal data, considers the probability

of nG number of observations in the study area:

L(W, p, q) =
e−pµ(W )−q(µ(G)−µ(W ))

nG!
pnwq(ng−nw)

∏
xi

µ(xi) (3.9)

Where µ(W ) is the total population in the window. The Bernoulli distribution is used to

detect cluster in point referenced data, which can be partitioned into cases, which are the
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outcome of interest, and controls, which is the remained of the population. In the case of

the outcome obesity, the individuals who are at least obese are the cases, and individuals

who are at most overweight are the controls. The cases represent the point process, and the

statistic is used to find clusters of cases. The likelihood for this Bernoulli model is :

L(W, p, q) = pnw(1− p)µ(W )−nwqnG−nW (1− q)(µ(G)−µ(W ))−(nG−nW ) (3.10)

Where nw is the number of cases within a window, and µ(W ) is the total number of obser-

vations (cases and controls) in the window, and nG is the total number of observations in

the study area.

Table 3.4 contains the results for the first stage, which address areas with relative poor or

good access. The scanning statistic detected areas of good access to healthy food as indicated

by higher than expected number of grocery stores in all geographic sub-regions. However

only one cluster in the full geography (pval<0.000) and Danville was statistically signifiant

(pval<0.000). Using the coordinates of the center of the radius for this cluster, I was able to

determine that the cluster identified at the full geography is the same as identified in Danville.

To detect areas with potentially poor access to healthy food, the statistic was first used to

detect clusters of lower than expected numbers of grocery stores, and clusters of higher than
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expected fast-food restaurants and convenience stores. Table 3.4 shows that using grocery

stores as an indicator, no significant lower than expected clusters were found, although clus-

ters of this kind were detected in every geographic region. When the convenience store was

used as an indicator all areas had a clusters with higher than expected counts, but there

was only one significant cluster in Danville (pval=0.021). However, using fast-food restau-

rants, there was a significant cluster found in almost every geographic subregion (Caswell

pval<0.000; Danville pval<0.000; Pittsylvania pval=0.001; Henry pval<0.000) except for

Martinsville, and two at the full geographic region (pval<0.000 and pval=0.002). Given the

prevalence of clusters of fast-food restaurants, and previous findings of the effects of fast

food consumption on individual outcomes, this finding may indicate that they will be an

influential part of the local food environment. However, the larger question still remains,

will the presence of different food retailers have an effect on the distribution of individual

outcomes?

This statistic can be used to detect clusters of outcomes consistent with the access hypoth-

esis. This would include clusters of overweight individuals relative to grocery stores, and

cluster of obese individuals relative to fast-food restaurants or convenience stores. Table 3.5

provides the results from applying the scanning statistic to the full geographical region of

interest, as well as the individuals counties, and cities included in the study region.The table

includes the total number of clusters identified in the region (i.e. all windows with p > q)

and then if there are any statistically significant clusters, it provides the radius of the cluster
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in miles.

Table 3.5 shows that when considering the evidence consistent with the effects of good ac-

cess to healthy food (at most overweight as cases, and a grocery store grid) only one area,

Martinsville, has a statistically significant cluster. This cluster has a radius of 1.86 miles

(pval=0.013), which is slightly larger than the radius generally used to describe good access

in urban areas. When considering evidence consistent with poor access (obese cases, and

either a convenience store or fast food grid) the only area with significant clusters is Danville

(convenience store pval=0.002; fast food pval<0.000), and both clusters have radiuses of less

than 2miles. The cluster detected in the full geography is the same as in Danville.

Alternatively, we can use this statistic to set up a test for spatial variation not consistent

with the access hypothesis. Although the access hypothesis suggests that we should find

clusters of normal weight individuals, relative to obese individuals close to a grocery store,

this would not be an appropriate null hypothesis for the scanning statistic, since we use

hypothesis testing to find evidence against the null, rather than for it. Rather, the null hy-

pothesis for the scanning statistic will be of no clusters of obese individuals around grocery

stores, which is still consistent with the food access hypothesis. In this application, obesity

will serve as the outcome of interest, with individuals who are at least obese representing

cases, and individuals who are overweight or normal weight are controls. The foci for the

windows is provided by the location of grocery stores.
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The results for this form of the scanning statistic are contained in Table 3.5. Only one

significant cluster was detected both at the full geographical region, and was within Danville

(pval<0.000). The table shows that the radius of this cluster is 1.48 miles, putting it well

within the bounds of the 10 mile radius used by the United States Department of Agriculture

(USDA) to define good access within more rural areas, though greater then the 1 mile radius

used for urban areas (”Creating Access,” n.d.). This statistics tells us that within a region

that would otherwise be characterized as having good access to a grocery store there is a

disproportionately high number of obese individuals.

Finally, to test for spatial variation consistent or counter to the access hypothesis I will con-

sider two possible sources of overlap. The first is the potential overlap between the clusters

of good access (as represented by the higher than expected cluster of grocery stores) and

poor health outcomes (indicated by clusters of obesity relative to grocery stores). Figure 3.4

shows that scanning statistics detected just such an instance with the only grocery store

cluster. The map only contains Pittsylvania county, since the cluster was limited to this

geographic area. The area shaded yellow contains the block group identified has having a

cluster of higher than expected number of grocery stores, the dot within this block group

shows the location of the grocery store which was the center of the window that contained

the significant cluster of obese individuals. Comparing this map of Pittsylvania county with

Figure 3.1 indicates that the cluster is also in Danville.
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On the other hand, an overlap between a cluster of poor access, and a cluster of obesity

would be provide some evidence of spatial variation consistent with the access hypothesis.

Since there were multiple fast-food clusters detected I will consider fast-food restaurants as

the indicator of an area of poor access. However, using fast-food restaurants as the foci for

obesity clusters revealed only one significant cluster in the Danville region. Figure 3.5 shows

the location of each fast food cluster, and the obesity cluster, for which there was overlap in

the Danville area.

This section was designed to more explicitly analyze the spatial dimension of the dataset to

identify any possible trends which would indicate that access to the local food environment

had an effect on obesity. While previous research has focused on evaluating the effect of

access on individual outcomes for entire counties, states, or even the nations the results from

this analysis indicated that where there is variation in the spatial distribution consistent with

the theory of access, the effect is small and limited, relative to the study area normally under

consideration. This suggests that the effects of access may be far more localized than typical

analysis suggests. The results from this section also suggested that fast food restaurants

and grocery stores may be particularly important attributes of the food environment, given

the significant overlap between clusters of retailers and clusters of individuals. Thus in the

next section, a logistic regression can be used to test if this spatial variation has an effect on

individual outcomes once confiding covariates and spatial correlation are accounted for.
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3.8 Results: Conditional Regression

It is likely that there are other variables which effect the relationship between the local food

environment and obesity, such as some demographic and socio-economic characteristics. Not

controlling for these variables could bias our access variables, so the final stage of the anal-

ysis will be a conditional regression. Since the outcome of interest is the binary indicator

for obesity, a logistic regression model will be used, and since the nearest neighbor analysis

revealed clustering within all counties and cities, except for Caswell cluster robust standard

errors will penalize for clustering at the county level. Finally, I also need to consider the set

of covariates which affect both the access variables and the obesity outcome so they can be

controlled to minimize the risk of biased estimates. This set of covariates will include sex,

race, age, highest level of education, income and employment status.

Traditionally, a model for the effect of access on obesity would focus on a single dimension of

access. However, the household production model indicated that for an outcome like obesity

which is a function of all meals consumed, the full local food environment is likely to affect

the individual decision making process. This means considering retailers that are a source of

food at home, such as grocery stores, as well as retailers that are a source of food away from

home, such as restaurants and convenience stores. The summary statistics and scanning
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statistics indicated that noxious retailers, which include convenience stores and fast food

restaurants, might be the most influential source of food away from home. Given the signifi-

cant differences in distances to store type, count of noxious retailers and NEMS score across

all geographic regions, the model will ultimately control for access by considering distance

to the nearest grocery store, availability by controlling for count of noxious retailers, and

affordability by including the NEMS score the nearest grocery store, since NEMS contains an

affordability dimension. NEMS will also more broadly be able to address the heterogeneity

in food retailers, which is often overlooked in access studies.

Several models will be estimated to compare the results of this more complete model, to

more traditional forms of access models which consider only a single dimension of access, a

single retailer, and do not control for quality of the retailer. The first model takes the tradi-

tional specification of a single accessibility variable: distance to the grocery store. Model 2

builds on this by incorporating the NEMS score to capture the effect of heterogenous retailer

quality. In this model, the access variable is the ratio of distance to the nearest grocery store,

over the rank of the NEMS score, from lowest to highest quality. Thus, smaller values of this

access ratio indicate better access, which is consistent with the theory. Model 3 goes back to

a more traditional specification by considering only the availability of noxious retailers within

a 10mile radius of the home. The 10mile radius was used since we have a large area which is

rural, and also because of the high rate of vehicle availability within each geographic region.

Finally, Model 4 represents the model most consistent with the household production model
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since it includes the accessibility ratio variable, and noxious retailer availability. Each model

is estimated on the full geographic sample, the county subsample, and the city subsample.

Table 3.6 presents the results from all five models. Since the logistic model is non-linear the

average marginal effects for the access variables are reported, and the results from the set of

control variables are suppressed. In the traditional accessibility model, Model 1, the average

marginal effect of grocery store accessibility is only significant in the city subsample (AME=

-0.09,pval=0). The sign suggests that increasing the on average distance to the nearest gro-

cery store, decreases the probability of being obese. This would suggest that decreasing the

accessibility to grocery stores, and healthy food, would result in improved health. Although

this seems counterintuitive, it is consistent with results from the scanning statistics which

found a cluster of obese individuals near a cluster of grocery stores near Danville.

In model 2 once the quality of the nearest grocery store is accounted for, the ratio accessibil-

ity variable is no longer significant in the city model (AME=-0.12,pval=0.05), which implies

that controlling for heterogeneous quality of grocery stores is an important consideration.

Model 3 focuses on the effect of the availability of noxious outlets, which indicates a lower

quality food environment. Availability of noxious outlets has a significant effect in both the

city model (AME=0.02,pval<0.000), and the rural model (AME=-0.0005, pval=0.02). How-

ever, the sign of the availability coefficient is the opposite in the two subsamples. The access

hypothesis would indicate that since we are looking at the availability of noxious retailers,
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which are an indicator of a poor food environment, that there should be a positive effect.

Since living in an area with more noxious retailers should increase the probability of obesity.

Yet the sign is negative in the rural model, which may suggest a difference in the type of

convenience stores in rural and urban areas. However, in the city model the sign is not only

consistent with the access hypothesis but also with the results from the scanning statistics

which found a cluster of obese individuals relative to a fast food restaurant, where the fast

food restaurant was located within a cluster of fast-food restaurants.

The final model captures a more complete effect of the local food environment on obesity by

including food retailers that are sources of food away from home, food at home, and control-

ling the NEMS store of the nearest grocery. Thus, the final model includes four dimensions

of access:. availability which is captured by the count of noxious retailers, accessibility which

is captured by the distance to the nearest grocery store (part of the ratio accessibility term),

and affordability and acceptability which are both captured by the NEMS score. The results

show that within the rural subgroup, only noxious retailer availability has a significant effect

(Ratio Access AME=-0.01, pval=0.3; Avail AME=-0.001, pval=0.01). However, within the

urban subgroup the average marginal effect for the ratio accessibility (Ratio Access AME=-

0.1, pval=0.006) term is now significant, although it still has the counter intuitive negative

sign, and the effect of availability remains significant (Avail AME=0.01, pval<0.000).
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3.9 Conclusions

Given the rapid changes in the local food environment and obesity over the past thirty years,

researchers have sought to identify what, if any, relationship exists between the two trends.

While research has consistently identified areas of poor access, findings on the connection be-

tween poor access and poor health outcomes has been mixed. There are several weaknesses

in this literature which may be contributing to these mixed findings, and the purpose of

this paper is to address two of them, using data from the Dan River Region, which includes

three counties (Henry, Pittsylvania, and Caswell) and two cities (Danville and Martinsville)

in southern Virginia and northern North Carolina.

The first weakness comes from a weak theoretical foundation which leaves researcher unclear

on the best way to operationalize the definition of access. Access is characterized by five

dimensions, availability, accessibility, affordability, and acceptability and accommodation,

however only a single dimension is generally considered empirically. The household produc-

tion model was proposed in this paper as a potential framework to help guide analysis. This

model frames the individual’s decision making process as a constrained optimization problem

in which households must make a choice between consuming meals at home or away from

home. The access dimensions enter in through the income and time constraints, in which

the price and time cost of obtaining meals influence the household’s choices..
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The second weakness comes from the underutilization of the spatial dimension of the dataset,

which contains important information about the spatial variation in outcome relevant to the

hypothesis of access. The hypothesis of access is that living further from a grocery store in-

creases the probability of developing poor health outcomes. This paper specifically considers

obesity. Spatial statistics can be used to detect a spatial distribution in general, and spatial

variation consistent specifically with the hypothesis of access. The nearest neighbor statistic

is used to test for one of three types of spatial distribution: complete spatial randomness

(CSR), clustering, and uniform. The nearest neighbor statistic indicated clustering in the

full geography and all sub geographies except for Caswell county.

However, this statistic can only detect a type of distribution, to detect variation consistent

with the access hypothesis will require the use of scanning statistics. These statistics are

used to detect clusters of outcomes within a geographic region. There are two forms of the

statistics differentiated by their assumptions about the distribution of the outcome, and can

be used to detect two different types of cluster. The Poisson distribution is used to detect

clusters in areal data, and will be used to detect blocks groups with higher than expected

counts of different food retailers. This will detect areas of poor access to healthy food as

indicated by areas with too few grocery stores, or too many fast food restaurants. The

Bernoulli distribution is used to detect clusters of an outcome, such as obesity, relative to

food retailers. Combing the results from both statistics, can detect variation in the dataset

consistent or inconsistent with the access hypothesis by finding an overlap between the Pois-
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son and Bernoulli clusters. There were two such areas of overlap within this dataset, both

in the Danville region. The first found overlap between a cluster of grocery stores (indicat-

ing good access) and obesity, which is inconsistent with the access hypothesis. The second,

found overlap between a fast food cluster (poor access) and obesity, which is consistent with

the access hypothesis.

Finally, a logistic model was used to test for the effect of access on the probability of be-

ing obese, while controlling for clustering and other variables which may affect both access

and obesity. Four models were used to compare the more traditional method of analyz-

ing access, which focuses on a single dimension of access at a time, with one based on the

household production model framework. Models were estimated for the full geography, the

rural sub-sample, urban sub-sample, and a full geography model with interaction terms to

test for differences between the urban and rural areas. The first model measures grocery

store accessibility, with the distance to the nearest grocery store. Only the the city model

found a significant effect, but the negative coefficient indicates that increasing the distance

to a grocery store, decreases the probability of being obese. Although this is counter to the

access hypothesis, it is consistent with the findings from the scanning statistic. However,

once the dimensions of acceptability and affordability were accounted for by using a ratio

of distance to nearest grocery over the rank of grocery stores NEM score, the effect was no

longer significant in the city model. The third model considers availability, by measuring

the count of noxious retailers (fast food restaurants and convenience stores). There were
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significant findings in both the rural and city model, although with opposite signs. The

negative coefficient in the rural model is counterintuitive because it indicates that more nox-

ious retailers, a measure of poor access, decrease the probability of obesity. On the other

hand, the positive coefficient in the city model is not only consistent with the access hy-

pothesis but also with the findings from the scanning statistic. Finally, the fourth model

represents the model most consistent with the household production model framework since

it includes multiple dimension of access, as well as retailers that represent both sources for

food at home and away from. Once the full environment is controlled for the, the effect of

accessibility in the city model is significant, although there are no changes in the rural model.

This paper highlighted the importance of investigating the spatial variation in the dataset

as part of the full analysis. The results from the scanning statistics not only indicated which

retailers may be most relevant to the effect of access in the study area, but also supported

the findings from the logistic models. The lack of findings from the spatial statistic in the

rural areas, was also consistent with the null findings in the logistic models. However, it also

highlighted the limitations of previous literature. The variation identified in the scanning

statistics was limited to a single cluster with a radius of less than 5 miles. This suggests that

the effects of access, may be far more limited that previous studies have suggested since they

generally focus on full counties. Had the results from the logistic model been used to inform

future policy work without considering the results from the spatial statistic, they would have

suggested that cities in general were in need of an intervention, and may have resulted in
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too broad a policy that would not be effective.

This paper also highlights the challenges with taking a more area based approach, which

focuses on the effects of the attributes of the local food environment on individual outcomes,

rather than on the attributes of the individual which may affect how they interact local food

environment and their outcomes (ver Ploeg et. al, 2014). This challenge was first highlighted

in the household production model framework which indicated that it’s not only distance

but also mode of transportation which will have a effect on an individuals decision making

process. Additionally, this framework focus on an individual choice of where to consume

meals, rather than particular consumption outcomes such as fruit and vegetables highlights

another potential reason for the large number of mixed results in the current literature. The

first is that if access affects how a person makes a decision, it may be that their decision is to

shop outside their local food environment, and it is this food environment that will have the

greatest influence on their decision making process. The second, is that to understand how

or if access affects individual outcomes it is important to know if it affects their purchasing

decisions. That is, does living in a poor access result in shopping in the same area, or does

it force individuals to shop elsewhere, and does this extra time cost have a negative effect,

and how important of a moderating effect does vehicle ownership have.

Future work should focus on capturing the effect on access on individual choices by collecting

data on where individuals shop, what they purchase, and how they get there. This infor-
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mation can be used to capture the local food environment most relevant to the household

and determine what if any effect this environment has on individual health and consumption

outcomes.
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Tables

Table 3.1: Summary Statistics

Full Rural Counties Urban Cities Test for Differences
Geography Caswell Henry Pittsylvania Martinsville Danville RvU Cities Co.

BMI 29.01 29.10 27.69 28.48 26.65 30.79 *** **
(6.43) (6.52) (5.23) (4.93) (6.98) (7.80)

BMI Categories
Under Weight(%) 1.02 0.00 0.00 0.40 7.50 1.48 ** *

(10.03) (0.00) (0.00) (6.35) (26.67) (12.10)
Normal(%) 27.28 36.84 31.25 26.21 45.00 21.48 ** *

(44.57) (48.89) (46.47) (44.07) (50.38) (41.15)
Overweight(%) 33.63 21.05 38.02 37.50 25.00 30.00 * *

(47.27) (41.32) (48.67) (48.51) (43.85) (45.91)
Obese(%) 31.35 34.21 28.13 33.06 17.50 33.70 *

(46.42) (48.08) (45.08) (47.14) (38.48) (47.36)
Morbidly 6.73 7.89 2.60 2.82 5.00 13.33 ***
Obese(%) (25.06) (27.33) (15.97) (16.60) (22.07) (34.06)
Male(%) 23.86 40.00 24.38 25.68 14.29 20.88 *

(42.65) (49.61) (43.04) (43.77) (35.42) (40.72)
Female(%) 76.14 60.00 75.62 74.32 85.71 79.12 *

(42.65) (49.61) (43.04) (43.77) (35.42) (40.72)
Age 55.95 52.70 59.93 58.58 62.71 49.96 *** *** *

(17.18) (15.27) (16.06) (15.17) (14.59) (18.63)
Caucasian 60.52 50.00 81.09 75.88 69.05 31.14 *** *** *

(48.91) (50.64) (39.25) (42.87) (46.79) (46.39)
African 34.81 37.50 14.43 21.40 26.19 63.37 *** ***
American (47.67) (49.03) (35.22) (41.09) (44.50) (48.27)
Other or 2.71 5.00 2.49 1.95 0.00 3.66
Multiracial (16.24) (22.07) (15.61) (13.84) (0.00) (18.82)
Employment Status
Employed(%) 29.77 35.00 28.86 33.07 21.43 27.84

(45.75) (48.30) (45.42) (47.14) (41.53) (44.90)
Unemployed(%) 7.01 15.00 3.98 5.45 0.00 10.62 *

(25.55) (36.16) (19.60) (22.74) (0.00) (30.87)
Retired(%) 32.10 22.50 39.80 37.74 35.71 21.98 *** *

(46.72) (42.29) (49.07) (48.57) (48.50) (41.49)
Highest Level of Education
Less than 17.36 20.00 16.50 17.51 16.67 17.58
highschool(%) (37.90) (40.51) (37.21) (38.08) (37.72) (38.14)
Highschool 35.96 30.00 36.00 37.35 28.57 36.63
or GED(%) (48.02) (46.41) (48.12) (48.47) (45.72) (48.27)
Some College(%) 30.79 27.50 29.50 33.07 26.19 30.77

(46.19) (45.22) (45.72) (47.14) (44.50) (46.24)
College(%) 15.89 22.50 18.00 12.06 28.57 15.02 * **

(36.58) (42.29) (38.52) (32.63) (45.72) (35.79)
*= p <.05 **= p <.01 ***= p <.001

Continued on next page
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Full Rural County Subsample Urban City Subsample Test for Differences
Geography Caswell Henry Pittsylvania Martinsville Danville RvU Cities Co.

Income Level
Less than 45.36 41.18 30.36 31.96 41.18 68.70 *** **
$20,000(%) (49.82) (49.96) (46.12) (46.74) (49.96) (46.47)
Between $20,000 33.67 32.35 45.24 43.38 38.24 16.67 *** **
and $50,000(%) (47.29) (47.49) (49.92) (49.67) (49.33) (37.34)
Greater than 20.97 26.47 24.40 24.66 20.59 14.63 **
$50,000(%) (40.74) (44.78) (43.08) (43.20) (41.04) (35.42)
Local Food Environment
Nearest Store Type
Grocery Store(%) 7.38 7.50 18.91 4.28 4.76 2.20 *** ***

(26.16) (26.67) (39.25) (20.28) (21.55) (14.69)
Convenience Store(%) 42.44 72.50 32.34 42.41 7.14 50.92 *** ***

(49.45) (45.22) (46.89) (49.52) (26.07) (50.08)
Other(%) 3.44 5.00 4.48 3.50 2.38 2.56

(18.25) (22.07) (20.73) (18.42) (15.43) (15.84)
Fast Casual 6.40 0.00 1.49 0.78 45.24 10.26 *** ***
Restaurant(%) (24.48) (0.00) (12.16) (8.80) (50.38) (30.39)
Fast Food 18.33 2.50 25.37 19.07 19.05 14.65 ***
Restaurant(%) (38.71) (15.81) (43.62) (39.36) (39.74) (35.43)
Sit Down 22.02 12.50 17.41 29.96 21.43 19.41 ***
Restaurant(%) (41.46) (33.49) (38.02) (45.90) (41.53) (39.63)
Distances in miles, to nearest retailer by type
Any Type 1.55 4.45 1.67 2.31 0.80 0.45 *** ***

(1.67) (2.69) (1.39) (1.67) (0.60) (0.28)
Grocery Store 3.67 7.19 3.15 6.58 1.33 1.17 *** ***

(3.82) (4.46) (2.68) (4.32) (0.58) (0.84)
Fast Food 2.81 7.17 2.88 4.33 1.19 0.93 ***

(2.91) (4.36) (2.34) (3.05) (0.82) (0.83)
Any Restaurant 1.85 4.88 2.06 2.70 0.80 0.62 ***

(1.85) (2.82) (1.56) (1.88) (0.60) (0.41)
NEMS of nearest 21.45 13.75 18.86 22.64 27.81 22.37 *** *** ***
grocery store (7.84) (12.96) (7.65) (7.17) (4.75) (6.53)
Mean Availability Score 8.79 6.07 9.68 8.32 9.67 8.84 **
Nearest 5 Outlets (2.50) (2.23) (1.84) (2.25) (2.27) (2.82)
Noxious Retailer Count:
1 mile buffer 4.22 0.68 1.93 0.79 5.40 9.46 *** *** ***

(5.90) (1.83) (3.62) (1.83) (5.11) (6.48)
10 mile buffer 76.77 34.75 70.67 51.68 88.29 109.27 *** *** *

(37.13) (34.26) (20.24) (42.21) (1.98) (2.21)
*= p <.05 **= p <.01 ***= p <.001

RvU: rural versus urban; Cities: test for differences between Danville and Martinsville;
Co.: Test for equality across the three rural counties
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Table 3.2: Vehicle Availability

Rural Counties Urban Cities
Vehicles Available Caswell Henry Pittsylvania Danville Martinsville
None 1.70% 2.20% 2.50% 6.10% 5.20%
1 13% 16.70% 14.70% 27.70% 27.00%
2 31.50% 32.80% 33.20% 36.20% 36.20%
3 or more 53.90% 48.30% 49.60% 30.10% 31.60%
At least one 96.40% 97.80% 97.50% 94% 94.80%

Source: American Community Survey
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Table 3.3: Nearest Neighbor Results

Full Sample Obese Overweight or Less
Full Geog 0.54 *** 0.54*** 0.53***
Rural Counties
Caswell 0.99 1.16 1.08
Henry 0.71*** 0.96 0.70 ***
Pittsylvania 0.76*** 0.89* 0.80***
Urban Cities
Martinsville 0.63*** 1.22 0.78*
Danville 0.53*** 0.57*** 0.59***

*= p <.05 **= p <.01 ***= p <.001
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Table 3.4: Scanning Statistic: Retail Outcome

Geography No. Clusters No. Significant Clusters Radius(mi)
Grocery Stores: Higher than Expected
Full Geog 10 1*** 0
Caswell 1 0
Henry 2 0
Pittsylvania 2 0
Martinsville 1 0
Danville 2 1*** 0
Grocery Stores: Lower than Expected
Full Geog 2 0
Caswell 1 0
Henry 1 0
Pittsylvania 2 0
Martinsville 1 0
Danville 3 0
Convenience Stores: Higher than Expected
Full Geog 3 1** 0
Caswell 1 0
Henry 1 0
Pittsylvania 1 0
Martinsville 2 0
Danville 2 1* 0
Fast Food
Full Geog 8 1*** 0

2** 0.88
Caswell 1 1*** 0
Henry 3 1*** 0.88
Pittsylvania 1 1** 10.36
Martinsville 1 0
Danville 2 1*** 0

*= p <.05 **= p <.01 ***= p <.001
Continued on next page
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Table 3.5: Scanning Statistic: Individual Outcome

Geography No. Clusters No. Significant Clusters Radius(mi)
Overweight with Grocery Grid

Full Geog 3 0
Caswell 1 0
Henry 3 0
Pittsylvania 3
Martinsville 2 1* 1.86
Danville 2

Obesity with Convenience Store Grid
Full Geog 4 1 1.59***
Caswell 1 0
Henry 2 0
Pittsylvania 3 0
Martinsville 1 0
Danville 2 1 1.59**

Obesity with Fast Food Grid
Full Geog 7 1 2.5***
Caswell 1 0
Henry 4 0
Pittsylvania 3 0
Martinsville 2 0
Danville 1 1 1.46***

Obesity with Grocery Grid
Full Geog 4 1 1.48***
Caswell 1 0
Henry 3 0
Pittsylvania 2 0
Martinsville 1 0
Danville 3 1 1.48***

*= p <.05 **= p <.01 ***= p <.001
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Table 3.6: Logistic Regression for the Effect of Access On Probability on Obesity

Model 1: Grocery Store Accessibility
Full Geog Rural City Full Geog+Inter

Avg ME (CRse)
Accessibility -0.003 0.003 -0.09***

(0.008) ( 0.01) (0.002)
UrbanXAcess 0.11***

(0.03)
RuralXAcess 0.09***

(0.02)
Model 2: Grocery Store Quality and Accessibility

Full Geog Rural City Full Geog+Inter
Avg ME (CRse)
Ratio Accessibility -0.01 -0.002 -0.12

(0.02) (0.01) (0.06)
UrbanXRatio 0.08

(0.07)
RuralXRatio 0.07

(0.06)
Model 3: Noxious Store Availability (10mi Buffer)

Full Geog Rural City Full Geog+Inter
Avg ME (CRse)
Availability 0.0004 -0.0005* 0.02***

(0.0008) (0.0004) (0.005)
UrbanXAvail -0.01***

(0.001)
RuralXAvail -0.01***

(0.001)
Model 4: Environment: Accessibility, Availability and Affordability/Quality

Full Geog Rural City Full Geog+Inter
Avg ME (CRse)
Ratio Accessibility -0.01 -0.01 -0.12***

(0.02) (0.02) (0.03)
Availability 0.0002 -0.0007* 0.02***

(0.0008) (0.0004) (0.003)
UrbanXRatioAccess 0.03*

(0.01)
RuralnXRatioAccess 0.05*

(0.02)
UrbanXAvail -0.01***

(0.0003)
RuralXAvail -0.01***

(0.0006)
*= p <.05 **= p <.01 ***= p <.001

Avg ME: Average Marginal Effect; CRse: Cluster Robust Standard Error
Suppressed Covariates: Sex, Race, Age, Income, Highest Level of Education
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Figures

Figure 3.1: Geographic Study Area
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Figure 3.2: Location of Individuals and Food Retailers
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Figure 3.3: Location of Individuals by Obesity Status



Jacqueline N. Yenerall Chapter 3. Access and Obesity 164

Figure 3.4: Obesity and Grocery Store Clusters
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Figure 3.5: Obesity and Fast Food Clusters
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Chapter 4

Conclusions

This dissertation opened with a chapter motivated by a simple question: do the methods

we use to analyze weight loss interventions indicate if we’ve achieved our goals? Since the

ultimate goal of weight loss interventions is to reduce weight and thus obesity health risks,

a more in-depth examination of the effect of an intervention on changes in BMI is necessary

given the non-linear relationship between BMI and obesity health risks. To accomplish this

the first chapter introduces the severity measure, and outlines how to use it as part of the

time-effect analysis to better capture the full effect of an intervention. However, weight loss

interventions often follow individuals for an extended period of time, which makes them

susceptible to attrition. The missing data which results from attrition adds another di-

mension to the complexity of analysis that must be addressed in order to ensure unbiased

estimates. This is particularly important when effectiveness outcomes are used as a part of

a cost-effectiveness analysis, since bias in either the cost or effectiveness data will bias the

incremental net benefit. Thus, the second chapter evaluated the performance of two sample

selection models when applied to the cost-effectiveness evaluation of a cluster randomized
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trial. Finally, since all weight loss interventions should have a connection to a theoretical

model for obesity, the third chapter took a step back and considered the possible relationship

between the local food environment and obesity. This potentially complex, multi-dimensional

relationship is often evaluated with simple models that consider only a single dimension of

access. The final chapter address this weaknesses by using spatial statistics to show how

the variation suggested by the available and accessibility dimensions can be captured using

scanning statistics. These statistics provide additional information to better understand the

mixed results from previous findings.

The first chapter addresses the effectiveness evaluation of weight loss programs, which usu-

ally focuses on significant changes in weight. However, the underlying goal of weight loss

is to reduce health risks. This requires a second dimension in the effectiveness evaluation,

since the relationship between BMI and obesity health risks is non-linear. Severity can be

used to address this dimension by using the squared depth of obesity, which can better de-

tect changes in BMI that are more consistent with changes in obesity risks. When used in

the time-effect analysis of the 6-month outcomes for a worksite weight loss trial, it revealed

important differences in the response to the intervention by race subgroups. Specifically,

the African American subgroup had significant declines in mean BMI, and mean severity,

which suggests that individuals who lost weight were more likely to be severely obese at

baseline. Whereas the caucasian subgroup experience significant declines in prevalence and

mean BMI but not mean severity, which suggests those individuals who lost weight were
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only mildly obese at baseline. This is important information when trying to determine the

potential impact of the intervention on not only weight loss but also obesity health risks.

These heterogenous responses in the time effect suggested a more directed treatment effect

model which revealed a significant treatment effect in the African American subgroups which

would have otherwise been overlooked.

The second chapter addresses the missing data dimension of the cost-effectiveness analysis

(CEA) of weight loss programs. Most previous studies ignore missingness in the CEA of

weight loss programs, but this will result in biased estimates if individuals are missing not at

random. Addressing non-random missingness requires the use of special models which jointly

estimate the missingness and outcome mechanism. Both the statistics and econometrics lit-

erature have developed forms of the sample selection model known as the Diggle Kenward

(DK) and Heckman model respectively. While the DK relies on past observations as the

underlying mechanism for missingness, Heckman considers a more behavioral approach by

specifying a separate model for sample selection. Comparing two sample selections in a case

study and Monte Carlo simulation reveals that the analysis is sensitive not only to the miss-

ingness mechanism, but also which outcome is considered, and the experimental design.

Finally, the third chapter considers potential causes of obesity in the local food environment.

Although this is likely to be a complex, multidimensional relationship as suggested by the

five dimension in access, most previous research has focused only on a single dimension. In
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particular, the availability and accessibility dimensions of access are the most popular, al-

though using either has resulted in mixed findings regarding the relationship between access

and obesity. However, both dimensions suggest a spatial dimension to access, which is often

overlooked although it could help better explain previous mixed findings. This paper pro-

poses using spatial scanning statistics to identify potential variation in the dataset consistent

with the underlying hypothesis of access, which is that living further from a grocery store

increases the probability of becoming obese. Then, a conditional logistic regression is used

to show that once socioeconomic and demographic variables are controlled for, the findings

in the regression are consistent with those of the spatial scanning statistics. However, when

the quality of the nearest grocery store is included, the effect of accessibility is not longer

significant, highlighting the need to control for additional dimensions which are not apparent

in geographic information.


