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ABSTRACT 

 

 

BRIAN WILLIAM PEREZ. Population study of depression and metabolic illnesses. 

(Under the Direction of DR. THOMAS MAYOCK & DR. CAROL STIVENDER) 

 

 

During the previous thirty years, the United States has experienced epidemic 

levels of chronic metabolic diseases such as diabetes, heart disease, and obesity. In the 

same time period, an increase in mental illness has occurred with increased rates of 

depression, suicide, drug abuse, and extremist acts, such as mass gun violence. 

Population data from the Centers of Disease Control (CDC) was used to determine if 

there is an underlying link between physical health and mental health, and the magnitude 

of effect that each unique attribute has on individuals self-reported mental health.  Survey 

data from the Behavioral Risk Factor Surveillance System (BRFSS) was used to analyze 

the effect of individual’s socioeconomic and general health attributes on the individual’s 

self-reported mental health. Research on metabolic and mental health diseases yielded the 

included variables. In all, the dependent research variable (Mental Health) and 53 

predictors are included in the data set that ranges from 1993-2017 with a total of 

5,492,290 observations for each predictor. Using a random sub-sample of 10,000 

individuals, three (3) independent, zero inflated negative binomial models were tested 

across multiple sub samples. 

This model’s results, along with current metabolic research, point to a link 

between depression and related mental health disorders and poor physical health. The 

variable categories of Income, Checkup, Smoking Status, Activity Status, BMI Category, 

and self-reported General Health had the most consistently statistically significant results. 

The model was tested across randomly generated sub samples, with individual’s General 
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Health, BMI category, Income and time since last routine Checkup having the greatest 

impact on the expected number of poor mental health days, keeping all other variables 

constant.  

Subsequent research behind the mechanisms of the statistically significant 

variables is needed to better target resources and health care policy. To better understand 

the compounding effects of risk factors on mental health, it is necessary to complete 

further joint significant studies and analysis. One option moving forward is to focus on 

fixing patients’ existing metabolic deficiencies prior to administering pharmacological 

treatment for depression and other mental illnesses. Additionally, prospective health 

policy should target resources to high risk individuals and communities, enabling 

individuals to receive the care they need.  
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CHAPTER 1: INTRODUCTION 

 

During the previous thirty years, the United States has experienced epidemic 

levels of chronic diseases such as diabetes, heart disease, and obesity [19]. During the 

same time period, an increase in mental illness has occurred, with increased rates of 

depression, suicide and drug abuse [4,11]. Research was conducted to ascertain if these 

illnesses are correlated and if so, to determine the statistically significant predictors in 

identifying high risk individuals, activities and populations.  

Research was conducted on the symptoms and variables that lead to the diagnosis 

of mental illness. Specifically, stress, anxiety, and depressive disorders were the primary 

mental illnesses researched due to the complexities of mental health. The research 

conducted on Major Depressive Disorders’ (MDD) symptoms and risk factors was used 

to identify the BRFSS survey questions that would give the most insight on the 

individuals physical and mental health. These model variables were used in an 

epidemiological study of MDD, which studied populations of humans to determine how, 

when, and where MDD occurs. [22]. The subsequent results of the study were analyzed 

to determine the most statistically significant risk factors of MDD when accounting for 

individuals’ socioeconomic characteristics and relevant risk factors.  

Identifying these groups enables policy makers to ensure at risk communities 

receive the care and resources they need. Additionally, research could be targeted on 

solving the root problems surrounding depression and anxiety disorders, further 

demystifying the illnesses. These improvements could lead to refined standards of care 

and decreasing depression, suicide and drug abuse. These changes would positively affect 

both individuals and the United States as a whole.   
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CHAPTER 2: LITERATURE REVIEW 

 

 

2.1 Major Depressive Disorder 

 

Major Depressive Disorder (MDD) is a medical illness that affects an individual’s 

feelings, thoughts and behavior, which range from mild to severe [1]. Due to the 

complexities of this illness, diagnosis and treatment vary from patient to patient. 

Diagnosed symptoms can vary from “feeling sad or having a depressed mood” to “loss of 

interest or pleasure in activities once enjoyed” and “increased fatigue and…slowed 

movements, and thoughts of death or suicide.” [2]  

Depression is the leading cause of disability in the United States, affecting 

between 4.4 to 8.1 percent of Americans per year [1]. This value ranges between sources 

as the diagnosis rate is subject to an individual’s mental state in a given two-week period. 

According to a report published in 2018 using the Blue Cross and Blue Shield Health 

Index (BCBSHI), which analyzes the insurance claims of over 41 million Americans, the 

diagnosis rate of MDD was 4.4 percent, which equates to 9 million Americans [1]. On the 

other hand, a separate report published by the CDC in 2018 using the Patient Health 

Questionnaire (PHQ-9), a symptom screening questionnaire, found that from 2013 to 

2016, 8.1 percent of Americans aged 20 and over had symptoms of depression in a given 

two-week period [3]. Even though the exact diagnosed rate of depression is contested, 

both reports found that depression is on the rise, causing a significant impact on the 

overall health of Americans and the US economy. 

According to a report by Blue Cross and Blue Shield, the overall diagnosis rate of 

depression has increased by 33 percent since 2013, with the rate of diagnosis in 

adolescents and millennials increasing 47 percent since 2013 [1]. Additionally, 
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adolescent and millennial girls have seen a 65 percent increase in diagnosed depression, 

while boys have seen a 47 percent increase [1]. This discrepancy between age and gender 

groups can also be seen in suicide rates. In 2015, the suicide rate among girls between 15 

and 19 hit a 40-year high, with suicide rates for teenage girls increasing by 50 percent 

and the suicide rate for teenage boys increasing by 30 percent between 2007 and 2015 

[4].   

 

 
Figure 1:Diagnosis Rate of Major Depression by Sex 2013 -2016 [1]. 

 

 

 
Figure 2: Age Adjusted Suicide Distribution by Sex [4]. 
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These statistics show an increasing prevalence of mental illness in the United 

States, specifically in adolescents and millennials. Due to the complexity of MDD, the 

exact causes are not known. However, a variety of factors can increase the chance of 

becoming depressed, including past trauma, death or loss, certain medications, conflict, 

genetics, major life events, substance abuse, and serious illness. When selecting model 

variables, serious illness and substance abuse were the primary focus as data for the other 

risk factors is difficult to obtain, track and record. Due to MDD’s complexity, treatment 

options available under the standard of care are limited. 

Standard of care is defined as “A diagnostic and treatment process that a clinician 

should follow for a certain type of patient, illness, or clinical circumstance” [5].  The 

current standard of care for depression starts with a basic evaluation for the most 

common risk factors. The assessment’s primary objective is to determine a potential 

cause, the depression’s severity and history, and the type of treatment plan [7]. The two 

most common treatment paths are pharmacological management and non-

pharmacological management [7]. Pharmacological management relies on choosing an 

anti-depressant based on a patient’s response and history of side effects, the cost, the 

availability, and the patient’s preferences [7].  Non-pharmacological management relies 

on psychoeducation and psychotherapeutic intervention such as counseling and support 

groups [7]. The standard of care for many chronic diseases has shifted to primarily using 

pharmacological solutions. This is also true for anti-depressants, shown in Figure 2 and 

Figure 5 in Appendix A.  
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Figure 3: Anti-depressant Prescription Rates [8]. 
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mood, metabolism, growth and development, and sexual reproduction [25]. Issues with 

the endocrine system occur if hormone levels are too high or too low, or if an individual’s 

body does not respond to hormones in the appropriate ways [26]. The most common 

endocrine disease in the United States is diabetes. Diabetes is a disease in which the 

body’s ability to produce or respond to the hormone insulin is impaired, resulting in 

abnormal metabolism of carbohydrates and elevated levels of glucose in the blood and 

urine [17]. Preclinical research on the gut-brain axis has shown a link between diabetes 

and depressive disorders. 

2.2 Chronic Illness: Gut Brain Axis 

The gut-brain axis, also known as the microbiota-gut-brain axis, represents the 

bidirectional biochemical signaling and communication between the intestines and brain 

[14]. This system includes the gut microbiome and central nervous system (brain and 

spinal cord) [14]. In multiple human and rodent studies, it has been established that diet 

can influence the composition and general health of the microbiome. [14]. The gut 

microbiota is associated with metabolic disorders such as obesity, diabetes mellitus, and 

neuropsychiatric disorders such as schizophrenia, autistic disorders, anxiety disorders and 

major depressive disorders [14]. Recent studies showed that the microbiota could activate 

the immune and central nervous systems, including commensal and pathogenic 

microorganisms in the gastrointestinal tract [14]. Gut microorganisms are capable of 

producing and delivering neuroactive substances, such as serotonin and gamma-

aminobutyric acid, which act on the gut-brain axis [14]. Preclinical research in rodents 

suggested that certain probiotics have antidepressant and anxiolytic properties [14].  

https://www.livescience.com/43477-diabetes-symptoms-types.html
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Recent research conducted by Blue Cross and Blue Shield shows a link between 

depression and overall health. The Blue Cross Blue Shield report found that 85 percent of 

people diagnosed with Major Depression Disorder (MDD) have one or more serious 

chronic diseases and nearly 30 percent have four or more other chronic health conditions 

[1]. This equates to “(An individual being) nearly 30 percent less healthy on average than 

those not diagnosed with major depression. This decrease in overall health translates to 

nearly 10 years of healthy life lost for both men and women” [1].  These startling 

statistics point to the high correlation between chronic illness and an individual’s mental 

health.  

 

 
Figure 4: Adults Diagnosed with MDD and Chronic Diseases. [1]. 

 

 

2.3 Chronic Illness: Diabetes and Obesity 

Chronic diseases are defined as “conditions that last one year or more and require 

ongoing medical attention or limit activities of daily living or both” [16]. In the last 30 

years, diabetes and obesity have seen the highest increases in the United States. In fact, 
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these diseases are now considered epidemics by both the Center for Disease Control 

(CDC) and the World Health Organization (WHO). 

In 2017, 84 million US adults were classified as pre-diabetic and an additional 30 

million adults were diagnosed with diabetes [12]. In 2016 obesity affected 

approximately 39.8 percent, or 93.3 million adults in the United States, with 72 percent of 

American adults considered overweight or obese [18].  According to a report published 

by the World Health Organization “In 1995, there were an estimated 200 million obese 

adults worldwide and another 18 million under-five children classified as overweight. As 

of 2000, the number of obese adults has increased to over 300 million” [19].  In 2016, 

more than 1.9 billion adults, 18 years and older, were overweight. Of these, over 650 

million were obese [19]. These diseases have a large impact not just on the individual’s 

health but also on national economies as costs of health care are continuing to increase. 

Furthermore, this is an issue of national security as one in three US adults do not meet the 

height and weight requirements to enlist [27]. Additionally, a study published in 2015 by 

the National Security Research Division, found that almost 66 percent of service 

members of the 18,000 that were randomly selected across all service branches, are 

considered to be overweight or obese [29]. 

2.4 Chronic Illness: Economic Effects 

Obesity and its associated health problems have a significant economic impact on 

the US health care system. Medical costs associated with individuals who are overweight 

and obese involve direct and indirect costs. Direct medical costs may include preventive, 

diagnostic, and treatment services related to obesity. Indirect costs relate to morbidity and 

mortality costs including productivity measures, which include absenteeism and 
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presenteeism [13]. The annual nationwide productivity costs of obesity-related 

absenteeism range between $3.38 billion and $6.38 billion, and the total cost of obesity 

was estimated at about $147 billion [13]. 

 Individuals diagnosed with diabetes have health expenses that are twice as high 

than individuals without diabetes. This is due to the increased hospitalization, doctor 

visits and prescription drug usage. Overall this creates additional strain on the US health 

care system, with diabetes related medical costs totaling $327 billion yearly. 
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CHAPTER 3: METHODOLOGY 

 

To further examine the effects of diabetes, obesity and overall general health on 

an individual’s mental health, data was taken from the Behavioral Risk Factor 

Surveillance System. This phone survey, which started in 1984, is conducted by the CDC 

and individual states’ health departments. The survey consists of an annual standard core, 

a biannual rotating core, optional modules, and state-added questions. Interview 

responses from the standard core section of the survey from 1993-2017 were used as 

model predictors. Two types of model predictors were chosen. Group 1 predictors 

consisted of control variables of common socioeconomic factors, such as Age, Income, 

Education, and Sex. Group 2 consisted of general health variables that were selected 

based on the research conducted. These variables included General Health (self-

assessed), Activity Status, BMI Category, Diabetes Status, time since last Checkup, 

Smoking Status and Drinking Status. The individual survey responses to these questions, 

with values ranging from 0-9, were converted into individual predictors. Each possible 

survey response was used as a “dummy” categorical variable. Marital Status was 

categorized into two possible values, “married” or “not married”. Model 3 variable list 

and descriptions are shown in Table 3 in Appendix C. The 25 individual data sets were 

combined into one large data set which totaled 53 predictors with 5,492,290 observations 

for each.  

The research variable, labeled “Mental Health” in the data set, was not 

manipulated and came directly from the following survey question: “Now thinking about 

your mental health, which includes stress, depression, and problems with emotions, for 

how many days during the past 30 days was your mental health not good?” [15]. The 
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value response for this question ranged from 0-30, which represented the number of days 

in which individuals self-reported having stress, anxiety, depression or emotional issues. 

A day in which an individual self-reported as having stress, depression, and or problems 

with emotions will be referred to from this point forward as a “poor mental health day.”  

 

Table 1: Frequency Table of Mental Health Research Variable 
Mental Health 
(days) 

Freq. Percent Mental Health 
(days) 

Freq. Percent 

0 3,711,551 67.58 16 1,787 0.03 

1 182,386 3.32 17 1,359 0.02 

2 289,528 5.27 18 2,133 0.04 

3 165,404 3.01 19 339 0.01 

4 82,653 1.5 20 76,074 1.39 

5 198,448 3.61 21 5,922 0.11 

6 22,332 0.41 22 1,281 0.02 

7 77,864 1.42 23 816 0.01 

8 15,007 0.27 24 886 0.02 

9 2,310 0.04 25 26,136 0.48 

10 141,356 2.57 26 1,048 0.02 

11 812 0.01 27 1,894 0.03 

12 9,409 0.17 28 7,754 0.14 

13 1,083 0.02 29 4,704 0.09 

14 30,877 0.56 30 298,291 5.43 

15 130,846 2.38 Total 5,492,290 100 

 

 

 Due to the high frequency of zeros in the dependent variable (individuals having 

zero poor mental health days), a zero inflated Poisson model was originally considered, 

but the test for equidispersion failed. To account for the unequal dispersion of responses, 

a zero inflated negative binomial regression was used.  

The data set contained a high frequency of zero responses, due to this 

complication, a standard negative binomial model would not distinguish between 

individuals who responded as having zero mental health days. The zero inflated model 
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distinguishes individuals who responded as having zero poor mental days with different 

underlying processes. 

The zero inflated negative binomial regression generates two separate models. 

The first model is a logit model which predicts if an individual can be considered a 

“certain zero” [21]. A certain zero is an individual who is certain to respond to the 

research question by claiming zero poor mental health days. A negative binomial model 

is generated predicting the counts for those individuals who are not certain zeros. The 

zero inflated negative binomial model then combines the models and STATA output 

records. The results are divided into two sections: a count section and an inflated “certain 

zero” section.    
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CHAPTER 4: RESULTS AND ANALYSIS 

 

Three models were considered using the two groups of parameters. As all 

variables used in the regression were categorical, except the dependent variable, one 

predictor in each variable category was omitted in the regression to prevent perfect 

collinearity. Thus, the results for each predictor were analyzed in relation to the omitted 

predictor in that variable category. For example, the results of “female” would be 

compared against the omitted “male” predictor under the Sex variable category. Year was 

also considered as a possible predictor for Model 3 as data was randomly sampled across 

25 years, but it lacked statistical significance in this smaller sample size.  

 

Table 2: Yearly Response Distribution of Random Sub Sample 
Year Freq. Percent Cum. 

1993 9 0.09  0.09 

1994 4 0.04  0.13 

1995 2 0.02  0.15 

1996 35 0.35  0.50 

1997 33 0.33  0.83 

1998 32 0.32  1.15 

1999 25 0.25  1.40 

2000 31 0.31  1.71 

2001 62 0.62  2.33 

2002 16 0.16 2.49 

2003 423 4.23  6.72 

2004 545 5.45  12.17 

2005 583 5.83  18.00 

2006 540 5.40  23.40 

2007 708 7.08  30.48 

2008 641 6.41  36.89 

2009 705 7.05  43.94 

2010 730 7.30 51.24 

2011 759 7.59  58.83 

2012 716 7.16 65.99 

2013 732 7.32 73.31 

2014 731 7.31 80.62 

2015 591 5.91 86.53 

2016 690 6.90 93.43 

2017 644 6.44  99.87 

2018 13 0.13  100.00 
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4.1 Coefficient Analysis of The Baseline Models 1 & 2 

Model 1 only considered the respondents’ socioeconomic characteristics as 

predictors for self-reported poor mental health days. These results can be seen in Figures 

22 & 23 in Appendix D. This model’s results were very similar to Model 3 with one 

primary exception; college educated, individuals were found to have .8276 times the self-

reported poor mental health days when compared to individuals who had little or no 

formal education, labeled as “no school”. No school individuals were individuals whose 

highest level of education was either some elementary school, some middle school, or 

some high school, but no high school diploma. These results were not seen in Model 3, as 

education was not statistically significant across all categories when compared to the 

omitted predictor “no school”. 

Model 2 only considered and analyzed an individual’s general health with no 

consideration of socioeconomic factors. These results can be seen in Figures 24 & 25 in 

Appendix D. These models proved to be good baselines to compare to Model 3 results. 

Most predictors that were statistically significant in the baseline models were again 

statistically significant in Model 3 with their coefficients decreasing in magnitude.  

4.2 Coefficient Analysis of Model 3  

Model 3 contained thirty-six (36) independent categorical variables from both 

groups of predictors. Results shown in Table 3 contain the variable category, predictor 

name and the omitted predictor that the coefficients are compared to.  The highlighted 

values are the statistically significant variables at the 95 percent confidence interval ( = 

0.5). These predictors are of most interest, as they indicate individuals who are least 
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likely to have poor mental health days when compared to the omitted predictors, while 

keeping all other variables constant.  

 

Table 3:Model 3 Results, Significant Predictors are Highlighted. 

 
 

 

Of the variable categories selected, Income, Checkup, Smoking Status, Activity 

Status, BMI Category, and General Health had the most consistently significant results 

when the model was tested across randomly generated sub samples. The model analysis 

will focus on these categories, and predictors in each category, and how it relates to 

individuals in a non-theoretical setting.  
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4.3 Coefficient Analysis of Model 3 - Socioeconomic Predictors 

The first variable category, Age, was considered, as the latest research suggests 

that the highest increase in depression was in adolescents and millennials aged “0-25”. 

The only consistently significant age group when multiple sub samples were tested was 

the age group of “25-35”. As the model is a logit regression, the coefficients are 

interpreted as exp (coefficient). The expected number of self-reported poor mental days 

in a month for an individual in the Age category “25-35” is exp (-.16804) = .84531 times 

the expected number of self-reported poor mental health days for an individual in the 

omitted Age category of “0-25” ,while holding all other variables in the model constant. 

These results state that individuals in their mid 20’s to early 30’s have 84.5 percent of the 

expected poor mental health days of individuals in the lower age category. This was the 

only significant age category with no trend in subsequent Age categories. 

The second variable category, Race, had limited results with having only one 

statistically significant predictor.  Individuals that responded as “black (non-Hispanic)” 

had exp (-.223) = .79998 times the expected number of self-reported poor mental health 

days as individuals that responded as “white” while holding all other variables in the 

model constant. This represents individuals that responded as “black”, having 79.9% of 

the expected poor mental health days of a “white” individual. This was the only Race 

predictor that was statistically significant across all models.  

The Income variable category had statistically significant results with an upward 

trend. Individuals who responded within higher income categories, self-reported as 

having less poor mental health days. The expected number of self-reported poor mental 

health days in a month for an individual who responded as making less than $35,000, is 
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exp (-.1936) = .8239 times the expected number of self-reported poor mental health days 

in a month for an individual who makes less than $10,000. The expected number of self-

reported poor mental health days in a month for these individuals is exp (-.3179) = .7276 

times the expected number of self-reported poor mental health days in a month for an 

individual who makes less than $10,000. In addition to the trend of decreasing 

coefficients, as the Income category increases, an increase in statistical significance also 

occurs with higher Z-Scores.  

The next categorical variable, Education, looked at individuals’ education levels 

to determine the role education plays in poor mental health. In Model 1, “college 

graduate” was statistically significant when compared to “no school” individuals, as 

shown in Figure 22 in Appendix D. However, this was not seen in Model 3, where the 

Education categorical predictors were not statistically significant.  

Employment status was statistically significant In Model 1, however slightly less 

statistically significant in the Model 3. The expected number of self-reported poor mental 

days in a month for an individual that responded as “Employed” is exp(-.09155) = .9125 

times the expected number of self-reported poor mental health days as an individual that 

responded as “Unemployed” while holding all other variables in the model constant. 

Marital status was not statistically significant in Model 3, while being statistically 

significant in Model 1. Sex was not statistically significant in Model 1 or Model 3.  

4.4 Coefficient Analysis of Model 3 - General Health Predictors 

The category variable “Checkup” represents time since the respondent has seen a 

doctor for a routine checkup. Both Model 2 and the complete model found that this 

categorical variable was statistically significant with a positive trend as individuals with 
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routine checkups were found to have less self-reported days of poor mental health. The 

expected number of self-reported poor mental days in a month for an individual that 

responded as “within1year” (having a routine checkup within the year of responding to 

the survey) is exp(-.33149) = .71785 times the expected number of self-reported poor 

mental health days as an individual that responded as “5ormoreyears”(having a routine 

checkup in the last 5 or more years) while holding all other variables in the model 

constant.  

Smoking status of the respondents was statistically significant in both Model 2 

and Model 3. As individuals who never smoked or were former smokers had less 

expected poor mental health days when compared to individuals who were current 

smokers or smoked some. The expected number of self-reported poor mental health days 

in a month for an individual that responded as “never smoked” is exp (-.3562) = .7003 

times the expected number of self-reported poor mental health days as an individual that 

responded as “current smoker” while holding all other variables in the model constant. 

These result show that individuals that never smoked had 70 percent of the expect poor 

mental health days of current smokers. Drinking status was not statistically significant in 

both Model 2 and 3. This may be due to respondent survey bias not accurately reporting 

the amount of drinks per occasion, or the overall prevalence of alcohol in American 

society.  

Many studies have shown the importance of physical activity on physical health 

and mental health. A primary issue with survey data on exercise is the ability to quantify 

an individual’s exercise intensity, length and benefit, as individuals may perceive “high 

level” versus “mild” exercise differently. To approximate exercise, the general survey 
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question “adults who reported doing physical activity during the past 30 days other than 

their regular job” was selected. This choice is significant, as it indicates that individuals 

who engaged in some form of physical exercise were more likely to have less poor 

mental health days than those who engaged in none. The expected number of self-

reported poor mental days in a month for an individual that responded as “recently 

active” is exp (-.12869) = .8792 times the expected number of self-reported poor mental 

health days as an individual that responded as “not recently active” while holding all 

other variables in the model constant. 

Body Mass Index (BMI) is a well-known ratio of height to weight used to 

determine if an individual is obese, overweight, normal weight or underweight. The BMI 

category was statistically significant in both models as individuals who were categorized 

as normal weight and underweight could expect less poor mental health days when 

compared to obese individuals. The expected number of self-reported poor mental days in 

a month for an individual that was categorized as “normal weight” is exp (-.15177) = 

.85918 times the expected number of self-reported poor mental health days as an 

individual that was categorized as “obese” while holding all other variables in the model 

constant. 

Overall, general health was chosen as a predictor to determine the significance of 

an individual’s self-assessment in relation to the self-reporting of poor mental health 

days. Individuals who responded as having self-assessed excellent general health were 

much less likely to have poor mental health days when compared to individuals who 

responded as having poor general health. These results contained a trend in which the 

worse the individual assessed his or her general health, it became more likely that 
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individuals would have poor mental health days. The expected number of self-reported 

poor mental days in a month for an individual that was categorized as having “excellent” 

general health is exp(-.88612) = .4122 times the expected number of self-reported poor 

mental health days as an individual that was categorized as having “poor” general health 

while holding all other variables in the model constant. These results had the highest 

impact on the quantity of poor mental health days. Individuals with excellent general 

health had 41.2 percent of the expected poor mental health days when compared to 

individuals with poor general health.  
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CHAPTER 5: CONCLUSION 

 

All three models produced statistically significant results that align with the 

research conducted. Poor overall health, and the associated risk factors, are consistent 

predictors in expected poor mental health days. These results, when considered in a non-

theoretical sense, points to individuals who are poor, white, not active, and who do not 

have consistent physical checkups as the individuals most likely to self-report poor 

mental health days. With these considerations in mind, the medical community needs to 

develop standards of care that look at the overall health of individuals and solve any 

underlying chronic health conditions prior to administering pharmalogical solutions. 

Pharmalogical solutions should be supplemental, and short term, to limit the dependency 

of these medications. With the latest medical research on gut biome and its effects on 

mental health, the medical profession can better understand the effects of diet, exercise, 

and sleep on the health of the brain and endocrine system. Further analysis considering 

social media, prescription drug use, and the effects of cell phone usage would be 

beneficial in understanding the recent spikes in mental illness.  Subsequent research to 

determine if there is a connection between mass gun shootings and the effects of physical 

health, socioeconomics, and demographics would be beneficial.   

To stem the epidemic levels of metabolic and mental illnesses, future health 

policy should target high risk populations and individuals with access to better resources. 

These resources could include providing high risk populations with life coaches, access 

to therapists, access to public gyms and food stipends for more nutrient dense food. The 

underlying risk factors need to be addressed for current and future generations to live 

productive and healthy lives.  
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APPENDIX A: PRESCRIPTION DRUG USE  

 

 
Figure 5: Prescription Drug Prescribed from 1988-2014 [8]. 

 

APPENDIX B: RESEARCH AND MODEL VARIABLES  

• All blank and refused values were removed for each question and for each 

year of data used.  

 
Figure 6: Mental Health Statistics taken from 2017 BRFSS Codebook 
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Figure 7: Age Statistics taken from 2017 BRFSS Codebook 

 

 

 
Figure 8: Income Statistics taken from 2017 BRFSS Codebook 
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Figure 9: Race Statistics taken from 2017 BRFSS Codebook 

 

 

 
Figure 10: Education Statistics taken from 2017 BRFSS Codebook 

 

• Values of 1,2,3 were binned and labeled as “No School”, Values of 4,5 were 

binned and labeled “High School Graduate”, Values of 6 were labeled “College 

Graduate”. 
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Figure 11: Sex Statistics taken from 2017 BRFSS Codebook 

 

 
Figure 12: Employment Status Statistics taken from 2017 BRFSS Codebook 

 

• Values of 1,2 were binned and labeled as “Employed” and values of 3-8 were 

binned and labeled as “Unemployed”. Value 9 and Blank were removed from the 

dataset.  
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Figure 13: Marital Statistics taken from 2017 BRFSS Codebook 

 

• Values of 1 were binned and labeled as “Married” and values of 2-6 were binned 

and labeled as “Not Married”. Value 9 and Blank were removed from the dataset.  

 

 
Figure 14: General Health Statistics taken from 2017 BRFSS Codebook 

 

• Values of 7 and 9 were removed from the data set. 
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Figure 15: BMI Statistics taken from 2017 BRFSS Codebook 

 

 

 
Figure 16: Check Up Statistics taken from 2017 BRFSS Codebook 

 

• Values of 7,8,9 and Blank were removed from the data set.  
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Figure 17: Diabetes Statistics taken from 2017 BRFSS Codebook 

 

• Values of 1,2 were binned and labeled “Positive”, Values of 3,4 were binned and 

Labeled “negative”. Values of 7,9, Blank were removed from the dataset.  

 

 

 
Figure 18: Activity Status Statistics taken from 2017 BRFSS Codebook 
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Figure 19: Smoking Statistics taken from 2017 BRFSS Codebook 

 

 
Figure 20: Heavy Drinker Statistics taken from 2017 BRFSS Codebook 
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APPENDIX C: MODEL DUMMY VARIABLES 

 

Table 4: Model Variables Count Frequencies 
Variable 0 1 Percent Positive Response (=1) Total 

0-25 6,269 3,731 37 percent 10,000 

25-35 9,268 732 7 percent 10,000 

35-45 8,905 1,095 11 percent 10,000 

45-55 8,693 1,307 13 percent 10,000 

5 or More years 9,825 175 2 percent 10,000 

55-65 8,695 1,305 13 percent 10,000 

65-101 8,170 1,830 18 percent 10,000 

75k or More 7,460 2,540 25 percent 10,000 

Asian 9,893 107 1 percent 10,000 

Black 9,230 770 8 percent 10,000 

College Graduate 3,817 6,183 62 percent 10,000 

Current Smoker 8,741 1,259 13 percent 10,000 

Employed 4,636 5,364 54 percent 10,000 

Excellent 8,097 1,903 19 percent 10,000 

Fair 8,652 1,348 13 percent 10,000 

Female 3,982 6,018 60 percent 10,000 

Former Smoker 7,186 2,814 28 percent 10,000 

Good 7,064 2,936 29 percent 10,000 

Heavy Drinker 9,457 543 5 percent 10,000 

High School Graduate 7,081 2,919 29 percent 10,000 

Hispanic 9,233 767 8 percent 10,000 

Less than 10k 9,474 526 5 percent 10,000 

Less than 15k 9,455 545 5 percent 10,000 

Less than 20k 9,306 694 7 percent 10,000 

Less than 25k 9,063 937 9 percent 10,000 

Less than 35k 8,818 1,182 12 percent 10,000 

Less than 50k 8,609 1,391 14 percent 10,000 

Less than 75k 8,473 1,527 15 percent 10,000 

Male 6,018 3,982 40 percent 10,000 

Married 4,593 5,407 54 percent 10,000 

Multi-Racial 9,841 159 2 percent 10,000 

negative 1,123 8,877 89 percent 10,000 

Never Smoked 4,582 5,418 54 percent 10,000 

No School 9,107 893 9 percent 10,000 

Normal Weight 6,623 3,377 34 percent 10,000 

Not Heavy Drinker 543 9,457 95 percent 10,000 

Not Married 5,407 4,593 46 percent 10,000 

Not Recently Active 7,418 2,582 26 percent 10,000 

Obese 8,589 1,411 14 percent 10,000 

Other 9,954 46 0 percent 10,000 

Overweight 6,988 3,012 30 percent 10,000 

Poor 9,455 545 5 percent 10,000 

Positive 8,877 1,123 11 percent 10,000 

Recently Active 2,582 7,418 74 percent 10,000 

Smokes Some 9,532 468 5 percent 10,000 

Underweight 7,983 2,017 20 percent 10,000 

Unemployed 5,364 4,636 46 percent 10,000 

Very Good 6,746 3,254 33 percent 10,000 

White 2,218 7,782 78 percent 10,000 

Within 1 year 2,334 7,666 77 percent 10,000 

Within 2 years 8,996 1,004 10 percent 10,000 

Within 5 Years 8,845 1,155 12 percent 10,000 
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Table 5: Research / Model variable descriptions.  
Research Independent Variables Model Variables Description 

Age v1 0-25 

  v2 25-35 

  v3 35-45 

  v4 45-55 

  v6 55-65 

  v7 65-101 

Income lessthan10k Income Less than 10k 

  lessthan15k Income Less than 15k 

  lessthan20k Income Less than 20k 

  lessthan25k Income Less than 25k 

  lessthan35k Income Less than 35k 

  lessthan50k Income Less than 50k 

  lessthan75k Income Less than 75k 

  75kormore Income More than 75k 

  Don’t know Don’t know their Income 

Race American Indian  Race - Variable Dropped 

  Asian   

  Black   

  Hispanic   

  Multiracial   

  Native Hawaiian  Race - Variable Dropped 

  Other  Race - Variable Dropped 

  White   

Education College graduate   

  High School graduate   

  No school   

Sex Female   

  Male   

Employment Status Employed   

  Unemployed   

Marital Status Married   

  Not Married  Binned variable -  

General Health Excellent Self-assessed general health as excellent 

  Very Good Self-assessed general health as very good 

  Good Self-assessed general health as good 

  Fair Self-assessed general health as fair 

  Poor Self-assessed general health as poor 

BMI Category Obese Based on BMI Score Height/Weight/Age Cat 

  Overweight Based on BMI Score Height/Weight/Age Cat 

  Normal Weight Based on BMI Score Height/Weight/Age Cat 

  Underweight Based on BMI Score Height/Weight/Age Cat 

Check UP Within1year Time since last check up 

  Within2years Time since last check up 

  Within5years Time since last check up 

  5ormoreyears Time since last check up 

Diabetes Positive Diagnosed with Diabetes 

  Negative Not Diagnosed with Diabetes 

Activity Status Recently active   

  Not Recently Active   

Smoking Current smoker   

  Former smoker   

  Smokes some   

  Never smoked   

Heavy Drinking Not Heavy Drinker   

  Heavy Drinker   

year 1993-2017   
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APPENDIX D: MODEL RESULTS 

 
Figure 21: Model 1 - Socioeconomic predictors 

 

 
Figure 22: Model 1 - Socioeconomic predictors - inflated "certain zeros" 
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Figure 23: Model 2 - General Health Predictors 

 

 
Figure 24: Model 2 - General Health Predictors - inflated "certain zeros" 
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Figure 25: Model 3 - Complete model - inflated "certain zeros" 


