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ABSTRACT 

Introduction: Disadvantaged urban neighborhoods suffer disproportionate chronic 

illness burden related to social determinants of health.  Studies have shown that 

socioeconomic characteristics and factors related to poor neighborhood conditions, such 

as physical inactivity and neighborhood disorder, to be associated with an increased risk 

of asthma and diabetes.   

Objectives: The primary aim of this study was to determine the hierarchy of individual 

and combined neighborhood health indicators that are predictive of asthma and diabetes 

in a population of high-risk Philadelphians, in order to make actionable recommendations 

that promote disease prevention.  The secondary aim was to illustrate the relevance of 

using decision trees (data mining) to understand multilevel relationships among the 

predictors of complex health outcomes.  

Methods: Secondary data on individual health measures and neighborhood 

characteristics (N = 450) and vacant lot data (N = 676) was obtained from researchers at 

the University of Pennsylvania.  RapidMiner data science software was utilized to 

perform decision tree analyses, illustrating the levels of influence and patterns between 

individual and neighborhood characteristics predicting asthma and diabetes. 

Results: Individual- and neighborhood-level factors were intricately related and 

demonstrated significant trends of influence on the outcomes of asthma and diabetes.  

The decision trees created in this study had high specificity, accurately classifying the 

factors that are protective of each disease.  Factors that emerged as influential across all 

decision trees were those involving non-demographic variables: hours outside, 
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psychological distress, recreational walking, walk to work, social and physical disorder, 

and certain vacant lot characteristics (primarily lot trash).  

Understanding the complex relationships that exist between individual- and 

neighborhood-level factors are vital for creating disease prevention programs, particularly 

within low socioeconomic populations, who have limited access to other prevention 

resources  

Conclusion:  Improved neighborhood-level conditions related to social and physical 

disorder were consistently found to be protective of both asthma and diabetes in this 

urban population. This study illustrates the practicality of applying machine learning 

techniques for understanding complex public health issues. 
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CHAPTER ONE 

INTRODUCTION 

Individuals living in disadvantaged neighborhoods are at a heightened risk of 

developing chronic illnesses, such as type II diabetes mellitus and asthma, at both 

population and individual levels (Unwin & Hambleton, 2016).  The lack of economic and 

social resources in disadvantaged neighborhoods predisposes residents to physical and 

social disorder, among other harmful factors (Ross & Mirowsky, 2001).  Examples of 

physical and social disorder include increased litter, crime, graffiti, drug use, public 

drunkenness, abandoned buildings, and number of vacant lots.  Living in a disadvantaged 

neighborhood is associated with worsened health outcomes, beyond the effects of 

personal disadvantages (Ross & Mirowsky, 2001; Garvin, Branas, Keddem, Sellman, & 

Cannuscio, 2013).  Socioeconomic and racial/ethnic disparities in diabetes and asthma 

prevalence in the U.S. has been often studied, however the current understanding of the 

degree to which certain environmental exposures facilitate these disparities is lacking 

(Gold & Wright, 2005).  

Results from a recent Household Health Survey conducted by the Public Health 

Management Corporation of Philadelphia (PHMC) revealed that 14.7% of adult 

respondents had been previously diagnosed with asthma and 12.7% with diabetes 

(Delaware Valley Regional Planning Commission [DVRPC], 2012a).  Moreover, these 

rates were much higher in lower socioeconomic areas of the city, for example, in North 

Philadelphia, where the rates of asthma and diabetes were 21.5% and 19.5%, 

respectively, compared to Center City where 15% had asthma and 4% of adults had 

diabetes (DVRPC, 2012b; DVRPC, 2012c).   
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Type II diabetes mellitus is now reaching epidemic proportions in the U.S.  

During the past two decades, prevalence and incidence rates of diabetes has substantially 

increased, affecting approximately 20.8 million people or 7 percent of the population.  

These figures are estimated to triple by 2050.  Risk factors for diabetes include African 

American race, increased body mass index (BMI), aged 45 years or older, physical 

inactivity, poor nutrition, hypertension, smoking, stress, and alcohol use.  The role of the 

physical environment as a risk factor for diabetes is often cited in the context of social 

and behavioral factors.  For example, the promotion of and access to high-calorie foods 

and high levels of physical inactivity are characteristic of disadvantaged, urban 

neighborhoods and are known correlates of diabetes (Schootman et al., 2007).  Other 

neighborhood-level factors directly contributing to diabetes, such as social and physical 

disorder, are not well understood (Diez Roux & Mair, 2010).  

Asthma is a lifelong disease that causes a variety of respiratory issues and varies 

significantly according to race/ethnicity and can potentially limit quality of life.  Asthma 

is associated with urban living, disproportionately afflicting African Americans living in 

low-income neighborhoods (Cagney & Browning, 2004; Centers for Disease Control and 

Prevention [CDC], 2011).  The prevalence of asthma in the U.S. continues to rise, 

currently with 25 million diagnosed individuals, which grew by 4.3 million between 2001 

and 2009 alone (Milligan, Matsui, & Sharma, 2016; & CDC, 2011).  African American 

children suffer the largest burden, with a prevalence rate that is 2.4-fold greater and 

mortality rates that are 4 to 6 times those of their white counterparts (Milligan, Matsui, & 

Sharma, 2016; Cagney & Browning, 2004).  Between 2001 and 2009, asthma rates 

among African American children had nearly a 50% increaseÑ today, the root causes of 
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asthmaÕs spread remains unknown, heightening the demand for research focused on 

understanding socioeconomic and neighborhood risk factors, coupled with greater access 

to medical care is needed, particularly for urban African Americans (CDC, 2011).  

The objective of this study is to apply data mining and decision tree analyses to 

predict the likelihood of asthma and diabetes in a high-risk, urban population using 

existing neighborhood characteristics and environmental health indicatorsÑ this 

technique will be utilized in order to make actionable recommendations that promote 

appropriate disease prevention programs.  Numerous studies have examined the 

relationship between socioeconomic characteristics of the environment and health; 

however, research investigating chronic stressors, often characterized as Òneighborhood 

disorderÓ, and health, are lacking. Residents of disadvantaged neighborhoods are more 

likely to be exposed to poorer physical infrastructure and physical order, fewer health and 

community services, increased crime rates, and decreased stocks of social capital and 

social disorder, directly affecting health (Turrell, Sanders, Slade, Spencer, & Marcenes, 

2007; Branas et al., 2011; Garvin, Cannuscio, & Branas, 2013). Issues in the urban 

neighborhood are unique; inextricable links to economic development, planning, and 

politics beset urban communities.  Therefore, interventions designed to address 

neighborhood factors influencing health are not simple, requiring a comprehensive 

analysis of the interplay between all relevant factors simultaneously (Lord, 1994).  This 

complex exploratory process can be accomplished through data mining or predictive 

analytics. 

Annual incidence rates of diabetes and asthma in lower socioeconomic status 

(SES) neighborhoods in Philadelphia are a cause for concern; this is consistent with 
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evidence that residence in disadvantaged neighborhoods is associated with poorer health, 

beyond the effects of personal disadvantages (Murray, 2012; Ross & Mirowsky, 2001). 

Inconsistent results of studies examining the relationships between the neighborhood 

environments and asthma and diabetes express the need for further research in this area.  

Specifically, the hierarchy of independent and co-dependent factors predicting asthma 

and diabetes using neighborhood health indicators has yet to be explored.  To this end, 

this study will identify the combinations of key neighborhood factors that predict asthma 

and diabetes using decision tree analyses (data mining).  These results will provide policy 

makers and community leaders with a better understanding of potential community-based 

interventions that will target highest-risk subgroups more adequately, based on the 

combination of demographic, social, behavioral, and environmental factors identified in 

this analysis.   It is intended that these analyses will provide evidence for the 

development of clear, actionable methods to interrupt or prevent these pathways to 

disease, illustrating the value of utilizing data mining in public health research. 
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CHAPTER TWO 

LITERATURE REVIEW 

An individualÕs neighborhood is often defined as a Òbundle of spatially-based 

attributes associated with clusters of residence, sometimes in conjunction with other land 

usesÓ, which largely in part determines the daily exposures, influencing personal health 

knowledge, attitude, and behaviors (Galster, 2001; Cohen, Inagami, & Finch, 2008).  

Daily social and physical exposures act collectively as a series of constraints or 

facilitators, actively playing a role in an individualÕs movements, successes, failures, 

relationships, well-being, and, consequently, risk of disease (Cohen, Inagami, & Finch, 

2008).  

The Relationship between Neighborhood, SES, & Health 

Given that there is a dynamic relationship between an individual and their 

environment (individuals influence their environments and vice versa), understanding the 

combined effect of all physical and social neighborhood exposures will help to 

understand the susceptibility of populations to physiological health and social outcomes, 

especially those in disadvantaged neighborhoods (Cohen, Inagami, & Finch, 2008).  In 

order to effectively do so, neighborhood-level factors contributing to health must first be 

identified.  According to DePriest & Butz (2016), these factors include: (1) structural 

characteristics of buildings (i.e. appearance, level of use); (2) infrastructural 

characteristics (i.e. quality of roads and sidewalks); (3) demographic characteristics of 

residents (i.e. income, education status); (4) tax and public service characteristics (i.e. 

safety forces, public parks); (5) environmental characteristics (i.e. green space 

availability and air quality); (6) proximity characteristics (i.e. proximal location to 
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grocery stores, places of employment, and recreational sites); (7) political characteristics; 

(8) social capital characteristics; and (9) sentimental characteristics (i.e. neighborhood 

self-identification and neighborhood pride).  As a whole, these factors have a defining 

role in urban community health.   

Race/ethnicity and SES are highly correlated but not interchangeable systems of 

social ordering that affect health.  For example, the risk of infant mortality varies 

according to the motherÕs education and raceÑ the risk of infant death decreases as the 

motherÕs level of education increases; however, the persistence of racial disadvantage at 

every level of education is so striking that black women who have graduated college have 

higher infant death rates than do white, Asian, or Hispanic women who are high school 

dropouts (Williams, Sternthal, & Wright, 2009).  In the United States there is a distinct 

relationship between SES and health, at both the state and metropolitan level: the worse 

the health of the community, the higher the mortality rates, and the steeper the SES/health 

gradient (Sapolsky, 2004).  The SES/health gradient refers to grade of wealth, class, and 

health that are inextricably linked (i.e. the group of individuals who are in much better 

health and are likely also in a much higher SES bracket compared to those who are in 

poorer health and a lower SES bracket; a precipitous difference in SES and health exists 

between each level of this gradient in the U.S.) (Sapolsky, 2004).   

Much of the SES/health gradient may be explained by the increased exposure to 

acute and chronic stress, compounded by the presence of overburdened or lacking social 

supports, psychological morbidity (i.e. anxiety or depression), and lack of control of 

oneÕs life (Williams, Sternthal, & Wright, 2009).  Moreover, in the U.S., it is evident that 

SES influences health due to poverty, and thus, limits access to health care; however, this 
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alone does not explain the existence of an SES/health gradient (Sapolsky, 2004).  For 

example, research has shown SES/health gradients to occur in countries with socialized 

medicine (i.e. Canada, England, Sweden, Denmark, Germany, the Netherlands, France, 

Switzerland, Austria, Italy, Spain, and Greece), yet none as extreme as the gradient that 

exists in the U.S. (Sapolsky, 2004; Dow & Rehkopf, 2010; Avendano, Glymour, Banks, 

& Mackenbach, 2009).  Figure 1 shows a locally weighted scatterplot smoother (LOESS) 

of the function of diabetes disability by wealth among adults aged 50 to 74 years in the 

United States, England, and Europe (Avendano, Glymour, Banks, & Mackenbach, 2009). 

 

 

 

 
 

Figure 1. LOESS function of diabetes disability by wealth among men and women 
aged 50 to 74 years in the United States, England, and Europe (Avendano, Glymour, 

Banks, & Mackenbach, 2009) 
 
 

Evidently, universal health care does not negate the SES/health gradient, but 

instead the severity of the gradient relies on the cultural constructs of class, stratification, 

and poverty.  Additionally, health has been found to decline with every descending step 
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in the SES gradient, rather than a threshold of poverty existing, below which health care 

access and health declines abruptlyÑ supporting the idea of the 1:1 relationship between 

SES and health (Sapolsky, 2004).  Yet, the disparities in health across income are not 

fully understood.  Potential mechanisms that may play into the severe SES/health 

gradient that exists in the U.S., as cited by Evans, Wolfe, & Adler (2012) are: (1) those 

with higher incomes lead to the propensity for more healthful behaviors (i.e. better 

nutrition and housing); (2) those who have attained a higher level of education utilize 

health care more effectively; (3) Individuals who hold higher-status jobs face less risk on 

a daily basis and cumulatively across the lifespan; or (4) those exposed to higher 

frequency or prolonged periods of stress and anxiety, related to SES characteristics like 

low income, job uncertainty/unemployment or potentially poor neighborhood-level 

characteristics, result in poor health.  In this way, the SES and health of a community 

may not be solely related to poverty and class, but rather the culmination of SES, and the 

social and physical characteristics of advantage/disadvantage among neighborhoods. 

 Research has shown that great income inequality within a region leads to 

decreased community investment, and thus a reduction in community memberÕs quality 

of life.  This disinvestment in lower SES communities results in an increase in 

psychological stressors, due to a reduced sense of collective efficacy, a greater need for 

vigilance amid increased crime, and less social support among other negative 

consequences (Sapolsky, 2004).  Residents of these communities tend to be less 

politically active and have little economic influence; therefore, government officials are 

less likely to encounter vigorous opposition when public services are reduced in these 

neighborhoods (Yen, Yelin, Katz, Eisner, & Blanc, 2008). Individual health today is said 
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to encompass physical and mental health, emotional well-being, as well as the interaction 

between the individual and their environment in terms of both social cohesion/collective 

efficacy and physical exposures (Stokols, 1992).  Biopsychosocial models of health can 

illustrate the relationship between individual health and neighborhood stressors or life 

events, which first lead to negative emotional responses, then to physiological responses, 

and finally, to an increased risk of more severe disease outcomes (Yen, Yelin, Katz, 

Eisner, & Blanc, 2008).  Figure 2 presents a flow chart for understanding the 

biopsychcosocial model as it relates to individual- and neighborhood-level factors 

affecting health.   

 

 

 

 

 

 

 

 

 

 

Figure 2. Biopsychosocial Model of Individual- and Neighborhood-Level Factors 
Affecting Health (Diez Roux & Mair, 2010) 
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This ecological view of health recognizes that individual-level health risks and 

behaviors have multilevel determinants, which are partially influenced by the 

characteristics of the communities in which individuals reside (Williams, Sternthal, & 

Wright, 2009).  Table 1 provides a full summary listing of the discussed literature review. 

 

Individual- and Neighborhood-Level Factors Affecting the Risk of 

Diabetes & Asthma 

Investigations of the associations between neighborhood-level factors and 

diabetes and asthma have become popular topics in urban public health research in recent 

years.  Neighborhood disadvantage is one main type of chronic stress that is characterized 

by the presence of a multitude of neighborhood-level stressors, including poverty, 

unemployment, lacking collective efficacy, substandard housing and high crime and 

violence rates (Williams, Sternthal, & Wright, 2009).  When an individual confronts the 

environmental demands that are characteristic of disadvantaged neighborhoods (i.e. 

crime, lacking access to healthful foods, poor physical infrastructure, etc.) they 

cognitively appraise whether the event or scenario is threatening or overwhelming 

beyond their existing coping resources; when the neighborhood demands outweigh the 

adequacy of the coping resources, then stress is perceived.  This perception of stress then 

leads to a set of negative emotional states, such as fear, anxiety, and depression, which 

can then manifest in poor physical health (Wright, Rodriguez, & Cohen, 1998).   

Residential racial segregation and the increasing number of impoverished urban 

pockets in the US in recent decades has led to unprecedented urban regions of 

concentrated disadvantage, which are distinguished with lower-income, minority, and 
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single-parent homes, who are isolated from resources that support collective social 

control and experience higher rates of violent crime (Williams, Sternthal, & Wright, 

2009). The following provides a background review of relevant characteristics associated 

with urban asthma and diabetesÑ these include, physical & social disorder, body mass 

index, psychological distress, neighborhood trash, graffiti, individual perceived health, 

collective efficacy, physical activity, illegal drugs, alcohol, sleep disturbance and safety. 

Physical & Social Disorder 

Studies have shown links between asthma hospitalizations and neighborhood 

characteristics (Corburn, Osleeb, & Porter, 2006; Olden, 1996). In addition, heightened 

levels of social disorder in low-income racial/ethnic minority neighborhoods have been 

linked to impeding pathways to positive diabetes health outcomes (Steve, Tung, 

Schlichtman, & Peek, 2016).  Neighborhood social cohesion and neighborhood physical 

aesthetics have been linked to glycemic control of diabetes (Walker, Williams, & Egede, 

2016).  Increased neighborhood greenness was found to reduce the risk of diabetes by 

14% among Medicare recipients (Brown et al., 2016); additionally, urban neighborhood 

tree density was related to lower prevalence of asthma in children (Lovasi, Quinn, 

Neckerman, Perzanowski, & Rundle, 2008).  Childhood physical activity in urban 

neighborhoods is greatly influenced by perceived environmental safety and social 

disorder (Molnar, Gortmaker, Bull, & Buka, 2004). Consequently, children living in 

lower-income neighborhoods with greater crime issues have limited outdoor activity 

(Weir, Etelson, & Brand, 2006). Moreover, average neighborhood education level and 

physical disorder were also found to be strongly associated with childrenÕs levels of 

physical activity (Molnar, Gortmaker, Bull, & Buka, 2004). 
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Body Mass Index (BMI) 

Being overweight or obese substantially increases lifetime odds of asthma and 

diabetes (Narayan, Boyle, Thompson, Gregg, & Williamson, 2007; CDC, 2011). Ludwig 

et al. (2011) found children who moved from higher poverty to lower poverty 

neighborhoods to have modest reductions in the prevalence of extreme obesity and 

diabetes.  Furthermore, obese adults are likely to have asthma-specific quality of life that 

is worse than those with a normal BMI, in addition to having poorer asthma control 

(Vortmann, & Eisner, 2008; Shaheen, Sterne, Montgomery, & Azima, 1999).  Children 

who are overweight and obese are at an increased risk of developing asthma symptoms 

and a larger waist circumference in adults is also associated with increased asthma 

prevalence and severity, especially among women (McCurdy, Winterbottom, Mehta, & 

Roberts, 2010). Children born to diabetic mothers are at an increased risk of developing 

obesity and diabetes early in childhood, which is heightened if obesity persists into 

adulthood (Lindsay, Hanson, Bennett, & Knowler, 2000; Resnick, Valsania, Halter, & 

Lin, 1998). 

Psychological Distress 

The strongest SES gradients have been found to occur for diseases with the 

greatest sensitivity to stress, including diabetes and asthma (Sapolsky, 2004; Adams et 

al., 2004).  Serious psychological distress is a prevalent condition among adults with 

asthma and diabetes in the U.S. and has been linked to a dose-response relationship with 

health-related quality of life (Adams et al., 2004; Oraka, King, & Callahan, 2010).  

Diabetics with serious psychological distress are typically: younger, have a lower 

education and household income level, obese, current smokers, suffering from 
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microvascular or macrovascular complications (both highly correlated with diabetes) and 

are disabledÑ all of which are prevalent among residents of disadvantaged 

neighborhoods (Egede, & Dismuke, 2012).   

Neighborhood physical and social order, social/cultural environment, and access 

to health services are all associated with psychological distress among diabetics, where a 

decrease in any of these three neighborhood elements leads to an increase in 

psychological distress (Gariepy, Smith, & Schmitz, 2013).  Asthma has been found to be 

a significant independent risk factor for psychological distress among minority, low SES 

adolescents (Gillaspy, Hoff, Mullins, Van Pelt, & Chaney, 2002; Koinis-Mitchell, Kopel, 

Salcedo, McCue, & McQuaid, 2014). Through these mechanisms, it is evident that 

children and adults living in disadvantaged neighborhoods are predisposed to lifelong 

chronic asthma and diabetes, in part because of their neighborhood SES, physical, and 

social characteristics. 

Neighborhood Trash, Graffiti  

Diabetes, asthma, psychological distress and other negative related health 

outcomes may potentially be reduced by improving the physical order in neighborhoods, 

such as trash and graffiti removal and the restoration of deteriorating buildings and green 

spaces (Gariepy, Smith, & Schmitz, 2013).  Attention to municipal services in urban 

regions, such as trash removal, traffic alleviating measures in residential areas and 

emissions regulations could have beneficial effects on the quality of life, physical 

functioning, and depressive symptoms for individuals with asthma (Yen, Yelin, Katz, 

Eisner, & Blanc, 2008).  Increased neighborhood physical disorder is associated with 

higher diabetes stress. Specifically, higher incidence of deteriorated buildings, graffiti, 
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noise, and trash, instill fear and mistrust in residents, which affect mental well-being, 

social interactions, and view of the neighborhood (Gariepy, Smith, & Schmitz, 2013).  

Perceived neighborhood disorder was also associated strongly with smoking and poorer 

diabetes-related health outcomes (Gary et al., 2008).   

Perceived Health 

 Perceived health, in its simplest form, reflects an individualÕs awareness of their 

symptoms, diagnoses, and decreasing functionality that are associated with mortality risk 

(Kaplan & Camacho, 1983).  For example, great amounts psychological distress 

experienced by an individual may lower their level of perceived health, effectively 

restricting the capacity to which that individual may execute activities of daily living 

(Kaplan et al., 1996).   

Individuals with asthma who experience severe exacerbations leading to 

hypocapnia (excess carbon dioxide removed from blood due to excessive ventilation) 

have poorer perceptions of their physical and mental health, which is likely the result of a 

lacking perception of control due to the inability of ordinary anti-asthmatic medication to 

treat these symptoms (Ritz, Rosenfield, Meuret, Bobb, & Steptoe, 2008). A similar 

relationship between perceived health exists among diabetics, where perceived general 

health is associated with patientsÕ symptom burden and psychological distress. 

Conversely, Lange and Piette (2005) found diabetic patients who were more positive 

about their health were more likely to inaccurately rate their diabetes control as being 

better than it actually was.  Finally, a national, representative sample of children with 

asthma revealed only twenty-five percent of children with asthma as having ÒexcellentÓ 

health, compared to 54% of children without asthma (Taylor & Newacheck, 1992).   
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Collective Efficacy 

Collective efficacy, known as Òthe perception of mutual trust and willingness to 

help each otherÓ, is a measure of neighborhood social capital and order that has been 

associated with positive health outcomes, such as lower rates of violent crimes (i.e. 

assaults, homicide), premature mortality, and asthma (Cohen, Inagami, & Finch, 2008). 

At the neighborhood level, collective efficacy has been shown to be protective of asthma, 

where an increased level of collective efficacy was associated with a decreased 

prevalence of asthma and other breathing problems (Cagney & Browning, 2004).  As for 

diabetes reduction, one study found diabetic couples were found to be more successful at 

promoting exercise program adherence, supporting a role for a strong collective efficacy 

component for diabetes interventions (Beverly & Wray, 2010).  

At the neighborhood level, Cagney & Browning (2004) cited four empirically 

evidenced mechanisms through which collective efficacy may protect against negative 

health outcomes, including: (1) social control and peer influence of poor health behaviors 

(i.e. smoking); (2) increased access to health services which encourage healthy behaviors 

and/or the availability of higher-quality treatments and disease management; (3) 

improved control over community physical hazards and noxious conditions (i.e. guerilla 

gardening, or the act of cultivating and restoring order to otherwise disordered and 

potentially dangerous land); and (4) adverse psychosocial processes, such as fear or 

stress, that lead individuals to stay in the home more often. 
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Physical Activity 

The relationship of physical activity, or exercise, and diabetes has been well 

documented, as it has been for asthma (Chipkin, Klugh, & Chasan-Taber, 2001; 

American Diabetes Association, 2004; Sigal et al., 2013; Clark & Cochrane, 1999; 

Mancuso et al., 2006; Eijkemans, Mommers, Jos, Thijs, & Prins, 2012).  Over the past 

few decades, an increase in sedentary, indoor lifestyles has contributed to an increase in 

childhood chronic conditions such as obesity, asthma, attention deficit/hyperactivity 

disorder (ADHD), and vitamin D deficiency.  Chronic conditions such as these have the 

potential to lead to pulmonary, cardiovascular, and mental health problems that can 

persist throughout adulthood (McCurdy, Winterbottom, Mehta, & Roberts, 2010).   

  Regular physical activity is crucial to preventing type II diabetes and promoting 

overall health (American Diabetes Association, 2004).  Likewise, physical activity has 

been noted as a potential protective factor for asthma, however asthma is a known 

deterrent of physical activity, due to respiratory exacerbations caused by aerobic 

activities (Eijkemans, Mommers, Jos, Thijs, & Prins, 2012; Marcuso et al., 2006).  There 

is a complex relationship between asthma and diabetes and urban outdoor physical 

activity.  Although outdoor physical inactivity has been linked to the development of 

asthma and diabetes, urban environments present multiple barriers to obtaining the 

recommended amount of daily outdoor physical activity, beyond those related to safety 

and infrastructure (McCurdy, Winterbottom, Mehta, & Roberts, 2010).  Research in 

densely populated urban regions with high ozone concentrations have found a direct 

relationship between the amount of time spent outdoors daily and asthma incidenceÑ an 

increased number of hours spent being physically active outdoors is coupled by an 
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increased incidence of asthma diagnoses among children (McConnell et al., 2002).  

Furthermore, exercise induced asthma is a frequent manifestation of asthma among 

children and adolescents, but can be maintained through proper asthma management (use 

of β2 -agonist bronchodilator), which unfortunately may be unattainable for some 

children of low SES urban neighborhoods in the US.  Physical activity improves physical 

fitness levels, but not lung function and bronchial responsiveness in asthmatic children 

(Carlsen & Carlsen, 2002; McFadden & Gilbert, 1994).  

Physical activity has the capacity to improve insulin sensitivity and maintain both 

short- and long-term metabolic control among younger diabetics, though increased air 

pollution (specifically, PM10, SO2, and NO2) corresponds to a higher relative risk of 

diabetes mortality across all age groups (McCurdy, Winterbottom, Mehta, & Roberts, 

2010; Kan, Jia, & Chen, 2004). A tailored physical activity program targeted at older 

African Americans was found to be significantly effective in improving glycemic and 

blood pressure control, and minor weight loss (Agurs-Collins, Kumanyika, Ten Have, & 

Adams-Campbell, 1997).   

Illegal Drugs 
 

Although the associations between neighborhood drug sales and asthma and 

diabetes risk has not been studied to date, illegal neighborhood drug sales and use often 

go hand-in-hand with neighborhood disadvantage.  In disadvantaged neighborhoods, 

residents often report too many people loitering on the street, using drugs and drinking.  

Residents in these neighborhoods face a threatening environment, which is chronically 

psychologically distressing (Ross, 2000).  In fact, one study found youth living in 

disadvantaged neighborhoods were 5.6 times more likely to have been offered cocaine. 
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Another study found that increased perceptions of neighborhood disorder among African 

American adolescentsÕ in grade 7 were associated with increased tobacco, alcohol, and 

marijuana use in grade 9 (Crum, Lillie-Blanton, & Anthony, 1996; Lambert, Brown, 

Phillips, & Ialongo, 2004).  Neighborhood disadvantage and adolescent affiliation with 

deviant peers was significantly linked to residentsÕ perceptions of present negative 

neighborhood behaviors, including public drinking, selling or using drugs, adolescents 

loitering, and gang violence.  Deviant peer affiliations are known to serve as proximal 

links to problem behavior and disengagement from school attendance and academic 

achievement (Brody et al., 2001).   

In terms of personal illicit drug use, asthma exacerbation severity was found to be 

worsened by cocaine use and positive associations between duration of inhalant use and 

asthma (Rome, Lippmann, Dalsey, Taggart, & Pomerantz, 2000; Han, Gfroerer, & 

Colliver, 2010).  Diabetic patients, who reported recently using alcohol and/or regularly 

using illicit drugs, also had a statistically significant earlier onset of type II diabetes 

(Johnson, Bazargan, & Cherpitel, 2001).  Drug users who were infected with hepatitis C 

virus were nearly three times more likely to also have diabetes (Howard, Klein, & 

Schoenbaum, 2003). 

Sleep Disturbance 

Research has shown that disadvantaged neighborhoods characterized by physical 

and social disorder are associated with poorer mental health, including psychological 

distress.  Further, neighborhood disorder was found to be associated with increased sleep 

disturbance and psychological distress, where the relationship between neighborhood 

disorder and psychological distress is partially mediated and moderated by increased 



! #+!

sleep disturbance (Hill, Burdette, & Hale, 2009).  Increased exposure to certain violent 

crimes related to residing in disadvantaged, urban neighborhoods were associated with 

sleep disturbance (Stores et al (1998).  Umlauf, Bolland, & Lian (2011) found children 

with asthma to have significantly increased sleep disturbance, in addition to having 

increased psychological issues. Additionally, studies have consistently found increased 

sleep disturbances to be associated with worsened diabetes outcomes (Cappuccio, D'elia, 

Strazzullo, & Miller, 2010; Resnick, 2003; Nilsson, Rššst, Engstršm, Hedblad, & 

Berglund, 2004). 

Alcohol 

Alcohol consumption, asthma, and diabetes, are highly prevalent in the U.S. as 

independent entities, but also as correlates. A review of 32 studies revealed that moderate 

consumption of alcohol (1-3 drinks/day) was associated with a 33-56% reduced incidence 

of diabetes and did not acutely impair glycemic control; however, heavy consumption of 

alcohol (>3 drinks/day) was associated with a 43% increased incidence of diabetes 

(Howard, Arnsten, & Gourevitch, 2004).  The mechanisms for alcohol-induced bronchial 

asthma offer evidence that an increase in daily alcohol consumption increases asthma 

symptoms among adults (Shimoda et al., 1996; Saito, 2001).  African American 

asthmatic adolescents were found to binge drink more frequently compared to white and 

Hispanic asthmatic youths, increasing their risk of symptom severity (Bender, 2007).  

One study found binge drinking to increase the prevalence of type II diabetes in both men 

and women (Athyros et al., 2008).  Similarly, binge drinking in adult women was found 

to double the incidence of type II diabetes (Carlsson, Hammar, Grill, & Kaprio, 2003). 
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Safety 

Evidence from urban studies reveal an inverse relationship exists between parents 

reporting feeling safe while walking in their neighborhood and the prevalence of asthma 

among their childrenÑ Parents reporting their neighborhood to be unsafe were nearly 

twice as likely to have a child with an asthma diagnosis (Vangeepuram, Galvez, 

Teitelbaum, Brenner, & Wolff, 2012). Another study found parents who reported their 

neighborhood to be sometimes or never safe had significantly higher odds of having a 

child with asthma (Subramanian & Kennedy, 2009).  Lacking neighborhood safety was 

associated with diabetes treatment nonadherence; Specifically, prescription refills were 

less likely to occur among diabetes who reported living in unsafe neighborhoods 

(Billimek & Sorkin, 2012). Finally, as previously discussed, neighborhood safety may 

affect an individualÕs ability or willingness to engage in physical activity, affecting stress 

levels implicating a method of causing poorer diabetes-related health outcomes within 

disadvantaged communities (Brown et al., 2004). 

Individual- and neighborhood-level characteristics are both highly influential 

upon disease development.  In order to understand this multitude of factors, one method 

that can be utilized is decision tree analyses.  Decision tree analyses have the predictive 

capacity to incorporate many variables and to illustrate the multi-level interactions they 

have with one another in predicting disease outcomes. 
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Decision Trees 

The decision tree classifier is one of the most commonly used data mining tools. 

Decision trees classifiers have four main functions: (1) to correctly classify the sample; 

(2) to have high external validity given the study, or generalizable results; (3) to allow for 

simple updating when more data becomes available; (4) to have a straightforward 

structure that can be easily understood by researchers, government officials, health care 

providers and lay people alike (Safavian, & Landgrebe, 1990).  Decision trees are named 

as such due to the tree-like structure created by the predictive algorithm.  They are 

composed of a root node, which contains all cases and non-cases used to train (discussed 

below) the model and branches that depict the hierarchy of predictor variables located at 

various levels of influence.  The decision tree algorithm selects the branches of the tree in 

order to obtain subgroups of data that contain a larger proportion of one factor than the 

factor in the level above it.  The algorithm determines the appropriate tree structure by 

recursive partitioning, meaning it repeatedly splits on the values of attributes until an 

endpoint is reached (RapidMiner, 2016a).  A contingency, or crosstab, table is 

automatically created to present the unique associations between factors at each split 

point and a Gini impurity splitting criteria (value) is chosen for each potential split for 

binary classification (presence/absence of asthma or diabetes) (Harvey, 2014).  Figure 3 

illustrates an example decision tree that was used to classify vertebrates as mammals 

(binary outcome Y/N).  
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Figure 3. Mammal Decision Tree Example (Tan, Steinbach, & Kumar, 2006) 

 

In this example, the attribute (predictor variable) body temperature was 

determined to be the root node by the algorithm, linking (branching) the leaf node non-

mammals and the internal node gives birth.  This first sequential leaf node of the root 

node is considered the root nodeÕs child.  If the vertebrate is warm-blooded and also gives 

birth, then it can be classified as a mammal (Tan, Steinbach, & Kumar, 2006).  The 

following briefly summarizes the decision tree algorithm design task process described 

above:  

1) The algorithm chooses the appropriate tree structure (splits);  

2) The algorithm determines a choice feature to be used at each internal node 

location;  

3) The algorithm dictates the rule or strategy that is used at each internal node, 

assigning it to a class label (Safavian, & Landgrebe, 1990). 

Decision Tree Learning in Public Health Research 

Decision trees are relatively unfamiliar in certain areas of public health research; 

however the concept is foundational in health practice, specifically, in epidemiological 
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and clinical settings (Morgan, 2014).  In public health and health behavior research, 

decision tree analyses easily define mutually exclusive population subgroups, whose 

members share characteristics that are important barriers or facilitators to the outcome 

variable being investigated and segments them into meaningful subsets.  This allows 

researchers to efficiently maximize the distribution of public health resources, 

minimizing the specified combinations of risks to that particular subset of individuals 

(Lemon, Roy, Clark, Friedman, & Rakowski, 2003). 

Decision tree analyses are an exceptionally advantageous method of predictive 

modeling because they have the capability to describe confounding variables that may not 

be independently strong predictors of the outcome, but together are a vital composite 

variable in understanding the pathway to disease, thus offering direct insight into 

potential points of intervention (Morgan, 2014). Previous studies have shown that 

associations between neighborhood disadvantage and the development of chronic 

illnesses are often confounded by the selection biases that occur when selecting 

participants from different neighborhoods (White et al., 2016).  Decision tree analyses 

applied in this study are intended to rectify this issue of confounders.   

Researchers at Johns Hopkins University Applied Physics Laboratory (APL) 

created a scalable data mining and fuzzy association rule-making approach to predict 

infectious disease outbreaks several weeks in advance called, the “Predicting Infectious 

Disease Scalable Method” (PRISM) (Buczak et al., 2014).  Other studies have found 

decision trees and data mining methods to significantly improve effectiveness and 

efficiency in remote health monitoring (RHM) for early detection of worsening heart 

failure patient condition, diagnose incident cases of diabetes mellitus and diabetes 
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insipidus among children using patient records, as well as detecting unexpected clinical 

observations associated with a higher risk of poor glycemic control among diabetics 

younger than 65.6 years using a diabetes warehouse of registry data (Pecchia, Melillo, & 

Bracale, 2011; Kaur & Wasan, 2006, Breault, Goodall, & Fos, 2002).  The proposed 

study is novel in using individual- and neighborhood-level health indicators to predict the 

development of asthma and diabetes related to disparities in social determinants of health, 

particularly those at the neighborhood level. 
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CHAPTER THREE 

STUDY METHODS 

Study Background 

The data being used for this study is secondary, as it was collected by University 

of Pennsylvania (UPenn) researchers to investigate the effects of an urban revitalization 

project, called the Philadelphia LandCare Program (IRB # 816097). The Philadelphia 

LandCare Program cleans, greens, and maintains vacant lots across the City of 

Philadelphia in order to restore them to productive use. The LandCare Program has 

treated over 12,000 vacant lots in the City since 2004, targeting abandoned lots in 

neighborhoods that struggle with public safety issues and lack open space and green 

amenities. Several studies have provided evidence of the program’s success, showing 

marked reductions in gun violence, and improved health outcomes for neighborhood 

residents, in terms of increasing exercise and decreasing stress levels (PHS, 2016).  

UPenn researchers conducted a randomized control trial to investigate the effect of 

different LandCare vacant lot restoration interventions upon violence and crime outcomes 

and perceptions of fear and disorder outcomes among participants residing in surrounding 

communities. (Branas et al., 2016).     

A randomized control trial of over 660 lots were included in the UPenn vacant lot 

study to test the impact of the greening intervention on neighborhood residents perception 

of physical and social order/disorder and associated health outcomes.  Each of these lots 

were randomly allocated to one of the three study arms: (1) control group—no greening 

or maintenance; (2) contact control group—cleaned perimeter of lot and removed trash 
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periodically; (3) full treatmentÑ cleaned, greened (planted grass & trees), put up 

functional fencing and provided monthly maintenance to the lots (Branas et al., 2016).   

This previous analysis investigated both neighborhood area-wide outcome 

measures in and around each cluster, as well as participant-level outcome measures.  

Violence and crime data were collected from the Philadelphia Police Department for the 

duration of the study (18 months pre-intervention and 18 months post-intervention).  The 

dates and addresses for six crime types were analyzed in this study: gun assaults, non-gun 

assaults, burglaries, robberies and thefts, narcotics possession, sales, and trafficking, and 

nuisances.   ParticipantÕs perceptions of violence, crime, nuisances, safety and disorder 

examined using questions framed around their experiences related to these factors within 

the past 30 days (Branas et al., 2016).  

The study conducted by Branas et al used the vacant lots within the clusters as the 

units of analysis for the violence and crime outcomes; the participantÕs completed 

surveys served as the unit of analysis for the violence, crime, safety, and disorder 

outcomes measures.  Vacant lots and survey participants in the primary intent-to-treat 

analyses were analyzed according to the intervention group to which their cluster had 

been randomly assigned.  Pairwise comparisons were tested for statistical significance 

(p<0.05) using unadjusted random effects, cross-sectional time series regressions since 

there was no assumption that unobserved lot-specific effects were correlated with 

observed, time variant factors (i.e. amounts of vegetation in colder months vs. warmer 

months).  Difference-in differences using an interaction term of intervention-control 

differences multiplied by pre-post differences were calculated using the described 

regressions (Branas et al., 2016).   
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Subset analyses of all outcomes were completed by neighborhood income and 

poverty levels, with median household income tertiles and the poverty level for 

Philadelphia in 2010 divided into three categories of neighborhood income: (1) very low 

income (below the poverty line, under $12,546 median household income), (2) low 

income (above the poverty line, between $12,547 and $21,742 median household 

income), and (3) middle income (above the poverty line, more than $21,743).  Pairwise 

tests of the intervention study arms versus the control arm were completed within these 

subsets.  Displacement analyses for crime events were also completed.  Crime events 

included in the analysis were located within a 1/16th mile radius of each vacant lot and 

then between 1/16th and 1/8th mile distance from each vacant lot.  This provided a 

spillover test of the effect that the different interventions were having due to being 

conducted at two different spatial locations (Branas et al., 2016).  

The final statistical test conducted was a treatment-on-treated analysis of the 

interventionsÕ effects on the change in calculated orderliness gradations for each vacant 

lot over time.  This depended on the level of calculated improvement that had actually 

occurred in each lot and cluster, regardless of which study arm the lot was assigned.  This 

analysis considers the effects of noncomplianceÑ meaning some lots allocated to the 

intervention group, which were expected to improve actually deteriorated over time and 

some lots in the control group naturally improved over time rather than deteriorating 

(Branas et al., 2016). 
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Study Design 

De-identified final post-intervention survey data for 450 participants were 

obtained from Dr. Charles Branas from the University of PennsylvaniaÕs Perelman 

School of Medicine, Department of Biostatistics and Epidemiology (IRB # 816097).  

Coded vacant lot data were also obtained from Dr. Branas.  Twenty-three survey 

variables pertaining to social and environmental individual- and neighborhood-level 

factors were used to predict the two outcome variables, asthma and diabetes, by using 

data mining and decision tree predictive analyses.  A list of these variables, along with 

the survey item number, and empirical evidence for each predictor variable is provided in 

Table 1.  Demographic variables age, gender, ethnicity, race, education, and income, are 

not included in Table 1, but will be included in the analysis. 

The present research incorporated the final score of the vacant lot state as a 

predictor in the full analysis, regardless of the actual treatment provided.  This analysis 

serves as a modified intention-to-treat analysis, with the vacant lot data accounting for 

only one predicting factor in the analysis, instead of being analyzed as the intervention in 

Dr. BranasÕ aforementioned study.  In particular, a revised coding scheme for scoring the 

final lot states was developed with study supervisors, in order to uphold the integrity of 

the data and support internal validity practices.  All data was cleaned and managed 

Microsoft Excel spreadsheets before it was prepared for uploading into RapidMiner 

software for analysis. This study employed a retrospective observational design using 

decision tree analyses, to identify which independent and combined neighborhood health 

indicators predict asthma and diabetes in high-risk Philadelphians.  
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Study Population 

A controlled, parallel-group, cluster randomized trial was approved by the 

University of Pennsylvania Institutional Review Board (IRB # 816097).  Participants 

were selected using geographic information systems technology based upon the location 

of their residence near a cluster of vacant study lots (Branas et al., 2016).   

Three hundred and forty-three participants of the initial pre-intervention group 

(n=445) participated in the post-intervention period.  All of these 102 participants lost to 

follow-up were replaced with randomly selected individuals living in the corresponding 

clusters so that 445 survey participants were ultimately analyzed (Branas et al., 2016).  

The average age and tenure in home of the 445 survey participants, was 45.4 and 13.6 

years, respectively.  African Americans comprised 75.5% of participants and 9.8% were 

Hispanic.  Twenty-six percent of responders completed some college, while 27.7% were 

unemployed and 46.3% had an annual family income of less than $25,000.  

Data Collected 

Four waves (two pre and two post collections) of 445 Philadelphia residents were 

interviewed and completed a survey that covered a wide range of health topics of over 

100 items, from sleep quality and smoking status to perceived neighborhood crime and 

individual alcohol consumption.  These residents lived near clusters of vacant lots.  

Separate data were collected to analyze vacant lot characteristics on 10 items, including: 

amount of trash, evidence of human use, perceived disorder, and presence of functional 

fencing.  These items were rated on a scale from 1 to 10 or yes/no, to assess the effects of 

the treatment over time.  For the purpose of this study, only the final vacant lot state will 

be used to identify the predictors of asthma and diabetes in Philadelphians.   
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Inclusion & Exclusion Criteria 

Inclusion criteria for eligible vacant study lots (n=34,149): (1) had existing 

violations considered ÒblightedÓ, such as trash dumping and unmanaged, excessive 

vegetationÑ exceeding legal height limit; (2) was confirmed to be abandoned after not 

nonresponse from the owner of the lot, after being contacted 10 days prior; (3) was 

authorized to be included in the study by the lot owner.  A total of 109 clusters (n=541 

vacant lots) were included in the study.  The closest building to the center of each lot 

cluster was mathematically determined and chosen to be the starting point for the house-

to-house random sampling and enrollment of survey participants.   

Five participants were identified and interviewed per starting address.  One 

participant per household (over the age of 19) was eligible to be interviewed for the study 

in either English or Spanish.  Households that did not have any residents home were 

visited five times, and were then skipped and not revisited after fifth unsuccessful 

attempts.  Participants who completed the first in-person interview were asked to 

participate in 3 subsequent in-person interviews that would be conducted at a later date.  

The first two waves of pre-intervention interviews were held between October 2011 and 

March 2013.  The final two post-intervention interviews were conducted between June 

2013 and November 2014.  Participants were compensated $25 per completed survey. 

Data Analysis 

 The dataset (N=450) was cleaned to verify that there were no recordkeeping 

errors and was then imported into the RapidMiner data mining software.  The 

RapidMiner process was designed using the appropriate operators, including the main 

operators, decision tree, create & apply threshold, tenfold cross-validation, and model 
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classification performance.  The designed process followed RapidMiner decision tree 

model building and validation documentation.   

RapidMiner software is an open source data science platform that offers a 

visually-based, intuitive interface, encouraging the creation of predictive analytic models 

by business professionals, academics, and lay people alike.  The softwareÕs ease of access 

and use coupled with a wide breadth of functionality and broad connectivity of data types 

makes it an optimal data mining tool compared to traditional programs (RapidMiner, 

2016b).   

Model Training, Pruning, & Evaluation 

A decision tree model must first be trained to ensure the appropriate model was 

chosen for the final analysis.  RapidMiner chooses the training set, which consists of a 

random subset of records within the dataset whose class labels are known.  RapidMiner 

then uses various techniques to define the relationship between predictors and the 

outcome, estimating the values needed by the model equations (Kuhn, 2006).  The 

training set is subsequently later applied to the test set, which contains records with 

unknown class labels (Tan, Steinbach, & Kumar, 2006).  The test set is a larger portion of 

the data used to validate the model; thus similar training and test predictive probabilities 

of attributes indicates a proper-fitting model and the model does not need to be rejected.  

The implication of an appropriate training set is to show that the model has high accuracy 

with a limited sample set; however, when the number of features increases, class 

conditional densities may deteriorate causing the predictive power to be reduced 

(Safavian, & Landgrebe, 1990).  
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Decision tree algorithms and other nonparametric models often have issues with 

overfitting the data.  Overfitting can be understood as Òover generalizing the dataÓ, 

meaning the model learns the exact detail and noise (unwanted ÒimpuritiesÓ in the dataÑ

not necessarily outliers), and outliers in the training data, which in-turn, negatively 

affects the way the model performs when given new data. There are two methods used to 

combat overfitting: (1) pre-pruning (early stopping); and (2) pruning. Pre-pruning is 

when the tree is limited by stopping the growth of a given node when subgroups become 

homogeneous to restrain unnecessary growth of subsequent child nodes.  The risk in pre-

pruning is that by discontinuing growth to sub-trees, essential structural nodes may be 

unknowingly eliminated. Pruning is the process of allowing the training model to grow 

until it fits perfectly, and to then remove the nodes for which there if not sufficient 

evidence (Mansour, 1997; UP, 2012).  

In this study, pre-pruning, pruning and tenfold cross-validation was used to 

evaluate the model for overfitting.  Cross-validation procedures are based upon optimal 

proportion between the complexity of the tree and misclassification error, with 

misclassification error decreasing as tree size increases (Timofeev, 2004).  First, the 

dataset is randomly split into 10 mutually exclusive subsets (or folds) of approximately 

equal size, and then each of the ten subsets is used once as the testing set, with the other 9 

used as the training set.  The cross-validation estimate of accuracy is calculated by 

dividing the overall number of correct classifications by the number of instances in the 

dataset (Kohavi, 1995; UP, 2012). 

A receiver operating characteristics (ROC) curve will be used to understand the 

false positive and the false negative data (sensitivity and specificity) characterizations 
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following model evaluation.  ROC graphs have become popular in machine learning and 

data mining practices in part because simple classification accuracy alone is often a poor 

metric for measuring performance and ROC curves are especially useful for 

nonparametric datasets and unequal classification error costs.  A model having a ROC 

curve of 0.70 and above will be considered acceptable in this analysis. 
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CHAPTER FOUR 

RESULTS 

 Throughout this analysis, a total of 16 decision trees were created to understand 

the relationships between the outcomes of diabetes and asthma and their combined 

individual- and neighborhood-level predictors.  First, a decision tree was created for each 

outcome that included all 35 predictor variables (Table 2), with subsequent decision trees 

utilizing subsets of these initial 35 predictor variables.  For example, a tree was made that 

contained only neighborhood-level variables for each outcome.  Another tree only 

included the subset of variables that were identified as being influential (at a certain 

depth) in the first tree, to understand how specifically the highly influential subset of 

variables interacted with one another without the influence of other predictors that were 

not evidently influential in the initial tree.  Tree depth, or the set number of levels that 

were allotted for each tree in the design process, directly affected the classification 

accuracy and receiver-operating characteristic (ROC) curve.   Specifically, a tree depth of 

four means the tree produces four levels of nodes, or four levels of hierarchical variables.  

A depth of seven, for example, was found to have a higher classification accuracy and 

ROC than a depth of six, however the final leaf nodes were more likely to contain a very 

small number of instances.  Recommendations that can be made based upon decision 

trees with more levels can be limited when the final nodes contain a very small number of 

instances. 

Threshold Application & Pruning Parameters 

 In this sample, the outcomes of both asthma and diabetes were unbalanced 

(roughly 20% had each outcome, and 80% did not); therefore, a threshold operator was 
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utilized.  The threshold operator allowed for the first class binary outcome, in this case, 

yes asthma/diabetes, to be predicted as such with a higher confidence.  Thresholds range 

from 0.0 to 1.0.  A threshold of 0.6 was applied to the models for each decision tree in 

this study, which effectively increased the likelihood that true positive instances were 

predicted positive (RapidMiner, 2017c).  Thresholds were tested at the 0.6, 0.7, 0.8 and 

0.9.  Higher thresholds (0.7, 0.8, 0.9) were found to have no effect on the structure of the 

trees, leaf node split points (i.e. BMI node split by !  25 and > 25), or the influential 

predictors displayed in the resulting trees.  Higher thresholds did however decrease the 

modelÕs predicted classification accuracy and specificity (true negative rate), but 

increased sensitivity (true positive rate).  ROC curves remained the same at each increase 

in threshold.  Logically, this is what was expected, however it was an essential parameter 

to explore when using unbalanced data in decision tree analyses.  A threshold of 0.6 was 

used for each decision tree presented in this results section.  Appendix A provides 

pictures of the RapidMiner design process that was used to create and validate the 

decision trees in this study. 

To prevent model overfitting, pruning (refer to Chapter Three, Study Methods) 

was applied to all decision trees, using the standard confidence level of 0.25, in addition 

to pre-pruning with the 0.01 minimal gain level.  Pre-pruning was tested at the 0.0001, 

0.001, 0.01, and 0.1 minimal gain levels on each decision tree presented in this study.  

The minimal gain level of 0.01 was chosen to be the most appropriate based upon the 

each treeÕs accuracy, ROC, and overall discriminative power.  The minimal gain is a 

value that the model calculates before pruning a subsequent branch, while simultaneously 

creating the decision tree.  Higher minimal gain values lead to more severe pre-pruning, 
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resulting in fewer splits and a smaller decision tree (RapidMiner, 2017d).  Overall, pre-

pruning did not greatly affect the classification accuracies and ROC curves of the 

decision trees at each tested level.  The combination of both pruning and pre-pruning of 

these decision trees may have ultimately prevented overfitting of the models, yet a known 

disadvantage of pre-pruning is that it can sometimes cause the decision trees to stop 

growing too early, due to the parallel nature of this technique being applied while the 

trained model is generating the decision tree simultaneously (Tan, Steinbach, & Kumar, 

2004).  Nonetheless, performing pre-pruning minimal gain level testing provided enough 

evidence that this was not occurring, and thus, both pruning and pre-pruning techniques 

could be applied to the models. Appendix A is a illustration of the RapidMiner design 

processes that was used to create and validate the decision trees in this study. 
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Decision Tree Interpretation 

Determination of Variable Value Ranges 

 Out of the 16 decision trees created in this analysis, seven were selected for 

discussion, based upon high-ranking performance parameters (ROC values > 0.70), in 

addition to their capacity to adequately illustrate the intricacies among a number of 

factors related to urban living (Figures 4 Ð 10).  Table 2 provides a comprehensive list of 

all variable names, descriptions, values, and summary statistics.  Because nearly half of 

the predictor variables were continuous, executive decisions were made to assign value 

label ranges to each value category that were both conceptually appropriate and 

adequately described by the distribution of the raw data (Table 2).  This step was 

imperative for interpreting the decision trees in a systematic manner.  Value labels and 

their corresponding ranges for continuous variables were either determined based upon a 

defined scale (i.e. well-being, range: 0 Ð 100, values 0 Ð 25 = category 1; values 26 Ð 50 = 

category 2, etc.) or their distributions (percentiles) (i.e. where !  10% = category 1; > 10% 

- 50% = category 2; > 50% - 90% = category 3, and "  90% = category 4).   

Variables numbered 7 through 13 are time series data that represent various 

vacant lot characteristics, which span the pre- and post-treatment periods of the study 

conducted by Branas et al (2016).  All lot ratings conducted pre-treatment period were 

averaged and subtracted from the average of all lot ratings post-treatment, per 

characteristic and vacant lot.  For variables numbered 8, 9, and 11, a lower, negative 

value corresponds to a worsening physical characteristic over time whereas a higher, 

positive value corresponds to an improving physical characteristic (i.e. greater lot 

orderliness present over time, corresponds with greater improvement).  The opposite is 
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the case for variables 7, 10, 12, and 13, where a lower, negative number corresponds to 

an improving physical characteristic, and a higher, positive number corresponds to a 

worsening characteristic. 

Identification of Decision Tree Patterns  

 The decision trees modeled in this study displayed apparent overarching themes 

not only within subsequent trees for each separate outcome, but also between the two 

groups of decision trees (those for asthma and for diabetes).  Table 4 provides an 

overview of the differences between the included attributes and performance for each of 

the 6 trees selected for detailed analysis. Table 4 presents the information in an accessible 

and accurate structure that readily allows comparisons of the tree performances in 

addition to the visual representations in Figures 4 - 10.  Overall, the trees had 

exceptionally high specificities (TNR).  Table 3 is an example classification matrix, 

which is provided by the RapidMiner software for each model.  The processes for each 

tree was initially run with a depth of five, however if a tree had an ROC curve lower than 

0.70, the depth was increased to six to allow for further classification.  This does not 

mean that the trees with a depth of five are of lower quality, it simply means that the 

relationship between the included predictors and the outcome are more involved and 

require additional depth to fully illustrate the combined hierarchies of variables 

(pathways) that are predictive of the disease outcome.   

All decision tree performance accuracies ranged from 80 Ð 84 and they had a 

specificity (TNR) range of 97 Ð 100.  Sensitivity rates (TPR) for asthma trees all 

remained within the 16 Ð 37 range, whereas for diabetes they ranged 19 Ð 37 (Table 4).  

The intent of this study was to identify actionable pathways toward disease prediction, in 
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which interventions could be developed to target subgroups of individuals having specific 

individual- and neighborhood-level characteristics. Decision trees are powerful tools that 

can be used for knowledge generation and learning purposes and can produce results that 

provide direction for more in-depth analysis and data collection. The variables general 

health and well-being were not included in the 6 main decision trees presented hereÑ

however, the variables were still of high interest and were included in a model for each 

outcome with the rest of the variables listed in Table 2 and will be explored in the 

discussion section. 

Interpretation of the Trees 

When interpreting the Trees, predictor levels are referred to in chronological order 

beginning at the peak (root node or initial split) as level one down to the final row of 

predictors as level five (i.e. BMI = level one and collective efficacy = level five).  This is 

not an indication that BMI is a more important predictor of asthma than collective 

efficacy, but rather that the best split at each node and level yielded the most gain (also 

known as entropyÑ a statistical measure of randomness) and the least prediction error in 

the model (Santini, 2015).  Additionally, the term significant will be used to describe 

major pathways determined by the models, having six or more total instances and a 

prediction of 60% or higher in the final leaf node.  This does not refer to statistical 

significance. 
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Asthma  

 Tree 1.  Asthma: Tree 1 (Figure 4) included all 18 neighborhood-level variables, 

seven individual-level variables (# 19 Ð 25) and all seven demographic variables in the 

model (32 variables total).  The resulting tree illustrated that neighborhood-level 

predictors accounted for the majority of the influential variables (9 out of the 13).   

 Tree 1 had the highest accuracy (83.33%) and sensitivity (36.45%) out of all of 

the asthma decision tree models (Table 4).  Notably, this tree demonstrated a few 

pathways toward risk of asthma that were not identified in the literature review such as: 

¥ Extreme obesity (BMI > 42.35) !  worsening lot trash !  seven out of seven 

instances of asthma predicted (100%)  

¥ BMI less than or equal to extreme obesity (!  42.35) !  relatively lower social 

disorder !  almost any change in lot trash !  more than 11.5 hours outside !  

increased improvement in lot orderliness !  seven out of eight instances of 

asthma predicted (88%) 

Conversely, other pathways that did follow what was identified in the literature review 

(see Table 1) included: 

¥ BMI less than or equal to extreme obesity (!  42.35) !  relatively lower social 

disorder !  almost any change in lot trash !  less than or equal to 11.5 hours 

outside !  303 out of 367 instances of asthma protection predicted (83%) 

¥ BMI less than or equal to extreme obesity (!  42.35) !  relatively lower social 

disorder !  extreme improvement in lot trash ! !!"#!"$%&'($)*+$),&(-*$%&'()!

*+*,-!.$-! ! !/*))*,! #'))"#%&."*"//&#$#0!! !01!'2)!'3!00!45()$56*(!'3!$()7&$!

8,')*6)4'5!8,*.46)*.!9:0;<  
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Since educational attainment also appeared twice in this decision tree, it is likely that this 

and other demographic variables are influencing the pathways toward asthma risk and 

must be further explored.    

 Tree 2. Asthma: Decision Tree 2 (Figure 5) included all the same variables as 

were in Tree 1, with the exception of BMI and age, two known correlates of asthma 

(Narayan, Boyle, Thompson, Gregg, & Williamson, 2007). This tree was found to 

perform adequately at a depth of five and had the highest ROC curve (0.72) out of all 

three asthma decision trees (Table 4).  Again, this tree was comprised primarily of 

neighborhood-level variables (6 out of 11), but also revealed the potential influence of 

demographic variables upon the relationships among other individual- and neighborhood-

level variables and risk of asthma, mainly psychological distress, recreational walking, 

and sleep disturbance.   

This model had a lower sensitivity than Tree 1, and thus only identified two 

potentially important pathways toward positive prediction of asthma.  These were:  

¥ Highest improvement in lot trash !  receipt of Supplemental Security Income 

(SSI) !  more severe psychological distress !  seven out of seven instances of 

asthma predicted (100%) 

¥ Highest improvement in lot trash !  non-receipt of SSI !  less than daily 

recreational walking !  some college & higher educational attainment !  six 

out of seven instances of asthma predicted (86%) 

Here, SSI may be affecting the relationship that highest improvement in lot trash has 

upon the risk of asthma, making the relationship between lot trash and asthma unclear.  
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SSI is Supplemental Security Income, which is provided to low-income individuals who 

are disabled, blind, or over the age of 65 (Social Security, 2017).   

 Significant pathways toward asthma protection demonstrated in this tree include: 

¥ Lower improvement in lot trash !  less severe sleep disturbance !  perceived 

nighttime safety !  173 out of 195 instances of asthma protection predicted 

(89%).  Another is lower improvement in lot trash !  less severe sleep 

disturbance !  perceived nighttime danger !  lower social disorder !  86 out 

of 116 instances of asthma protection predicted (74%) 

¥ Lower improvement in lot trash !  less severe sleep disturbance !  less than 

or equal to 11 hours outside daily !  50 out of 72 instances of asthma 

protection predicted (69%) 

These relationships indicate that less severe sleep disturbance leads to a higher 

likelihood of asthma protection, but when sleep is severely disturbed, fewer hours 

outside protected against asthma.  Also, when sleep disturbance was lower and 

perceived nighttime safety was dangerous, lower social disorder was protective 

against asthma. 

 Tree 3. Throughout all decision tree analyses predicting asthma, it became evident 

that demographic variables influenced many of the other individual- and neighborhood-

level relationships that predict asthma.  To account for this, demographic variables were 

controlled for in Asthma: Decision Tree 3 (Figure 6), by simply excluding them from the 

model.  This left 24 individual- and neighborhood-level variables included in the model 

(1 Ð 22; 24 Ð 25). Decision Tree 3 also performed adequately at a depth of five and had 

maximal specificity (100.00%), but low sensitivity (16.82%Ñ Table 4).  This decision 
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tree exemplified the theory that demographic variables influence the relationships 

between individual- and neighborhood-level variables and as such, more potential 

actionable pathways were revealed.  The three main significant pathways that may be 

protective of asthma discussed in Tree 2 remained in Tree 3.  These were:  

¥ Lower improvement in lot trash !  less severe sleep disturbance !  nighttime 

safety perceived as safe !  173 out of 195 instances of asthma protection 

predicted (89%).  

¥ Lower improvement in lot trash !  less severe sleep disturbance !  perceived 

nighttime danger !  lower social disorder !  86 out of 116 instances of asthma 

protection predicted (74%).  

¥ Lower improvement in lot trash !  less severe sleep disturbance !  less than or 

equal to 11 hours outside daily !  50 out of 72 instances of asthma protection 

predicted (69%).   

This means that these pathways were uninhibited by the demographic variables sex, race, 

ethnicity, annual income, SSI, and educational attainment and are robust pathways that 

could be used as the framework for investigating community-based asthma prevention 

programs. 

Further, Tree 3 revealed another interesting pathway: 

¥ Highest improvement in lot trash !  higher social disorder !  increased lot use 

!  and less than daily alcohol consumption !  30 out of 44 instances of asthma 

protection predicted (68%) 

 This is interesting because better social disorder appears to protect against asthma when 

there is perceived nighttime danger, and less improvement in lot trash; yet on the reverse, 
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when lot trash is most improved, lot use is higher and alcohol consumption is lower, 

higher social disorder does not appear to have a great effect upon asthma risk.  Higher 

social disorder in combination with less lot use here predicts asthma in six out of six 

instances (100%), suggesting that increased social disorder and worsening lot use over 

time predicts asthma, no matter how great the improvement is to the lot trash. 

Diabetes 

 Tree 1.  The decision trees modeled for asthma and diabetes included the same 

variables so that comparisons could be made between the tree structures for both health 

outcomes.  For example, Diabetes: Decision Tree 1 (Figure 7) included the same 

variables that Asthma: Decision Tree1 (Figure 4) included and so on.  Therefore, this tree 

included variables 1 Ð 25 and 30 Ð 36.  Diabetes Tree 1, although extremely simple, 

reveals the great role demographic variables play in the prediction of diabetes and 

performed well, having the highest ROC curve (0.78) out of all six models (Table 4).   

According to Tree 1, the greatest predictor of diabetes protection in this sample was 

younger age (!  42.5), where 158 out of 167 instances (95%), were predicted as protected 

of diabetes.  The following pathways were also protective: 

¥ Age (> 42.5) !  BMI (> 26.3) !  less improved lot vegetation !  119 out of 174 

instances of diabetes protection predicted (68%) 

¥ Age (> 42.5) !  BMI (!  26.3) !  Non-Hispanic/Latino ethnicity !  68 out of 71 

instances of diabetes protection predicted (96%).   

Conversely, the following pathway identified potential predictors of diabetes: 

¥ Age (> 42.5) !  BMI (> 26.3) !  highest improved lot vegetation !  age (> 49) !  

18 out of 28 instances of diabetes predicted (64%).   
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The two greatest findings from this tree are: (1) demographic variables and BMI have the 

greatest combined influence on the prediction of diabetes; and (2) lot vegetation appears 

to play a role in diabetes prediction, however the relationship is not clear due to the 

influence of demographic variables (non-modifiable risk factors). 

Tree 2.  Upon the removal of age and BMI from the model (two of the, evidently, 

strongest predictors of diabetes), emerged a strong indication that SSI is a major predictor 

of diabetes.  Diabetes Tree 3 included variables 1 Ð 22, 24 Ð 25, and 30 Ð 36 (Table 2) 

and the model also performed adequately at a depth of five, having the highest sensitivity 

of all of the diabetes decision tree models (36.36%) and an ROC curve of 0.71 (Table 4).  

In total, Diabetes: Decision Tree 2 (Figure 8) identified five significant pathways toward 

diabetes risk. First, the non-receipt of SSI $%&' severe psychological distress ( lower 

social disorder, higher physical disorder!)'*$+,  seven out of eight instances of diabetes 

predicted (88%).  This suggests that more severe psychological distress and higher 

physical disorder may lead to increased risk of diabetes.  As for predictions of diabetes 

protection, this model identified three significant pathways:  

1. Non-receipt of SSI !  less severe psychological distress !  273 out of 316 

instances of asthma protection (86%) 

This substantiates the theory proposed that more severe psychological distress 

yields an increased risk of diabetes, whereas less severe psychological distress 

yields a decreased risk, or protection from diabetes.   

2. Receipt of SSI !  lowest psychological distress !  less improvement in lot 

orderliness !  witnessing sales of neighborhood drugs more frequently !  38 

out of 50 instances of diabetes protection (76%).   
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Again, this supports the theory that lower psychological distress lowers the risk 

for diabetes, regardless of improving or depleting neighborhood characteristics. 

3. Receipt of SSI !  more severe psychological distress !  Black race !  17 out 

of 18 instances of diabetes protection (94%).   

This pathway did not support the theory between psychological distress and 

diabetes. This may be attributable to the lack of variability in the race variable 

(76.4% black), however it is also important to note that race did not appear in any 

of the other trees up to this point, therefore the relationship is unclear.   

Tree 3.  When controlling for demographic variables and BMI, Diabetes: Decision 

Tree 3 (Figure 9) exhibited a greater number of significant pathways predicting diabetes 

protection, but only one predicting positive diabetes outcome.  The model did not reach 

an ROC curve of 0.70 or greater at a depth of five and was extended to a depth of six.  

This resulted in a performance accuracy identical to Diabetes: Decision Tree 2 (83.33%) 

and a specificity identical to that of Diabetes: Decision Tree 1 (97.24% $ Table 4).  The 

variables included in this model were all individual- and neighborhood-level variables 

with the exception of BMI and all seven demographic variables (%!&!''!()*!'+ !&!' , $

-(./0!'12   

The only significant pathway to positive diabetes outcome prediction was: walk to 

work less than every day !  major improvement in lot orderliness !  less frequent 

alcohol consumption !  > 5.5 hours outside daily !  six out of six instances of diabetes 

prediction (100%).  This positive prediction of diabetes is likely highly influenced by the 

lack of physical activity (walk to work).  The remaining final node groupings present in 

this decision tree were: 
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¥ Walk to work less than every day !  less improvement in lot orderliness !  

lower physical disorder !  169 out of 216 instances of diabetes protection 

predicted (78%).  

¥ Walk to work almost every day !  yes lot grass violation !  perceived number of 

lots less than everywhere !  lower lot use !  68 out of 84 instances of diabetes 

protection predicted (81%).  

¥ Walk to work almost every day !  yes lot grass violation !  perceived number of 

lots less than everywhere !  higher lot use !  greater improvement in lot 

orderliness !  52 out of 52 instances of diabetes protection predicted (100%) 

¥ Walk to work almost every day !  no lot grass violation !  41 out of 41 

instances of diabetes protection predicted (100%).   

By and large, Decision Tree 3 demonstrates that there is a relevant relationship to be 

recognized between physical activity and neighborhood characteristics.  Perceived 

physical disorder may be more influential in diabetes prediction than other outside 

perspectives (i.e. lot orderliness), however, this relationship is not clear.  Additionally, 

the roles of lot grass violation, number of lots, and lot use are unclear.   

Tree 4.  To explore the influence of the neighborhood-level factors lot grass 

violation, number of lots, and lot use and physical activity further, a fourth decision tree 

was created using the same variables as those in Diabetes: Decision tree 3, but also 

included BMI.  Diabetes: Decision Tree 4 (Figure 10) had a depth of five and an ROC 

curve of 0.72 (Table 4).  This tree revealed noteworthy evidence in support of the 

literature exploring the benefit of urban revitalization projects (Ludwig et al, 2011).  

Here, the most notable pathways were: 
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¥ BMI (> 25.8) à less improvement in lot vegetation à improving lot trash à 

204 out of 263 instances of diabetes protection predicted (78%).  

¥ BMI (> 25.8) à highest improvement in lot vegetation à improved lot use à 

and more perceived large trash à 25 out of 34 instances of diabetes protection 

predicted (78%) 

¥ BMI (> 25.8) à less improvement in lot vegetation à major worsening in lot 

trash à less severe sleep disturbance à 7 out of 11 instances of diabetes 

predicted (64%).  

 This decision tree illustrated that neighborhood-level characteristics may play an 

important role in the prediction of diabetes in urban populations, specifically, the amount 

of lot trash.  The role of lot vegetation, while still influential in the tree, remains unclear.    
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CHAPTER FIVE 

DISCUSSION 

Overall, the decision trees created in this analysis supported the existing literature 

surrounding individual- and neighborhood-level factors that affect the risk of asthma and 

diabetes within a high-risk, urban population (Corburn, Osleeb, & Porter, 2006; Olden, 

1996; Lovasi, Quinn, Neckerman, Perzanowski, & Rundle, 2008; Steve, Tung, 

Schlichtman, & Peek, 2016; Walker, Williams, & Egede, 2016; Brown et al., 2016; Gary 

et al., 2008; Branas et al., 2016; Branas, Cheney, MacDonald, Tam, Jackson, Ten Have, 

2011).  Because both asthma and diabetes are highly preventable diseases, understanding 

the complex relationships that exist between individual- and neighborhood-level factors 

are vital for creating competent prevention programs, particularly within low SES 

populations who have limited access to other prevention resources.   

Comparisons of the asthma and diabetes decision trees modeled in this analysis as 

two collective groups reveal general structural differencesÑ meaning differences in the 

actual variables presented and how they interact with one another to predict either asthma 

or diabetes.  An equally important aspect of decision trees that must be considered when 

interpreting the results is the variables that were not displayed.  The most striking 

variable that was consistently not presented in any of the decision trees was race, only 

appearing in Diabetes: Decision Tree 2 (Figure 8).  This could be potentially due to the 

lack of variability in the variable itself, with the majority of subjects being black (76.4%), 

however non-normally distributed data is not required for decision tree models to perform 

sufficiently (Timofeev, 2004).  Additionally, research has shown that racial and ethnic 

differences in rates of asthma can be explained by other demographic factors related to 
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income, neighborhood, and educational attainment (Litonjua, Carey, Weiss, & Gold, 

1999).  Other variables that unexpectedly did not appear often or at all were: daytime 

safety, exercise, smoking, and sex.  Again, this does not mean they are not statistically 

significantly related to the outcome, it simply means that these variables were not the best 

variables to improve the impurity measure, Gini index (Tan, Steinbach, & Kumar, 2004). 

Major themes discovered across both groups of decision trees were those 

involving demographic variables, hours outside, psychological distress, physical activity 

variables (recreational walking and walk to work), social and physical disorder, and 

certain vacant lot characteristics (primarily lot trash).  First, demographic variables were 

found to be highly influential upon the prediction of disease risk, however different 

demographic variables were found to be influential for each outcome.  Asthma was 

apparently more greatly affected by educational attainment, while diabetes was not. Age 

and Hispanic/Latino ethnicity were more influential upon prediction of diabetes and SSI 

affected both disease outcome predictions in some capacity.  Studies have shown asthma 

to be inversely correlated with educational attainment, where an increase in asthma was 

associated with individuals who had lower levels of educational attainment (Gottlieb, 

Beiser, & O'Connor, 1995).  Further, Hispanics were found to have worse diabetes-

related outcomes and receipt of SSI is for low-income individuals, who are disabled, 

blind, and/or elderly (Lavery, Ashry,Van Houtum, Pugh, Harkless, & Basu, 1996; Social 

Security, 2017).  Therefore, individuals who have severe asthma or diabetes may qualify 

to receive SSI. 

Hours outside did not appear to be related to physical activities being performed 

outsideÑ meaning, fewer hours being spent outdoors daily corresponded with greater 
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disease protection.  This was demonstrated in asthma trees 1 Ð 3 and Diabetes Tree 2 

(Figure 8). Individuals spending a greater number of daily hours sitting outdoors rather 

than being active could potentially explain this relationship. The decision trees modeled 

in this study present valuable pathways that should be explored further. The trees suggest 

that urban revitalization projects may have positive effects and may be protective of 

asthma and diabetes.  Since the models had much higher negative predictive power 

(specificity) it may be more appropriate to use these trees to identify the characteristics 

that protect against asthma and diabetes rather than to identify the characteristics that 

predict these disease outcomes occurring. Consistently across all the trees developed, 

improved lot trash, social disorder, and physical disorder appeared to be protective of 

asthma and diabetes.   

Social and physical disorder may, in a sense, serve as proxies for certain variables 

that participants may be more reluctant or unable to respond to directly through face-to-

face interviews.  For example, participants may be more likely to respond accurately to 

the question, ÒThere is too much drug use in my neighborhood.Ó compared to the 

question, ÒIn the past month, how often have you seen street drugs being sold in your 

neighborhood?Ó  In this case, the first question, which is a component of the social 

disorder variable, may more adequately capture the true state of neighborhood drug sales 

compared to the second question drawing upon more specific recall.  However, because 

social and physical disorder variables are applied in this analysis as composite variables, 

they must be evaluated as such when interpreting results.  

When interpreting the results from decision tree analyses and making 

recommendations based upon these results, it is important to identify major themes across 
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multiple trees, rather than to choose a best tree. Decisions trees are valuable tools for 

learning purposes and information gathering.  Because hours outside was found to be 

consistently unrelated to physical activity, but related to positive prediction of the disease 

outcome, an intervention targeting individuals who spend relatively more time outside, 

but less time engaged in physical activity while outside may promote asthma and diabetes 

prevention in this population, however this theory is merely speculative and the true 

relationship that exists between hours outside, physical activity, and diabetes and asthma 

are unclear.  

For the most part, more severe psychological distress led to the prediction of 

positive disease outcomes most often.  These relationships did not, however, remain 

when controlling for demographic variables, thus are presumably related to individual-

level SES characteristics and SES (Gillaspy, Hoff, Mullins, Van Pelt, & Chaney, 2002; 

Koinis-Mitchell, Kopel, Salcedo, McCue, & McQuaid, 2014; Egede, & Dismuke, 2012).  

Recreational walking and walk to work were two neighborhood-level physical activity 

variables that repeatedly predicted asthma and diabetes protection throughout this 

analysis. 

Since the intent of this study was to reveal pathways to disease in which 

actionable plans could be developed, the variables general health and well-being were 

not included in this main analysis.  In order to understand how these variables play into 

the prediction of disease risk, both well-being and general health were added to tree 1 for 

asthma and diabetes separately.  Well-being had an effect on asthma prediction, however 

the relationship was unclear because the split point was nearly the max (split point = 98, 

max = 100).  General Health turned out to be a level four predictor of diabetes, where 
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relative better outcomes in the level five predictors (sleep disturbance, BMI, and younger 

age) led to disease protection among 112 out of 174 instances who were classified as 

having excellent, good or fair perceived health.   

Strengths & Limitations 

Strengths 

Decision tree learning is one of the most ubiquitous and practical methods for 

inference, having a sound method for approximating discrete-valued functions that are 

robust to noisy data and capable of learning complex, disjunctive expressions (Mitchell, 

1997). Decision trees are nonparametric models; therefore, they do not require the use of 

normally distributed data.  Decision trees also do not need variables to be selected in 

advance; the algorithm will identify the most significant variables and eliminate those 

that are not, this enables a large number of variables to be examined simultaneously.  

(Timofeev, 2004).  Decision tree analyses are also capable of handling mixed data types, 

hierarchical relationships and nonlinear cases.  The top-down, tree-structured, visual 

results are easily interpretable (Davis & Elder, 2002). In terms of practicality, applying 

decision tree analyses to public health research practices could have a massive impact on 

modern epidemiological surveillance of infectious and chronic diseases (Kaur & Wasan, 

2006).  Additionally, decision tree analyses could be readily applied to predicting 

treatment costs and demands of resources, anticipating patient needs based on their 

medical history, refining public health informatics practices, as they can be applied to 

community-based public health issues, which was demonstrated in this study (Kaur & 

Wasan, 2006). 
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Limitations 

Beyond the issue of overfitting as previously discussed, missing values in the 

dataset can present additional predictive power issues in the design or test phase of 

modeling.  Missing values can result from interviewer or data entry error (Safavian, & 

Landgrebe, 1990). In this study, the Replace Missing Values operator from Rapid Miner 

was utilized to account for this issue.  The Replace Missing Values operator is a complex 

strategy to treat missing data, where a probability is assigned to each of the possible 

values of the attribute, estimated based on the observed frequencies of the various values 

for the attribute among the other examples at the corresponding node (Mitchell, 1997; 

RapidMiner, 2016c). 

Another potential limitation of using decision tree analyses is the need for a large 

dataset to hold high predictive power (Davis & Elder, 2002).  However, it is unclear in 

the literature as to what constitutes a large dataset. As sample size increases, the size of 

the generated decision trees also grows with improvement in error rates.  Nonetheless, 

very large samples are not optimal for decision tree learning because it is extremely 

difficult to interpret massive decision trees and overfitting becomes a more apparent 

threat (Sug, 2009). Because a statistical power of 0.80 or 80% and above is considered to 

be an acceptable accuracy rate to detect a true effect, reliability issues related to small 

sample size were not observed in this study (N=450).  Finally, another limitation of using 

decision tree analyses is the potential bias created due to incorrect pruning (i.e. increasing 

or decreasing tree complexity or changes in splitting variables and values) (Timofeev, 

2004).  
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CHAPTER SIX 

CONCLUSION 

 This study illustrated through an exploratory analysis, the hierarchies of 

individual and combined neighborhood health indicators that are predictive of asthma and 

diabetes in a population of high-risk Philadelphians. In addition, the study demonstrated 

the relevance and application of decision trees (data mining) to understand multilevel 

relationships among the predictors of complex health outcomes.  This study presents a 

foundation for actionable recommendations so plans can be made to promote disease 

prevention in urban environments.  Overall, improved neighborhood-level conditions 

related to social and physical disorder were consistently found to be protective of both 

asthma and diabetes in this urban population.  This study adds to the work of Branas et al. 

(2016) and others who are investigating the effects of place-based community 

revitalization interventions to improve health outcomes in urban populations, by 

identifying potential major pathways toward disease.  A next step for this study would be 

to hone in on certain major pathways and run regression analyses to test whether the 

major pathways predicting positive or negative disease outcomes are also statistically 

significant in a regression analysis. In addition, further investigation of the major 

neighborhood-level predictors through targeted interventions could provide valuable 

insight of the effects of neighborhood conditions on diabetes and asthma.   
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