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Abstract 

As the prevalence and incidence of childhood obesity has increased, so has the number of 

cases of pediatric Type 2 diabetes mellitus (T2DM). Although made unconstitutional in 

1968, the transgenerational implications of redlining can be observed in disinvestments 

resulting in neighborhood detraction. Utilizing the 2019–2020 National Children’s Health 

Survey, the purpose of the study was to evaluate the relationship between obesity, T2DM, 

and neighborhood detraction elements as well as assessed indicators of T2DM in non-

institutionalized children 6 through17 years of age (N = 34,725). The social determinants 

of health perspective served as the conceptual framework for the study. Results indicated 

that the presence of detracting neighborhood elements was strongly associated with food 

insecurity and perceived safety. Binary logistic regression analyses, controlling for sex, 

age, and race/ethnicity, showed a 23% (OR = 1.230; 95% CI, 1.151-1.315), 34.8% (OR = 

1.348; 95% CI, 1.209-1.505), and 48.5% (OR = 1.485; 95% CI, 1.300-1.696) increase in 

odds of obesity in respondents who live in areas with one, two, and all three detracting 

elements, respectively. Controlling for the same variables and socioeconomic status, 

there was a 90.4% (OR = 1.904; 95% CI, 1.203-3.016) and 80.5% (OR = 1.805; 95 CI, 

1.017-3.203) increase in odds of T2DM among those who resided in a neighborhood with 

two and all three detracting neighborhood elements, respectively. Predictors of T2DM 

were overweight/obese BMI, 12–17 years old, living with grandparents, food insecure, 

and living in a neighborhood with the presence of two detracting elements. Implications 

for positive social change include understanding the relationship between location, policy 

and health outcomes that can foster health equity and social justice.  
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Chapter 1: Introduction to the Study  

This quantitative cross-sectional secondary data analysis was conducted to 

explore the predictors of pediatric Type 2 diabetes mellitus (T2DM) and if the prevalence 

of pediatric T2DM and the prevalence of pediatric obesity is associated with detracted 

neighborhood elements. There has been a significant increase in youth not only being 

diagnosed with T2DM but being diagnosed as overweight or obese. Though there are 

many risk factors that influence susceptibility and severity of T2DM and obesity, some of 

those risk factors are structurally influenced by the disinvestments of neighborhoods and 

communities (Green et al., 2017). By assessing the interconnection between location, 

policy, and health outcomes, public health professionals are able to execute the three core 

functions of public health in creating health equity among a vulnerable population—

youth and young adults.  

This chapter provides background information about T2DM, obesity, and 

detracted neighborhood elements as a possible result of redlining. It also illustrates the 

public health problem, conveys the research questions and hypotheses, reports the 

justification of the theoretical framework and nature of the study, provides definitions of 

terms, and discusses the assumptions, scope, delimitations, and limitations. Lastly, this 

chapter presents the significance of this study to the existing literature and field.  

Background 

Obesity impacts 39 million children under the age of 5 worldwide (World Health 

Organization [WHO], 2020). In 2016 the global prevalence rate for childhood obesity and 

overweightness among children 5–19 was 18% (WHO, 2020). From 2017–2020 in the 
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United States, obesity prevalence among children and adolescents 2–5, 6–11, and 12–19 

years were 12.7%, 20.7%, and 22.2%, respectively (Stierman et al., 2021). Though being 

considered a preventable chronic but reversible condition, there are many disparities 

observed in childhood obesity and overweightness including but not limited to 

race/ethnicity, sex, habitancy, gender expression, and socioeconomic status (SES; 

Azagaba et al., 2019; De Lorenzo et al., 2020; Fradkin et al., 2015; Zou et al., 2021).  

Obesity is a contributing factor to increased risk of T2DM; when compared to 

children with normal body mass index (BMI), obese children have a quadrupled 

increased risk of having T2DM (Abbasi et al., 2017). T2DM is diagnosed when the body 

does not know how to properly use or process glucose (American Diabetes Association 

[ADA], 2009). T2DM can be influenced by genetics, environment, behavior, social, and 

structural factors that can not only impact insulin resistance but obesogenic factors 

(Wondmkun, 2020). Earlier literature suggested that because obesity had a presumable 

causal relationship with T2DM that it was solely etiologic, but new research suggests that 

there may be an ambi-directional relationship between these two associated diseases 

(Chobot et al., 2018). Most of the literature indicates that this relationship may be 

impacted by environment (County Health Rankings & Roadmaps, 2017; Lee et al., 2015).  

Redlining is the discriminatory practice of denying or limiting services to specific 

areas (Winling &Michney, 2021). Based on racist ideologies, the practice of redlining 

created zones based on who the banks decided to be risky investments (Winling & 

Michney, 2021). This practice created zones that were color categorized  as Grade A = 

Good (green), Grade B = Still Desirable (blue), Grade C = Definitely Denying (yellow), 
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and Grade D = Hazardous (red; Winling & Michney, 2021). These color and graded 

zones were placed on maps created by the Homeowners Loan Corporation (HOLC) and 

used in many banks (Wipling & Michney, 2021). Although it primarily impacted 

Blacks/African Americans, any race/ethnicity that could not identify as White, Anglo-

Saxon and Protestant were subjected to its discriminatory practices (Brown, 2021). Not 

investing in what is deemed a risky environment shaped disadvantaged environments, 

which often impacts health outcomes through multiple pathways (Ellison, 2018).  

Neighborhood detraction affects historically redlined areas with the most common 

forms of detraction as hyper-vacancy (Capps & Mock, 2019). Hyper-vacancy is defined 

as, “a condition in which vacant properties are so extensive and centralized that they 

define the character of the entire area” (Padcrush, n.d., para. 1). The impact of redlining 

differs from city to city, but the intent and the results are similar (Jan, 2021). Compared 

to areas that have not been redlined, redlined areas have 5-10% more vacant homes 

(Appel et al., 2016; Meier & Mitchell, 2022). Redlined areas are often described as 

socially disadvantaged because of the disinvestments, which often result in poorer 

infrastructure, more vacant houses, and impacted SDOH (McCullough, 2022). These 

underserved areas are often associated with poverty, high crime rates, food insecurity, 

and a lack of resources that increase obesogenic and diabetes risk factors (Powell, 2021). 

Although there is evidence on neighborhood characteristics and health outcomes 

like obesity and T2DM, there are limited studies that aim to evaluate the relationship 

between potential consequences of redlining and pediatric health outcomes, specifically 

obesity and T2DM. Additionally, there are no studies presented in the literature using 
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proxy variables as a substitute for redlining such as the presence of detracting 

neighborhood elements. This study is needed because the implications of redlining are 

transgenerational and although illegal, still impacting and covertly occurring in cities 

today (Best & Mejia, 2022). This study brings attention to social justice and health equity 

by addressing the structural challenges that may influence unhealthy lifestyles, choices, 

and outcomes.  

Problem Statement 

Once considered an adult disease, T2DM is being observed more in young 

children and adolescents than before (Lawrence et al., 2021). Although T2DM affects 

6.28% of the world’s population, according to the ADA, 0.35% of the U.S. population 

under the age of 20 have been diagnosed with T2DM (ADA, 2022; Khan et al., 2020). 

Children are a vulnerable group because they are dependent on others for their needs. It 

was posited that the environment accounts for 10% variation in health outcomes 

including but not limited to expenditures, outcomes, morbidity, and mortality (County 

Health Rankings & Roadmaps, 2017). Although there have been many studies to look at 

the impact that redlining may have on health outcomes, there are no studies investigating 

neighborhood detraction and its potential influence on the susceptibility of obesogenic 

risk factors on T2DM in the pediatric population across many U.S. metropolitan cities 

simultaneously.  

Purpose of Study  

The purpose of this quantitative study was to evaluate if both T2DM and obesity 

in the pediatric population are associated with the presence of detracted neighborhood 
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elements as well as examining the influence of demographic (sex, age race/ethnicity, 

socioeconomic status and family structure), environmental (food insecurity, accessible 

playgrounds and parks, safe neighborhoods, safe walking paths, accessible recreation 

centers and presence of detracting neighborhood elements), physical activity, and BMI on 

the prevalence of T2DM. These explorations were answered with three research 

questions.  

Research Questions and Hypotheses  

RQ 1: What is the association between obesity and detracted neighborhood 

elements in the pediatric population when controlling for age, race/ethnicity, sex, and 

socioeconomic status? 

Ha1: There will be an association between obesity and detracted neighborhood 

elements when controlling for age, race/ethnicity, sex, and socioeconomic status? 

H01: There will be no association between obesity and detracted neighborhood 

elements when controlling for age, race/ethnicity, sex, and socioeconomic status? 

RQ 2: What is the association between T2DM and detracted neighborhood 

elements y in the pediatric population when controlling for race/ethnicity, sex, and 

socioeconomic status? 

Ha2: There will be an association T2DM and detracted neighborhood elements 

when controlling for race/ethnicity, sex, and socioeconomic status? 

H02: There will be an association T2DM and detracted neighborhood elements 

when controlling for race/ethnicity, sex, and socioeconomic status? 

RQ 3: Do demographic characteristics (sex, age, race/ethnicity, socioeconomic 
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status, and family structure), environmental (food insecurity, accessible playgrounds and 

parks, safe neighborhoods, safe walking paths, accessible recreation centers and presence 

of detracting neighborhood elements), physical activity, and BMI have an influence on 

the prevalence of type 2 diabetes among the pediatric population? 

Ha3: Demographic (sex, age, race/ethnicity, socioeconomic status, and family 

structure), environmental (food insecurity, accessible playgrounds and parks, safe 

neighborhoods, safe walking paths, accessible recreation centers and presence of 

detracting neighborhood elements), physical activity, and BMI have an influence on the 

prevalence of type 2 diabetes among the U.S. pediatric population. 

H03: Demographic (sex, age, race/ethnicity, socioeconomic status and family 

structure,), environmental (food insecurity, accessible playgrounds and parks, safe 

neighborhoods, safe walking paths, accessible recreation centers and presence of 

detracting neighborhood elements), physical activity, and BMI do not have an influence 

on the prevalence of type 2 diabetes among the U.S. pediatric population. 

Theoretical Framework  

In America, public health systems were popularized during the industrial 

revolution where famine, poverty, and infectious diseases were high (Karamanou et al., 

2012). Although there have been many theories on how diseases and pathogens were 

caused (e.g., miasmas) as conditions worsen, scientists and epidemiologists began 

looking at social conditions (Karamanou et al., 2012). The theoretical framework used for 

this analysis was the social determinants of health (SDOH). Although there is evidence 

that this theoretical framework may have been utilized earlier (i.e., John Snow and 
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Cholera or Rudolf Virchow and Typhus), the credit is often assigned to the 1967 UK 

Whitehall study (Osmick & Wilson, 2020). This framework attempts to describe the often 

overlapping and intersectional social conditions that describe the environment where 

person/persons are born, live, learn, work, play, worship, and age (Artiga & Hinton, 

2019). Additionally, this framework posits that these social conditions influence health 

outcomes and expenditures (Centers for Disease Control and Prevention [CDC], 2020). 

As shown in Figure 1, these conditions are often grouped into five domains: economic 

stability, health care and quality, education access and quality, neighborhood and built 

environment and social and community context (CDC, 2020).  

Figure 1 

Social Determinants of Health Frameworks Constructs  

 

Note. From “Social Determinants of Health,” by CDC, 2021 

(https://www.cdc.gov/visionhealth/determinants/index.html) 

This theoretical framework relates to the study’s research questions because it 

aims to evaluate the influence that social conditions from each domain has on the 
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obesogenic risk factors on T2DM in the pediatric population. Additionally, this study 

focuses on the intersectional and overlapping contribution that each domain may have 

upon one another which may increase or attenuate susceptibility and severity of health 

risks and outcomes.  

Nature of the Study  

This quantitative cross-sectional secondary data analysis used data from the cross-

sectional National Children Health Survey (NCHS). This dataset was utilized to 

investigate if the presence of detracting neighborhood elements perpetuated pediatric 

obesity, and pediatric T2DM. To address the three aims of this analysis, logistic 

regressions (binomial and ordinal) were conducted to control for a combination of 

covariates: demographic (sex, age, race/ethnicity, socioeconomic status, and family 

structure), environmental (food insecurity, accessible playgrounds and parks, safe 

neighborhoods, safe walking paths, accessible recreation centers and presence of 

detracting neighborhood elements), physical activity, and BMI. In addition to the logistic 

regressions conducted, a chi square (X2) test of independence was performed among all 

the variables and presence of neighborhood detraction elements. A combination of odd 

ratios (ORs) adjusted odds ratios (aORs), 95% confidence intervals (95% CI), and p-

values were used to interpret the analysis.  

Definitions of Key Terms  

The key terms that were used in this research study are based on variables from 

the data collected in the NCHS and throughout the literature.  

Accessible playgrounds and parks: Refer to the availability and proximity of 
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playground and parks near households (Molina-García et al., 2021). 

Accessible recreation centers: The presence/accessibility of recreational facilities 

located near the neighborhood/community (Andrade et al., 2021).  

Body mass index (BMI): An anthropometric measure calculated as a ratio of 

height (meters) and weight (kilograms) that is clinically used to estimate body fat. In 

children, BMI is age and sex specific that compares the same age and sex of a child to the 

reference population of that same age and sex (CDC, 2021; Nuttall, 2015). 

Family structure: The combination of relationships shared by a group of 

individuals who are related by birth, adoption, fictive kin, marriage who reside in one 

household (Health Resources & Services Administration [HRSA], n.d.).  

Food insecurity: A social determinant of health that is captured by economic and 

social factors that describes limited, unreliable or no access to adequate, affordable, and 

nutritious food (U.S. Department of Agriculture, Economic Research Service, n.d.).  

Overweight/Obesity: The excessive accumulation of adipocytes (fat cells); 

clinically diagnosed in children with BMI reported in the 85th -95th percentile and greater 

than the 95th percentile, respectively (CDC, 2021). 

Physical Activity: “any bodily movement produced by skeletal muscles that 

require energy expenditure” (WHO, n.d ., para 1). 

Presence of detraction neighborhood elements: Refers to the presence of littering, 

abandoned buildings, graffiti and vandalism (Cronin & Gran, 2018).  

Race/Ethnicity: Social constructs used to divide a population into groups based on 

physical features/characteristics and culture expressed in a given geographic region 
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(Flanagin et al., 2021).  

Redlining: A discriminatory policy institutionalized by the HOLC that denied 

services and investments to areas deemed financially risky. The term “redlining” refers to 

the color given to those “hazardous” areas on maps that predominantly impacted 

minorities (Winling & Michney, 2021).  

Safe neighborhood: Perception of not being fearful around the 

neighborhood/community one lives/resides/visits (Sun et al., 2012).  

Safe walking paths: measures safe access and availability of sidewalks and 

walking paths present in the neighborhood/community (Gwam et al., 2022).  

Socioeconomic status (SES): The percentage of household income relative to the 

federal poverty level (FPL), a function of household income, and number of people in 

that household compared to a threshold amount that qualifies for governmental programs 

(Berzofsky et al., 2014).  

Type 2 diabetes mellitus (T2DM): T2DM is a condition that results in 

hyperglycemia which can cause blood and erythrocytes (red blood cells) to change their 

consistency; potentially resulting in physiological abnormalities and interruptions (ADA, 

2009). 

Assumptions 

Since this study is a secondary data analysis collected from a survey where the 

parent/parents answer health questions about their child, I assumed they were willing 

respondents. In addition, I assumed the respondents of the NCHS were comfortable with 

honestly self-reporting the information asked in the survey. Answering honestly and with 
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completeness assist the agencies responsible for this survey report the general health 

status of U.S., non-institutionalized children aged 0–17.  

A major assumption of this analysis was that redlining is still being experienced 

across the nation. Although outlawed in 1968, not only is redlining still occurring 

covertly, but the impacts of redlining are also still affecting metropolitan cities (Best & 

Mejia, 2022; Perry & Harshberger, 2019). According to studies, 74–75% of cities 

historically redlined but specifically assigned the Grade of D four decades ago can be 

considered low to moderate income today (Columbia Broadcasting Services, 2020; Jan, 

2021). An additional assumption was that areas that were reported as detracted are 

potentially related to areas that were historically redlined. Lastly, I assumed that because 

this a nationally representative sample, that all social categorizations (age, race/ethnicity, 

sex/gender, sexual orientation, ableism etc.) are represented in the sample. Though the 

sample of these often-overlapping social categorizations may differ by location, it is 

important they are included for generalizability.  

Scope and Delimitations 

This quantitative cross-sectional secondary data analysis addressed the 

relationship of detracted neighborhood elements with the prevalence of pediatric obesity 

and pediatric T2DM from a cross sectional nationally representative sample consisting of 

non-institutionalized children 0–17 years old. Additionally, I evaluated predictors in the 

prevalence of pediatric T2DM in the same sample of children. Through address sampling, 

the only children included in this study are those who responded completely to the 

survey. Collecting responses from only children who reside in a residence makes this 
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generalizable among similar audiences.  

Limitations 

Similar to other studies, no study is without imperfections presented as 

limitations. First, a secondary dataset was used from fixed questions in a survey. This 

circumstance excludes other variables of interest that were not present or available in the 

dataset. For example, in this secondary dataset for confidentiality purposes, redlining 

zones as determined by the 1930s HOLC map was not available, so a proxy variable (the 

presence of detracted neighborhood elements) was used. Redlining is not always 

accessible or feasible because in some cities, HOLC maps cannot be found and to 

measure redlining requires access to confidential information or census tract level data. 

Although highly unlikely to differ, this proxy variable was the most feasible variable to 

infer the implications of historical redlining. Second, the data collected in the NCHS are 

self-reported by parents who live in a residence which may result in recall, 

misclassification, and selection bias. Only capturing information from parents who reside 

in a home excludes the 33.3% of families that are experiencing homelessness (World 

Population Review, n.d.). Lastly, this analysis was conducted as cross-sectional. Cross-

sectional research designs are not able to determine temporality.  

Significance of Study  

This study contributes to the field of public health because it not only applies the 

SDOH as a framework (presented through associated variables) but how those often 

overlapping and intersectional social conditions can be impacted by location/geographic 

region, which can impact health outcomes. To my knowledge this is the first study that 
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used a nationally representative dataset measuring children’s health to examine the 

relationship between policy (redlining), environment (the presence of neighborhood 

detraction), and health outcomes (obesity and T2DM). Additionally, this was the first 

study on impact of redlining via neighborhood detraction and the nexus to health 

outcomes in a vulnerable population. In real-time, this study upheld the three public 

health core functions—assessment, policy development, and assurance.  

The findings of this study could provide evidence to all stakeholders about where 

to place appropriate funding to improve detracted neighborhoods, and provide the needed 

resources that promote a healthy, safe, and active lifestyle. Additionally, these findings 

could be used to make constituents of these major cities aware of legislatures that may or 

may not have their best interest. Further, these findings can be used to create evidence 

based, data driven policies focused on sustainable interventions that promote health 

equity and social justice. Creating these policies and initiatives allows 

communities/neighborhoods to flourish, and it influences healthy behaviors and 

ideologies among the younger generations who eventually become the primary 

contributors of the economy.  

Summary   

The prevalence of obesity and T2DM has increased in youth and young adults. 

Both of these chronic but reversible conditions are influenced by a plethora of factors that 

may differ by race/ethnicity, SES, and sex/gender. Neighborhood and built environment 

are one of these factors. Redlining was a discriminatory policy that structurally forced 

minorities into geographic areas, rendered those areas as hazardous, thus risky 
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investments. The disinvestment of these neighborhoods resulted in neighborhood 

detraction, which may promote obesogenic and T2DM risk factors. Though made illegal 

in 1968, the impact of redlining is still present. Using detracted neighborhood elements 

provides insight on the potential effects of redlining. I explored the relationship between 

neighborhood detraction with the prevalence of T2DM and obesity as well as the 

influences of T2DM in a nationally representative sample of non-institutionalized 

children aged 0–17 years. In Chapter 2, the impact of the effects of redlining on obesity 

and T2DM on a national level are examined, identifying a gap in the research. These 

findings highlight the affect that both the social and political determinants of health have 

on health outcomes in hopes that stake holders and legislators can jointly participate in 

creating health equity and social justice.  
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Chapter 2: Literature Review 

The purpose of this quantitative research study determined whether there was a 

relationship between policy, environment, and health outcomes. Specifically, I 

investigated if the presence of detracted neighborhood elements was associated with 

obesity on T2DM among the pediatric population. While there is evidence in 

predictors/relationship of obesogenic factors on T2DM, and the impact that the 

environment can have on health outcomes, there is a lack of information investigating 

those relationships in the pediatric population. Additionally, there is a lack of evidence 

assessing redlining’s current influence on pediatric health outcomes, specifically obesity 

and T2DM. This chapter discusses the etiology and epidemiology of both pediatric 

obesity and pediatric T2DM, the relationship between obesity and T2DM, the 

transgenerational implications of redlining, and its influence on obesogenic and T2DM 

risk factors among the pediatric population, and the SDOH. 

Literature Search Strategy 

The literature review was obtained with a list of keywords used to identify the 

research studies covered within this chapter: type 2 diabetes, healthcare expenditures, 

pediatrics, epidemiology, risk factors, dose-response, longitudinal, etiology, prevention, 

obesity, obesogenic, child adiposity, environment, disparities, blight, hypervacancy 

,social determinants of health, SDOH, neighborhood, built environment, racism, 

redlining, residential apartheid, health outcomes, and policy. Electronic databases 

included American Journal of Epidemiology, American Academy of Pediatrics, 

PUBMED, Pediatric Obesity, Diabetes, MEDLINE, SAGE Journals, Science Direct, 
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APA PsychInfo, and search engines such as Google Scholar. Further, the Walden 

University’s library was used to find some full text of these articles. I also searched for 

publications that were used as references of the articles I initially found.  

The initial criteria of the literature review consisted of only scholarly peer-

reviewed articles published between 2018 and 2022; however, there were some utilized 

sources published more than 5 years ago. Additionally, there was a small percentage of 

publications that were not peer-reviewed such as well-known magazines or newspapers 

used in this literature review because of the lack of current peer-reviewed empirical 

evidence investigating the relationship between neighborhood detraction, obesity and 

T2DM in the pediatric population. The literature review not only provided relevant 

background information, it provided an opportunity to establish a gap in the literature 

between policy, location, and health outcomes in a vulnerable population.    

Theoretical Framework 

As shown in Figure 2, SDOH are non-medical, often overlapping and intersecting 

social conditions that aim to describe how economic stability, health care and quality, 

education access and quality, social and community context, and neighborhood and built 

environment influence health outcomes expenditures and disparities (WHO, n.d.; CDC, 

2020; Hills-Briggs et al., 2020)].  
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Figure 2 

Intersectional Relationship Among the Social Determinants of Health  

 

Note. From “Impact of Social Determinants of Health on the Emerging COVID-19 

Pandemic in the United States,” by K. Pandey, 2020, Frontiers in Public Health, 8, p. 

406. https://doi.org/10.3389/fpubh.2020.00406 

 

Under the domain of economic stability, social conditions, and factors such as 

employment, income, and debt are considered because the type of job one works 

influences the income they earn and benefits they are able to utilize (health insurance, 

paid sick leave, parental leave etc.; Singu et al., 2020). Health care and quality includes 

health coverages, access, provider and treatment/intervention availability, quality of care, 

as well as cultural and linguistic competency (CDC, 2020). Education is a domain that 

entails literacy, higher education, vocational training, and language (CDC, 2020; Drake 

& Rudowitz,2022; Singu et al., 2020). The fourth domain, social and community context, 

focuses on support systems, safety concerns, stress, discrimination/prejudice, policing, 

cohesion, and engagement (Office of Disease Prevention and Health Promotion, n.d .). 
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Lastly, neighborhood and built environment attempts to describe the environment 

through conditions such as walkability, availability of green spaces and recreation 

centers, transportation, housing, food insecurity, and air/water quality (CDC,2020; Singu 

et al., 2020). Though each of these things could influence one another, as shown in 

Figure 3, some domains may hold more weight in the pathogenesis of chronic diseases 

such as T2DM or obesity.  

Figure 3 

County Health Rankings and Roadmaps 

 

Note. From “Interaction Between Health Outcomes, the SDOH, and Policies and 

Programs,” n.d. (https://www.countyhealthrankings.org/resources/county-health-

rankings-model). Public domain. 

Often credited as the first study to investigate social conditions and health 

outcomes is the 1967 UK White Hall study (Osmick & Wilson, 2020). This study was on 
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the association between social class, and health status; after a 10 year follow up, this 

study conveyed an inverse relationship between social class and self-reported health 

status (Osmick & Wilson, 2020). As a primary concept in public health, this theory is 

often in some form applied in many studies, but in its entirety, literature is scarce, 

inconclusive, and even greater scarcity amongst children and young adults (Stangvaltaite-

Mouhat et al., 2021). However, to measure all SDOH domains, Javed et al. (2022) 

created a social disadvantaged score utilizing the adult population of the 2013-2017 

National Health Interview Survey (NHIS). This score was created through the 

combination of SDOH indicators and being socially disadvantaged was represented by a 

higher combined SDOH score. Javed et al. discovered that when compared to those with 

lower cumulative SDOH scores, those with higher combined SDOH scores were 

associated with normal weight (18.5 < BMI < 25), overweight (25 <BMI<30), obesity 

classes 1-2 (30< BMI <40) and obesity class 3 (BMI> 40) by 15%, 50% and 70% 

increase in obesity prevalence, respectively.  

Social disadvantages and SDOH interact in public health and health care 

pathways that influence health outcomes (Fradkin et al., 2015; Schillinger, 2020). Social 

disadvantages tend to be inherited and have been shown to be positively correlated with 

increased later life BMI (Lowry,2020). Social disadvantages linked with childhood 

obesity are younger children, single parent households, and disadvantaged neighborhoods 

(Yusuf et al., 2020). The most consistent upstream social determinant of health predictor 

of all health outcomes including T2DM and obesity is SES (Hill-Briggs et al., 2020; 

Lakerveld & Mackenbach, 2017; Lowry et al., 2020; Sawchuck, 2019; Yusuf et al., 
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2020). Similarly, the findings of social disadvantages based on the social determinants of 

health were found to be associated with T2DM (Hills-Briggs et al.,2020). The prevalence 

of T2DM is associated with social gradient (Hill et al.,2013). Most of the literature has 

focused on adults but since SDOH and social disadvantages can be inherited, and 

temporary, most of the social conditions can be applied to children. Similar to obesity, 

SES is a strong predictor of T2DM because it is linked to almost all SDOH (Wang & 

Geng,2019). In self-management of T2DM, the most important SDOH include economic 

stability, education, health care, social and community support and built environment 

(Clark & Utz,2014). The upstream social determinants of health and downstream effects 

differ amongst the socially disadvantaged and influences the prevalence, incidence of 

T2DM as well as health disparities (Brady et al., 2021). 

Literature Review Related to Key Variables  

Etiology of Pediatric Obesity  

Pediatric obesity is defined as the excessive accumulation of adipocytes or fat 

cells in a child (Kumar & Kelly, 2017). While it can be a complex interaction, when a 

person consumes more calories than their body is able to metabolize, the excess calories 

are converted into adipocytes (Lin & Li, 2021). Although it has been criticized within the 

past decade, obesity is clinically defined/assessed by the BMI, a ratio of weight to height 

(CDC, 2011). BMI is reported as a quotient that aims to characterize severity of obesity 

by categorizing the reported result into one of the four acknowledged percentiles (CDC, 

2021). The four cut off points signify weight status: underweight (less than the 5th 

percentile), healthy weight (5th percentile to less than the 85th percentile), overweight 
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(85th to less than the 95th percentile), and obese (equal to or greater than the 95th 

percentile; CDC, 2011). Unlike BMI with adults, using this anthropometric measurement 

with children differs in interpretation with the percentiles because it  is sex and age 

specific. For example, a 10-year-old boy who has a BMI of 23, would be placed in the 

obese category and it would be interpreted as, he has a weight greater than 95% to other 

boys who are also 10.  

Childhood obesity is often considered to be a genetic, structural, behavioral, 

environmental, social, and economic influenced condition with well documented health 

disparities (Lee et al., 2019; Mackey et al., 2022). Although there are many causes of 

childhood obesity such as genetics, environment, stress, health conditions, medications, 

and poor sleep, the most common two are poor diet and living a sedentary lifestyle 

(Balentine, 2015; CDC, 2012; Lin & Li, 2021; National Heart, Lung and Blood Institute, 

2012). The Western diet that mostly consist of foods/drinks high in salt/sodium, sugar, 

and fat not only have many calories in small amounts for cheap prices but are associated 

with the exponential increase of obesity in the United States (Rakhra et al., 2020). In a 

systematic review assessing dietary patterns and childhood obesity, it was reported that 

there was a 2% to 255% increase in risk in childhood obesity depending on the 

established obesogenic food group (Liberali et al., 2020).  

The second most common cause of childhood obesity is a lack of physical activity 

or living a sedentary lifestyle (Balentine, 2015; CDC, 2012; Hong et al., 2016). 

Participating in physical activity allows the body to use the energy that has been 

consumed and stored, which could decrease visceral obesity and waist circumference 
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(Ando et al., 2020). Physical activity is important in the prevention and reduction of 

childhood obesity because the amount of energy that children use for basic 

biological/physical processes are 25–35% (Ponnambalam et al., 2022). The National 

Health and Nutrition Examination Survey (NHANES) used a nationally representative 

sample to report that physical activity was a protective risk factor for obesity in children 

(Hong et al., 2016). Acknowledging children’s energy expenditure and the physical and 

psychosocial health benefits of physical activity, the CDC recommends 60 minutes per 

day for children 5–17 years old (Thalken et al., 2021).  

Due to access barriers and funding there are also disparities among obesity rates 

in children and playground quality and availability (McCarthy et al., 2017). Another 

cause of obesity is environment (Balentine, 2015; CDC, 2012). In 2014, Roeder 

determined that the best indicator of health was the zip code because it captures the 

SDOH. Environment is included in the SDOH in a domain entitled neighborhood and 

built environment (CDC, 2020). This domain has a goal of creating and maintaining 

neighborhoods and environments that promote a healthy lifestyle and often considers 

things like walkability, crime, access to fresh affordable foods, parks/recreation centers 

(CDC, 2020). Many studies have investigated the association between environmental 

factors such as crime, food deserts, lack of infrastructure and obesity (Rundle et al., 2009; 

Sugalia et al., 2016; Wei et al., 2021). In neighborhoods that were perceived as not safe 

there was 123% increase in odds of childhood obesity when compared to children who 

did not perceive their community as dangerous (Reis et al., 2020). Often interconnected 

with other social categorizations such as age, SES, urbanity, race/ethnicity, and built 
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environment has been considered a component in the childhood obesity epidemic (Reis et 

al., 2020).  

A fourth cause of obesity is genetics (Balentine, 2015; CDC, 2012). The root of 

the epigenetic mechanism of the heritability of obesity has been compartmentalized to 

monogenic (one gene), polygenic (many genes), and syndromic (chromosomal 

rearrangement; Tirthani et al., 2022). Studies inquiring about heritability of obesity in 

families, twins, and populations reported that 40%–70% of transgenerational obesity 

could be explained by genetics (El-Sayed et al., 2013; Hebebrand& Hinney, 2009; 

McPherson, 2007). Racial/ethnic differentiation has also been reported as risk factor in 

the type of heritability (El-Sayed et al., 2013). Although monogenic obesity has been 

linked with the variation of the MC4R gene, which is associated with hyperphagia (over-

eating), it and syndromic obese heritability are rare, whereas polygenic obesity is the 

most common form and is often exacerbated by behavioral factors (Huvenne et al., 2016). 

The overlapping impact of these causes can describe both susceptibility and severity of 

obesity (McPherson, 2007). 

Further, stress has a causal relationship with obesity (Balentine, 2015; CDC, 

2012). Stress is often described as the body’s response to a non-homeostasis state 

(Charmandari et al., 2005). Stress produces the stress hormone known as cortisol 

(Charmandari et al., 2005; van der Valk et al., 2018). The positive feedback loop 

mechanism between cortisol and overweightness/obesity consists of the higher the 

amounts of cortisol produced, the higher energy expenditure, and the increase in appetite 

(van der Valk et al., 2018). Though stress/stressors maybe inescapable, there are 
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vulnerable populations that experience chronic high levels of stress also known as 

allostasis load (Rodriquez et al., 2018). These populations experience high levels of 

obesity and comorbidities (Charmandari et al., 2005; Rodriquez et al., 2018; van der Valk 

et al., 2018). The bi-directional relationship between obesity and stress has been well 

documented and continues to be investigated with assessing heterogeneity among various 

covariates (Cedillo et al., 2019).   

Many health conditions and medications can also cause obesity (Balentine, 2015; 

CDC, 2012). The body and its processes work together to keep the body in the state of 

homeostasis but because of known and unknown factors, conditions/diseases appear. 

There are some conditions/diseases that can impact not only how quickly the body 

metabolizes energy but also the hormone/receptors that signals being full (Herranz, 

2003). Most conditions that cause obesity are from an imbalance, hypoproduction, or 

hyperproduction of a chemical messenger (Ratini,2020). Some conditions include 

hypothyroidism, polycystic ovaries syndrome (PCOS), depression, and diabetes (Ratini, 

2020). Another closely associated influence on obesity are medications (CDC,2012). 

Through many different pathways, medications such as corticosteroids and antiretroviral 

art therapy (ART) affects metabolism, the way the body uses energy; coupled with the 

other overlapping causes and risk factors these can increase the susceptibility and severity 

of childhood obesity (Balentine, 2015; CDC, 2012; Verhaegen & Van Gaal, 2019).   

A final cause of obesity is sleep patterns (Balentine, 2015; CDC, 2012). There are 

metabolic processes that happen during different stages of the sleep cycle (Bonanno et 

al.,2019). Sleep is important for energy metabolism, but there has been a relationship 
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investigating quality of sleep-in metabolic processes (Anam et al., 2022). Anam et al. 

(2022) reported that when compared to those who got 8 or more hours of sleep, there was 

a statistically significant 73% (OR = 1.73, 95%CI = 1.21-2.47) increase of odds of being 

obese or overweight amongst those who received less than 8 hours of sleep. Although the 

complete pathway is not fully understood, several studies have reported that when 

compared to children (5–9 years old) who get 10 hours or more of sleep, children who do 

not get 10 hours of sleep a night have a 1.5–2 times risk increase of obesity (Anam et al., 

2022; Jiang et al., 2009; Padez et al., 2009).  

Epidemiology of Pediatric Obesity  

Childhood obesity is considered a multifactorial epidemic that has become a 

public health concern (Reis et al., 2020). Childhood obesity is a global issue that was 

once believed to be a developed country condition is now being observed in middle and 

lower-income countries (WHO, n.d.). In assessing global trends from 1975-2016, 

Oceania had the highest average BMI in both boys and girls (BMI: boys=20.059, 

girls=20.692), followed by European Union (EU) and North America in boys 

(BMI=19.232) and Latin America in girls (BMI=19.307) [WHO, n.d.; Worldmapper, 

2020;]. Many disparities in obesity can be seen on a global and continental scale 

(González-Alvarez et al., 2020). This section describes the epidemiological constructs of 

childhood obesity defining the current childhood obesity epidemic.  

Prevalence 

Childhood obesity is observed globally, from lesser developed countries to 

developed countries (Callahan, 2019). In 2016, it was reported that the global prevalence 
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rate for childhood obesity was 18% (WHO, n.d.). The only country that outranks the 

United States in childhood obesity is China with more than 28 million children (age 6-17 

years), approximately 29.4% (GBD 2015 Obesity Collaborators,2017; Worldmapper, 

2020; Zhang, 2022). From 2017- 2020, the prevalence of childhood obesity in the United 

States was approximately 19.7% (CDC, 2022). During 2018-2020, including the COVID-

19 pandemic, not only did the obesity prevalence rate increase to 22.4%, but the rate of 

body mass index doubled (CDC, 2022). Obesity is a multifaceted disease/condition 

where significant differences can be seen across demographics such as race/ethnicity, age 

groups, geography, gender/sex, and socioeconomic status (Isong et al., 2018).  

Socioeconomically, the greatest obesity prevalence rate was seen in the lowest 

income group (CDC, 2022). Current research does show that there may be a paradoxical 

relationship between socioeconomic status and obesity, as the prevalence of obesity in 

the homeless community (both adults and children) is increasing (Koh et al., 2012; 

Levine et al., 2016). From 2017-2020, the highest prevalence rate of childhood obesity in 

the US is observed in Hispanic children (28.7%), followed by 24.8% among 

Black/African American, Non-Hispanic children (24.8%) [ CDC, 2022; The State of 

Childhood Obesity, n.d.]. The lowest obesity prevalence rate, 9.0% was among Asian, 

Non-Hispanic children (CDC, 2022; The State of Childhood Obesity, n.d.). According to 

the State of Childhood Obesity in 2021, the six states with higher obesity rates in ages 

10-17 than the national rate are all located in the south-Kentucky (23.8%), Mississippi 

(22.3%), Louisiana (22.2%), West Virginia (21.9%), Alabama (21.8%), and Tennessee 

(20.8%) [The State of Childhood Obesity, 2021].   
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Using the 2020 Census data, the child population (0-18 years) was approximately 

156, 970 (U.S Census Bureau, n.d.). It has been reported that 1 in 3 children are either 

overweight or obese (Baltimore City Health Department, 2016).  Similar to the 

continental prevalence rate, in Baltimore obesity tends to impact low socio-economic 

status and Black/African American population (Loh et al., 2018). For example, in 

Baltimore, low-income children have a 3.4 increased risk of obesity when compared to 

affluent children (Hager et al., 2017).  

Incidence 

In 2016, the US obesity incidence rate was 11.6% (Cheung et al. 2016). The Early 

Childhood Longitudinal Studies concluded not only were there significant racial/ethnic 

differences in the incidence of childhood obesity but the greatest cumulative incidence in 

their nationally representative sample occurred between ages 5-14 (Cunningham et al., 

2022). In this longitudinal study they followed kindergarteners until the 5th grade and 

discovered that in their 2010 cohort, 16.2% of their population were newly considered 

obese (Cunningham et al., 2022).   Additionally, they found that in their 2010 cohort, 

16.2% of their population were newly considered obese (Cunningham et al., 2022).  

Similar high incidence rates for childhood obesity were found in a longitudinal study in 

Arkansas where 4.8% of their child population became obese between kindergarten and 

9th grade (Rouse et al., 2019). Additionally, they reported than those who were obese in 

kindergarten had a 17.5% increase in odds to be obese in the 8th grade (Rouse et al., 

2019). Lastly, they noted a significant interaction between race, sex, time, and childhood 

obesity (Rouse et al., 2019). 
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Utilizing a national sample but taking into consideration socioeconomic status, 

Pan et al. followed over a million Americans that identified as low SES, measured by 

those who qualified and used Women’s, Infant and Children (WIC), a supplemental 

program that assist women and infants (0-5 years) of low-socioeconomic status have 

access to healthy foods (Food and Nutrition Services, n.d; Pan et al., 2013). In their 

nationally representative sample, between 2008-2010, after being followed for 24-35 

months, that 11.1% had become obese using the CDC’s BMIs for age percentile 

parameters (Pan et al., 2013). They additionally found higher associations amongst boys 

of lower SES status as well as an increased risk among Hispanics (35%), and American 

Indians/Alaskan Natives (49%) when compared to their white counterparts but 

uncommonly lower among Blacks/ African Americans, Non-Hispanic (8%) [Pan et al., 

2013). Majority of the literature reinforces that childhood obesity is not solely a 

behavioral health condition but influenced through many pathways including but not 

limited to environmental, structural, economic, social, mental, and genetic (Lee et al., 

2019).  

Etiology of Type 2 Diabetes Mellitus 

T2DM is a metabolic disorder caused by insulin insensitivity, resistance, or 

combination of both resulting in hyperglycemia (Gerst et al., 2019). These insulin 

abnormalities derive from the body’s inability to detect insulin clearance (IC), the process 

where the organ or cell regulates insulin availability, concentration, and use (Lee et al., 

2013). It is well documented that people with T2DM have lower insulin clearance rate 

(ICR) [Koh et al., 2022]. The literature regarding predictors or determinants of IC/ICR 
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are inconclusive but primarily assessed cross-sectionally. The most cross-sectional 

consistent determinant/predictor of IC/ICR has been physical activity, primarily in mice, 

adult men (healthy and insulin dependent) but not children (Kurauti et al., 2016; 

Tuominen et. al, 2008). However, using the Prospective Metabolism and Islet Cell 

Evaluation (PROMISE) cohort not only was physical activity found not to be significant 

but race/ethnicity, increase in waistline circumference and metabolic disorders were 

associated with declines in IC/ICR (Semnani-Azad, 2019). Similar racial/ethnic 

differences were found between Black/African American men and White European men 

(Lawda et al., 2022).  

Because there is biological plausibility and a well-supported dose response 

relationship between physical activity and insulin clearance, the opposition between the 

aforementioned study and the majority of the literature is caused by how Semnani-Azad 

measured physical activity. Using the modified activity questionnaire (MAQ) confines 

physical activity to an exact list of recreational activities whereas the other studies used 

Metabolic Equivalent of task (MET), which measures intensity (Jetté & Blüchmen, 

1990). With the increase prevalence and incidence of childhood obesity, researchers have 

begun investigating the role that age and puberty may have on IC/ICR. When compared 

to pre-pubescents, adolescents in both sexes, and of all weight status had increased in 

insulin resistance (Jeffrey et al., 2012; Kelsey & Zeitler, 2016).   

While it is unclear when in puberty IR begins there have been few longitudinal 

studies to explore this relationship.  In a longitudinal study, Jeffery et al., aim to evaluate 

the relationship between IR, insulin-like growth factor 1 (IGF-1) with age, sex, and 
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obesity (measured through adiposity). Jeffery et al., observed IR began around the age of 

7 and 3-4 years after sexual maturation classified in girls by producing luteinizing 

hormone (LH) and in boys by rating where they ranked on the Tanner stage (TS)[(Jeffery 

et al., 2012]. It was also adduced that similar to the literature, girls had higher IR and that 

the difference in 34% variance of IR amongst boys and 35% in girls were explained by 

increasing weight and IGF-1 combined (Jeffrey et al., 2012; Kelsey & Zeitler, 2016).  

Epidemiology of Pediatric Type II Diabetes Mellitus 

Prevalence 

According to the Centers for Disease Control and Prevention (CDC), while 37 

million Americans are diagnosed with diabetes mellitus, 90-95% of those cases have 

Type 2 (CDC,2021). T2DM was once considered to be an adult’s disease as it was 

usually seen in primarily adults aged 45 and older but it is becoming more prevalent in 

youth and young adults (CDC,2021). From 2001 to 2017, the prevalence of type 2 

diabetes in youth were 0.34% (2001), 0.46% (2009), 0.67% (2017), respectively 

(Lawrence et al., 2021). In this study analyzing the SEARCH for Diabetes in Youth 

Study, Lawrence et al., 2021 reported that from 2001-2017, there has been a 95.3% 

relative increase in overall T2DM prevalence amongst youth (Lawrence et al., 2021).  In 

the United States, there are approximately 283,000 American youths to have T2DM 

(American Diabetes Association, n.d.). Similar to other conditions, the prevalence of 

T2DM significantly differs by sex, race/ethnicity, and socioeconomic status where the 

more prevalent cases of this chronic condition are more observed in minorities (Jensen & 

Dabelea, 2018; Lawrence et al., 2021).  
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Incidence 

Since the significant increase in body mass index (BMI) and sedentary lifestyle 

amongst youth and young adults have caused concerned that there may be an increase in 

T2DM (Lawrence et al.,2021; Sanyaolu et al.,2019). Between 2002 and 2015 the 

incidence of T2DM among youth and young adult increased by 4.8% each year; with 

significant differences in racial/ethnic groups (Divers et al., 2020).  

Although 34.5% of US adults are pre-diabetic, 18% of adolescents are pre-

diabetic and 24% of young adults are pre-diabetic (Andes et al., 2021; US Preventive 

Services Task Force, 2021). Aiming to reduce and eliminate the increasing cases of 

T2DM amongst youth and young adults most of the literature conducts prospective 

research. Utilizing the National Growth and Health Study for baseline and the Princeton 

Follow-up Study for diabetic, Morrison et al. concluded that black race, childhood 

glucose level of 100 mg/dL or higher, and high levels of high-density lipoprotein (HDL) 

were predictors of T2DM later in life (Morrison et al., 2010). Whereas Morrison et al., 

study sample consisted of only girls, Franks et al., conducted a longitudinal study 

consisting of nondiabetic American Indians (Frank et al., 2007). Similar to Morrison et 

al., Frank et al. reported that lower levels of HDL and regulated glucose homeostasis 

were protective factors in decreasing risk of T2DM with other stronger predictors being 

waist circumference, and BMI (Frank et al., 2007).   

Environmental Role on Health Outcomes  

Environment plays a vital role on health and wellbeing (CDC,2018). Environment 

is considered in the SDOH under the domain of neighborhood built and environment and 
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has been posited to influence 10% of health outcomes (Magnan, 2017).  Environmental 

factors of shared spaces are significant explanations for the vast differences in health 

status across many geographic areas (Alpert, 2018; Woolf &Aron, 2013). Jian et al., 

discovered that environments with higher environmental quality index (EQI) scores, 

representing neighborhood disadvantages was associated with a 3.22% increased risk in 

mortality (Jian et al., 2017). Outcomes influenced by environmental determinants of 

health (EDHs) has been observed from spatial patterns since John Snow during the well-

known cholera occurrence to a most recent example of the Flint water crises or COVID-

19. Air quality, water quality, housing conditions (lead paint), walkability, infrastructure, 

botanical sexism, greenspace availability and food insecurity are just some examples of 

EDHs.  

Whereas EQI focuses on environmental factors, area deprivation index (ADI) 

emphasizes socioeconomic constructs. Not only was increased risk for mortality and a 

host of health outcomes found using the ADI, but it was also reported that when 

compared to those who live in a less disadvantaged neighborhood there was a 70% 

increase of odds to be readmitted to a hospital (Hu et al., 2018).These spatial patterns can 

be influenced by socioeconomic position and race/ethnicity, but it is well documented 

that health differences persist after controlling for socioeconomic status, race and 

ethnicity (Woolf & Aron, 2013) . Pertaining to multimorbidity, when controlling for age, 

sex, race, and ethnicity, and compared to those with lower ADI scores, there was a 78% 

increased risk of multimorbidity and 92% increased risk of severe multimorbidity in 

those with higher ADI scores, signifying higher neighborhood socioeconomic 
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disadvantages (Chamberlain et al., 2020).  

Environmental Role on Childhood Obesity  

Food environment is often measured by food availability, affordability, 

accessibility, and acceptability (Sawyer et al., 2021). Many studies investigating the role 

that environment has on childhood obesity evaluates the potential relationship cross-

sectionally.  In a cross-sectional study, observing children in grades 1-5 in Montclair, 

California and utilizing questions from the National Children Health Survey (NCHS), 

Reis et al aimed to describe the contribution that parent’s SES, food environment and 

built environment on childhood obesity. They measured food environment by the 

presence of grocery stores and fast-food restaurants; and built environment by perceived 

safety and presence of parks and recreation centers in the area (Reis et al., 2020). 

Although there was no association between higher BMI and food environment, they 

found associations between higher BMIs and neighborhoods perceived to be less safe and 

with less parks and recreation centers (Reis et al., 2020). Similar findings utilizing the 

Early Childhood Longitudinal Study-Kindergarten Class (ECLS-K) reported no 

associations between BMI and food outlet per population, food environment indices or 

type of food (Shier et al.,2012).  

Although the nexus between food environment and obesity may be inconclusive 

there is literature that reports an association. In evaluating the relationship between 

obesity amongst public school students in New York City and food environment, Elbel et 

al. reported that there was a 2.2% to 4.5% decrease in obesity amongst those that lived 

further than 0.025 miles from the nearest fast-food restaurant (Elbel et al., 2020). Instead 
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of measuring food environment as distance from school to the nearest fast-food 

restaurant, Fietchtner et al. found that when compared to children living further away 

from a fast-food restaurant or full-service resident, children living closer had a higher 

BMI z-score of 0.09 and 0.07 units (Fiechtner et al., 2015).  In a national representative 

sample, the Early Childhood Longitudinal Study- Kindergarten (ECLS-K) reported that 

in 2007, there was 1.27 (95% CI=1.02-5.19) higher risk in obesity amongst school 

children living near fast-food restaurants as well as gender differences; with girls having 

1.41 (95% CI=1.09-8.12) increase of risk of obesity when living near a convenience store 

(Jia et al., 2019).  

Furtherly, to help combat food insecurity, the U.S government implemented the 

Supplemental Nutrition Assistance Program (SNAP), a program to help make food 

accessible for low-SES citizens. There are limited restrictions on the type of food a 

SNAP recipient can purchase. Gorski et al. analyzed the National Household  Food 

Acquisition and Purchase Survey and identified that not only was there 1.10 (95% 

CI=1.03-1.17) increase in odds of obesity amongst children with greater access to grocery 

stores overall, but 1.14 (95% CI=1.05-1.24) increase in odds of overweight/obesity 

among SNAP qualified children with greater access to grocery stores overall (Gorski et 

al., 2018). Even though there are limited studies evaluating the relationship between food 

affordability and childhood obesity, there have been studies looking at the policy changes 

for food programs as well as the change of prices for different foods. For example, before 

the 2009 change of WIC approved food products, childhood obesity in 2-4 years old was 
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annually increasing by 0.23% points but after the change that reflected dietary guidelines 

there was an annual 0.34% decrease points in prevalence (Daepp et al., 2019).   

In 2011, The United States Department of Agriculture (USDA) analyzed price 

databases and the ECLS-K to investigate the impact that price can have on a child’s 

weight. They reported that raising the cost of foods high in sugar, salt and fat but 

lowering the cost for cruciferous vegetables and low-fat milk were associated with lower 

BMIs in children (USDA, 2011). Aforementioned that diet and sedentary lifestyle are the 

most common contributors to obesity. Utilizing the 2007 NCHS in which they expounded 

on variables of interest such as sidewalks/walking paths, access to library or bookmobile, 

access to parks or playgrounds, vandalism, presence of litter and neighborhood safety; 

they discovered that neighborhoods with unfavorable social conditions had higher odds 

of children with obesity and overweightness, approximately 20-60% higher odds than 

children living in favorable conditions (Singh et al.2010). In aims to explore and compare 

large geographical areas, Nguyen et al. collected 430,000 images of Salt Lake City, 

Chicago, and Charleston to measure neighborhood-built environment (defined by street 

greenness, crosswalks, and tall buildings) influence on BMI. They deduced that cities 

with higher percentages of street greenness, crosswalks and tall buildings had 25%-28% 

lower prevalence (Nguyen et al., 2018).  

Walkability is often used as a measure of physical activity. Stowe et al. analyzed 

the Walkscore from almost 13,500 southeastern third to fifth graders by using their home 

address to evaluate its relationship with obesity. Walkscore encompasses intersection 

density, block length and amenity density (food deserts/food swamps, parks/greenspace, 
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and recreation centers). Stowe et al. reported an inverse relationship between walkscore 

and BMI as well as differences in walkscore amongst rural and urban students (Stowe et 

al., 2019). Outside of those being home-schooled, some children spend great amounts of 

time at school where they are allotted time to exert energy during recess. The CDC 

recommends that children have at least 60 minutes a day for physical activity 

(CDC,2022). Analyzing the 2013-2017 NHANES, when compared to children who 

participated in recess 5 times a week for more than 30 minutes, there was a 1.06 (95% 

CI=0.44-2.53) increase in odds among males and 1.80 (95% CI=1.03-3.15) in females of 

overweightness or obesity (Rogers et al., 2022).  

While majority of studies are cross sectional, the Early Childhood Longitudinal 

Study- Kindergarten (ECLS-K) cohort followed kindergarteners until 8th grade (Jia et al., 

2019).  The exposure variables of interest were street intersection density (implying 

walkability), residential density (implying street life and physical activity), recreational 

facility density (physical activity opportunities), and fitness facility density (physical 

activity opportunities). [Jia et al., 2019]. After 9 years, children who lived in areas with 

higher residential density, intersection density and both physical and fitness facility 

densities had lower child BMIs (Jia et al., 2019). Mirroring the results of this study but 

using the Mothers and Their Children’s Health (MATCH) study, Mcalister et al. explored 

the cross-sectional and longitudinal associations between BMI and physical activity 

outside of school. Categorizing physical activity into three-levels: sedentary lifestyle, 

light physical activity and moderate to vigorous physical activity, and measuring obesity 

and overweightness by body fat percentage, Mcalister reported inverse associations 
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between physical activity and body fat percentages both longitudinally and cross-

sectionally in only boys (Mcalister et al., 2021). 

Environmental Role on Type 2 Diabetes Mellitus  

Similar to obesity, the environment has an impact on the severity and 

susceptibility of T2DM (Yu & Robinette, 2021). Some of the well documented 

environmental factors include stress, lack of physical activity, and polluted natural 

determinants (air, soil, water) [Raman, 2016]. Many longitudinal studies have reported 

that an increase in physical activity is associated with a 20-30% reduction in type 2 

diabetes risk (Gill & Cooper, 2008).  There is limited evidence evaluating the relationship 

between type 2 diabetes and physical activity in U.S children. Although there is limited 

evidence, there are studies observing adolescent relationship through the proxy of 

watching tv, implying a sedentary lifestyle (Schmid et al., 2021). In a longitudinal study, 

there was 1.34 (95%=1.05-1.70) increase in risk for T2DM among those who watched 

more than 3 hours of tv a day as young adults (Schmid et al., 2021). This association was 

only seen amongst women. A similar proxy variable to represent a sedentary environment 

was used amongst young adults and adolescents from the National Health and Nutrition 

Examination Survey (NHANES) to investigate the relationship between tv time, 

computer game time and blood glucose control (Jashinsky et al.,2016). They discovered 

that for every one unit increase in computer game time there was a positive correlation in 

blood glucose control (Jashinsky et al.,2016). 

Similar to obesity, there is not much evidence researching the relationship 

between environmental role on pediatric T2DM. In studies observing adults, food 
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environments were found to be inconclusive in increasing the risk of T2DM (den Braver 

et al., 2018). The heterogeneity of the samples may be the cause, but majority studies 

have alluded that proximity may not convey accessibility especially since people may 

prefer quantity over price (Dendup et al., 2018). In addition to the food environment, 

built environment has more conclusive results. In both an ecological and cross-sectional 

study higher walkability scores were associated with lower risk of T2DM (Dendup et al., 

2018; Lee et al., 2015). 

Mirroring the results, Nguyen et al. reported that compared to individuals living in 

zip codes with less green streets, cross walks, and tall buildings, those living with more 

green streets, cross walks, and tall buildings there was a 12%-18% lower prevalence of 

T2DM (Nguyen et al., 2018). Pulling Kuhn incorporated geographic information systems 

(GIS) to measure the availability of areas that could be used for physical activity (parks, 

recreation centers, gyms etc.) and a established a new variable that assisted in the 

conclusion that in Baltimore areas with high physical activity location availability scores 

and the presences of recreation centers had longer and more intense physical activity 

(Pulling Kuhn et al., 2021). 

Epidemiological studies suggest a strong association between types of food and 

T2DM in youth and adolescents, specifically sugar-sweetened beverages (Yoshida et al., 

2018).  Appeared to children who were not regular consumers of sugar-sweetened 

beverages between meals, children who were regular consumers had 2.4 (95% CI=1.473-

3.946) greater odd of being overweight (Dubois et al.,2007).  In a longitud inal study, 

following middle school students over two years discovered that for every additional 
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sugar beverage, there was a 1.60 (95% CI= 1.14-2.24) increase in risk of obesity (Ludwig 

et al., 2001). In a retrospective cohort study, Abbasi et al. declared  that compared to a 

counterpart with a normal BMI, children with obesity had a quadrupled risk of being 

diagnosed with T2DM by the age of 25 (Abbasi et al., 2017).  Larson et al. performed a 

literature review between 1985 and April 2008, and discovered that low SES 

communities, rural communities and communities often are classified as food deserts but 

food swamps that impact their food behaviors and choices (Larson et al., 2009). Many 

local studies such as Madsen et al. found that sugary beverages were mostly purchased in 

convenience and corner stores and because they were so ubiquitous in urban and low-

income areas, purchase patterns should be prioritized (Madsen et al., 2019).   

Redlining  

Redlining was a discriminatory policy/practice that alerted mortgage lenders of 

risky applicants based on their race/ethnicity (Shaker et al., 2022). Aforementioned, the 

practice of redlining resulted in zones assigned color coded grades.  Grade A was color 

coded green and represented good status, B was assigned the color blue and symbolized 

still desirable, Grade C was color coded yellow and characterized definitely denying and 

Grade D assigned the color of red and represented hazardous environments (Winling & 

Michney, 2021). Although redlining has been made illegal with the Fair Housing Act of 

1968 (FHAct) it still occurs covertly (Columbia Broadcasting Services, 2020). In 2018, 

Jan published that in Baltimore, race/ethnicity played a more significant part in lending 

practices than income (Jan, 2018). Additionally, there are transgenerational implications 

of redlining that still persist in many US cities today (Columbia Broadcasting Services, 
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2020). Furthermore, past HOLC grades and segregation explain 25 % in variation in 

income poverty and 23% of economic inequality (Andres et al.,2022). 

Best and Mejia investigated the state of redlining/residential segregation in 138 

cities across the U.S and found that majority of the cities that were redlined in the early 

twentieth century were still being impacted with more U.S cites in the South being 

impacted relative to the North (Best &Mejia, 2022). Redlining was more than structurally 

restricting non-native, non-white applicants to “hazardous areas”, those living in these 

areas were charged higher interest rates for lower property value homes than compared to 

“best” areas which led to many foreclosures and poverty (Mendez-Carbajo, 2021). With 

the increase of poverty, came the increase in crime, and drug use, which led to many 

abandoning their homes for better schools and opportunities (Caine,2022). When 

compared to areas not classified as “hazardous”, areas that were considered “hazardous” 

had 10% higher levels of housing vacancy and lots (Meier &Mitchell, 2022). Sociologist 

have coined the term concentrated disadvantage. Concentrated disadvantage is defined as 

“the phenomenon of spatial clustering of economically or socially disadvantaged 

individuals within a set of neighborhoods and the resulting feedback effects that 

exacerbate the problems of poverty” (Jargowsky & Tursi, 2015).  A study reported that 

redlining is a significant indicator of neighborhood disorganization, concentrated 

disadvantage, and crime (Powell &Porter, 2022). In redlined areas in Los Angeles, CA, 

Anders discovered that 50% increase in crime was associated with areas historically 

categorized as “hazardous” (Anders, 2019).  Another study looking at national data, 
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reported that when compared to non-redlined areas, redlined areas had a 60-70% increase 

in crimes, specifically homicide (Powell & Porter, 2022).  

The collection of these “hazardous” regions influenced the derogatory term, 

“ghettos” to represent areas starved of social capital where minorities were often forced 

to lived (Bouie, 2017). There have been many studies investigating the connection 

between SES and environmental health with many psychological studies conveying that 

those in poorer communities are more likely to litter because of lack of infrastructure and 

investments (Schultz et al., 2013). After having areas in Philadelphia gentrified, the new 

residents observed the amounts of litter and trash that plagued their new community. 

Utilizing the Litter index, they were able to not only recognize that areas with higher 

litter indexes were observed in lower SES areas but that when overlapped with the 1930’s 

HOLC map, areas with higher litter indexes were areas classified as “C” and “D” (Marie 

Porter,2020). Similar results were seen in an ethnographic study investigating how litter 

serves as both a physical and social disorder. Over three years of interviewing and 

observing Penn Hill residents, Murphy translated that the residents (black and white) 

associated littering with poor black renters or public spaces that they dominantly may use 

(Murphy,2012).  

Redlining Impact on Health Outcomes  

The transgenerational implication of redlining is well documented (Aaronson et 

al., 2022). Not investing in risky environments is shown not only in social mobility but 

infrastructurally (Aaronson et al., 2020,2022). According to Smith et al., there is a clear 

distinction between neighborhoods that were historically considered best and those 
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considered hazardous because of redlining (Smith et al,2019). The differences include 

those “hazardous” neighborhoods often occupied by Black, Indigenous, People of Color 

(BIPOC) having factors that do not promote a healthy lifestyle but a variety of chronic 

disease risk factors (Bower et al., 2015; Huang & Sehgal, 2022; Richardson et al; 2020; 

Smith et al., 2019). Robust literature has often reported an association of decrease 

walkability, increase of food deserts, increase in food swamps, lower birth rates, higher 

tobacco retail densities, lack of playgrounds and recreation centers, federally qualified 

health centers (FQHCs), and areas historically redlined (Howell &Booth, 2022; Nardone 

et al.,2020; Schwartz et al.,2021).  

 For example, in an ecological study in California, Nardone et al. discovered that 

when compared to areas historically categorized with the Grade of D not only had higher 

diesel exhaust emissions but 2.4 times higher in emergency department admissions for 

asthma (Nardone et al., 2020). Similar findings were found amongst low-birth-weight 

outcomes in California, Nardone et al. discovered that the odds of low birthweight 

worsened with the higher the grade. Specifically, there was a 1.02 (95% CI=1.00-1.05) 

increase in odds of a low birth weight amongst women living in areas historically given 

Grade of C when compared to women living in Grade B areas (Nardone et. 2021). 

Examining behavioral influences such as smoking in 13 cities in Ohio, Schwartz 

discovered that as HOLC grade worsened there was an increase in tobacco retail density 

(Schwartz et al., 2021). This finding is supported by the literature that while these areas 

may be food deserts they have high density in convenience stores, tobacco marketing and 

alcohol outlets (Kong et al., 2022; Trangenstein et al., 2020).  Furtherly amongst COVID-
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19 cases, when compared to neighborhoods/communities that were assigned the grade of 

A, those who resided in areas assigned the grade of D have a life expectancy lower by 3.6 

years (Richardson et al., 2020).  

Huang & Sehgal acknowledged the current health status of Baltimoreans and 

aimed to investigate if the implications of redlining influenced that current state. Utilizing 

the Baltimore’s Neighborhood Indicators Alliance (BNIA) for health outcomes such as 

life expectancy, birth outcomes, teen pregnancy, and lead exposure they overlayed the 

redlining map from the Mapping Inequality Project based by the HOLC map. They 

discovered that individuals who live in a historically categorized hazardous areas have a 

life expectancy lower than 4.01 years whereas those who lived in definitely denying areas 

had a 5.36-year reduction in life expectancy (Huang & Sehgal, 2022). After controlling 

for SES and percentage of Blacks/African Americans not only did the reduction remained 

statistically significant but increased to 5.23 reduction in hazardous areas but decreased 

to 4.93 years in the definitely denying category (Huang & Sehgal, 2022).   

Redlining on Childhood Obesity  

The result of redlining is disinvestments (Aaronson et al., 2020; Kendi, 2017). 

Disinvestment is the removal of capital or financial interest to improve a shared space 

(Aaronson et al., 2020).  This circumstance coupled with obesogenic risk factors, and 

other social conditions not only characterize the high prevalence, and incidence pediatric 

obese rates but the perpetuation of racial disparities (Goodman et al.,2018; Mackey et al., 

2022). Aforementioned, the two most common causes of obesity are diet and a sedentary 

lifestyle.  
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Spatial analysis has helped with the mapping of food insecurity, which captures 

food deserts and food swamps and how they disproportionally plague urban, 

predominantly minority and low SES communities (Zhang &Debarchana,2016). In 2020, 

10.5% of U.S. households were classified as food insecure (United States Department of 

Agriculture, n.d.). When compared to children in food-secure homes, children in food- 

insecure households had 5 times higher odds of being obese (Kral et al.,2017). 

 Food insecurity is not only about how often one eats, but what an individual may 

eat (Shaker et al., 2022). Blacks/African Americans and Hispanic children are not only 

more likely to reside in areas swamped with fast foods (food swamps) but are more likely 

to be exposed to less nutritionally dense foods (Byrd et al,2018). Supermarket redlining, 

or the discouragement for major supermarkets to be located in risky neighborhoods have 

been associated with obesity in many cities (Shaker et al., 2022).  In Indianapolis and 

utilizing census data, federal poverty levels and the HOLC map, Andres et al. discovered 

that redlining explained 38% SNAP users and 51% in differences amongst 

neighborhoods (Andres et al.,2022). Powell et al. aimed to look at the impact of redlining 

on food access in US urban cities. Similar to Andres and the majority of the literature 

they used the HOLC map to observe the zoning grades, the American Community survey 

for demographics and for food access they used the most recent measure of food deserts, 

the USDA’s Food Access Atlas. Creating three logistics models and controlling for 

income, Powell et al. reported that by zip codes, supermarkets were 52% (t-statistic=-

9.62, p-value=<0.01) less available in predominantly Black and 32% (t-statistic=-8.44, p-

value=<0.01) Hispanic communities (Shaker et al., 2022). 
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Although there is robust evidence of a relationship between historically redlined 

areas and food insecurity, a study in Baltimore assessed if redlining, gentrification, or 

blockbusting were associated with food environment (Sadler et al.,2021). Sadler et al. 

found that blockbusting was more associated with poor food access and that areas 

historically redlined had better healthy food availability index (HFAI) scores (Sadler et 

al.,2021. The other common cause of obesity is living a sedentary lifestyle. Redlining has 

impacted infrastructures that could promote a physically active lifestyle (Huang & 

Sehgal,2022). Utilizing HOLC data, the 1940’s Census and 2010 greenspace (parks, 

community gardens) data, there was an association between neighborhoods with worst 

HOLC grades and paucity of present-day greenspace (Nardone et al., 2021).  Walkability 

was found to not only be a predictor of lower BMI but was associated with a 10% 

decrease in obesity prevalence (Rundle et al.,2009). Like similar cities, redlining has 

influenced an obesogenic environment in Baltimore (Boone et al.,2009). In 2009, it was 

reported that underserved areas had a greater walkability to parks but less acreages in 

their parks (Boone et al.2009).  

Redlining on Type 2 Diabetes Mellitus  

Similar to common causes of obesity, physical activity and diet are common in 

the diagnosis and prognosis of T2DM (Pearson, 2019).  As mentioned earlier, there is 

generally a relationship between areas impacted by redlining and food environment, 

where residents either don’t have access to affordable fresh nutritional foods or reside in 

an area plagued with fast food, convenient stores, liquor stores or tobacco retailers 

(Schwartz et al., 2021; Shaker et al., 2022). Additionally, areas historically categorized as 
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risky investments tend to be associated worst diabetic related affects (Ogunwole & 

Golden, 2021).   In Seattle, Washington, Linda et al., used the HOLC map, morality and 

years of lost life (YLL) were used to measure the implications of redlining on present  day 

diabetes mortality. With spatial regression analysis, Linda et al. reported that between the 

years of 1990 and 2004, redlining explained 45%-65% diabetes mortality rate (Linda et 

al., 2022). In the same analysis, they discovered that in 2014 for every increase in HOLC 

grade with 53.7% increase in mortality and almost 67% higher diabetes YLL (Linda et 

al., 2022).  

LaVeist recognized the implications that redlining/residential segregation has on 

health outcomes and conducted an observational study to evaluate if the racial and ethnic 

disparities conveyed by the prevalence of diabetes would still exist if Blacks/African 

Americans and Whites lived under the same conditions (LaVeist et al., 2011). Deciding 

to use samples from communities with 35% Blacks/African Americans and Whites, 

Laviest used Southwest Baltimore. Using questions from NHIS, NHANES and Medical 

Expenditure Panel Survey (MEPS) to create the Exploring Health Disparities in 

Integrated Communities-Southwest Baltimore (EHDIC-SWB) and compare it to the 

results of each nationally representative survey/sample.  While the NHIS reported that 

Blacks/African Americans had a 1.61 (95% CI=1.26-2.04) increase of odds in T2DM 

when compared to whites, the EHDIC-SWB concluded that the prevalence was similar 

amongst Black/African Americans and whites in Southwest Baltimore, 10.4 and 10.5%, 

respectively (LaVeist et al., 2011). 

To support the literature assessing the relationship between T2DM and redlining, 
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Ogunwole and Golden proposed a conceptual model that describes the root of diabetes as 

racism (Ogunwole & Golden, 2021). They posited that racism created residential 

segregation and through disinvestments of these community poorer educational systems, 

creation of ghettos (overcrowding, poor housing), increase in environment toxin and 

infectious exposures with chronic inflammation (Ogunwole & Golden, 2021).  All these 

conditions increase susceptibility and severity of diabetes (Ogunwole & Golden, 2021). 

Those aforementioned conditions have an ambi-directional relationship with low literacy 

rates, lower SES (education and employment) and poor nutrition which are often 

associated with risk factors for T2DM as well as associated comorbidities (Ogunwole & 

Golden, 2021).  

Like obesity, not only is T2DM multifactorial but disparities are present 

(Bingham, 2022). Although the relationship between neighborhood and built 

environment, obesity and diabetes is not fully understood, there are numerous studies 

inquiring on many levels. Significant predictors of T2DM only household  poverty, status, 

gender, and family history (Gaskin et al., 2014). In exploring the nexus of race, SES, and 

place amongst the disparities in diabetes, it was reported that not only did living in a poor 

area increase the odd of T2DM in Blacks and poor whites, but when compared to whites, 

blacks had higher odds of T2DM (Gaskin et al., 2014). Ludwig et al. reported that 

moving from a neighborhood with high poverty to a neighborhood with lower poverty 

has a positive association with reduced obesity and T2DM (Ludwig et al. ,2011). In 

perceived disorderly neighborhoods (neighborhoods with vacant houses, vandalism, 

trashy) there were higher rates of T2DM risk (Yu et al., 2021).  
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Summary 

The purpose of this quantitative study was to determine if the presence of 

neighborhood detraction elements as an impact of redlining was associated with T2DM 

and obesogenic risk amongst the pediatric population. The previous research discussed in 

this chapter have provided an extensive background information, biological plausibility/ 

pathogenesis, and it has established a linkage between policy, health outcomes and 

location utilizing similar variables of interest. Although this literature review conveyed 

the aforementioned, there is limited to no evidence evaluating these relationships as it 

may pertain to youth and young adults. Therefore, future research was needed. This study 

enhanced research on the transgenerational implications of redlining on pediatric health 

outcomes. Chapter 3 identifies the research questions for this study as well as 

distinguishes the methods that were used to address this gap in the literature. 
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Chapter 3: Research Methods 

The purpose of this quantitative research study was to determine predictors of 

pediatric T2DM and whether the presence of neighborhood detraction elements was 

associated with obesity on T2DM in the pediatric population. This chapter highlights the 

methodology that was used in conducting this cross-sectional study. First, I convey the 

research design and rationale. The remaining sections of this chapter report the sampling 

procedures, study population, sample size, study instrument, study variables, data access, 

and data analysis. Lastly, the chapter concludes with a discussion on threats to validity 

and ethical considerations. 

Research Design and Rationale 

This study was a quantitative, cross-sectional study design to analyze secondary 

data from the 2019-2020 National Children’s Health Survey (NSCH) including 

sociodemographic variables (age, race/ethnicity, sex, gender, family structure and SES), 

environmental variables (food insecurity, accessible playgrounds and parks, accessible 

safe neighborhoods, safe walking paths and accessible recreational centers and presence 

of detracting neighborhood elements), physical activity, T2DM, and BMI. The research 

questions for this study examined the relationship between presence of neighborhood 

detraction elements, and obesogenic risk factors on T2DM:  

• RQ 1: What is the association between obesity and the presence of detracted 

neighborhood elements in the pediatric population when controlling for age, 

race/ethnicity, sex, and socioeconomic status? 



50 

 

• RQ 2: What is the association between type 2 diabetes mellitus (T2DM) and 

the presence of detracted neighborhood elements in the pediatric population 

when controlling for race/ethnicity, sex/ gender, and socioeconomic status? 

• RQ 3: Does demographic (sex, age, race/ethnicity, socioeconomic status, and 

family structure), environmental (food insecurity, accessible playgrounds and 

parks, safe neighborhoods, safe walking paths, accessible recreation centers 

and presence of detracting neighborhood elements), physical activity, and 

body mass index (BMI) have an influence on the prevalence of type 2 diabetes 

among the pediatric population? 

To understand the potential pathway between environment and obesity on T2DM in the 

pediatric population, I examined the association between pediatric obesity and presence 

of neighborhood detraction elements when controlling for age, race/ethnicity, sex, and 

SES. I also evaluated the association between pediatric T2DM and presence of 

neighborhood detraction elements when controlling for race/ethnicity, sex, and SES. 

Finally, I investigated the potential influence of demographic variables, environmental 

variables, physical activity, and BMI have on U.S. pediatric T2DM prevalence. 

Methodology  

This quantitative cross-sectional analysis included secondary data collected by the 

NSCH. To understand the physical, environmental, biological, psychosocial, and 

economic health of children in the United States, three federal agencies aimed to collect 

snapshots beginning in 2001 (Ghandoue et al., 2018). Before 2016 not only was the 

survey conducted via random dialing, but it was not administered annually. As of 2020 
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the design has been restructured to include more questions focusing on different areas of 

health, more questions for children with special needs and is now being collected 

annually and merged to investigate trends (Ghandone et. al, 2018, CAHMI,2022). Similar 

to the analysis of this project, the NSCH is a cross-sectional dataset that collects health 

status and SDOH by the provider of the home. 

Study Instrument 

The NSCH is sponsored and directed by three federal agencies—the U.S 

Department of Health and Human Services (HHS), Health Resources and Services 

Administration (HRSA) and the Maternal and Child Health Bureau (MCHB)—but is 

conducted by the U.S. Census Bureau (CAHMI, 2022). The data from this survey are 

public with the exclusion of specific identifiers due to confidentiality restrictions. On 

average, this survey takes about 33 minutes to complete (CAHMI, 2020). This survey 

includes questions that the parental figure answers pertaining to  

demographics, health and functional status, health insurance coverage, health care 

access and utilization, medical home, early childhood (0-5 years) issues, issues 

specific to middle childhood and adolescence (6-17 years), family functioning, 

parental health status and family, and neighborhood and community 

characteristics. (CAMI, 2022, p.2).  

The goal of this survey is to estimate national and state level prevalence of the overall 

health status of U.S. children and young people and investigate the social determinants of 

health that may influence the current status to help create data driven policies (CAMI, 

2022).  
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Study Population  

The NSCH sample is composed of non-institutionalized children aged 0-17 years 

in each state (CAHMI, 2022). The 2019 NSCH was conducted between June 2019 and 

January 2020. The total number of respondents were 29,433. The 2020 NSHC was 

conducted from July 2020 to January 2021. The total number of respondents were 

42,777. Between the years of 2019 and 2020 there was a total of 72,210 nationwide 

parents that completed this survey about their non-institutionalized youth and teens 

between the ages of 0–17.  

Sampling Procedures 

Using an address-based sample that cover the 50 states and District of Columbia, 

households are selected with a mutually exclusive multi-stratum approach. The first 

stratum selects addresses that are “explicitly linked to children” (CAHMI, 2020, p. 2), 

such as tax documents (IRS 1040 document), Medicare applications/submissions, social 

security database or tenant rental data). The second level in sampling households with 

children are addresses that are probably linked with children. For example, tenant data 

such as those living in government assisted housing. The last strata consisted of the 

remaining addresses.  

Following the selection of the addresses, households receive an invitation to 

answer a screener questionnaire; once that is submitted and analyzed, the topical NSCH 

is administered to that same household to be completed for one designated child per 

household (CAHMI, 2022). The selection of the child in each household is “based on the 

number of children in the household, the special health care needs status, and age 
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(CAHMI, 2022, p. 3). Since 2016, the NSCH has changed how their data are collected 

from random digit dial to offering the survey through the mail or electronically. For 

households that do not respond, there are two more reminders sent. The 2019 and 2020 

NSCH was combined for this analysis with about 1416 surveys being completed per U.S 

state (CAHMI, 2022).    

For analysis purposes in this quantitative cross-sectional study, the inclusion 

criterion was similar to that of the NSCH—only consisting of 0–17-year-old, non-

institutionalized children. The exclusion criterion consisted of children who had 

incomplete/omitted responses in the survey among the variables of interest. A G*Power 

analysis was conducted to test if the sample size of the NCHS was sufficient for this 

study. To conduct the power analysis, a logistic (non-parametric) design using all 14 

variables was selected for power based on the known sample size in the NSCH (n = 

72,210), proportion of 0.67 (based on the 2017 prevalence of pediatric T2DM), and a 

two-tailed test with an alpha(α) level of 0.05. The G*Power analysis concluded that a 

sample size of 889 (n = 889) was needed for this study.  

Study Variables 

Demographic Variables 

The following demographic variables were taken from the 2019–2020 NSCH. 

Demographic variables are variables that describe the distribution of a sample or 

population (Lee & Schuele, 2010). All variables associated with this dataset are attached 

to unique household identifiers (HHID), which are exclusive identifier numbers given to 

each household between 2019–2020 that participated in the survey. In addition, Table 1 
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describes the original formation of variables, variable types, and categories. 
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Table 1 

Demographic Variable 

Variable Name Variable Label Variable Type Frequency Category 

Sex of Child 

(sex_1920) 

What is the child’s 

sex? 

Categorical 

(Dichotomous) 

1= Male 

2= Female 

99= Missing  

US Children in 3 age 

groups 

(age3_1920) 

What is this child’s 

age? 

Categorical  

(Ordinal) 

1= 0-5 years old 

2= 6-11 years old 

3= 12-17 years old 

Race and Ethnicity 

Distribution of the 

Child Population 

including Asian data 

(raceASIA_1920) 

What is this child’s 

race/ethnicity? 

Categorical  

(Nominal) 

1= Hispanic  

2= White, non-Hispanic 

3= Black, non-Hispanic 

4=Asian, non-Hispanic 

5= Other/Multi-racial, 

non-Hispanic  

99= Missing to Hispanic 

or Race or both 

Income Level of 

Child’s Household 

(povlev4_1920) 

What is the income 

level (federal poverty 

level, FPL) of the 

household that this 

child lives in? 

Categorical 

(Ordinal) 

 

 

 

1= 0-99% FPL 

2=”100-199% FPL 

3=200-399% FPL 

4= 400%FPL or greater 

Family structure of 

child’s household 

(famstruct5_1920) 

What is the family 

structure that this child 

lives in? 

Categorical 

(nominal) 

1= Two parents, currently 

married 

2=Two parents, not 

currently married 

3=Single parent (mother 

or father) 

4=Grandparent household 

5=Other family type 

99= Missing  
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Environmental Variables  

The following environmental variables were utilized from the 2019-2020 NSCH. 

The classification of these variables is based on environment psychology which conveys 

that environmental variables are factors that characterize an individual’s environment and 

its’ influence on their behavior (Gieseking, 2014). Aforementioned, all variables 

associated with this dataset are attached to HHID. In Table 2 are the variables, variable 

types, and categories.  The only two variables that were manipulated for analysis 

purposes were food insufficiency and safe neighborhood.  Food Insufficiency was 

dichotomized to food secure and food insecure with respondents that selected “1” and “2” 

as being food secure and the remaining choices being categorized a food insecure.  

Similarly, safe neighborhood was dichotomized; resulting in respondents that agreed 

(“1”) and somewhat agree (“2”) that their neighborhood was safe as being combined to 

represent Safe (“1”).  
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Table 2 

Environmental Variables 

Variable Name Variable Label Variable Type Frequency Category 

Food Insufficiency 

(FoodSit_1920) 

Which of these statements 

best describes your 

household’s ability to afford 

the food you need during 

the past 12 months? 

Categorical 

(Ordinal) 

1= “We could always afford to eat 

good nutritious meals” 

2= ‘We could always afford enough to 

eat but not always the kinds of food we 

should eat” 
3= “Sometimes we could not afford 

enough to eat”  

4= “Often we could not afford enough 

to eat” 

99= “Missing” 

Food Insufficiency 

(recoded) 

  1= Food Secure (“We could always 

afford to eat good nutritious 

meals”/‘We could always afford 
enough to eat but not always the kinds 

of food we should eat” 

2= Food Insecure (“Sometimes we 

could not afford enough to eat”/ 

“Often we could not afford enough to 
eat” 

Safe neighborhood 

(NbhdSafe_1920) 

Does this child live in a safe 

neighborhood? 

Categorical  

(Ordinal) 

1= Definitely Agree  

2= Somewhat Agree 
3=Somewhat/Definitely Disagree 

99= Missing 

Safe neighborhood 
(recoded) 

  1= Safe (Definitely Agree/Somewhat 
Agree) 

2= Not Safe (Somewhat/Definitely 

Disagree) 

Sidewalks_1920 

(K10Q11) 

Children who live in 

neighborhoods with 

sidewalks or walking paths 

Categorical 

(Dichotomous) 

1= Yes 

2=No 

99= Missing 

Park_1920 

(K10Q12) 

Children who live in 

neighborhoods with a park 

or playground 

Categorical 

(Dichotomous) 

1=Yes 

2=No 

99=Missing 

RecCenter_1920 

(K10Q13) 

Children who live in 

neighborhoods with 

recreation center, 

community center, or boys 

and girls club 

Categorical 

(Dichotomous) 

1=Yes 

2=No 

99=Missing 

Presence of detracting 

neighborhood elements 

(NbhdDetract_1920) 

Does this child live in a 

neighborhood where there is 

litter or garbage on the 
street or sidewalk, poorly 

kept or rundown housing, or 

vandalism such as broken 

windows and graffiti? 

Categorical 

(Ordinal) 

0= Neighborhood does not have any 

detracting elements 

1= Neighborhood has 1 detracting 
element  

2=Neighborhood has 2 detracting 

elements  

3=Neighboring has all 3 detracting 

elements  
99= Missing  
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Physical Activity Variables 

The following physical activity variable was taken from the 2019-2020 NSCH. 

The parameters of this physical activity (PA) are based on recommendations set by the 

CDC which encourages children to get at least 60 minutes, three times a week of PA 

(CDC, 2022). Aforementioned, all variables associated with this dataset are attached to 

HHID. In addition, Table 3 describes the variables, variable types, and categories. The 

PA variable was manipulated but remained it remained classified as an ordinal variable. 

The PA variable renamed Exercise was created based on those who believed their 

children play for more than 60 minutes either everyday (“4”) or 4-6 days (“3”) were 

recoded to represent Optimal Exercise (“3”). Those respondents that originally selected 

1-3 days (“2”) were renamed to be Moderate exercise; and those that originally selected 

no days of physical activity were renamed as No Exercise.  

Table 3 

Physical Activity Variables 

Variable Name Variable Label Variable Type Frequency Category 

Physical Activity  

PhysAct_1920 

Children who are physically 

active at least 60 minutes 

Categorical  

(Ordinal) 

1= 0 days  

2=1-3 days 

3= 4-6 days 

4=Every day 

99= Missing 

90= Children aged 0-5 

years 

Exercise 

(recoded physical activity 

variable) 

 Categorical  

(Ordinal) 

1= No Exercise (0 days) 

2= Moderate Exercise (1-3 

days) 

3= Optimal Exercise 

(4-6 days; Everyday) 
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BMI Variables 

The following BMI variable was collected from the 2019-2020 NSCH. Amongst 

youth and young adult, BMI is assessed and reported differently because it is age and 

gender specific (CDC, 2022). Children under the age of 10 years were not included in 

this measure because like the other variables in this survey, they are reported by parents; 

and in a 2003 study reported that parents underestimate weight and overestimate height in 

children less than 10 years old (Akinbami &Ogden, 2009; CAHMI, 2022). 

Aforementioned, all variables associated with this dataset are connected by HHID. In 

addition, Table 4 describes the variables, variable types, and categories. The BMI 

variable was dichotomized to only recognize normal (normal weight and underweight) 

and Abnormal (overweight and obese).  

Table 4 

BMI Variables 

Variable Name Variable Label Variable Type Frequency Category 

Weight status (BMI) in 4 

categories, age 10-17 year 

(BMI4_1920) 

What is the weight 

status of this child based 

on Body Mass Index 

(BMI)-for-age, age 10-

17 years?  

Categorical (Ordinal) 1= Underweight (less than 

5th percentile) 

2= Normal weight (5th to 

84th percentile) 

3=Overweight (85th to 94th 

percentile) 

4=Obese (95th percentile or 

above) 

90= Children aged 0-9 

years 

99= Missing  

BMI 

(Weight status recoded) 

 Categorical 

(Dichotomous) 

1= Normal 

(Underweight/Normal 

weight) 

2= Abnormal 

(overweight/obese) 
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T2DM Diabetes Variables 

The following T2DM variable was taken from the 2019-2020 NSCH. 

Aforementioned, all variables associated with this dataset are attached by HHID. In 

addition, Table 5 describes the variables, variable types, and categories. For analysis and 

interpretation purposes, Diabetes was dichotomized such that those who responded with 

“Does not have condition” (1) or “Ever told but does not currently have condition” (2) 

were jointly recognized as “Not having Diabetes” and those who responded that they 

currently had the condition being labeled as “Has Diabetes”. 

Table 5 

Diabetes Variables 

Variable Name Variable Label Variable Type Frequency Category 

Diabetes 

(Diabetes_1920) 

Children who currently 

have diabetes 

Categorical 

(nominal) 

1= Does not have condition 

2= Ever told, but does not 

currently have condition  

3=currently has condition  

Diabetes  

(Recoded) 

 Categorical 

(Dichotomous) 

1= Does Not Have Diabetes 

(“Does not have 

conditions”/”Ever told, but 

does not currently have 

condition” 

2= Has Diabetes 

(“Currently has condition”) 

 

Data Access 

The NSCH is a public-use dataset. To gain access to this dataset, the researcher is 

able to choose the year/s of interest and is able to download the dataset by format of 

choice. To submit a request for use of the data, there are some questions that must be 

answered, and a disclosure must be agreed to receive the data. Once the request has been 

approved, the dataset is emailed to the research in the desired format. After receiving 
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approval from Walden University’s Institutional Review Board (IRB), I submitted the 

request for data use.  

Data Analysis 

All variables in this analysis, were collected by the U.S Department of Health and 

Human Services (HHS), Health Resources and Services Administration (HRSA) and the 

Maternal and Child Health Bureau (MCHB) but included in the 2019-2020 NSCH. 

Cleaning the data was completed by myself and only will exclude those respondents who 

did not complete the survey. For this study, Statistical Packages for the Social Sciences 

(SPSS) version 28 was used to perform Chi Square (X2) Test, ordinal, and bivariate 

logistic regression analyses.  The Chi Square Test of Independence was used for the 

independence of the variables by presence of detracted neighborhood elements. The 

bivariate analysis conducted was to examine the 2019-2020 relationships between the 

presence of neighborhood detraction elements, pediatric obesity prevalence, and pediatric 

T2DM prevalence.  This analysis conveyed the 2019-2020 relationship between pediatric 

obesity and pediatric T2DM amongst a U.S. nationally representative sample. The ordinal 

and bivariate logistic regression analyses were conducted to examine the predicted 

relationships between two or more variables when holding all other potential influencing 

variables constant. Lastly, a bivariate logistic regression model was conducted to measure 

the influencers of the prevalence of T2DM.  These statistical tests were conducted to 

answer these following research questions: 

• RQ 1: What is the association between obesity and detracted 

neighborhood elements in the pediatric population when controlling for 
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age, race/ethnicity, sex, and socioeconomic status? 

• RQ 2: What is the association between T2DM and detracted neighborhood 

elements in the pediatric population when controlling for race/ethnicity, 

sex, and socioeconomic status? 

• RQ 3: Do demographic characteristics (sex, age, race/ethnicity, 

socioeconomic status, and family structure), environmental (food 

insecurity, accessible playgrounds and parks, safe neighborhoods, safe 

walking paths, accessible recreation centers and presence of detracting 

neighborhood elements), physical activity, and BMI have an influence on 

the prevalence of type 2 diabetes among the pediatric population? 

While all three research questions use logistic regressions, RQ1 and RQ2 used 

ordinal logistic regressions to explain the relationship between obesity, type 2 diabetes, 

and the presence of neighborhood detraction elements among NCHS respondents in 2019 

and 2020. These analyses allowed the study to establish the measure of association while 

controlling covariates to get a true measure of association, specifically the adjusted odds 

ratio (aOR). Both of the analyses reported a standardized coefficient (β) which was 

exponentially calculated as an aOR. To enhance internal validity in answering RQ1, it 

was important to control for age, race/ethnicity, sex, and socioeconomic status when 

assessing the relationship between obesity and the presence of neighborhood detraction 

elements because age, race/ethnicity, sex, and socioeconomic status are risk factors for 

obesity. Similar to RQ1, the covariates (race/ethnicity, sex, and socioeconomic status) in 

RQ2 were controlled because they are known risk factors in the susceptibility and 
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severity of T2DM in the pediatric population (CDC,2022).  

RQ3 was answered with a binomial logistic regression modeling. This research 

question aims to investigate the influence that demographic (sex, age, race/ethnicity, 

socioeconomic status family structure,), environmental (food insecurity, accessible 

playgrounds and parks, safe neighborhoods, safe walking paths, accessible recreation 

centers and presence of detracting neighborhood elements), physical activity and body 

mass index (BMI) has on the prevalence of T2DM. These variables were included in this 

research question because they mimic the theoretical framework of this analysis, the 

SDOH. It is hypothesized that the presence of neighborhood detraction elements as a 

transgenerational implication of redlining has resulted in disinvested and detracted 

neighborhoods that may promote unhealthy behaviors, thus influencing the increasing 

prevalence of pediatric obesity and T2DM in the pediatric population.   

The first model evaluated the influence that only BMI has on the diabetes 

variable. The second model consisted of the first model components but with the addition 

of the demographic variables (sex, age, race/ethnicity, socioeconomic status family 

structure). To build on the second model, the third model included the variables in model 

2, and the environmental variables (food insecurity, accessible playgrounds and parks, 

safe neighborhoods, safe walking paths, accessible recreation centers and presence of 

detracting neighborhood elements). The last model included the same variables from 

model 3 but with the addition of the exercise variable (originally named physical 

activity). Similar to RQ1 and RQ2, these different models reproduced aORs. For all 
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research questions, there was a 95% Confidence Interval and p-value of 0.05 to establish 

statistical significance.  

Revised Research Design 

There were some changes in the data analysis plan when actually working with 

the secondary data that was approved by Walden University’s IRB. As mentioned in 

Chapter 3, a Chi Square Test of Independence was conducted and while that still 

occurred in this analysis, to quantify the strength of each relationship of each variable 

with the primary independent variable, presence of detracted neighborhood element, 

Cramer’s V was utilized. Secondly, two of the variables used in this analysis (specifically 

BMI and PhysAct) only collected data from a subsection of the sample, 6-17 years old 

and 10-17 years old, respectively. Since one of the primary dependent variables were not 

collected from those <6 years old, this part of the sample was removed because while 

they were originally intended to be the referent group, interpretationally there couldn’t be 

a comparison to the other groups with non-existent data. Thirdly, although research 

question 1 was initially going to be analyzed using an ordinal logistic regression, it failed 

the assumptions so a multinomial logistic regression was proposed. Unfortunately, 

because of the way data collection occurred as stated in the second change in research 

statement, research question one would be analyzed utilizing a binary logistic regression.  

Lastly, I changed the classification of food security. While the variable remained a 

dichotomous variable, I considered those “who always have food and health options 

access” to be labeled as food secure and the remaining levels to be categorized as food 

insecure.  
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Threat to Validity 

Internal validity involves the evaluation of how a study was designed, conducted, 

and interpreted so that the conclusions reported reflect the true relationship between 

variables in a specific population at a specific time (Andrade, 2018). In the earlier stages 

of this study, confounding was a threat to internal validity. To address this threat, during 

the literature review, etiologic factors were acknowledged and compared to the used 

dataset. Furtherly, those variables that were associated with a risk factor was placed in a 

logistic regression so that they were controlled. Another threat to internal validity to 

consider in the NSCH is that all the data reported is self-reported which may be 

vulnerable to recall bias.  

On the other hand, external validity is generalizability (ecological or population) 

or having the ability to be applicable amongst a broader audience (Bhandari, 2022). 

Although the dataset used in this analysis is a nationally representative sample, in terms 

of measuring redlining, there was no exact variable included, which resulted in the use of 

the most readily available data to simulate. While redlining may produce similar results 

in disinvestments, redlining severity can differ in many cities. To address this limitation, 

utilizing ARCGIS or US Census Data and merging GEOIDS from a dataset looking at 

redlining on a city, state level and requesting the confidential data of this survey would 

give a better estimate of areas historically redlined in the U.S. Amongst the NSCH data, 

the sample is addressed based.  Excluding those that are homeless or live in shelters may 

underestimate the prevalence of pediatric T2DM and pediatric obesity.  



66 

 

Ethical Considerations 

The data for this study was analyzed under the guidelines of Walden University 

and the Data Resources Center from which the NCHS was obtained.  This project 

entailed a secondary data analysis. The data came deidentified. As per the guidelines of 

Walden University, only the codebook was accessed and viewed before submitting and 

defending the proposal.  After submitting the request to the Data Resources Center, the 

data was stored on my computer in an unopened zipped file until after I had obtained both 

approval of my proposal as well as IRB approval. Walden University’s Institutional 

Review Board 02-07-23-1050534 was conducted and received prior to the data analysis 

of the study. 

Summary 

This chapter provided information for the research study that was designed and 

conducted. This quantitative cross-sectional secondary data analysis aimed to address 

three research questions investigating the nexus between pediatric T2DM, pediatric 

obesity and neighborhood detraction serving as a proxy for residing in a historically 

redlined area. 14 variables were used to answer the three research questions. Those 

questions were answered with a combination of Chi-Squared statistics, Cramer V’s 

statistics, and bivariate logistic regressions. Chapter 4 included the results of the data 

analysis plan investigating the relationship between pediatric T2DM, pediatric obesity, 

and the presence of neighborhood detraction elements. In addition, Chapter 4, consisted 

of the results investigating the influence of demographic, environmental, physical 

activity, and BMI on the prevalence of T2DM in a nationally representative sample.   
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Chapter 4: Results 

The purpose of this quantitative secondary data analysis was to establish 

predictors of pediatric T2DM in a nationally representative sample as well as assess if the 

presence of neighborhood detraction elements influenced obesity on T2DM. This purpose 

was assessed by answering the following three research questions: 

• RQ 1: What is the association between obesity and detracted neighborhood 

elements in the pediatric population when controlling for age, race/ethnicity, 

sex, and socioeconomic status? 

• RQ 2: What is the association between type 2 diabetes mellitus (T2DM) and 

detracted neighborhood elements in the pediatric population when controlling 

for race/ethnicity, sex, and socioeconomic status? 

• RQ 3: Do demographic characteristics (sex, age, race/ethnicity, 

socioeconomic status, and family structure), environmental (food insecurity, 

accessible playgrounds and parks, safe neighborhoods, safe walking paths, 

accessible recreation centers and presence of detracting neighborhood 

elements), physical activity, and body mass index (BMI) have an influence on 

the prevalence of type 2 diabetes among the pediatric population? 

This chapter includes the findings from an analysis utilizing secondary data from the 

NSCH as well as encompassed how the data answers each research question. Following 

the reiteration of the research questions, their affiliated hypotheses, and the data 

collection summary; the descriptive data that characterizes the variables from the NCHS 

will be conveyed. Additionally, this chapter comprises of the statistical analysis results 
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for each research question. Lastly, Chapter 4 concludes with a summary of the study 

results.  

Data Collection 

This quantitative secondary data analysis involved the NSCH. The aim of this 

annual cross-sectional study is to describe the physical and emotional health of non-

institutionalized U.S. children aged 0–17 years old (Child and Adolescent Health 

Measurement Initiative, 2021). Though this survey was created by three federal 

governmental entities, it is disseminated by the U.S. Census Bureau. The Census Bureau 

randomly selects households with children under 18 and randomly selects one child from 

each household, thus creating a nationally representative sample. Between 2019 (June 

2019 and January 2020)-2020(July 2020 to January 2021), a total of 72,210 (29,433 and 

42,777 in 2019 and 2020 respectively) surveys were completed. The overall weighted 

response rate for both 2019 and 2020 was 42.4% (Child and Adolescent Health 

Measurement Initiative, 2021). To obtain access to the secondary data analyzed for this 

study, a data agreement was signed with the Data Resource Center for Child & 

Adolescent Health. Before being granted access to the 2019–2020 NSCH, they inquired 

about the purpose of the data request, the years of data, format of data, and a brief plan on 

how the data would be utilized. Following approval, a link containing the dataset and 

codebook was sent.  

This data was analyzed in the Statistical Package for the Social Sciences (SPSS) 

Version 28.0. The 2019–2020 NSCH dataset originally consisted of 826 variables but 

after using the delete variable command, the dataset consisted of the following 14 
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variables: sex, age, race/ethnicity, socioeconomic status (measured as federal poverty 

level) , family structure, food insecurity, accessible playgrounds and parks, safe 

neighborhoods, safe walking paths, accessible recreation centers, presence of detracting 

neighborhood elements, physical activity, BMI and Type 2 diabetes diagnosis. Some of 

these variables were manipulated but remained in their original level of measurements. 

After manipulating the variable and removing all respondents that did not complete the 

survey in its entirety, the sample size was 34,725. 

Descriptive Statistics for Analysis Variables 

2019-2020 NSCH Participants 

The 2019–2020 NSCH after being cleaned consisted of 34,725 non-

institutionalized children, 6–17 years old. Most of the sample consisted of 12–17-year-

old respondents (79.0%), male respondents (51.7%), and White, non-Hispanic (68.8%) 

respondents. Out of the 34,725 respondents, 69.4% reported living in a home with both 

parents that were married. Additionally, in this sample 41.9% indicated that they live 

400% or greater from the federal poverty level (FPL). Of the 34,725 respondents, 74% 

were categorized as food secure, and almost 73% of the sample reported that they have 

access to playgrounds and parks. Similarly, 96.9% perceived their neighborhood as safe, 

and 72% observed that safe walking paths existed in their neighborhood. In addition, 

almost 46% of the sample conveyed that the recreation centers in their neighborhoods 

were accessible. In terms of classifying their neighborhood as detracted, 78.5 % did not 

observe any detracted elements in their neighborhood.  

The last three remaining variables in this analysis were exercise, BMI, and T2DM 
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diagnosis. Regarding exercise, 45.6% of the study sample reported exercise optimally (4-

5 days or everyday), 42.3% reported their children moderately exercised (2-3 days), and 

12.1% conveyed that their children did no type of exercise. The prevalence of 

overweightness/obesity as measured by BMI percentiles was 28.5% and the prevalence of 

T2DM was 0.7%. Table 6 provides full descriptive data on the demographic 

characteristics of the 2019–2020 NSCH respondents. 
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Table 6 

Frequencies of NSCH Participants 

Indicator  N % 

Age    

 6-11 years old 7,285 21.0 

 12-17 years old 27,440 79.0 

Sex    

 Male 17,961 51.7 
 Female 16,764 48.3 

Race/Ethnicity    

 Hispanic 4,308 12.4 

 White, non-Hispanic 23,899 68.8 

 Black, non-Hispanic 2,218 6.4 

 Asian, non-Hispanic 1,842 5.3 
 Other/Multi-racial, non-Hispanic 2,458 7.1 

Family Structure    

 Two Parents, Married 24,106 69.4 

 Two Parents, Not Currently married 1,747 5.0 

 Single Parents 7,526 21.7 

 Grandparent Household 992 2.9 

 Other family type 354 1.0 

Socioeconomic Status (SES)    

 0-99% FPL 3,771 10.9 
 100-199% FPL 5,604 16.1 

 200-399% FPL 10,811 31.1 

 400% FPL or greater 14,539 41.9 

Food Insecurity    

 Food Secure 25,687 74.0 

 Food Insecure 9,038 26.0 

Accessible Playgrounds and Parks    

 Yes 25,257 72.7 
 No 9,468 27.3 

Safe Neighborhoods    

 Yes 33,644 96.9 

 No 1,081 3.1 

Safe Walking Paths    

 Yes 25,014 72.0 

 No 9,711 28.0 

Accessible Recreation Centers    

 Yes 15,837 45.6 

 No 18,888 54.4 

Presence of Detracting Neighborhood Elements    

 No Detracting Elements 27,272 78.5 

 1 Detracting Element 4,887 14.1 

 2 Detracting Elements 1,569 4.5 

 All 3 Detracting Elements 997 2.9 

Exercise    

 No Exercise 4,187 12.1 

 Moderate Exercise 14,703 42.3 
 Optimal Exercise 15,835 45.6 

Body Mass Index (BMI)    

 Normal (Underweight/Normal 

weight) 

24,820 71.5 

 Abnormal (Overweight/Obese) 9,905 28.5 
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Indicator  N % 

Diabetes    

 Yes 240 0.7 

 No 34,485 99.3 

 

Results of Analysis 

Although not included in a research question, the chi-square (x2) test of 

independence was utilized to measure if there is an association between two categorical 

variables. In addition to running the X2 test, to quantify those relationships, Cramer V’s 

correlation statistics were reported. Cramer V’s correlation was chosen over Phi (φ) 

because many of the variables consisted of two or more levels; for contingencies greater 

than 2x2, it is recommended to use Cramer V’s (Newsoms, 2007). This X2 test was 

conducted to determine whether there were relationships between presence of detracted 

neighborhood elements and the remaining 13 variables included in this secondary data 

analysis.  

In assessing the relationship between the presence of detracted neighborhood 

elements and the remaining variables, all relationships were statistically significant 

(distinguished by a p-value < 0.05) except the relationship between the presence of 

neighborhood detraction elements and gender, X2(3) = 1.4, p-value = .701, Cramer’s V = 

.006. Among all the variables, the strongest relationship with the presence of detracted 

neighborhood elements were food insecurity and perceived safety. The relationship 

between food insecurity and presence of detracted neighborhood elements was 

determined to be statistically significant with a X2(3) = 1,099.4, p-value = <.001 and 

Cramer’s V = .178. Additionally, there was a statistically significant relationship between 
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perceived safety and presence of neighborhood detraction; X2(3) = 2,912.4, p-value = 

.000 and Cramer’s V = .290. Shown in Table 7 are the results of the X2 test of 

independence along with their p-values and Cramer V’s statistics. 
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Table 7 

Chi- Square (X2) Test of Independence 

 No 
Detracting 

Elements 
(n = 
27272) 

1 Detracting 
Element 

(n = 4887) 

2 Detracting 
Elements 

(n = 11569) 

All 3 
Detracting 

Elements 
(n = 997) 

 
 

X2(df) 
Cramer’s 
V 

 
 

p-
value 

Age      14.0 (3) 
.020 

.003 

 6-11 years old 5624 
(20.6%) 

1059 
(21.7%) 

358 
(22.8%) 

244 
(24.5%) 

  

 
12-17 years old 21648 

(79.4%) 
3828 
(78.3%) 

1211 
(77.2%) 

753 
(75.5%) 

  

Sex 
 

    1.4 (3) 
.006 

.701 

 Male 14128 
(51.8%) 

2525 
(51.7%) 

789 
(50.3%) 

519 
(52.1%) 

  

 
Female 13144 

(48.2%) 
2362 
(48.3%) 

780 
(49.7%) 

478 
(47.9%) 

  

Race/Ethnicity 
 

    461.2 (12) 

.067 

<.001 

 Hispanic 3047 
(11.2%) 

791 
(16.2%) 

272 
(17.3%) 

198 
(19.9%) 

  

 White, non-Hispanic 19449 

(71.3%) 

2944 

(60.2%) 

960 

(61.2%) 

546 

(54.8%) 

  

 
Black, non-Hispanic 1555 

(5.7%) 
413 
(8.5%) 

138 
(8.8%) 

112 
(11.2%) 

  

 Asian, non-Hispanic 1412 

(5.2%) 

331 

(6.8%) 

65 

(4.1%) 

34 

(3.4%) 

  

 Other/Multi-racial, 
non-Hispanic 

1809 
(6.6%) 

408 
(8.3%) 

134 
(8.5%) 

107 
(10.7%) 

  

Family Structure 
 

    337.8 (12) 

.057 

<.001 

 Two Parents, Married 19498 
(71.5) 

3125 
(63.9%) 

940 
(59.9%) 

543 
(54.5%) 

  

 Two Parents, Not 

Currently married 

1230 

(4.5%) 

342 

(7.0%) 

97 

(6.2%) 

78 

(7.8%) 

  

 
Single Parents 5503 

(20.2%) 
1241 
(25.4%) 

459 
(29.3%) 

323 
(32.4%) 

  

 Grandparent 
Household 

786 
(2.9%) 

125 
(2.6%) 

50 
(3.2%) 

31 
(3.1%) 

  

 Other family type 255 
(0.9%) 

54 
(1.1%) 

23 
(1.5%) 

22 
(2.2%) 

  

Socioeconomic 
Status  

 
    1033.5 (9) 

.100 
<.001 

 0-99% FPL 2508 
9.2%) 

743 
(15.2%) 

288 
(19.0%) 

222 
(22.3%) 

  

 
100-199% FPL 3966 

(14.5%) 
991 
(20.3%) 

394 
(25.1%) 

253 
(25.4%) 

  

 200-399% FPL 8392 
(30.8%) 

1602 
(32.8%) 

502 
(32.0%) 

315 
(31.6%) 

  

 400% FPL or greater 12406 
(45.5%) 

1551 
(31.7%) 

375 
(23.9%) 

207 
(20.8%) 

  

Food Insecurity 
 

    1846.5 (3) 
.178 

<.001 

 Food  
Secure 

21204 
(77.8%) 

3157 
(64.6%) 

848 
(54.0%) 

478 
(47.9%) 

  

 Food Insecure 6088 

(22.2%) 

1730 

(35.4%) 

721 

(46.0%) 

519 

(52.1%) 
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  No 

Detracting 
Elements 
(n = 

27272) 

1 Detracting 

Element 
(n = 4887) 

2 Detracting 

Elements 
(n = 11569) 

All 3 

Detracting 
Elements 
(n = 997) 

 

X2(df) 
Cramer’s 

V  

 

 
p-

value 

Accessible 

Playgrounds and 
Parks 

     86.3 (3) 

.050 

<.001 

 Yes 19550 

(71.7%) 

3718 

(76.1%) 

1175 

(74.9%) 

814 

(81.6%) 

  

 No 7772 
(28.3%) 

1169 
(23.9%) 

394 
(25.1%) 

183 
(18.4%) 

  

Safe 

Neighborhoods 

     6691.7 (3) 

.290 

.000 

 Yes 26929 
(98.7%) 

4633 
(94.8%) 

1361 
(86.7%) 

721 
(72.3%) 

  

 No 343 

(1.3%) 

254 

(5.2%) 

208 

(13.3%) 

276 

(27.7%) 

  

Safe Walking 
Paths 

     43.4 (3) 
.035 

<.001 

 

 Yes 19512 
(71.5%) 

3577 
(73.2%) 

1121 
(71.4%) 

804 
(80.6%) 

  

 No 7760 
(28.5%) 

1310 
(26.8%) 

448 
(28.6%) 

193 
(19.4%) 

  

Accessible 

Recreation Centers 

     65.3 (3) 

.043 

<.001 

 Yes 12182 
(44.7%) 

2366 
(48.4%) 

736 
(46.9%) 

553 
(55.5%) 

  

 No 15090 

(55.3%) 

2521 

(51.6%) 

833 

(53.1%) 

444 

(44.5%) 

  

Exercise 
 

    123.4 (6) 
.042 

<.001 

 
No Exercise 3088 

(11.3%) 

681 

(13.9%) 

244 

(15.6%) 

174 

(17.5%) 

  

 Moderate Exercise 11406 
(41.8%) 

2143 
(43.9%) 

712 
(45.4%) 

442 
(44.3%) 

  

 Optimal Exercise 12778 

(46.9%) 

2063 

(42.2%) 

613 

(39.1%) 

381 

(38.2%) 

  

Body Mass Index       126.3 (3) 
.060 

<.001 

 Normal 

(Underweight/Normal 
Weight) 

19860 

(72.8%) 

3312 

(67.8%) 

1027 

(65.5%) 

621 

(62.3%) 

  

 Abnormal 

(Overweight/Obese) 

7412 

(27.2%) 

1575 

(32.2%) 

542 

(34.5%) 

376 

(37.7%) 

  

Diabetes      17.2 (3) 
.022 

<.001 

 Yes 180 

(0.7%) 

26 

(0.5%) 

21 

(1.3%) 

13 

(1.3%) 

  

 No 27092 
(99.3%) 

4861 
(99.5%) 

1548 
(98.7%) 

984 
(98.7%) 
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Relationship Between Obesity (as measured by BMI) and the Presence of 

Neighborhood Detraction Elements (Research Question 1)  

The first research question aimed to quantify the association between obesity as 

measured by BMI and the presence of detracted neighborhood detraction elements when 

controlling for age, sex and race/ethnicity. Since the data collectors only collected BMI 

percentiles from non-institutionalized children age 6-17 years, those who were <6 years 

old were removed in this analysis. Since the dependent variable, obesity had two 

categories: Normal (underweight/healthy weight), and Abnormal (overweight/obese), a 

binary logistic regression was conducted.  Presence of detracted neighborhood elements, 

age categories, sex and race were entered into the model as predictors of BMI, with 

normal (underweight/healthy weight) as the reference category. When comparing 

abnormal (overweight/obese) to normal (underweight/healthy weight), while controlling 

for age, race/ethnicity and gender, there was a significance association among the 

primary predictor, presence of neighborhood detraction elements (p>0.05). 

With there being significance, the null hypothesis can be rejected indicating that 

there is an association between obesity and presence of detracted neighborhood elements. 

Shown in Table 8 are the standardized coefficients, standard errors, degrees of freedom, 

p-values, exponentiated B Values, and the 95% Confidence Intervals (C.I). The results in 

Table 8 showcases that the association between the presence of neighborhood detraction 

elements and obesity are statistically significant. When controlling for sex, age, and 

race/ethnicity the ORs and 95% C.I for areas with 1 detracting element, 2 detracting 

elements and all three detracting elements were 1.230 [1.151,1.315], 1.348 [1.209,1.505], 
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and 1.485 [1.300,1.696], respectively. 

Table 8 

Binomial Logistic Regression for Association between Obesity (Measured by BMI) and 

Detracted Neighborhood Elements while controlling or Age Race/Ethnicity and Sex 

      95% CI 

Indicators B SE df Sig Exp(B) Lower Upper 

Detracted 

neighborhood 

elements 

       

No detracting 

elements 

       

1 detracting 

element 

.207 .034 1 <.001 1.230 1.151 1.315 

2 detracting 
elements 

.298 .055 1 <.001 1.348 1.209 1.505 

All 3 detracting 

elements 

.395 .068 1 <.001 1.485 1.300 1.696 

Age        

6-11        

12-17 -.267 .029 1 <.001 .766 .724 .810 

Sex        

Male        
Female -.333 .024 1 <.001 .717 .683 .751 

Race/Ethnicity        

White, non-

Hispanic 

       

Hispanic .432 .035 1 <.001 1.540 1.437 1.650 

Black, non-

Hispanic 

.606 .061 1 <.001 1.834 1.675 2.007 

Asian, non-

Hispanic 

-.407 .061 1 <.001 .666 .591 .750 

Multiracial/Other .168 .047 1 <.001 1.183 1.079 1.296 

Constant  -.700 .029 1 <.001 .497   

 

Relationship Between T2DM and Presence of Neighborhood Detraction Elements 

(Research Question 2) 

The second research question aimed to determine the association between T2DM 

and the presence of detracted neighborhood elements while controlling for race/ethnicity, 

socioeconomic status (SES) and sex. Since the dependent variable, T2DM had only two 

categories- Yes, Diabetes, No, Diabetes, a binary logistic regression was conducted. 

T2DM was the dependent variable, presence of neighborhood detraction elements was 
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the independent variable and race/ethnicity, SES and sex were covariates. Similar to 

research question 1, presence of detracted neighborhood elements, while an ordinal 

variable was treated as categorical to get an overall measure of association. When 

compared to those that have T2DM to those who do not have T2DM, while controlling 

for SES, race/ethnicity, and sex, there was a statistically significant association with 

presence of neighborhood detraction elements, (p>0.05). 

With there being significance, the null hypothesis can be rejected indicating that 

there is an association between obesity and presence of detracted neighborhood elements. 

Shown in Table 9are the standardized coefficients, standard errors, degrees of freedom, 

p-values, exponentiated B Values, and the 95% Confidence Intervals (C.I). The results in 

Table 9 highlights the association between the presence of neighborhood detraction 

elements and T2DM while controlling for SES, race/ethnicity and sex as statistically 

significant for respondents residing in neighborhoods with 2 or more detracting elements. 

The ORs and the 95 CIs for no detracting elements, one detracting element, two 

detracting elements and all three detracting elements are 0.781[.516,1.183], 1.904 

[1.202,3016], and 1.805[ 1.017,3.203].  
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Table 9 

Binary Logistic Regression- Association between T2DM and Presence of Detracting 

Neighborhood Elements when controlling for SES, Race/Ethnicity, and Sex 

      95% CI 

Indicators B SE df Sig Exp(B) Lower Upper 

Detracted neighborhood elements        

No detracting elements        

1 detracting element -.247 .212 1 .244 .781 .516 1.183 

2 detracting elements .644 .235 1 .006 1.904 1.202 3.016 
All 3 detracting elements .591 .293 1 .043 1.805 1.017 3.203 

Race/Ethnicity        

White, non-Hispanic        

Hispanic -.426 .231 1 .065 .653 .415 1.027 

Black, non-Hispanic .208 .234 1 .374 1.232 .778 1.949 

Asian, non-Hispanic -.944 .455 1 .038 .389 .160 .949 

Multiracial/Other .235 .224 1 .296 1.264 .814 1.963 

Socioeconomic status        

0-99% FPL        
100-199% FPL -.142 .229 1 .535 .868 .554 1.359 

200-399% FPL -.229 .209 1 .273 .795 .528 1.198 

400% FPL or greater -.435 .211 1 .039 .647 .428 .979 

Sex        

Male         

Female  -.057 .130 1 .661 .945 .732 1.129 

Constant  -4.668 .202 1 <.001 .009   

 

Predictors of T2DM (Research Question 3) 

The third and final research question in this analysis aimed to evaluate which 

variables were predictors for T2DM in this nationally representative pediatric population. 

Similar to research question 2, the dependent variable, T2DM consisted of two 

categories/levels. But unlike research question 2, research question 3 intended to not only 

quantify the odds ratio of T2DM with the introduction of new variables but compare 

them across several models. With this intention, a multilevel binary logistic regression 

was conducted. Specifically, there were four models included in this multi-level binary 

logistic regression. 

Table 10 displays the indicators/variables, the models and their affiliated 
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indicators, odds ratio and the 95% C.I. The first model (Model I) attempted to assess if 

obesity (as measured by BMI) was a predictor of T2DM and reported a 95% C.I 

[1.39,2.326], and an odds ratio (OR)=1.798. These findings were determined to be 

statistically significant based on the confidence interval not including 1.0. The second 

model (Model II) includes the indicator, BMI from Model 1 and all demographic 

variables. Equation I show the logistic regression equation for Model 1, where β0 is the 

constant and β1 X1 represents the slope of BMI:  

Pr(𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠) = 𝛽0 + 𝛽1𝑋1 

 

Remaining statistically significant in Modell II was BMI with a reported 

OR=1.745 and 95% C.I [1.341,2.269]. With the addition of the sex variable and males 

being the reference group, females had a reported OR=0.983 and 95% C.I [0.762,1.1270].  

In Model II, age was also included, where 6-11 years old was the referent. When 

compared to those 6-11 years old, 12-17 years old respondents had an OR=2.206 and 

95% C.I [1.476,3.298]. Race/Ethnicity had 5 categories/levels and whites served as the 

referent. The ORs and 95% confidence intervals for Hispanics, Blacks (NH), Asian (NH) 

and Mixed/Other (NH) were reported to be 0.646 [0.411,1.017], 1.134 [0.711,1.807], 

0.405 [0.166,0.989], and 1.269 [0.816,1.973], respectively. In Model II, the only 

race/ethnicity that had a statistical relationship with T2DM was Asians, NH. SES 

measured by federal poverty level (FPL) was also included in Model II. 

Similar to race/ethnicity, SES had four levels and 0-99% FPL was the referent.  

The first level of SES, 100-199% FPL had a reported OR=0.869 and 95% C.I 

[0.555,1.395]. The second level, 200-399% FPL had a reported OR=0.806, and 95% C.I 
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[0.532-1.221]. The last level was for respondents who identified as 400% or greater FPL, 

this group had an OR=0.668, and 95% C.I [0.436,1.024]. The last demographic variable 

was family structure, which consisted of five levels, with families that had two parents, 

married being the reference group. The odds ratio and 95% C.I for two parents (not 

married), single parents, grandparent’s household, and other were 0.729 [0.369,1.439], 

0.982 [0.709,1.360], 1.896 [1.093,3.287], and 1.436 [0.523,3.941].  Equation II shows the 

binary logistic regression equation for Model II, which includes the same variables in 

Model I and β2X2 is the slope of the sex variable, β3X3 as the slope of the age groups, β4X4 

as the slope of race/ethnicity, β5X5 representing the slope of SES and β6X6 representing 

family structure’s slope: 

Pr(𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠) = 𝑀𝑜𝑑𝑒𝑙 𝐼 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5 + 𝛽6𝑋6 

 

Model III consisted of Model I (BMI only) and Model II (BMI+ demographic 

variables) with the addition of environmental variables. Similar to the prior two models, 

BMI remained statistically significant with an OR=1.664 and 95% C.I [1.277,2.170]. 

With the addition of the environmental variables and utilizing males as the reference 

group, the OR for sex was reported to be 0.975 with a 95% C.I [0.755,1.259].  The OR 

and 95% C.I for 12-17 years old, when compared to those respondents who were 

identified as 6-11 years old was 2.225 [1.488,3.327]. By White (NH) being the referent, 

the ORs and 95% C.I for Hispanic, Black (NH), Asian (NH), and Mixed /Other (NH) 

were 0.631 [0.400,0.996], 1.135 [0.708,1.818], 0.427 [0.174,1.044], and 1.231 [0.790, 

1.917], respectively. Though 0-99% FPL served as the referent group, the ORs and 95% 

C.I for 100-199% FPL, 200-399% FPL, and 400% FPL or greater were reported to be 
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0.883 [0.563,1.386], 0.897 [0.589,1.367], and 0.832 [0.531,1.304], respectively. The last 

variable before the inclusion of the environmental variables was family structure. The 

reported ORs and 95% C.I for two parents (not married), single parents, grandparent’s 

household and other were 0.687 [0.347,1.359], 0.917 [0.660,1.275], 1.873 [1.078,3.252], 

and 1.355 [0.493, 3.727], respectively. 

Out of the six environmental variables, five only consisted of two levels.  As 

shown in Table 10, when compared to respondents who were food secure, the OR and 

95% C.I for T2DM reported was 1.535 [1.142,2.062].  The conveyed OR and 95% C. I 

for accessible recreation centers was 1.234 [0.929,1.638]. When compared to respondents 

who lived in areas with accessible parks, the odds ratio and 95% C.I for T2DM was 

reported as 0.819 [0.583,1.151].  With the inclusion of sidewalks in this logistic 

regression, the OR and 95% C.I for T2DM was identified as 1.006 [0.728,1.398]. For 

perceived safety, with respondents who perceived their neighborhood to be safe serving 

as the referent, the OR and 95% C.I for T2DM was reported as 1.236 [0.673,2.272]. The 

last environmental variable, presence of neighborhood detracted elements consisted of 

four levels. With neighborhoods with no detracted elements representing the referent, the 

ORs and 95% C.I for All 3 detracted elements, 2 detracted elements, and 1 detracted 

element were reported to be 1.565 [0.855,2.866], 1.721 [1.073,2.760], and 0.746 

[0.492,1.134], respectively. Equation III conveys the binary logistic regression equation 

for Model III, which includes the same variables in Model I, Model II and β7X7 

representing the slope of food security, β8X8 substituting for the slope of recreation 

centers, β9X9 representing the slope of parks, β10X10 representing the slope of sidewalks, 
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β11X11 representing the slope of safety, and β12X12 substituting for presence of detracted 

neighborhood elements:  

Pr(𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠) = 𝑀𝑜𝑑𝑒𝑙 𝐼 + 𝑀𝑜𝑑𝑒𝑙 𝐼𝐼 + 𝛽7𝑋7 + ⋯ + 𝛽10𝑋10 + 𝛽11𝑋11 + 𝛽12𝑋12  

 

The last model, Model IV contains the first three models with the addition of the 

exercise variable. Similar to the prior two models, BMI remained  statistically significant 

with an OR=1.641 and 95% C.I [1.256,2.144]. With the addition of the exercise variable 

and utilizing males as the reference group, the OR for sex was reported to be 0.962 with a 

95% C.I [0.744,1.245].  The OR and 95% C.I for 12-17 years old, when compared to 

those respondents who were identified as 6-11 years old was 2.210 [1.476,3.310]. By 

White (NH) being the referent, the ORs and 95% C.I for Hispanic, Black (NH), Asian 

(NH), and Mixed/Other (NH) were 0.624 [0.395,0.986], 1.128 [0.704,1.807], 0.421 

[0.172,1.030], and 1.225 [0.787, 1.909], respectively. Though 0-99% FPL served as the 

referent group, the ORs and 95% C.I for 100-199% FPL, 200-399% FPL, and 400% FPL 

or greater were reported to be 0.879 [0.560,1.380], 0.893 [0.586-1.360], and 0.831 

[0.531,1.303], respectively. The reported ORs and 95% C.I for two parents (not married), 

single parents, grandparent’s household and other were 0.685 [0.346,1.355], 0.913 

[0.656,1.269], 1.875 [1.079,3.257], and 1.350 [0.491, 3.716], respectively. 

As shown in Table 10, when compared to respondents who were food secure, the 

OR and 95% C.I for T2DM reported was 1.528 [1.137,2.053].  The conveyed OR and 

95% C. I for accessible recreation centers was 1.229 [0.926,1.633]. When compared to 

respondents who lived in areas with accessible parks, the odds ratio and 95% C.I for 
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T2DM was reported as 0.820 [0.583,1.152].  With the inclusion of sidewalks in this 

logistic regression, the OR and 95% C.I for T2DM was identified as 1.008 [0.730,1.392]. 

For perceived safety, with respondents who perceived their neighborhood to be safe 

serving as the referent, the OR and 95% C.I for T2DM was reported as 1.229 

[0.668,2.259]. With neighborhoods with no detracted elements representing the referent, 

the ORs and 95% C.I for All 3 detracted elements, 2 detracted elements, and 1 detracted 

element were reported to be 1.566 [0.855,2.867], 1.717 [1.071,2.753], and 0.746 

[0.491,1.133], respectively. 
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Table 10 

Binomial Modeling—Predictors of T2DM 

 Model I Model II Model III Model IV 

 OR 95% CI OR 95% CI OR 95% CI OR 95% CI 

BMI         

Normal 
(Underweight/Healthy 
weight) 

1.0 Referent 1.0 Referent 1.0 Referent 1.0 Referent 

Abnormal 
(Overweight/Obese) 

1.798 1.390-2.326 1.745 1.341-2.269 1.664 1.277-2.170 1.641 1.256-2.144 

Sex         

Male   1.0 Referent 1.0 Referent 1.0 Referent 
Female   0.983 0.762-1.1270 0.975 0.755-1.259 0.962 0.744-1.245 

Age         

6-11   1.0 Referent 1.0 Referent 1.0 Referent 
12-17   2.206 1.476-3.298 2.225 1.488-3.327 2.210 1.476-3.310 

Race/Ethnicity         

White, non-Hispanic   1.0 Referent 1.0 Referent 1.0 Referent 
Hispanic   0.646 0.411-1.017 0.631 0.400-0.996 0.624 0.395-0.986 

Black, non-Hispanic   1.134 0.711-1.807 1.135 0.708-1.818 1.128 0.704-1.807 
Asian, non-Hispanic   0.405 0.166-0.989 0.427 0.174-1.044 0.421 0.172-1.030 
Mixed/Other   1.269 0.816-1.973 1.231 0.790-1.917 1.225 0.787-1.909 

Socioeconomic status         

0-99% FPL   1.0 Referent 1.0 Referent 1.0 Referent 
100-199% FPL   0.869 0.555-1.395 0.883 0.563-1.386 0.879 0.560-1.380 

200-399% FPL   0.806 0.532-1.221 0.897 0.589-1.367 0.893 0.586-1.360 
400% FPL or Greater   0.668 0.436-1.024 0.832 0.531-1.304 0.831 0.531-1.303 

Family structure         

Two Parents, Married   1.0 Referent 1.0 Referent 1.0 Referent 
Two Parents, Not 
Married 

  0.729 0.369-1.439 0.687 0.347-1.359 0.685 0.346-1.355 

Single Parents   0.982 0.709-1.360 0.917 0.660-1.275 0.913 0.656-1.269 

Grandparents 
Household 

  1.896 1.093-3.287 1.873 1.078-3.252 1.875 1.079-3.257 

Other   1.436 0.523-3.941 1.355 0.493-3.727 1.350 0.491-3.716 

Food security         

Food secure     1.0 Referent 1.0 Referent 
Food insecure      1.535 1.142-2.062 1.528 1.137-2.053 

Recreation centers         

Yes     1.0 Referent 1.0 Referent 
No     1.234 0.929-1.638 1.229 0.926-1.633 

Parks         

Yes     1.0 Referent  1.0 Referent 

No     0.819 0.583-1.151 0.820 0.583-1.152 
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 Model I Model II Model III Model IV 

 OR 95% CI OR 95% CI OR 95% CI OR 95% CI 

Sidewalks         

Yes     1.0 Referent 1.0 Referent 
No     1.006 0.728-1.398 1.008 0.730-1.392 

Safety         

Yes     1.0 Referent 1.0 Referent 
No     1.236 0.673-2.272 1.229 0.668-2.259 

Detracted 
neighborhood 

elements 

        

No elements     1.0 Referent 1.0 Referent 

1 element     0.746 0.492-1.134 0.746 0.491-1.133 
2 elements     1.721 1.073-2.760 1.717 1.071-2.753 
All elements     1.565 0.855-2.866 1.566 0.855-2.867 

Exercise          

No       1.0 Referent 
Moderate       1.095 0.742-1.616 

Optimal        0.932 0.622-1.398 

 

The last variable in this analysis was exercise. This variable consisted of three 

levels, no exercise, moderate exercise, and optimal exercise. With no exercise serving as 

the referent group, the odds ratio and 95% C.I for moderate exercise and optimal exercise 

were 1.095 [0.742,1.616], and 0.932 [0.622,1.398], respectively. Equation 4 conveys the 

binary logistic regression equation for Model IV, which includes the same variables in 

Model I, Model II, Model III and β13X13 representing the slope of the exercise variable:  

Pr(𝐷𝑖𝑎𝑏𝑒𝑡𝑒𝑠) = 𝑀𝑜𝑑𝑒𝑙 𝐼 + 𝑀𝑜𝑑𝑒𝑙 𝐼𝐼 + 𝑀𝑜𝑑𝑒𝑙 𝐼𝐼𝐼 + 𝛽13𝑋13  

 

Summary  

A Chi Square Test of Independence was conducted to not only determine the 

relationship between the presence of neighborhood detraction elements and the included 

demographic variables, environmental variables, BMI, physical activity and T2DM but to 

quantify the strength of that association with Cramer’s V effect size statistic. Although 

the Cramer’s V effect size statistics varied per variable, only the sex variable did not have 

a statistically significant relationship with presence of detracted neighborhood elements. 
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The first research question was used to determine the relationship between 

obesity, as measured by BMI and the presence of detracting neighborhood elements 

while controlling for age, sex, and race. To evaluate and possibly quantify the 

relationship, a binary logistic regression was utilized where obesity was the dependent 

variable, presence of detracting neighborhood elements was the independent variable and 

the covariates were age and race. The findings indicated that there was a statistically 

significant association between obesity and presence of detracted neighborhood elements 

when controlling for age, sex, and race.  

The second research question was used to determine the relationship between 

T2DM and the presence of detracting neighborhood elements while controlling for 

race/ethnicity, socioeconomic status (SES) and sex. Similar to the first research question, 

to understand the relationship a binomial logistic regression was conducted, where T2DM 

was the dependent variable, the presence of detracting neighborhood elements was the 

independent variable and the covariates were race/ethnicity, SES, and sex. Like research 

question one, the findings conveyed that there was a statistically significant relationship 

between T2DM and the presence of detracting neighborhood elements while controlling 

for race/ethnicity, SES and sex.  

The third research question evaluated predictors of T2DM in this pediatric 

population. To assess the influence of multiple independent variables on the odds of 

T2DM diagnosis, required a multiple binomial logistic regression where T2DM was the 

dependent variable and the remaining 13 variables were predictors. This multiple 

binomial logistic regression consisted of four models. The first model assessed only BMI 
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and T2DM, the second model included the first model with the addition of demographic 

variables, the third model consisted of the first two models with the inclusion of 

environmental variables and the last model included the first three models with the 

addition of an exercise variables. The findings indicated that predictors of T2DM in this 

pediatric population were abnormal weight status (overweight/obese), 12-17 years old, 

not having Asian or Hispanic ancestry, living with grandparents, being food insecure and 

living in a neighborhood with at least two detraction elements. In Chapter 5, these 

findings will be interpreted, limitations will be discussed, future 

directions/recommendations are conveyed as well as how these results can be applied to 

promote social change.   
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Chapter 5: Discussion, Conclusions and Recommendations 

The purpose of this research study was to determine predictors of T2DM and to 

evaluate the association between T2DM, obesity, and the presence of detracted 

neighborhood elements. These relationships were studied cross-sectionally in the 

pediatric population utilizing the 2019–2020 NSCH. This study was conducted to 

enhance public health research examining the relationship between policy, location, and 

health outcomes. Additionally, I conducted the study to fill the gaps regarding the impact 

that neighborhood detraction may have on obesity and T2DM susceptibility and severity 

in the pediatric population. In this chapter, the findings will be presented and interpreted, 

study limitations are conveyed, recommendations are presented, and social implications 

are described. 

Summary and Interpretation of the Findings 

There were three research questions examined to determine whether obesity and 

T2DM were associated with the presence of neighborhood detraction elements and 

predictors of T2DM in the pediatric population. Additionally, a chi-square test of 

independence was used to see if there were any relationships between neighborhood 

detraction and all the variables included in this analysis. In Chapter 2, the literature 

review explained the role of neighborhood-built environment with health outcomes, 

severity, susceptibility, or expenditures (CDC, 2018; Hu et al., 2018; Roeder, 2017). The 

crux of this analysis is that as a result of redlining, neighborhoods were disinvested and 

because of these transgenerational disinvestments, neighborhood detraction may have 

exasperated poorer health outcomes for the inhabitants. As stated in Chapter 2, it has 
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been posited that neighborhood-built environment may explain 10% of variation in health 

outcomes (Magnan, 2017).  

The findings in this analysis support that neighborhood-built environment in the 

form of neighborhood detraction is associated with factors that influence health 

outcomes, specifically overweightness/obesity and T2DM. The results of the chi square 

test for independence show that 12 of the 13 variables were statistically significant. To 

measure their effect size, Cramer’s V statistic was used to quantify their association.  

Based on Akoglu, the interpretation for Cramer’s V effect sizes is as follows, “>0 

(No or very weak), >0.05 (weak), >0.10 (Moderate), >0.15 (Strong) and >0.25 (Very 

Strong)” [Akoglu, 2018]. Aforementioned, that amongst the demographic variables- age, 

race/ethnicity, family structure, and SES were the only variables that reported a 

statistically significant association with the presence of detracted neighborhood elements. 

Although age was statistically significant, there was a reported effect size of .020, which 

can be interpreted as no effect/very weak effect. Similarly, the relationship between 

race/ethnicity and the presence of detracted neighborhood elements were reported to be 

statistically significant but reported an effect size of .067. The strength of this association 

between the variables are weak. With a reported Cramer’s V statistic of .057, the 

relationship between family structure and the presence of detracting neighborhood 

elements is a weak association. The last demographic variable with a reported statistically 

significant association with presence of detracted neighborhood element was SES. With a 

reported Cramer’s V statistic of .100, this association can be interpreted as moderate.  

There were five environmental variables used in this analysis, which all had a 
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statistically significant association with the presence of neighborhood detracted elements. 

With a reported Cramer’s V statistic of .178, the relationship between food insecurity and 

detracted neighborhood elements is considered strong. Accessible playgrounds and parks 

reported a Cramer’s V statistic of .050, which can be interpreted as a weak association. 

The strongest association among all variables in this analysis was perceived safety with a 

conveyed Cramer’s V statistic of .290. Both safe neighborhoods and safe walking paths 

were interpreted as very weak associations with reported Cramer’s V statistics .043 and 

.042, respectively. Exercise while statistically significant was interpreted as having a very 

weak association with neighborhood detraction elements. The Cramer’s V statistic for 

BMI was recorded as.060, which would infer a weak association with detracted 

neighborhood elements. Lastly, the association between T2DM and the presence of 

neighborhood detracted elements was reported numerically as .022 which substitutes for 

a very weak association.  

Essentially, the results of the X2 test for independence report how independent the 

presence of neighborhood detracted elements are with the aforementioned variables, with 

Cramer’s V statistic quantifying that relationship; confined by the parameter of 0 

(independent) to 1(perfect association; Kim, 2017). Considering the statistically 

significant relationships and varying effect sizes between presence of detracted 

neighborhood elements and the aforementioned variables, the only two variables with a 

strong association were perceived safety and food insecurity. Policies and initiatives 

should be crafted around these two indicators/elements in not only identifying detracted 

neighborhoods but reversing the impact, thus reinvesting into underserved or detracted 
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communities.   

Although many of the relationships between the presence of detracted 

neighborhood elements and the other variables were weak, they should also be included 

in initiatives and interventions. These results could be used to describe characteristics of 

neighborhoods suffering from various levels of detraction. In interpreting the results of 

the X2 test for independence and Cramer’s V statistic, it should be acknowledged that 

both statistical significance and effect size are dependent on sample size and standard 

deviation, respectively. As conveyed earlier, detracted neighborhoods are associated with 

food insecurity, less perceived safety, less walking paths/green space etc. (McCullough, 

2022; Powell, 2021). Not only did majority of this sample report what the literature 

deemed as protective factors from obesity, and T2DM but they essentially reported living 

in the complete opposite characteristics of what the literature has stated is associated with 

neighborhood detraction. Further, among the levels of neighborhood detracted the data 

were dispersed. So, expectedly that while the environmental variables are statistically 

significant, their effect sizes are not as strong because having access to parks and 

recreation centers are not characteristics of neighborhood detraction.  

The variables in this analysis also include risk factors from a biological and 

environmental lens. Like most chronic conditions there are many etiologic factors that 

contribute to pediatric obesity (Reis et al., 2020). Although there are many factors that 

influences the susceptibility, severity and health-related conditions associated with 

obesity, the two most common causes are sedentary lifestyle and poor diet (CDC, 2012). 

In most of the literature, the indicator of obesity is food insecurity with emphasis being 
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placed on food swamps and food deserts. These findings support the literature where 

areas historically redlined, areas with higher concentrated disadvantage have a higher 

prevalence of obesity when compared to more affluent areas (Gorski et al., 2018; Kong et 

al., 2022; Trangenstein et al., 2020). In this analysis, when controlling for age, sex, and 

race/ethnicity, when compared to those that reside in neighborhoods with no detracted 

elements, there was a 23%, 34.8% and 48.5% increase in odds of obesity among those 

who lived in areas with one detracted element, two detracted elements, and all three 

detracted elements, respectively.   

These findings not only convey the relationship (although multifactorial) between 

neighborhood detraction and obesity, it almost mimics a dose-response relationship 

where as the number of elements increase so does the odds of being overweight/obese. 

Although this analysis is not able to prove direction of the association/temporality, there 

was almost 26% increase odds from being exposed to just one detracted element to all 

three detracted elements. Though neighborhood detraction in this analysis only focuses 

on litter, vandalism and abandoned houses, supermarket redlining occurs when 

corporations and vendors deem an area risky (Shaker et al., 2022). Litter, vandalism, 

abandoned houses not only speak to the aesthetics of an environment/neighborhood but 

can become the characteristics of that environment (Padcrush, para.1).  

Similar to obesity, T2DM is a chronic condition that has many risk factors, with 

the two most documented being sedentary lifestyle and poor diet (Raman, 2016). The 

findings of this study support the current literature that acknowledges not only the impact 

the environment has on T2DM but even the heterogeneity among cases of T2DM (Boule 
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et al., 2001; Creatore et al., 2016; den Braver et al., 2018; Hajna et al., 2016). Although 

not statistically significant, when controlling for race/ethnicity, sex, and SES, respondents 

living an area with no detracted elements had a 0.781 decrease in odds of having T2DM. 

Further, when compared to those who live in a neighborhood with no detracting 

elements, there was a statistically significant 90.4% increase in odds of T2DM among 

those who reside in a neighborhood with at least two detracting neighborhood elements. 

Lastly, when compared to respondents who inhabit neighborhoods with no detracting 

elements, those that live in neighborhoods with all three detracting elements have a 

statistically significant 80.5 increase odds of T2DM. 

Unlike the results of RQ 1, the relationship between the presence of neighborhood 

detraction and T2DM does not mimic a positive correlation. Although when compared to 

those who live in a neighborhood with no elements the odds are greater amongst those 

who live in a community where elements are exhibited in a community. These odds 

appear even higher when compared to the reported odds of obesity; there was almost an 

80% in odds between those who reside in a neighborhood with one element when 

compared to those who live in a neighborhood with all three elements. Though this 

analysis was not able to measure temporality or pinpoint a mechanism, neighborhood-

built environment should be considered not only in diabetes prevention but diabetes 

management. It would posited that the decrease in odds of T2DM between residing in a 

neighborhood with two elements and three elements existed because of sample size as 

well as dispersion. 

The nexus between pediatric obesity and T2DM has been established with 
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biological plausibility to establish temporality and how cases of T2DM may significantly 

differ between demographic groups (CDC,2017). To evaluate the predictors of T2DM in 

this pediatric population a multi binomial logistic regression was conducted. This 

analysis found the predictors of T2DM in this pediatric population as being 

overweight/obese, 12-17 years old, living with grandparents, food insecure and living in a 

neighborhood with the presence of two detracting elements. In Model I, which only 

consisted of the BMI variable, when compared to those who were either underweight or 

at a healthy weight, those that were overweight or obese had a statistically significant 

79.8% increase in odds of having T2DM. Although this variable decreased with the 

inclusion of other variables for the remaining models, it remained statistically significant. 

In Chapter 2, I discussed that the CDC reported demographic variables such as 

race/ethnicity, age, sex and SES are risk factors for T2DM (CDC, 2017). Model II of this 

multi binomial logistic regression included similar variables. With the inclusion of the 

demographic variables (sex, age, race/ethnicity, SES, and family structure), the odds of 

T2DM in those who were overweight/obese decreased from 79.8% (Model I) to 74.5%, 

when compared to those who were either underweight or at a healthy weight. In the final 

model, containing all the variables, when compared to those of underweight/ healthy 

weight, respondents that were overweight/obese 64.1% increase in odds of T2DM.  

Although most of the literature acknowledges that T2DM can be diagnosed in 

childhood/teenage years the risk factor starts at 35 years old with the caveat of 

genetics/family history and prediabetic diagnosis (CDC, 2017), the results of this analysis 

indicate that when compared to children 6-11 years old, children 12-17 years old have a 
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120.6% increase in odds of T2DM. Unlike evidence reported in Chapter 2, this analysis 

reports that being Hispanic and Asian, Non-Hispanic had a protective factor as a 

predictor in T2DM (Lawrence et al., 2021; Jensen & Dabelea, 2018). The CDC reports 

that a risk factor for T2DM is having African ancestry or identifying as Hispanic 

(CDC,2017). While Hispanic only was statistically significant in Model III and Model 

IV; Asian, NH was statistically significant in all models. Interpretationally, Hispanics had 

a 0.624 decrease of odds of T2DM when compared to White, NH. Similarly, those who 

identified as Asian, NH had a 0.421 decrease in odds of T2DM. The disagreement in 

findings between this analysis and the previous literature could represent that the 

mechanism between racial/ethnic susceptibility and T2DM furtherly needs to be studied. 

In considering the previously mentioned caveat about statistical significance and effect 

size, this new finding could convey or report that Hispanics may have been furtherly 

acclimated into the economy, thus having better opportunities to reach optimal health 

(excluding illegal immigrants). In terms of family structure, it was reported that when 

compared to families with two married parents, respondents living with their 

grandparents had an 87.5% increase of odds of T2DM. Additionally, it was reported that 

when compared to those who identified as food secure, those who were food insecure had 

almost a 53% increase in odds of T2DM. There is robust literature that shows similar 

results (Elberl et al., 2020, Fiechtner et al., 2015; Kral et al., 2017, Oberle et al., 2019).  

Albeit these findings are supported by previous literature, this analysis surpasses 

what has already been establish by attempting to characterize the intermediate step of 

neighborhood detraction as a presumable result of redlining. As mentioned in Chapter 2, 
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the two most common risk factors for both overweightness/obesity and T2DM is poor 

diet and a sedentary lifestyle where the common themes/constructs were food insecurity 

(in the form of food deserts and food swamps) and a lack of physical activity (presented 

as lack of greenspace and walkability). In research questions 1 and 2, these findings 

newly quantify the relationships between neighborhood detraction, overweight/obesity 

and T2DM in pediatrics. In research question 3, this analysis aims to describe predictors 

of T2DM in the pediatric population.  These findings are new and informative because to 

my knowledge outside of medical history and maybe genetics, there has never been a 

reported association between family structure, specifically living with grandparents 

alone. Additionally, living in a neighborhood with at least two elements of neighborhood 

detracted was newly discovered.  These new findings solidify the relationship between 

current neighborhood-built environment, and health outcomes.  

Lastly, these findings reassure why the social determinants of health (SDOH) is a 

fundamental theory of public health.  The findings utilize neighborhood-built 

environment, economic stability, and social community context in the form of variables 

included in the 2019-2020 NSCH. These results encompass those three domains through 

an environmental perspective to assess not only how these social conditions can be 

shaped by the neighborhood in which one lives (X2 Test of Independence, research 

questions 1 and 2) but how those often overlapping and intersectional domains may 

influence health outcomes (research question 3). Specifically, the analysis for research 

question 3, intentionally and quantifiably highlights the ideology of SDOH while 

unintentionally showcasing racial heterogeneity, which presumably may have been 
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caused or is associated by the transgenerational implications of redlining, currently 

presented as neighborhood detraction.  

Theoretical Methods 

The social determinants of health (SDOH) is a staple in the field of Public Health. 

This theoretical model is often used to assess and evaluate causal factors of health 

outcomes, inequities and disparities. Although this study includes variables that public 

health professional cannot control (age, race/ethnicity), the findings in this analysis takes 

a primordial prevention perspective to assess the root contributors/predictors of obesity 

and T2DM. For example, food insecurity was found to not only be a predictor of T2DM, 

but has a strong association with neighborhood detraction. To promote a healthy lifestyle 

means having access to affordable, and fresh healthy options.  The SDOH as a model 

posits that these 5 domains (economic stability, quality education, access to quality 

healthcare, social community and context, and neighborhood built and environment) 

work intersectional and simultaneously to characterizes a person’s health outcomes.  The 

intersectionality of the variables included in this analysis mimics the ideology behind this 

theoretical model. Although some of the results were unexpected, the findings of this 

analysis captured economic stability, social and community context, and neighborhood-

built environment in a diverse pediatric population.  

Based on the literature, some of the results that were unexpected were stronger 

associations (presented as Cramer’s V statistics) between the presence of detracted 

neighborhood elements and the environmental variables, as well as obesity, T2DM. 

Additionally, another unexpected result was while the direction of odds ratios was 
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expected with the inclusion of new variables, more variables were expected to be 

statistically significant based on the literature.  These two statements of unanticipated 

findings should be caveated. In terms of the Cramer’s V statistics, effect sizes are 

dependent on standard deviation or how dispersed the data is (Sullivan & Feinn, 2012). 

Furtherly, statistical significance is dependent on sample size which is why p-value is 

insufficient (Sullivan & Feinn, 2012) 

Limitations of the Study 

As previously discussed in Chapter 1, there are limitations with this research 

study’s findings. First, this study was a secondary data analysis, utilizing a dataset from 

the National Survey of Children’s Health (NSCH); therefore, there were limitations due 

to the use of fixed questions from the survey. For example, the original 

exposure/independent variable in this analysis was areas historically redlined but because 

that variable was not included in this secondary dataset nor was it feasible to request that 

confidential data, the presence of detracted neighborhood elements, a well-documented 

result of redlining and disinvestment was utilized as a proxy variable.  Secondly, the data 

utilized in this analysis was collected through a questionnaire in which the parent’s 

answered about their children; this type of data collection is vulnerable to recall and 

misclassification bias.  

Thirdly, the only respondents in the NSCH are children who are non-

institutionalized and live in a household. This excludes children and families that may 

experience homelessness, thus not being totally generalizable. Another limitation of this 

analysis was the distribution of the T2DM outcome variable and several other variables, 
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which may have impacted the interpretation of variables that have been well documented 

to be associated with T2DM. While this current study focused on economic stability, 

social and community context, and neighborhood-built environment domains under the 

social determinants of heath, it did not include other factors that have been shown by 

previous research to be associated with overweightness/obesity and T2DM. For example, 

housing quality, hours of sleep, health status of parents, mental health 

conditions/contributors (stress, anxiety) or quality and access to health care services 

(Balentine, 2015; CDC, 2012). The exclusion of these variables may not fully capture the 

multifactorial nature of obesity and T2DM. Lastly, this analysis was conducted cross-

sectionally. Cross-Sectional research designs are not able to determine temporality.  

Recommendations for Future Research 

While no study is perfect and limitations may exist, with conducting a literature 

review, gaps in the literature may be revealed. In Chapter 1 it was reported that a major 

assumption of this analysis was that not only was redlining still occurring, but the 

transgenerational implications of redlining were still being observed in major cities. To 

my knowledge, there is no research that assess the relationship between T2DM or obesity 

prevalence in the pediatric population with areas historically redlined. Focusing on 

redlined areas and the potential implications it may have on pediatric outcomes, can be 

seen as the real-world application of the social determinants of heath as it captures the 

first two core functions of pubic heath, assessment and policy development. Another 

assumption mentioned in Chapter 1 was that neighborhood detraction and redlining are 

potentially related. To solidify this assumption, in the future it would be ideal to not only 
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test that association but use historically redlined areas as the primary exposure. This will 

require the utilization of ArcGIS, a mapping software, access to the original Housing 

Owner Loan Corporation (HOLC) maps and US Census data. In this future analysis, I 

would like see and the reporting of the overlapping of current US Census tract data and 

HOLC maps to see which areas that were historically redline are currently redlined. 

Every city, every neighborhood and every street have a unique arbitrary numerical 

identifier. 

In the future, I would like to receive access to the non-public version of this 

dataset and conduct a nationally aggregation of areas historically redlined, obesity and 

T2DM with the same dataset and same variables. Not only will this solve the assumption 

made previously but it would be original in the sense that it has not occurred and it could 

bring awareness to some scholars would say that redlining still occurs and impact today’s 

society (Columbia Broadcasting Services, 2020; Smith et al,2019).  Additionally, as 

previously mentioned this excluded some well establish risk factors that may increase 

susceptibility of overweightness/obesity and T2DM because of availability. In future 

analyses, to furtherly understand the multifactorial and complex relationship about 

T2DM and obesity, if accessible these variables should be considered. Similar to 

aforementioned, evaluating the relationship between these indicators and potential 

differences across either neighborhood detraction or areas historically redlined could 

furtherly convey the nexus between location, policy and health outcomes. Lastly, as 

implied earlier, in the future and using the same methodology, I would like to conduct the 

same analysis in a sample that reports more associated characteristics of neighborhood 
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detraction. Furtherly, to contribute to the literature, it should be considered to explore 

establishing temporality by analyzing similar relationships in a cohort or longitudinal 

study.  

Implications for Social Change 

It is well documented that as the prevalence and incidence of 

overweightness/obesity in the pediatric population increased, the number of T2DM cases 

has increased (CDC,2021; Lawrence et al., 2021; Sanyaolu et al., 2019). Furtherly, it has 

been acknowledged that amongst these cases of both chronic but preventable conditions, 

there are significant demographic differences amongst cases, resulting in health 

disparities (CDC,2017). Understanding the relationship between location, policy and 

health outcomes is pivotal in creating health equity and social justice on all levels.  On an 

individual level the results of this analysis can bring awareness of primordial, primary 

and secondary levels of prevention. The results of this analysis report the indicators of 

T2DM as well as the relationship between obesity, T2DM and presence of neighborhood 

detraction elements. In conjunction with the established literature, understanding the risk 

factors for both conditions and preventing those risk factors from developing can be the 

first step to decreasing health disparities.  The social implication of these findings can be 

used to create neighborhood-built environment initiatives such as community gardens, 

which have been shown to not only improve eating habits but promote a sense of 

community (Castro et al., 2013; Hume et al., 2022). Another program that could be 

implemented could include creating walking clubs, exercise classes that have also shown 

great results (Baker et al., 2015).  On an interpersonal and intrapersonal level these 



103 

 

findings can be used to encourage behavior changes; with the intention to minimize those 

risk factors primordially as well as those that have already developed. These behavior 

changes resemble activities such as glucose monitoring, encouraged daily exercise for 30 

minutes as well as consuming nutrient foods.  Considering everything, a social 

implication of these findings is the acknowledgement of a neighborhood-built 

environment and social class health disparity that does not have to exist.  

Because of the political structure of our society, to create social change requires 

not only individuals being leaders in their communities, but a collection of communities 

holding political officials accountable via townhall meetings, letters or the voting polls. 

This research might be used to encourage individuals to vote in their best interest. The 

three core functions of public health are assessment, policy development and assurance. 

The results of this analysis can serve as the assessment needed to create effective and 

sustainable interventions (monthly fresh food markets, allocating money for recreation 

center complex construction or extending hours, building parks, incentivizing lowering 

carbon foot prints etc.) to not only decrease the prevalence and incidence of T2DM but 

prevent those root causes from occurring. A great example of this is the former First 

Lady, Michelle Obama focusing on childhood obesity and not only changing the 

nutritional value being given in U.S public schools but promoting physical activity 

(Batchelder & Matusitz, 2014). 

Like other fields/industries and because of our capitalistic society, Public Health 

requires funding; those funds have to be allocated to those detracted communities to 

promote health equity and social justice.  Moreover, the findings in this analysis can 



104 

 

speak to legislators and politicians to provide the services needed to remain elected since 

their priorities and voting should reflect the needs and wants of their constituents.  To 

understand their constituents can lead to an increased awareness of daily challenges 

(latchkey children [children that are left alone or without parent supervision to take care 

of themselves for a substantial part of the day[Leung et al., 1996]] , food insecurity etc.) 

which ultimately can lead to investments that work within the limitations of those 

detracted areas and could also fix  neighborhood detraction associated problems such as 

crime (Rundle et al., 2009; Sugalia et al., 2016; Wei et al., 2021). Crime (measured 

subjectively or objectively) has been shown to influence levels of physical activity 

(Lenhart et al., 2017; Rees-Punia et al., 2018). Investing or reinvesting in detracted 

neighborhoods does not have to be solely financial, it can be educational (cooking 

demonstrations etc.), creating/promoting workforce development programs, considering 

community policing, promoting affordable community development and supporting 

programs such as Buy Black the Block. To invest or reinvest in detracted neighborhoods 

means to reinvest in the people, the culture who ultimately at optimal health are able to 

contribute to the economy.  

Conclusions 

In summary, the literature provided evidence that amongst all the variables 

included in this analysis although varying in effect sizes, the presence of neighborhood 

detraction elements was strongly associated with food insecurity and safe neighborhoods. 

This research illustrated the statistically significant relationships amongst obesity, T2DM 

and the presence of neighborhood detraction elements.  Lastly this research suggested 
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that the predictors of T2DM were overweight/obese weight classification, 12-17 years 

old, living with grandparents, food insecure and living in a neighborhood exhibiting the 

presence of at least two detracting elements. Continued research is needed to strive for 

health equity and social justice amongst the most vulnerable populations as well as 

understanding the complex relationship between overweightness/obesity and T2DM. 

Assessing and evaluating the nexus between location, policy and pediatric health 

outcomes is pivotal for the U.S economy as the future generations will become the 

primary contributors.  

Establishing the root causes of heath disparities, presented in social conditions 

that can be characterized by one’s environment is the first step in reducing/eliminating 

health disparities. Understanding the mechanism between environment and health 

outcomes require the dismantling of structural policies and acknowledging how the 

atrocities of the past impact the future and how they are being experienced presently. To 

rectify detracted neighborhoods requires investing into the physical component of the 

neighborhood as well as the people and the culture so that health equity and social justice 

are not such vague concepts only believed to be reach by those deemed desirable.    



106 

 

References  

Aaronson, D., Mazumder, B., Hartley, D. A., & Harrison Stinson, M. (2022). The long-

run effects of the 1930s redlining maps on children. SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.4094372  

Aaronson, D., Faber, J., Hartley, D., Mazumder, B., & Sharkey, P. (2020). The long-run 

effects of the 1930s HOLC “redlining” maps on place-based measures of 

economic opportunity and socioeconomic success. (Working Paper, No. 2020-33) 

https://doi.org/10.21033/wp-2020-33 

Abbasi, A., Juszczyk, D., van Jaarsveld, C., & Gulliford, M. C. (2017). Body mass index 

and incident type 1 and type 2 diabetes in children and young adults: A 

retrospective cohort study. Journal of the Endocrine Society, 1(5), 524–537. 

https://doi.org/10.1210/js.2017-00044 

Akinbami, L. J., Ogden, C. L. (2009). Childhood overweight prevalence in the United 

States: The impact of parent-reported height and weight. Obesity (Silver 

Spring),17(8), 1574–1580. https://doi.org/10.1038/oby.2009.1  

Akoglu, H. (2018). User’s guide to correlation coefficients. Turkish Journal of 

Emergency Medicine, 18. https://doi.org/10.1016/j.tjem.2018.08.001  

Alkhalidy, H., Orabi, A., Alnaser, K., Al-Shami, I., Alzboun, T., Obeidat, M. D., & Liu, 

D. (2021). Obesity measures as predictors of type 2 diabetes and cardiovascular 

diseases among the Jordanian population: A cross-sectional study. International 

Journal of Environmental Research and Public Health, 18(22), 12187. 

https://doi.org/10.3390/ijerph182212187 

https://doi.org/10.2139/ssrn.4094372
https://doi.org/10.21033/wp-2020-33
https://doi.org/10.1210/js.2017-00044
https://doi.org/10.1038/oby.2009.1
https://doi.org/10.1016/j.tjem.2018.08.001
https://doi.org/10.3390/ijerph182212187


107 

 

Alpert, J. S. (2018). The role of the environment in health outcomes. The American 

Journal of Medicine, 131(10), 1137–1138. 

https://doi.org/10.1016/j.amjmed.2018.06.001 

American Diabetes Association. (n.d.). Statistics about diabetes. 

https://diabetes.org/about-us/statistics/about-

diabetes#:~:text=Diabetes%20in%20youth,approximately%200.35%25%20of%2

0that%20population  

Anam, M. R., Akter, S., Hossain, F., Bonny, S. Q., Akter, J., Zhang, C., Rahman, M. M., 

& Mian, M. (2022). Association of sleep duration and sleep quality with 

overweight/obesity among adolescents of Bangladesh: A multilevel 

analysis. BMC Public Health, 22(1), 374. https://doi.org/10.1186/s12889-022-

12774-0  

Anders, J. (2019). The long run effects of de jure discrimination in the credit market: 

How redlining increased crime (working paper). Retrieved November 30, 2021, 

from https://jpaulanders.com/the-long-run-effects-of-de-jure-discrimination-in-

the-credit-market-how-redlining-increased-crime/ 

Andes, L. J., Cheng, Y. J., Rolka, D. B., Gregg, E. W., & Imperatore, G. (2020). 

Prevalence of prediabetes among adolescents and young adults in the United 

States, 2005-2016. JAMA Pediatrics, 174(2), e194498. 

https://doi.org/10.1001/jamapediatrics.2019.4498  

Ando, S., Koyama, T., Kuriyama, N., Ozaki, E., & Uehara, R. (2020). The association of 

daily physical activity behaviors with visceral fat. Obesity Research & Clinical 

https://doi.org/10.1016/j.amjmed.2018.06.001
https://diabetes.org/about-us/statistics/about-diabetes#:~:text=Diabetes%20in%20youth,approximately%200.35%25%20of%20that%20population
https://diabetes.org/about-us/statistics/about-diabetes#:~:text=Diabetes%20in%20youth,approximately%200.35%25%20of%20that%20population
https://diabetes.org/about-us/statistics/about-diabetes#:~:text=Diabetes%20in%20youth,approximately%200.35%25%20of%20that%20population
https://doi.org/10.1186/s12889-022-12774-0
https://doi.org/10.1186/s12889-022-12774-0
https://jpaulanders.com/the-long-run-effects-of-de-jure-discrimination-in-the-credit-market-how-redlining-increased-crime/
https://jpaulanders.com/the-long-run-effects-of-de-jure-discrimination-in-the-credit-market-how-redlining-increased-crime/
https://doi.org/10.1001/jamapediatrics.2019.4498


108 

 

Practice, 14(6), 531–535. https://doi.org/10.1016/j.orcp.2020.10.004  

Andrade C. (2018). Internal, external, and ecological validity in research design, conduct, 

and evaluation. Indian Journal of Psychological Medicine, 40(5), 498–499. 

https://doi.org/10.4103/IJPSYM.IJPSYM_334_18 

Andrade, L., Geffin, R., Maguire, M., Rodriguez, P., Castro, G., Alkhatib, A., & 

Barengo, N. C. (2021). The associations between access to recreational facilities 

and adherence to the American Heart Association’s physical activity guidelines in 

US adults. Frontiers in Public Health, 9, 660624. 

https://doi.org/10.3389/fpubh.2021.660624 

Andres, U. M., Townsley, J. T., & Nowlin, M. (2022, August 18). The lasting impacts of 

segregation and redlining. https://www.savi.org/2021/06/24/lasting-impacts-of-

segregation/   

Appel, I., & Nickerson, J. (2016). Pockets of poverty: The long-term effects of 

redlining.  https://ssrn.com/abstract=2852856 or http://dx.doi.org/10.2139/ssrn.28

52856 

Artiga, S., & Hinton, E. (2019, July 9). Beyond health care: The role of social 

determinants in promoting health and health equity. https://www.kff.org/racial-

equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-

determinants-in-promoting-health-and-health-

equity/#:~:text=Determinants%20of%20Health%3F-

,Social%20determinants%20of%20health%20are%20the%20conditions%20in%2

0which%20people,health%20care%20(Figure%201)   

https://doi.org/10.1016/j.orcp.2020.10.004
https://doi.org/10.4103/IJPSYM.IJPSYM_334_18
https://doi.org/10.3389/fpubh.2021.660624
https://www.savi.org/2021/06/24/lasting-impacts-of-segregation/
https://www.savi.org/2021/06/24/lasting-impacts-of-segregation/
https://ssrn.com/abstract=2852856
https://dx.doi.org/10.2139/ssrn.2852856
https://dx.doi.org/10.2139/ssrn.2852856
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/#:~:text=Determinants%20of%20Health%3F-,Social%20determinants%20of%20health%20are%20the%20conditions%20in%20which%20people,health%20care%20(Figure%201)


109 

 

Azagba, S., Shan, L., & Latham, K. (2019). Overweight and obesity among sexual 

minority adults in the United States. International Journal of Environmental 

Research and Public Health, 16(10), 1828. 

https://doi.org/10.3390/ijerph16101828 

Baker, E. H., Milner, A. N., & Campbell, A. D. (2015). A pilot study to promote walking 

among obese and overweight individuals: walking buses for adults. Public 

health, 129(6), 822–824. https://doi.org/10.1016/j.puhe.2015.03.021 

Balcetis, E., Cole, S., & Duncan, D. T. (2020). How walkable neighborhoods promote 

physical activity: policy implications for development and renewal. Policy 

Insights from the Behavioral and Brain Sciences, 7(2), 173–180. 

https://doi.org/10.1177/2372732220939135 

Balentine, J.R. (2015). What causes obesity? 

http://www.medicinenet.com/obesity_weight_loss/page3.htm  

Batchelder, A., & Matusitz, J. (2014). "Let's Move" campaign: applying the extended 

parallel process model. Social work in public health, 29(5), 462–472. 

https://doi.org/10.1080/19371918.2013.865110 

Berzofsky, M., Smiley-McDonald, H., Moore, A., & Krebs, C. (2014). (rep.). Measuring 

Socioeconomic Status (SES) in the NCVS: Background, Options, and 

Recommendations. Bureau of Justice Statistics U.S. Department of Justice. 

Retrieved from 

https://bjs.ojp.gov/sites/g/files/xyckuh236/files/media/document/measuring_ses-

paper_authorship_corrected.pdf.  

https://doi.org/10.3390/ijerph16101828
https://doi.org/10.1016/j.puhe.2015.03.021
https://doi.org/10.1177/2372732220939135
http://www.medicinenet.com/obesity_weight_loss/page3.htm
https://doi.org/10.1080/19371918.2013.865110
https://bjs.ojp.gov/sites/g/files/xyckuh236/files/media/document/measuring_ses-paper_authorship_corrected.pdf
https://bjs.ojp.gov/sites/g/files/xyckuh236/files/media/document/measuring_ses-paper_authorship_corrected.pdf


110 

 

Best, R., & Mejia, E. (2022, February 9). The lasting legacy of Redlining. 

FiveThirtyEight. Retrieved December 6, 2022, from 

https://projects.fivethirtyeight.com/redlining/#:~:text=How%20an%20anti%2DBl

ack%20past,the%2031%20cities%20we%20analyzed.  

Bhandari, P. (2022, October 10). External Validity | Definition, Types, Threats & 

Examples. Scribbr. https://www.scribbr.com/methodology/external-validity/ 

Bhupathiraju, S. N., & Hu, F. B. (2016). Epidemiology of obesity and diabetes and their 

cardiovascular complications. Circulation research, 118(11), 1723–1735. 

https://doi.org/10.1161/CIRCRESAHA.115.306825 

Bingham, M. (2022). Social deprivation and urbanization levels influence DKA Rates in 

Germany. Diabetes Care, 45(8), 1705–1706. 

https://doi.org/https://doi.org/10.2337/dc22-ti08  

Blechman, P. (2022, July 1). Maryland obesity percentages from 2012 to 2022. BarBend. 

https://barbend.com/obesity-data-maryland/  

Bonanno, L., Metro, D., Papa, M., Finzi, G., Maviglia, A., Sottile, F., Corallo, F., & 

Manasseri, L. (2019). Assessment of sleep and obesity in adults and children: 

observational study. Medicine, 98(46), e17642. 

https://doi.org/10.1097/MD.0000000000017642 

Boone, Christopher & Buckley, Geoffrey & Grove, Morgan & Sister, Chona. (2009). 

Parks and People: An environmental justice inquiry in Baltimore, Maryland. 

Annals of The Association of American Geographers - ANN ASSN AMER 

GEOGR. 99. 767-787. 10.1080/00045600903102949. 

https://www.scribbr.com/methodology/external-validity/
https://doi.org/10.1161/CIRCRESAHA.115.306825
https://doi.org/https:/doi.org/10.2337/dc22-ti08
https://doi.org/10.1097/MD.0000000000017642


111 

 

Boulé, N. G., Haddad, E., Kenny, G. P., Wells, G. A., & Sigal, R. J. (2001). Effects of 

exercise on glycemic control and body mass in type 2 diabetes mellitus: a meta-

analysis of controlled clinical trials. JAMA, 286(10), 1218–1227. 

https://doi.org/10.1001/jama.286.10.1218 

Bower, K. M., Thorpe, R. J., Jr, Yenokyan, G., McGinty, E. E., Dubay, L., & Gaskin, D. 

J. (2015). Racial residential segregation and disparities in obesity among women. 

Journal of Urban Health: bulletin of the New York Academy of Medicine, 92(5), 

843–852. https://doi.org/10.1007/s11524-015-9974-z 

Brady, E., Bridges, K., Murray, M., Cheng, H., Liu, B., He, J., & Woodward, J. (2021). 

Relationship between a comprehensive social determinants of health screening 

and type 2 diabetes mellitus. Preventive medicine reports, 23, 101465. 

https://doi.org/10.1016/j.pmedr.2021.101465 

Bryan, S., Afful, J., Carroll, M., Te-Ching, C., Orlando, D., Fink, S., & Fryar, C. N. H. S. 

R. (2021). NHSR 158. National Health and Nutrition Examination Survey 2017–

March 2020 Pre-pandemic Data Files. National Center for Health Statistics (US). 

http://dx.doi.org/10.15620/cdc:106273 

Byrd, A. S., Toth, A. T., & Stanford, F. C. (2018). Racial disparities in obesity 

yreatment. Current obesity reports, 7(2), 130–138. 

https://doi.org/10.1007/s13679-018-0301-3 

Callahan, E. A. (2019). Global Trends in Obesity. In Current status and response to the 

global obesity pandemic: Proceedings of a workshop. essay, The National 

Academies Press. Retrieved from 

https://doi.org/10.1001/jama.286.10.1218
https://doi.org/10.1016/j.pmedr.2021.101465
http://dx.doi.org/10.15620/cdc:106273
https://doi.org/10.1007/s13679-018-0301-3


112 

 

https://www.ncbi.nlm.nih.gov/books/NBK544130/.  

Capps, K., &amp; Mock, B. (2019, October 18). Inside 2020 candidates' plans to address 

redlining. Bloomberg.com. https://www.bloomberg.com/news/articles/2019-10-

18/inside-2020-candidates-plans-to-address-redlining 

Castro, D. C., Samuels, M., & Harman, A. E. (2013). Growing healthy kids: a community 

garden-based obesity prevention program. American journal of preventive 

medicine, 44(3 Suppl 3), S193–S199. 

https://doi.org/10.1016/j.amepre.2012.11.024 

Cedillo, Y. E., Murillo, A. L., & Fernández, J. R. (2019). The association between 

allostatic load and anthropometric measurements among a multiethnic cohort of 

children. Pediatric obesity, 14(6), e12501. https://doi.org/10.1111/ijpo.12501 

Centers for Disease Control and Prevention (2021). About Child & Teen BMI. 

https://www.cdc.gov/healthyweight/assessing/bmi/childrens_bmi/about_childrens

_bmi.html#HowIsBMICalculated 

Centers for Disease Control and Prevention. (2011). Body Mass Index: Considerations 

for Practitioners. https://www.cdc.gov/obesity/downloads/bmiforpactitioners.pdf 

Centers for Disease Control and Prevention. (2012). Overweight and obesity: Causes and 

consequences. https://www.cdc.gov/obesity/adult/causes.html 

Centers for Disease Control and Prevention. (2018).  Social Determinants of Health: 

Know What Affects Health.  https://www.cdc.gov/socialdeterminants/index.htm 

Centers for Disease Control and Prevention. (2020). Social Determinants of Health. 

https://health.gov/healthypeople/priority-areas/social-determinants-health  

https://www.ncbi.nlm.nih.gov/books/NBK544130/
https://doi.org/10.1016/j.amepre.2012.11.024
https://doi.org/10.1111/ijpo.12501
https://www.cdc.gov/healthyweight/assessing/bmi/childrens_bmi/about_childrens_bmi.html#HowIsBMICalculated
https://www.cdc.gov/healthyweight/assessing/bmi/childrens_bmi/about_childrens_bmi.html#HowIsBMICalculated
https://www.cdc.gov/obesity/downloads/bmiforpactitioners.pdf
https://www.cdc.gov/obesity/adult/causes.html
https://www.cdc.gov/socialdeterminants/index.htm
https://health.gov/healthypeople/priority-areas/social-determinants-health


113 

 

Centers for Disease Control and Prevention. (2021, December 16). Type 2 diabetes. 

https://www.cdc.gov/diabetes/basics/type2.html#:~:text=More%20than%2037%2

0million%20Americans,adults%20are%20also%20developing%20it.  

Centers for Disease Control and Prevention. (2021, December 3). Defining childhood 

weight status. https://www.cdc.gov/obesity/basics/childhood-

defining.html#:~:text=BMI%20for%20Children%20and%20Teens&text=Body%

20mass%20index%20(BMI)%20is,square%20of%20height%20in%20meters.  

Centers for Disease Control and Prevention. (2022, June 17). Children, obesity, and 

Covid-19. https://www.cdc.gov/obesity/data/children-obesity-COVID-

19.html#:~:text=A%20study%20of%20432%2C302%20children,and%20younger

%20school%2Daged%20children.  

Centers for Disease Control and Prevention. (2022, June 3). How much physical activity 

do children need? Centers for Disease Control and Prevention. 

https://www.cdc.gov/physicalactivity/basics/children/index.htm#:~:text=60%20m

inutes%20or%20more%20of,should%20include%20vigorous%2Dintensity%20ac

tivities  

Centers for Disease Control and Prevention. (2022, May 17). Childhood obesity facts. 

Centers for Disease Control and Prevention. 

https://www.cdc.gov/obesity/data/childhood.html#:~:text=Prevalence%20of%20

Childhood%20Obesity%20in%20the%20United%20States&text=For%20children

%20and%20adolescents%20aged,14.7%20million%20children%20and%20adoles

cents.  

https://www.cdc.gov/diabetes/basics/type2.html#:~:text=More%20than%2037%20million%20Americans,adults%20are%20also%20developing%20it
https://www.cdc.gov/diabetes/basics/type2.html#:~:text=More%20than%2037%20million%20Americans,adults%20are%20also%20developing%20it
https://www.cdc.gov/obesity/basics/childhood-defining.html#:~:text=BMI%20for%20Children%20and%20Teens&text=Body%20mass%20index%20(BMI)%20is,square%20of%20height%20in%20meters
https://www.cdc.gov/obesity/basics/childhood-defining.html#:~:text=BMI%20for%20Children%20and%20Teens&text=Body%20mass%20index%20(BMI)%20is,square%20of%20height%20in%20meters
https://www.cdc.gov/obesity/basics/childhood-defining.html#:~:text=BMI%20for%20Children%20and%20Teens&text=Body%20mass%20index%20(BMI)%20is,square%20of%20height%20in%20meters
https://www.cdc.gov/obesity/data/children-obesity-COVID-19.html#:~:text=A%20study%20of%20432%2C302%20children,and%20younger%20school%2Daged%20children
https://www.cdc.gov/obesity/data/children-obesity-COVID-19.html#:~:text=A%20study%20of%20432%2C302%20children,and%20younger%20school%2Daged%20children
https://www.cdc.gov/obesity/data/children-obesity-COVID-19.html#:~:text=A%20study%20of%20432%2C302%20children,and%20younger%20school%2Daged%20children
https://www.cdc.gov/obesity/data/childhood.html#:~:text=Prevalence%20of%20Childhood%20Obesity%20in%20the%20United%20States&text=For%20children%20and%20adolescents%20aged,14.7%20million%20children%20and%20adolescents
https://www.cdc.gov/obesity/data/childhood.html#:~:text=Prevalence%20of%20Childhood%20Obesity%20in%20the%20United%20States&text=For%20children%20and%20adolescents%20aged,14.7%20million%20children%20and%20adolescents
https://www.cdc.gov/obesity/data/childhood.html#:~:text=Prevalence%20of%20Childhood%20Obesity%20in%20the%20United%20States&text=For%20children%20and%20adolescents%20aged,14.7%20million%20children%20and%20adolescents
https://www.cdc.gov/obesity/data/childhood.html#:~:text=Prevalence%20of%20Childhood%20Obesity%20in%20the%20United%20States&text=For%20children%20and%20adolescents%20aged,14.7%20million%20children%20and%20adolescents


114 

 

Centers for Disease Control and Prevention. Diabetes Report Card 2021. US Dept of 

Health and Human Services; 2022 

Chamberlain, A. M., Finney Rutten, L. J., Wilson, P. M., Fan, C., Boyd, C. M., Jacobson, 

D. J., Rocca, W. A., & St Sauver, J. L. (2020). Correction to: neighborhood 

socioeconomic disadvantage is associated with multimorbidity in a geographically 

defined community. BMC public health, 20(1), 1412. 

https://doi.org/10.1186/s12889-020-09527-2 

Charmandari, E., Tsigos, C., & Chrousos, G. (2005). Endocrinology of the stress 

response. Annual review of physiology, 67, 259–284. 

https://doi.org/10.1146/annurev.physiol.67.040403.120816 

Cheung, P. C., Cunningham, S. A., Narayan, K. M., & Kramer, M. R. (2016). Childhood 

obesity incidence in the United States: A Systematic Review. Childhood obesity 

(Print), 12(1), 1–11. https://doi.org/10.1089/chi.2015.0055 

Chiarelli, F., & Marcovecchio, M. L. (2008). Insulin resistance and obesity in 

childhood, European Journal of Endocrinology, 159(suppl_1), S67-S74. 

https://doi.org/10.1530/EJE-08-0245 

Child and Adolescent Health Measurement Initiative (2021). “Fast Facts: 2019-2020 

National Survey of Children’s Health.” Data Resource Center for Child and 

Adolescent Health supported by the U.S. Department of Health and Human 

Services, Health Resources and Services Administration (HRSA), Maternal and 

Child Health Bureau (MCHB).  

Child and Adolescent Health Measurement Initiative [CAHMI, (2022)]. 2019-2020 

https://doi.org/10.1186/s12889-020-09527-2
https://doi.org/10.1146/annurev.physiol.67.040403.120816
https://doi.org/10.1089/chi.2015.0055
https://doi.org/10.1530/EJE-08-0245


115 

 

National Survey of Children's Health (2 years combined dataset): SPSS dataset. 

Data Resource Center for Child and Adolescent Health supported by Cooperative 

Agreement U59MC27866 from the U.S. Department of Health and Human 

Services, Health Resources and Services Administration (HRSA), Maternal and 

Child Health Bureau (MCHB). Retrieved [03/21/23] from childhealthdata.org 

Child and Adolescent Health Measurement Initiative [CAHMI, (2022)]. 2019-2020 

National Survey of Children’s Health (2 years combined dataset). SPSS codebook 

for data users: Child and Family Health Measures, National Performance and 

Outcome Measures, and Subgroups, Version 1.2. Data Resource Center for Child 

and Adolescent Health supported by Cooperative Agreement U59MC27866 from 

the U.S. Department of Health and Human Services, Health Resources and 

Services Administration (HRSA), Maternal and Child Health Bureau (MCHB). 

Retrieved [03/21/23] from www.childhealthdata.org 

Chobot, A., Górowska-Kowolik, K., Sokołowska, M., & Jarosz-Chobot, P. (2018). 

Obesity and diabetes-Not only a simple link between two 

epidemics. Diabetes/metabolism research and reviews, 34(7), e3042. 

https://doi.org/10.1002/dmrr.3042 

Chooi, Y. C., Ding, C., & Magkos, F. (2019). The epidemiology of obesity. Metabolism, 

92, 6–10. https://doi.org/10.1016/j.metabol.2018.09.005  

Clark, M. L., & Utz, S. W. (2014). Social determinants of type 2 diabetes and health in 

the United States. World journal of diabetes, 5(3), 296–304. 

https://doi.org/10.4239/wjd.v5.i3.296 

http://www.childhealthdata.org/
https://doi.org/10.1002/dmrr.3042
https://doi.org/10.1016/j.metabol.2018.09.005
https://doi.org/10.4239/wjd.v5.i3.296


116 

 

Columbia Broadcasting Services (CBS). (2020, June 12). Redlining's legacy: Maps are 

gone, but the problem hasn't disappeared. MoneyWatch. Retrieved from 

https://www.cbsnews.com/news/redlining-what-is-history-mike-bloomberg-

comments/.  

Creatore, M. I., Glazier, R. H., Moineddin, R., Fazli, G. S., Johns, A., Gozdyra, P., 

Matheson, F. I., Kaufman-Shriqui, V., Rosella, L. C., Manuel, D. G., & Booth, G. 

L. (2016). Association of neighborhood walkability with change in overweight, 

obesity, and diabetes. JAMA, 315(20), 2211–2220. 

https://doi.org/10.1001/jama.2016.58984 

Cronin, C. E., & Gran, B. K. (2018). The importance of environment: neighborhood 

characteristics and parent perceptions of child health. Journal of child health 

care: for professionals working with children in the hospital and 

community, 22(4), 658–669. https://doi.org/10.1177/1367493518768453 

Cunningham, S. A., Hardy, S. T., Jones, R., Ng, C., Kramer, M. R., & Narayan, K. 

(2022). Changes in the incidence of childhood obesity. Pediatrics, 150(2), 

e2021053708. https://doi.org/10.1542/peds.2021-053708 

Daepp, M., Gortmaker, S. L., Wang, Y. C., Long, M. W., & Kenney, E. L. (2019). WIC 

food package changes: trends in childhood obesity Prevalence. Pediatrics, 143(5), 

e20182841. https://doi.org/10.1542/peds.2018-2841 

Darsini, D., Hamidah, H., Notobroto, H. B., & Cahyono, E. A. (2020). Health risks 

associated with high waist circumference: A systematic review. Journal of public 

health research, 9(2), 1811. https://doi.org/10.4081/jphr.2020.1811 

https://doi.org/10.1001/jama.2016.58984
https://doi.org/10.1177/1367493518768453
https://doi.org/10.1542/peds.2021-053708
https://doi.org/10.4081/jphr.2020.1811


117 

 

De Lorenzo, A., Romano, L., Di Renzo, L., Di Lorenzo, N., Cenname, G., & Gualtieri, P. 

(2020). Obesity: A preventable, treatable, but relapsing disease. Nutrition 

(Burbank, Los Angeles County, Calif.), 71, 110615. 

https://doi.org/10.1016/j.nut.2019.110615 

den Braver NR, Lakerveld J, Rutters F, Schoonmade LJ, Brug J, Beulens JWJ (2018) 

Built environmental characteristics and diabetes: a systematic review and meta-

analysis. BMC Med 16(1):12. https://doi.org/10.1186/s12916-017-0997-z 

den Braver, N. R., Lakerveld, J., Rutters, F., Schoonmade, L. J., Brug, J., & Beulens, J. 

W. J. (2018). Built environmental characteristics and diabetes: a systematic 

review and meta-analysis. BMC medicine, 16(1), 12. 

https://doi.org/10.1186/s12916-017-0997-z 

Dendup, T., Feng, X., Clingan, S., & Astell-Burt, T. (2018). Environmental risk factors 

for developing type 2 diabetes mellitus: A systematic review. International 

journal of environmental research and public health, 15(1), 78. 

https://doi.org/10.3390/ijerph15010078 

Divers J, Mayer-Davis EJ, Lawrence JM, et al. Trends in incidence of type 1 and type 2 

diabetes among youths — selected counties and indian reservations, United 

States, 2002–2015. MMWR Morb Mortal Wkly Rep 2020; 69:161–165. 

DOI: http://dx.doi.org/10.15585/mmwr.mm6906a3external icon 

Drake, P., & Rudowitz, R. (2022, April 21). Tracking social determinants of health 

during the COVID-19 pandemic. KFF. Retrieved October 23, 2022, from 

https://www.kff.org/coronavirus-covid-19/issue-brief/tracking-social-

https://doi.org/10.1016/j.nut.2019.110615
https://doi.org/10.1186/s12916-017-0997-z
https://doi.org/10.1186/s12916-017-0997-z
http://dx.doi.org/10.15585/mmwr.mm6906a3


118 

 

determinants-of-health-during-the-covid-19-pandemic/  

Elbel, B., Tamura, K., McDermott, Z. T., Wu, E., & Schwartz, A. E. (2020). Childhood 

obesity and the food environment: A Population-Based Sample of Public-School 

Children in New York City. Obesity (Silver Spring, Md.), 28(1), 65–72. 

https://doi.org/10.1002/oby.22663 

Ellen W. Stowe, S. Morgan Hughey, Shirelle H. Hallum, and Andrew T. 

Kaczynski.Associations between Walkability and Youth Obesity: Differences by 

Urbanicity.Childhood Obesity.Dec 2019.555-

559.http://doi.org/10.1089/chi.2019.0063 

El-Sayed Moustafa, J. S., & Froguel, P. (2013). From obesity genetics to the future of 

personalized obesity therapy. Nature reviews. Endocrinology, 9(7), 402–413. 

https://doi.org/10.1038/nrendo.2013.57 

Fang, M., Wang, D., Coresh, J., & Selvin, E. (2022). Undiagnosed Diabetes in U.S. 

Adults: Prevalence and Trends. Diabetes care, 45(9), 1994–2002. 

https://doi.org/10.2337/dc22-0242 

Faul, F., Erdfelder, E., Lang, A.-G. & Buchner, A. (2007). G*Power 3: A flexible 

statistical power analysis program for the social, behavioral, and biomedical 

sciences. Behavior Research Methods, 39, 175-191. 

Fiechtner, L., Sharifi, M., Sequist, T., Block, J., Duncan, D. T., Melly, S. J., Rifas-

Shiman, S. L., & Taveras, E. M. (2015). Food environments and childhood weight 

status: effects of neighborhood median income. Childhood obesity (Print), 11(3), 

260–268. https://doi.org/10.1089/chi.2014.0139 

https://doi.org/10.1002/oby.22663
https://doi.org/10.1089/chi.2019.0063
https://doi.org/10.1038/nrendo.2013.57
https://doi.org/10.2337/dc22-0242
https://doi.org/10.1089/chi.2014.0139


119 

 

Flanagin, A., Frey, T., Christiansen, S. L., & AMA Manual of Style Committee (2021). 

Updated Guidance on the Reporting of Race and Ethnicity in Medical and Science 

Journals. JAMA, 326(7), 621–627. https://doi.org/10.1001/jama.2021.13304 

Food and Nutrition Services. (2022, October 19). Special Supplemental Nutrition 

Program for Women, infants, and children (WIC). Food and Nutrition Service 

U.S. Department of Agriculture. https://www.fns.usda.gov/wic  

Ford, A. A., Moskal, A. E., & Bai, A. N. (2018, January 22). Stanford Egyptologist 

discovers that public health care has ancient roots. Scope. 

https://scopeblog.stanford.edu/2014/11/19/stanford-egyptologist-discovers-that-

public-health-care-has-ancient-roots/  

Fradkin, C., Wallander, J. L., Elliott, M. N., Tortolero, S., Cuccaro, P., & Schuster, M. A. 

(2015). Associations between socioeconomic status and obesity in diverse, young 

adolescents: variation across race/ethnicity and gender. Health psychology: 

official journal of the Division of Health Psychology, American Psychological 

Association, 34(1), 1–9. https://doi.org/10.1037/hea0000099  

Fradkin, C., Wallander, J. L., Elliott, M. N., Tortolero, S., Cuccaro, P., & Schuster, M. A. 

(2015). Associations between socioeconomic status and obesity in diverse, young 

adolescents: variation across race/ethnicity and gender. Health psychology: 

official journal of the Division of Health Psychology, American Psychological 

Association, 34(1), 1–9. https://doi.org/10.1037/hea0000099 

Franks, P. W., Hanson, R. L., Knowler, W. C., Moffett, C., Enos, G., Infante, A. M., 

Krakoff, J., & Looker, H. C. (2007). Childhood predictors of young-onset type 2 

https://doi.org/10.1001/jama.2021.13304
https://www.fns.usda.gov/wic
https://doi.org/10.1037/hea0000099


120 

 

diabetes. Diabetes, 56(12), 2964–2972. https://doi.org/10.2337/db06-1639 

Fu, Z., Gilbert, E. R., & Liu, D. (2013). Regulation of insulin synthesis and secretion and 

pancreatic Beta-cell dysfunction in diabetes. Current diabetes reviews, 9(1), 25–

53. 

Galicia-Garcia, U., Benito-Vicente, A., Jebari, S., Larrea-Sebal, A., Siddiqi, H., Uribe, K. 

B., Ostolaza, H., & Martín, C. (2020). Pathophysiology of Type 2 Diabetes 

Mellitus. International journal of molecular sciences, 21(17), 6275. 

https://doi.org/10.3390/ijms21176275 

Gaskin, D. J., Thorpe, R. J., Jr, McGinty, E. E., Bower, K., Rohde, C., Young, J. H., 

LaVeist, T. A., & Dubay, L. (2014). Disparities in diabetes: the nexus of race, 

poverty, and place. American journal of public health, 104(11), 2147–2155. 

https://doi.org/10.2105/AJPH.2013.301420 

 GBD 2015 Obesity Collaborators. (2017). Health effects of overweight and obesity in 

195 countries over 25 years. New England journal of medicine, 377(1), 13-27. 

https://www.nejm.org/doi/full/10.1056/NEJMoa1614362 

Gerst, F., Wagner, R., Oquendo, M. B., Siegel-Axel, D., Fritsche, A., Heni, M., Staiger, 

H., Häring, H. U., & Ullrich, S. (2019). What role do fat cells play in pancreatic 

tissue?. Molecular metabolism, 25, 1–10. 

https://doi.org/10.1016/j.molmet.2019.05.001 

Ghandour, R. M., Jones, J. R., Lebrun-Harris, L. A., Minnaert, J., Blumberg, S. J., Fields, 

J., Bethell, C., & Kogan, M. D. (2018). The Design and Implementation of the 

2016 National Survey of Children's Health. Maternal and child health journal, 

https://doi.org/10.3390/ijms21176275
https://doi.org/10.2105/AJPH.2013.301420
https://www.nejm.org/doi/full/10.1056/NEJMoa1614362
https://doi.org/10.1016/j.molmet.2019.05.001


121 

 

22(8), 1093–1102. https://doi.org/10.1007/s10995-018-2526-x 

Gieseking, J.J. (2014). Environmental Psychology, Overview. In: Teo, T. (eds) 

Encyclopedia of Critical Psychology. Springer, New York, NY. 

https://doi.org/10.1007/978-1-4614-5583-7_674 

Gill, J. M., & Cooper, A. R. (2008). Physical activity and prevention of type 2 diabetes 

mellitus. Sports medicine (Auckland, N.Z.), 38(10), 807–824. 

https://doi.org/10.2165/00007256-200838100-00002 

González-Álvarez, M. A., Lázaro-Alquézar, A., & Simón-Fernández, M. B. (2020). 

Global Trends in Child Obesity: Are Figures Converging?. International journal 

of environmental research and public health, 17(24), 9252. 

https://doi.org/10.3390/ijerph17249252 

Goodman, M., Lyons, S., Dean, L. T., Arroyo, C., & Hipp, J. A. (2018). How 

Segregation Makes Us Fat: Food Behaviors and Food Environment as Mediators 

of the Relationship Between Residential Segregation and Individual Body Mass 

Index. Frontiers in public health, 6, 92. https://doi.org/10.3389/fpubh.2018.00092 

Gorski Findling, M. T., Wolfson, J. A., Rimm, E. B., & Bleich, S. N. (2018). Differences 

in the Neighborhood Retail Food Environment and Obesity Among US Children 

and Adolescents by SNAP Participation. Obesity (Silver Spring, Md.), 26(6), 

1063–1071. https://doi.org/10.1002/oby.22184  

Gwam, P., Noble, E., & Freemark, Y. (2022, April 28). Redefining walkability. Urban 

Institute. https://www.urban.org/features/redefining-walkability  

Hager, E. R., Cockerham, A., O'Reilly, N., Harrington, D., Hard ing, J., Hurley, K. M., & 

https://doi.org/10.1007/s10995-018-2526-x
https://doi.org/10.1007/978-1-4614-5583-7_674
https://doi.org/10.2165/00007256-200838100-00002
https://doi.org/10.3390/ijerph17249252
https://doi.org/10.3389/fpubh.2018.00092


122 

 

Black, M. M. (2017). Food swamps and food deserts in Baltimore City, MD, 

USA: associations with dietary behaviours among urban adolescent girls. Public 

health nutrition, 20(14), 2598–2607. https://doi.org/10.1017/S1368980016002123 

Hajna, S., Ross, N. A., Joseph, L., Harper, S., & Dasgupta, K. (2016). Neighbourhood 

Walkability and Daily Steps in Adults with Type 2 Diabetes. PloS one, 11(3), 

e0151544. https://doi.org/10.1371/journal.pone.0151544 

Hebebrand, J., & Hinney, A. (2009). Environmental and genetic risk factors in 

obesity. Child and adolescent psychiatric clinics of North America, 18(1), 83–94. 

https://doi.org/10.1016/j.chc.2008.07.006 

Herranz R. (2003). Cholecystokinin antagonists: pharmacological and therapeutic 

potential. Medicinal research reviews, 23(5), 559–605. 

https://doi.org/10.1002/med.10042 

Hill, J., Nielsen, M., & Fox, M. H. (2013). Understanding the social factors that 

contribute to diabetes: a means to informing health care and social policies for the 

chronically ill. The Permanente journal, 17(2), 67–72. 

https://doi.org/10.7812/TPP/12-099 

Hill-Briggs, F., Adler, N. E., Berkowitz, S. A., Chin, M. H., Gary-Webb, T. L., Navas-

Acien, A., Thornton, P. L., & Haire-Joshu, D. (2020). Social Determinants of 

Health and Diabetes: A Scientific Review. Diabetes care, 44(1), 258–279. 

Advance online publication. https://doi.org/10.2337/dci20-0053 

Hill-Briggs, F., Adler, N. E., Berkowitz, S. A., Chin, M. H., Gary-Webb, T. L., Navas-

Acien, A., Thornton, P. L., & Haire-Joshu, D. (2020). Social Determinants of 

https://doi.org/10.1017/S1368980016002123
https://doi.org/10.1371/journal.pone.0151544
https://doi.org/10.1016/j.chc.2008.07.006
https://doi.org/10.1002/med.10042
https://doi.org/10.7812/TPP/12-099
https://doi.org/10.2337/dci20-0053


123 

 

Health and Diabetes: A Scientific Review. Diabetes care, 44(1), 258–279. 

Advance online publication. https://doi.org/10.2337/dci20-0053 

Homeless population by state 2022. World Population Review. (n.d.). 

https://worldpopulationreview.com/state-rankings/homeless-population-by-state 

Hong, I., Coker-Bolt, P., Anderson, K. R., Lee, D., & Velozo, C. A. (2016). Relationship 

Between Physical Activity and Overweight and Obesity in Children: Findings 

From the 2012 National Health and Nutrition Examination Survey National Youth 

Fitness Survey. The American journal of occupational therapy: official 

publication of the American Occupational Therapy Association, 70(5), 

7005180060p1–7005180060p8. https://doi.org/10.5014/ajot.2016.021212 

Howell, N. A., & Booth, G. L. (2022). The weight of place: Built environment correlates 

of obesity and diabetes. Endocrine Reviews. 

https://doi.org/10.1210/endrev/bnac005  

HRSA. (n.d.). Definition of family.  https://www.hrsa.gov/get-health-care/affordable/hill-

burton/family#:~:text=Family%3A%20A%20family%20is%20a,as%20members

%20of%20one%20family.  

Hu, J., Kind, A., & Nerenz, D. (2018). Area Deprivation Index Predicts Readmission 

Risk at an Urban Teaching Hospital. American journal of medical quality: the 

official journal of the American College of Medical Quality, 33(5), 493–501. 

https://doi.org/10.1177/1062860617753063 

Huang, S. J., & Sehgal, N. J. (2022). Association of historic redlining and present-day 

health in Baltimore. PloS one, 17(1), e0261028. 

https://doi.org/10.2337/dci20-0053
https://doi.org/10.5014/ajot.2016.021212
https://www.hrsa.gov/get-health-care/affordable/hill-burton/family#:~:text=Family%3A%20A%20family%20is%20a,as%20members%20of%20one%20family
https://www.hrsa.gov/get-health-care/affordable/hill-burton/family#:~:text=Family%3A%20A%20family%20is%20a,as%20members%20of%20one%20family
https://www.hrsa.gov/get-health-care/affordable/hill-burton/family#:~:text=Family%3A%20A%20family%20is%20a,as%20members%20of%20one%20family
https://doi.org/10.1177/1062860617753063


124 

 

https://doi.org/10.1371/journal.pone.0261028 

Hume, C., Grieger, J. A., Kalamkarian, A., D'Onise, K., & Smithers, L. G. (2022). 

Community gardens and their effects on diet, health, psychosocial and community 

outcomes: a systematic review. BMC public health, 22(1), 1247. 

https://doi.org/10.1186/s12889-022-13591-1 

Huvenne, H., Dubern, B., Clément, K., & Poitou, C. (2016). Rare Genetic Forms of 

Obesity: Clinical Approach and Current Treatments in 2016. Obesity facts, 9(3), 

158–173. https://doi.org/10.1159/000445061 

Isong, I. A., Rao, S. R., Bind, M. A., Avendaño, M., Kawachi, I., & Richmond, T. K. 

(2018). Racial and Ethnic Disparities in Early Childhood 

Obesity. Pediatrics, 141(1), e20170865. https://doi.org/10.1542/peds.2017-0865 

Jan, T. (2021, November 24). Analysis | redlining was banned 50 years ago. it's still 

hurting minorities today. The Washington Post. 

https://www.washingtonpost.com/news/wonk/wp/2018/03/28/redlining-was-

banned-50-years-ago-its-still-hurting-minorities-today/  

Jargowsky, Paul & Tursi, Natasha. (2015). Concentrated Disadvantage. International 

Encyclopedia of the Social & Behavioral Sciences. https://doi.org/10.1016/B978-

0-08-097086-8.32192-4 

Jashinsky, J., Gay, J., Hansen, N., & Muilenburg, J. (2016). Differences in TV viewing 

and computer game playing’s relationships with physical activity and eating 

behaviors among adolescents: An NHANES study. American Journal of Health 

Education, 48(1), 41–47. https://doi.org/10.1080/19325037.2016.1250017  

https://doi.org/10.1186/s12889-022-13591-1
https://doi.org/10.1159/000445061
https://doi.org/10.1542/peds.2017-0865


125 

 

Javed, Z., Valero-Elizondo, J., Maqsood, M. H., Mahajan, S., Taha, M. B., Patel, K. V., 

Sharma, G., Hagan, K., Blaha, M. J., Blankstein, R., Mossialos, E., Virani, S. S., 

Cainzos-Achirica, M., & Nasir, K. (2022). Social determinants of health and 

obesity: Findings from a national study of US adults. Obesity (Silver Spring, 

Md.), 30(2), 491–502. https://doi.org/10.1002/oby.23336 

Jeffery, A. N., Metcalf, B. S., Hosking, J., Streeter, A. J., Voss, L. D., & Wilkin, T. J. 

(2012). Age before stage: insulin resistance rises before the onset of puberty: a 9-

year longitudinal study (EarlyBird 26). Diabetes care, 35(3), 536–541. 

https://doi.org/10.2337/dc11-1281 

Jensen, E. T., & Dabelea, D. (2018). Type 2 Diabetes in Youth: New Lessons from the 

SEARCH Study. Current diabetes reports, 18(6), 36. 

https://doi.org/10.1007/s11892-018-0997-1 

Jia, P., Xue, H., Cheng, X., & Wang, Y. (2019). Effects of school neighborhood food 

environments on childhood obesity at multiple scales: a longitudinal kindergarten 

cohort study in the USA. BMC medicine, 17(1), 99. 

https://doi.org/10.1186/s12916-019-1329-2 

Jia, P., Xue, H., Cheng, X., Wang, Y., & Wang, Y. (2019). Association of neighborhood-

built environments with childhood obesity: Evidence from a 9-year longitudinal, 

nationally representative survey in the US. Environment international, 128, 158–

164. https://doi.org/10.1016/j.envint.2019.03.067 

Jian, Y., Messer, L. C., Jagai, J. S., Rappazzo, K. M., Gray, C. L., Grabich, S. C., & 

Lobdell, D. T. (2017). Associations between Environmental Quality and Mortality 

https://doi.org/10.1002/oby.23336
https://doi.org/10.2337/dc11-1281
https://doi.org/10.1007/s11892-018-0997-1
https://doi.org/10.1016/j.envint.2019.03.067


126 

 

in the Contiguous United States, 2000-2005. Environmental health 

perspectives, 125(3), 355–362. https://doi.org/10.1289/EHP119  

Jiang, F., Zhu, S., Yan, C., Jin, X., Bandla, H., & Shen, X. (2009). Sleep and obesity in 

preschool children. The Journal of pediatrics, 154(6), 814–818. 

https://doi.org/10.1016/j.jpeds.2008.12.043 

Karababa, A. (2022). Examining latchkey early adolescents’ perceptions related to their 

unsupervised experiences after school: A phenomenological qualitative study. 

The Family Journal, 0(0). https://doi.org/10.1177/10664807221104116 

Karamanou, M., Panayiotakopoulos, G., Tsoucalas, G., Kousoulis, A. A., & Androutsos, 

G. (2012). From miasmas to germs: a historical approach to theories of infectious 

disease transmission. Le infezioni in medicina, 20(1), 58–62. 

Kelsey, M. M., & Zeitler, P. S. (2016). Insulin Resistance of Puberty. Current diabetes 

reports, 16(7), 64. https://doi.org/10.1007/s11892-016-0751-5 

Kendi, I. X. (2017). Stamped from the beginning: The definitive history of racist ideas in 

America. Bold Type Books.  

Khan, M., Hashim, M. J., King, J. K., Govender, R. D., Mustafa, H., & Al Kaabi, J. 

(2020). Epidemiology of Type 2 Diabetes - Global Burden of Disease and 

Forecasted Trends. Journal of epidemiology and global health, 10(1), 107–111. 

https://doi.org/10.2991/jegh.k.191028.001 

Kim H. Y. (2017). Statistical notes for clinical researchers: Chi-squared test and Fisher's 

exact test. Restorative dentistry & endodontics, 42(2), 152–155. 

https://doi.org/10.5395/rde.2017.42.2.152 

https://doi.org/10.1289/EHP119
https://doi.org/10.1177/10664807221104116
https://doi.org/10.2991/jegh.k.191028.001
https://doi.org/10.5395/rde.2017.42.2.152


127 

 

Koh, H. E., Cao, C., & Mittendorfer, B. (2022). Insulin Clearance in Obesity and Type 2 

Diabetes. International journal of molecular sciences, 23(2), 596. 

https://doi.org/10.3390/ijms23020596 

Koh, K. A., Hoy, J. S., O'Connell, J. J., & Montgomery, P. (2012). The hunger-obesity 

paradox: obesity in the homeless. Journal of urban health: bulletin of the New 

York Academy of Medicine, 89(6), 952–964. https://doi.org/10.1007/s11524-012-

9708-4 

Kong AY, Delamater PL, Gottfredson NC, Ribisl KM, Baggett CD, Golden SD. 

Neighborhood Inequities in Tobacco Retailer Density and the Presence of 

Tobacco-Selling Pharmacies and Tobacco Shops. Health Education & Behavior. 

2022;49(3):478-487. doi:10.1177/10901981211008390 

Kral, T. V. E., Chittams, J., & Moore, R. H. (2017). Relationship between food 

insecurity, child weight status, and parent-reported child eating and snacking 

behaviors. Journal for specialists in pediatric nursing : JSPN, 22(2), 

10.1111/jspn.12177. https://doi.org/10.1111/jspn.12177 

Kral, T., Chittams, J., & Moore, R. H. (2017). Relationship between food insecurity, 

child weight status, and parent-reported child eating and snacking 

behaviors. Journal for specialists in pediatric nursing: JSPN, 22(2), 

10.1111/jspn.12177. https://doi.org/10.1111/jspn.12177 

 Kumar, S., & Kelly, A. S. (2017). Review of Childhood Obesity: From Epidemiology, 

Etiology, and Comorbidities to Clinical Assessment and Treatment. Mayo Clinic 

proceedings, 92(2), 251–265. https://doi.org/10.1016/j.mayocp.2016.09.017 

https://doi.org/10.3390/ijms23020596
https://doi.org/10.1007/s11524-012-9708-4
https://doi.org/10.1007/s11524-012-9708-4
https://doi.org/10.1111/jspn.12177
https://doi.org/10.1111/jspn.12177
https://doi.org/10.1016/j.mayocp.2016.09.017


128 

 

Kurauti MA, Freitas-Dias R, Ferreira SM, Vettorazzi JF, Nardelli TR, Araujo HN, et al. 

(2016) Acute Exercise Improves Insulin Clearance and Increases the Expression 

of Insulin-Degrading Enzyme in the Liver and Skeletal Muscle of Swiss Mice. 

PLoS ONE 11(7): e0160239. https://doi.org/10.1371/journal.pone.0160239 

Ladwa, M., Bello, O., Hakim, O., Boselli, M. L., Shojaee-Moradie, F., Umpleby, A. M., 

Peacock, J., Amiel, S. A., Bonadonna, R. C., & Goff, L. M. (2022). Exploring the 

determinants of ethnic differences in insulin clearance between men of Black 

African and White European ethnicity. Acta diabetologica, 59(3), 329–337. 

https://doi.org/10.1007/s00592-021-01809-4 

Lakerveld, J., & Mackenbach, J. (2017). The Upstream Determinants of Adult 

Obesity. Obesity facts, 10(3), 216–222. https://doi.org/10.1159/000471489 

Larson, N. I., Story, M. T., & Nelson, M. C. (2009). Neighborhood environments: 

disparities in access to healthy foods in the U.S. American journal of preventive 

medicine, 36(1), 74–81. https://doi.org/10.1016/j.amepre.2008.09.025 

LaVeist, T., Pollack, K., Thorpe, R., Jr, Fesahazion, R., & Gaskin, D. (2011). Place, not 

race: disparities dissipate in southwest Baltimore when blacks and whites live 

under similar conditions. Health affairs (Project Hope), 30(10), 1880–1887. 

https://doi.org/10.1377/hlthaff.2011.0640 

Lawrence, J. M., Divers, J., Isom, S., Saydah, S., Imperatore, G., Pihoker, C., Marcovina, 

S. M., Mayer-Davis, E. J., Hamman, R. F., Dolan, L., Dabelea, D., Pettitt, D. J., 

Liese, A. D., & SEARCH for Diabetes in Youth Study Group (2021). Trends in 

Prevalence of Type 1 and Type 2 Diabetes in Children and Adolescents in the US, 

https://doi.org/10.1371/journal.pone.0160239
https://doi.org/10.1007/s00592-021-01809-4
https://doi.org/10.1159/000471489
https://doi.org/10.1016/j.amepre.2008.09.025
https://doi.org/10.1377/hlthaff.2011.0640


129 

 

2001-2017. JAMA, 326(8), 717–727. https://doi.org/10.1001/jama.2021.11165 

Lee, A., Cardel, M., & Donahoo, W. T. (2019). Social and Environmental Factors 

Influencing Obesity. In K. R. Feingold (Eds.) et. al., Endotext. MDText.com, Inc. 

https://www.ncbi.nlm.nih.gov/books/NBK278977/ 

Lee, C. C., Haffner, S. M., Wagenknecht, L. E., Lorenzo, C., Norris, J. M., Bergman, R. 

N., Stefanovski, D., Anderson, A. M., Rotter, J. I., Goodarzi, M. O., & Hanley, A. 

J. (2013). Insulin clearance and the incidence of type 2 diabetes in Hispanics and 

African Americans: the IRAS Family Study. Diabetes care, 36(4), 901–907. 

https://doi.org/10.2337/dc12-1316  

Lee, H.; Kang, H.M.; Ko, Y.J.; Kim, H.S.; Kim, Y.J.; Bae, W.K.; Park, S.; Cho, B. 

Influence of urban neighbourhood environment on physical activity and obesity-

related diseases. Public Health 2015, 129, 1204–1210 

Lee, M., & Schuele, C. (2010). Demographics. In N. J. Salkind (Ed.), Encyclopedia of 

research design (pp. 347-347). SAGE Publications, Inc., 

https://dx.doi.org/10.4135/9781412961288.n108 

Lenhart, C. M., Wiemken, A., Hanlon, A., Perkett, M., & Patterson, F. (2017). Perceived 

neighborhood safety related to physical activity but not recreational screen-based 

sedentary behavior in adolescents. BMC public health, 17(1), 722. 

https://doi.org/10.1186/s12889-017-4756-z 

Leung, A. K., Robson, W. L., Cho, H., & Lim, S. H. (1996). Latchkey children. Journal 

of the Royal Society of Health, 116(6), 356–359. 

https://doi.org/10.1177/146642409611600603 

https://doi.org/10.1001/jama.2021.11165
https://www.ncbi.nlm.nih.gov/books/NBK278977/
https://doi.org/10.2337/dc12-1316
https://dx.doi.org/10.4135/9781412961288.n108
https://doi.org/10.1186/s12889-017-4756-z


130 

 

Levine, J. A., McCrady-Spitzer, S. K., & Batko, S. M. (2016). Addressing obesity in 

homeless children. Science (New York, N.Y.), 353(6306), 1374–1375. 

https://doi.org/10.1126/science.aaj1468 

Liberali, R., Kupek, E., & Assis, M. (2020). Dietary Patterns and Childhood Obesity 

Risk: A Systematic Review. Childhood obesity (Print), 16(2), 70–85. 

https://doi.org/10.1089/chi.2019.0059 

Lin, X., & Li, H. (2021). Obesity: Epidemiology, Pathophysiology, and 

Therapeutics. Frontiers in endocrinology, 12, 706978. 

https://doi.org/10.3389/fendo.2021.706978 

Lin, Y., Fan, R., Hao, Z., Li, J., Yang, X., Zhang, Y., & Xia, Y. (2022). The Association 

Between Physical Activity and Insulin Level Under Different Levels of Lipid 

Indices and Serum Uric Acid. Frontiers in physiology, 13, 809669. 

https://doi.org/10.3389/fphys.2022.809669  

Loh, I. H., Schwendler, T., Trude, A. C. B., Anderson Steeves, E. T., Cheskin, L. J., 

Lange, S., & Gittelsohn, J. (2018). Implementation of Text-Messaging and Social 

Media Strategies in a Multilevel Childhood Obesity Prevention Intervention: 

Process Evaluation Results. INQUIRY: The Journal of Health Care Organization, 

Provision, and Financing. https://doi.org/10.1177/0046958018779189 

Lowry, E., Rautio, N., Wasenius, N., Bond, T. A., Lahti, J., Tzoulaki, I., Dehghan, A., 

Heiskala, A., Ala-Mursula, L., Miettunen, J., Eriksson, J., Järvelin, M. R., & 

Sebert, S. (2020). Early exposure to social disadvantages and later life body mass 

index beyond genetic predisposition in three generations of Finnish birth 

https://doi.org/10.1126/science.aaj1468
https://doi.org/10.1089/chi.2019.0059
https://doi.org/10.3389/fendo.2021.706978
https://doi.org/10.3389/fphys.2022.809669
https://doi.org/10.1177/0046958018779189


131 

 

cohorts. BMC public health, 20(1), 708. https://doi.org/10.1186/s12889-020-

08763-w 

Ludwig, J., Sanbonmatsu, L., Gennetian, L., Adam, E., Duncan, G. J., Katz, L. F., 

Kessler, R. C., Kling, J. R., Lindau, S. T., Whitaker, R. C., & McDade, T. W. 

(2011). Neighborhoods, obesity, and diabetes--a randomized social 

experiment. The New England journal of medicine, 365(16), 1509–1519. 

https://doi.org/10.1056/NEJMsa1103216 

Mackey, E. R., Burton, E. T., Cadieux, A., Getzoff, E., Santos, M., Ward, W., & Beck, A. 

R. (2022). Addressing Structural Racism Is Critical for Ameliorating the 

Childhood Obesity Epidemic in Black Youth. Childhood obesity (Print), 18(2), 

75–83. https://doi.org/10.1089/chi.2021.0153 

Madsen, K. A., Falbe, J., Olgin, G., Ibarra-Castro, A., & Rojas, N. (2019). Purchasing 

patterns in low-income neighbourhoods: implications for studying sugar-

sweetened beverage taxes. Public health nutrition, 22(10), 1807–1814. 

https://doi.org/10.1017/S1368980019000375 

 Magnan, S. 2017. Social Determinants of Health 101 for Health Care: Five Plus 

Five. NAM Perspectives. Discussion Paper, National Academy of Medicine, 

Washington, DC. https://doi.org/10.31478/201710c 

Maryland Dept. of Health, BRFSS Data 2018. (2020). 

https://ibis.health.maryland.gov/query/result/brfss18/Diabetes/AgeAdj.html 

McAlister, K. L., Zink, J., Chu, D., Belcher, B. R., & Dunton, G. F. (2021). Cross-

Sectional and Longitudinal Associations between Non-School Time Physical 

https://doi.org/10.1186/s12889-020-08763-w
https://doi.org/10.1186/s12889-020-08763-w
https://doi.org/10.1056/NEJMsa1103216
https://doi.org/10.1017/S1368980019000375
https://doi.org/10.31478/201710c
https://ibis.health.maryland.gov/query/result/brfss18/Diabetes/AgeAdj.html


132 

 

Activity, Sedentary Time, and Adiposity among Boys and Girls: An Isotemporal 

Substitution Approach. International journal of environmental research and 

public health, 18(9), 4671. https://doi.org/10.3390/ijerph18094671 

McCarthy, S. M., Hughey, S. M., & Kaczynski, A. T. (2017). Examining 

Sociodemographic Differences in Playground Availability and Quality and 

Associations with Childhood Obesity. Childhood obesity (Print), 13(4), 324–331. 

https://doi.org/10.1089/chi.2016.0239 

McCullough L. E. (2022). The Long Red Line: Breast Cancer Incidence at the 

Intersection of Unjust Structural Policies and Their Contemporary 

Manifestations. JNCI cancer spectrum, 6(2), pkac018. 

https://doi.org/10.1093/jncics/pkac018 

McPherson R. (2007). Genetic contributors to obesity. The Canadian journal of 

cardiology, 23 Suppl A (Suppl A), 23A–27A. https://doi.org/10.1016/s0828-

282x(07)71002-4 

Meier, H. C. S., & Mitchell, B. C. (2021). Historic redlining scores for 2010 and 2020 US 

Census tracts. Ann Arbor, MI: Inter-university Consortium for Political and 

Social Research. https://doi.org/10.3886/E141121V2 

Meier, H. C. S., & Mitchell, B. C. (2022, July 8). Tracing the legacy of redlining: A new 

method for tracking the origins of housing segregation " Ncrc. NCRC. Retrieved 

December 6, 2022, from https://ncrc.org/redlining-score/  

Meier, Helen C.S., and Mitchell, Bruce C. Historic Redlining Scores for 2010 and 2020 

US Census Tracts. Ann Arbor, MI: Inter-university Consortium for Political and 

https://doi.org/10.3390/ijerph18094671
https://doi.org/10.1089/chi.2016.0239
https://doi.org/10.1016/s0828-282x(07)71002-4
https://doi.org/10.1016/s0828-282x(07)71002-4
https://doi.org/10.3886/E141121V2
https://doi.org/10.3886/E141121V2


133 

 

Social Research [distributor], 2021-10-15. https://doi.org/10.3886/E141121V2 

Molina-García, J., Menescardi, C., Estevan, I., & Queralt, A. (2021). Associations 

between Park and Playground Availability and Proximity and Children's Physical 

Activity and Body Mass Index: The BEACH Study. International journal of 

environmental research and public health, 19(1), 250. 

https://doi.org/10.3390/ijerph19010250 

Morrison JA, Glueck CJ, Horn PS, Wang P. Childhood Predictors of Adult Type 2 

Diabetes at 9- and 26-Year Follow-ups. Arch Pediatr Adolesc 

Med. 2010;164(1):53–60. doi:10.1001/archpediatrics.2009.228 

Murphy, A. K. (2012). “Litterers”: How Objects of Physical Disorder Are Used to 

Construct Subjects of Social Disorder in a Suburb. The ANNALS of the 

American Academy of Political and Social Science, 642(1), 210–227. 

https://doi.org/10.1177/0002716212438210 

Nardone, A. L., Casey, J. A., Rudolph, K. E., Karasek, D., Mujahid, M., & Morello-

Frosch, R. (2020). Associations between historical redlining and birth outcomes 

from 2006 through 2015 in California. PLOS ONE, 15(8). 

https://doi.org/10.1371/journal.pone.0237241  

Nardone, A., Casey, J. A., Morello-Frosch, R., Mujahid, M., Balmes, J. R., & Thakur, N. 

(2020). Associations between historical residential redlining and current age-

adjusted rates of emergency department visits due to asthma across eight cities in 

California: an ecological study. The Lancet. Planetary health, 4(1), e24–e31. 

https://doi.org/10.1016/S2542-5196(19)30241-4 

https://doi.org/10.3886/E141121V2
https://doi.org/10.3390/ijerph19010250
https://doi.org/10.1016/S2542-5196(19)30241-4


134 

 

Nardone, A., Rudolph, K. E., Morello-Frosch, R., & Casey, J. A. (2021). Redlines and 

Greenspace: The Relationship between Historical Redlining and 2010 Greenspace 

across the United States. Environmental health perspectives, 129(1), 17006. 

https://doi.org/10.1289/EHP7495 

Nardone, A., Rudolph, K. E., Morello-Frosch, R., & Casey, J. A. (2021). Redlines and 

Greenspace: The Relationship between Historical Redlining and 2010 Greenspace 

across the United States. Environmental health perspectives, 129(1), 17006. 

https://doi.org/10.1289/EHP7495  

National Heart, Lung, and Blood Institute. (2012). What causes overweight and 

obesity?. https://www.nhlbi.nih.gov/health-topics/overweight-and-obesity 

National Institute of Diabetes and Digestive and Kidney Diseases. (n.d .). Risk factors for 

type 2 diabetes. National Institute of Diabetes and Digestive and Kidney Diseases. 

Retrieved September 2, 2022, from https://www.niddk.nih.gov/health-

information/diabetes/overview/risk-factors-type-2-diabetes  

Newsom, J. (2007). Lecture 15 Point-biserial correlation, Phi, & Cramer's V. 

https://web.pdx.edu/~newsomj/pa551/lectur15.htm#:~:text=Squaring%20phi%20

will%20give%20you,%2C%20as%20does%20r%2Dsquare.&text=Cramer's%20

V%20is%20used%20to,e.g.%2C%202%20X%203).  

Nguyen, Q. C., Sajjadi, M., McCullough, M., Pham, M., Nguyen, T. T., Yu, W., Meng, 

H. W., Wen, M., Li, F., Smith, K. R., Brunisholz, K., & Tasdizen, T. (2018). 

Neighbourhood looking glass: 360º automated characterisation of the built 

environment for neighbourhood effects research. Journal of epidemiology and 

https://doi.org/10.1289/EHP7495
https://doi.org/10.1289/EHP7495
https://www.nhlbi.nih.gov/health-topics/overweight-and-obesity
https://www.niddk.nih.gov/health-information/diabetes/overview/risk-factors-type-2-diabetes
https://www.niddk.nih.gov/health-information/diabetes/overview/risk-factors-type-2-diabetes
https://web.pdx.edu/~newsomj/pa551/lectur15.htm#:~:text=Squaring%20phi%20will%20give%20you,%2C%20as%20does%20r%2Dsquare.&text=Cramer's%20V%20is%20used%20to,e.g.%2C%202%20X%203
https://web.pdx.edu/~newsomj/pa551/lectur15.htm#:~:text=Squaring%20phi%20will%20give%20you,%2C%20as%20does%20r%2Dsquare.&text=Cramer's%20V%20is%20used%20to,e.g.%2C%202%20X%203
https://web.pdx.edu/~newsomj/pa551/lectur15.htm#:~:text=Squaring%20phi%20will%20give%20you,%2C%20as%20does%20r%2Dsquare.&text=Cramer's%20V%20is%20used%20to,e.g.%2C%202%20X%203


135 

 

community health, 72(3), 260–266. https://doi.org/10.1136/jech-2017-209456 

Nuttall F. Q. (2015). Body mass index: obesity, bmi, and health: A Critical 

Review. Nutrition today, 50(3), 117–128. 

https://doi.org/10.1097/NT.0000000000000092 

Oberle, M. M., Romero Willson, S., Gross, A. C., Kelly, A. S., & Fox, C. K. (2019). 

Relationships among child eating behaviors and household food insecurity in 

youth with obesity. Childhood obesity (Print), 15(5), 298–305. 

https://doi.org/10.1089/chi.2018.0333 

Obese children. Worldmapper. (2020, February 10). 

https://worldmapper.org/maps/obese-children-

2015/#:~:text=The%20highest%20number%20of%20obese,Mexico%20(%3E5.1

%20million).  

Obesity rates for youth ages 10 to 17. The State of Childhood Obesity. (n.d.). 

https://stateofchildhoodobesity.org/children1017/#:~:text=Mississippi%20has%20

the%20highest%20rate%2C%2039.7%25.&text=The%20latest%20National%20S

urvey%20of,10%20to%2017%20have%20obesty.  

Office of Disease Prevention and Health Promotion. (n.d.). Social Determinants of 

Health. Social Determinants of Health - Healthy People 2030. 

https://health.gov/healthypeople/priority-areas/social-determinants-health  

Ogunwole, S. M., & Golden, S. H. (2021). Social determinants of health and structural 

inequities-root causes of diabetes disparities. Diabetes care, 44(1), 11–13. 

https://doi.org/10.2337/dci20-0060 

https://doi.org/10.1097/NT.0000000000000092
https://doi.org/10.1089/chi.2018.0333
https://doi.org/10.2337/dci20-0060


136 

 

Organization for Economic Co-operation and Development. (2021, September 25). 

OECD Glossary of statistical terms - age definition.  

https://stats.oecd.org/glossary/detail.asp?ID=57  

Osmick, M. J., & Wilson, M. (2020). Social Determinants of Health—relevant history, a 

call to action, an organization’s transformational story, and what can employers 

do? American Journal of Health Promotion, 34(2), 219–224. 

https://doi.org/10.1177/0890117119896122d 

PadCrush. (n.d.). What is Hypervacancy? Welcome to padcrush - affordable housing for 

all. https://padcrush.com/blog-3.html 

Padez, C., Mourao, I., Moreira, P., & Rosado, V. (2009). Long sleep duration and 

childhood overweight/obesity and body fat. American journal of human biology : 

the official journal of the Human Biology Council, 21(3), 371–376. 

https://doi.org/10.1002/ajhb.20884 

Pan, L., May, A. L., Wethington, H., Dalenius, K., & Grummer-Strawn, L. M. (2013). 

Incidence of obesity among young U.S. children living in low-income families, 

2008-2011. Pediatrics, 132(6), 1006–1013. https://doi.org/10.1542/peds.2013-

2145 

Pearson, E.R. (2019).  Type 2 diabetes: a multifaceted disease. Diabetologia 62, 1107–

1112. https://doi.org/10.1007/s00125-019-4909-y 

Ponnambalam, S., Palanisamy, S., Singaravelu, R., & Janardhanan, H. A. (2022). 

Effectiveness of after-school physical activity intervention on body mass index 

and waist circumference/height ratio among overweight adolescents in selected 

https://stats.oecd.org/glossary/detail.asp?ID=57
https://doi.org/10.1177/0890117119896122d
https://doi.org/10.1542/peds.2013-2145
https://doi.org/10.1542/peds.2013-2145
https://doi.org/10.1007/s00125-019-4909-y


137 

 

schools at Puducherry, India: A Randomized Controlled Trial. Indian journal of 

community medicine : official publication of Indian Association of Preventive & 

Social Medicine, 47(1), 72–75. https://doi.org/10.4103/ijcm.ijcm_1031_21 

Powell, R., Porter, J. Redlining, Concentrated Disadvantage, and Crime: The effects of 

discriminatory government policies on urban violent crime. Am J Crim 

Just (2022). https://doi.org/10.1007/s12103-022-09688-3 

 Pulling Kuhn, A., Cockerham, A., O'Reilly, N., Bustad, J., Miranda, V., Loboda, T. V., 

Black, M. M., & Hager, E. R. (2021). Home and neighborhood physical activity 

location availability among african american adolescent girls living in low-

income, urban communities: associations with objectively measured physical 

activity. International journal of environmental research and public health, 18(9), 

5003. https://doi.org/10.3390/ijerph18095003 

Rakhra, V., Galappaththy, S. L., Bulchandani, S., & Cabandugama, P. K. (2020). Obesity 

and the western diet: how we got here. Missouri medicine, 117(6), 536–538. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7721435/ 

 Raman, P. (2016). Environmental Factors in Causation of Diabetes Mellitus. In M. L.  

Larramendy, & S. Soloneski (Eds.), Environmental Health Risk - Hazardous 

Factors to Living Species. IntechOpen. https://doi.org/10.5772/62543 

Ratini,M. (2020).Conditions that cause weight gain. Nourish by WebMD. 

https://www.webmd.com/diet/obesity/ss/slideshow-weight-gain-conditions 

Rees-Punia, E., Hathaway, E. D., & Gay, J. L. (2018). Crime, perceived safety, and 

physical activity: A meta-analysis. Preventive medicine, 111, 307–313. 

https://doi.org/10.4103/ijcm.ijcm_1031_21
https://doi.org/10.1007/s12103-022-09688-3
https://doi.org/10.3390/ijerph18095003
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7721435/
https://doi.org/10.5772/62543
https://www.webmd.com/diet/obesity/ss/slideshow-weight-gain-conditions


138 

 

https://doi.org/10.1016/j.ypmed.2017.11.017 

 Reis, W. P., Ghamsary, M., Galustian, C., Galust, H., Herring, P., Gaio, J., & Dos 

Santos, H. (2020). Childhood obesity: Is the built environment more important 

than the food environment? Clinical Medicine Insights: Pediatrics. 

https://doi.org/10.1177/1179556520932123 

Rethinkyourdrink. Baltimore City Health Department. (2016, January 22). 

https://health.baltimorecity.gov/sugar-sweetened-

beverages#:~:text=THE%20FACTS%3A,or%20more%20sodas%20every%20day

.  

Richardson, J., Meier, H., Mitchell, B., Lynch, E. (2020). The lasting impact of historic 

“redlining” on neighborhood health: higher prevalence of covid -19 risk factors. 

https://ncrc.org/holc-health/#:~:text=On%20average%2C%20life%20expe 

Rodriquez, E. J., Livaudais-Toman, J., Gregorich, S. E., Jackson, J. S., Nápoles, A. M., & 

Pérez-Stable, E. J. (2018). Relationships between allostatic load, unhealthy 

behaviors, and depressive disorder in U.S. adults, 2005-2012 

NHANES. Preventive medicine, 110, 9–15. 

https://doi.org/10.1016/j.ypmed.2018.02.002 

Roeder, A. (2014, August 4). ZIP code better predictor of health than genetic code. 

News. https://www.hsph.harvard.edu/news/features/zip-code-better-predictor-of-

health-than-genetic-code/  

Rogers, C. D., Richardson, M. R., & Churilla, J. R. (2022). Recess and overweight and 

obesity in children 5-11 Years of age: 2013-2016 national health and nutrition 

https://doi.org/10.1016/j.ypmed.2017.11.017
https://health.baltimorecity.gov/sugar-sweetened-beverages#:~:text=THE%20FACTS%3A,or%20more%20sodas%20every%20day
https://health.baltimorecity.gov/sugar-sweetened-beverages#:~:text=THE%20FACTS%3A,or%20more%20sodas%20every%20day
https://ncrc.org/holc-health/#:~:text=On%20average%2C%20life%20expe
https://doi.org/10.1016/j.ypmed.2018.02.002


139 

 

examination survey. The Journal of school health, 92(1), 63–70. 

https://doi.org/10.1111/josh.13105 

Rouse, H., Goudie, A., Rettiganti, M., Leath, K., Riser, Q., & Thompson, J. (2019). 

Prevalence, patterns, and predictors: a statewide ongitudinal study of childhood 

obesity. The Journal of school health, 89(4), 237–245. 

https://doi.org/10.1111/josh.12741 

Rundle, A., Neckerman, K. M., Freeman, L., Lovasi, G. S., Purciel, M., Quinn, J., 

Richards, C., Sircar, N., & Weiss, C. (2009). Neighborhood food environment and 

walkability predict obesity in New York City. Environmental health 

perspectives, 117(3), 442–447. https://doi.org/10.1289/ehp.11590 

Rundle, A., Neckerman, K. M., Freeman, L., Lovasi, G. S., Purciel, M., Quinn, J., 

Richards, C., Sircar, N., & Weiss, C. (2009). Neighborhood food environment and 

walkability predict obesity in New York City. Environmental health 

perspectives, 117(3), 442–447. https://doi.org/10.1289/ehp.11590 

Sadler, R. C., Bilal, U., & Furr-Holden, C. D. (2021). Linking historical discriminatory 

housing patterns to the contemporary food environment in Baltimore. Spatial and 

spatio-temporal epidemiology, 36, 100387. 

https://doi.org/10.1016/j.sste.2020.100387 

Sanyaolu, A., Okorie, C., Qi, X., Locke, J., & Rehman, S. (2019). Childhood and 

adolescent obesity in the United States: A Public Health Concern. Global 

pediatric health, 6, 2333794X19891305. 

https://doi.org/10.1177/2333794X19891305  

https://doi.org/10.1111/josh.13105
https://doi.org/10.1289/ehp.11590
https://doi.org/10.1177/2333794X19891305


140 

 

Sawchuk P. (2019). The most powerful social determinant of health. Canadian family 

physician Medecin de famille canadien, 65(7), 517. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6738453/ 

Sawyer, A.D.M., van Lenthe, F., Kamphuis, C.B.M. et al. Dynamics of the complex food 

environment underlying dietary intake in low-income groups: a systems map of 

associations extracted from a systematic umbrella literature review. Int J Behav 

Nutr Phys Act 18, 96 (2021). https://doi.org/10.1186/s12966-021-01164-1 

Schillinger D. (2020). The Intersections between social determinants of health, health 

literacy, and health disparities. Studies in health technology and informatics, 269, 

22–41. https://doi.org/10.3233/SHTI200020 

Schmid, D., Willett, W. C., Forman, M. R., Ding, M., & Michels, K. B. (2021). TV 

viewing during childhood and adult type 2 diabetes mellitus. Scientific 

reports, 11(1), 5157. https://doi.org/10.1038/s41598-021-83746-4 

Schultz, P. W., Bator, R. J., Large, L. B., Bruni, C. M., & Tabanico, J. J. (2013). Littering 

in context: personal and environmental predictors of littering behavior. 

environment and behavior, 45(1), 35–59. 

https://doi.org/10.1177/0013916511412179 

Schwartz, E., Onnen, N., Craigmile, P. F., & Roberts, M. E. (2021). The legacy of 

redlining: Associations between historical neighborhood mapping and 

contemporary tobacco retailer density in Ohio. Health & place, 68, 102529. 

https://doi.org/10.1016/j.healthplace.2021.102529 

Semnani-Azad, Z., Johnston, L. W., Lee, C., Retnakaran, R., Connelly, P. W., Harris, S. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6738453/
https://doi.org/10.1186/s12966-021-01164-1
https://doi.org/10.3233/SHTI200020
https://doi.org/10.1038/s41598-021-83746-4


141 

 

B., Zinman, B., & Hanley, A. J. (2019). Determinants of longitudinal change in 

insulin clearance: The Prospective Metabolism and Islet Cell Evaluation cohort. 

BMJ Open Diabetes Research &amp; Care, 7(1), e000825. 

https://doi.org/10.1136/bmjdrc-2019-000825 

Shaker, Y., Grineski, S.E., Collins, T.W. et al. Redlining, racism and food access in US 

urban cores. Agric Hum Values (2022). https://doi.org/10.1007/s10460-022-

10340-3 

Shier, V., An, R., & Sturm, R. (2012). Is there a robust relationship between 

neighbourhood food environment and childhood obesity in the USA?. Public 

health, 126(9), 723–730. https://doi.org/10.1016/j.puhe.2012.06.009 

 Singh, G. K., Siahpush, M., & Kogan, M. D. (2010). Neighborhood socioeconomic 

conditions, built environments, and childhood obesity. Health affairs (Project 

Hope), 29(3), 503–512. https://doi.org/10.1377/hlthaff.2009.0730 

Singu, S., Acharya, A., Challagundla, K., & Byrareddy, S. N. (2020). Impact of social 

determinants of health on the emerging covid-19 pandemic in the United 

States. Frontiers in public health, 8, 406. 

https://doi.org/10.3389/fpubh.2020.00406 

Smith, I.Z., Blackman Carr, L.T., El-Amin, S., Bentley-Edwards, K.L., & Darity Jr, W.A. 

(2019). Inequity in Place: Obesity Disparities and the Legacy of Racial 

Residential Segregation and Social Immobility. (p. 15). Durham, NC: The Samuel 

DuBois Cook Center on Social Equity at Duke University. 

Stangvaltaite-Mouhat, L., Furberg, A. S., Drachev, S. N., & Trovik, T. A. (2021). 

https://doi.org/10.1136/bmjdrc-2019-000825
https://doi.org/10.1007/s10460-022-10340-3
https://doi.org/10.1007/s10460-022-10340-3
https://doi.org/10.1016/j.puhe.2012.06.009
https://doi.org/10.1377/hlthaff.2009.0730
https://doi.org/10.3389/fpubh.2020.00406


142 

 

Common social determinants for overweight and obesity, and dental caries among 

adolescents in Northern Norway: a cross-sectional study from the Tromsø Study 

Fit Futures cohort. BMC Oral Health, 21(1), 53. https://doi.org/10.1186/s12903-

021-01406-5 

Suglia, S. F., Shelton, R. C., Hsiao, A., Wang, Y. C., Rundle, A., & Link, B. G. (2016). 

Why the neighborhood social environment Is critical in obesity 

prevention. Journal of Urban Health : bulletin of the New York Academy of 

Medicine, 93(1), 206–212. https://doi.org/10.1007/s11524-015-0017-6 

Sullivan, G. M., & Feinn, R. (2012). Using effect size-or why the P value is not 

enough. Journal of Graduate Medical Education, 4(3), 279–282. 

https://doi.org/10.4300/JGME-D-12-00156.1 

Sun, V. K., Stijacic Cenzer, I., Kao, H., Ahalt, C., & Williams, B. A. (2012). How safe is 

your neighborhood? Perceived neighborhood safety and functional decline in 

older adults. Journal of General Internal Medicine, 27(5), 541–547. 

https://doi.org/10.1007/s11606-011-1943-y 

Tannenbaum, C., Ellis, R.P., Eyssel, F. Zou, J., Schiebinger, L. (2019).  Sex and gender 

analysis improves science and engineering. Nature 575, 137–146. 

https://doi.org/10.1038/s41586-019-1657-6 

Thalken, J., Massey,W., Szarabajko, A., Ozenbaugh,I.,& Nielson, L.(2021). From policy 

to practice: Examining the role of recess in elementary school | Elsevier 

Enhanced Reader. (n.d.). https://doi.org/10.1016/j.puhip.2021.100091 

Thomas, D. D., Corkey, B. E., Istfan, N. W., & Apovian, C. M. (2019). 

https://doi.org/10.1186/s12903-021-01406-5
https://doi.org/10.1186/s12903-021-01406-5
https://doi.org/10.1007/s11524-015-0017-6
https://doi.org/10.4300/JGME-D-12-00156.1
https://doi.org/10.1007/s11606-011-1943-y
https://doi.org/10.1038/s41586-019-1657-6
https://doi.org/10.1016/j.puhip.2021.100091


143 

 

Hyperinsulinemia: An early indicator of metabolic dysfunction. Journal of the 

Endocrine Society, 3(9), 1727–1747. https://doi.org/10.1210/js.2019-00065 

Tillotson, C. V., Bowden, S. A., & Boktor, S. W. (2022). Pediatric Type 2 Diabetes 

Mellitus. In StatPearls. StatPearls Publishing. 

https://www.ncbi.nlm.nih.gov/books/NBK431046/ 

Tirthani, E., Said, M. S., & Rehman, A. (2022). Genetics and Obesity. In StatPearls. 

StatPearls Publishing. 

Trangenstein, P. J., Gray, C., Rossheim, M. E., Sadler, R., & Jernigan, D. H. (2020). 

Alcohol outlet clusters and population disparities. Journal of Urban Health : 

bulletin of the New York Academy of Medicine, 97(1), 123–136. 

https://doi.org/10.1007/s11524-019-00372-2 

Tuominen, J. A., Ebeling, P., & Koivisto, V. A. (1997). Exercise increases insulin 

clearance in healthy man and insulin-dependent diabetes mellitus 

patients. Clinical physiology (Oxford, England), 17(1), 19–30. 

https://doi.org/10.1046/j.1365-2281.1997.01717.x 

U.S News & World Report. How healthy is Baltimore City, Maryland? | US news 

healthiest communities. U.S. News & World Report. (n.d.). 

https://www.usnews.com/news/healthiest-communities/maryland/baltimore-city  

 U.S. Census Bureau quickfacts: Baltimore City, Maryland. (n.d). 

https://www.census.gov/quickfacts/baltimorecitymaryland  

U.S. Department of Agriculture, Economic Research Service. (n.d.). Definitions of food 

security. https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-

https://doi.org/10.1210/js.2019-00065
https://www.ncbi.nlm.nih.gov/books/NBK431046/
https://doi.org/10.1007/s11524-019-00372-2
https://doi.org/10.1046/j.1365-2281.1997.01717.x
https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/definitions-of-food-security/


144 

 

in-the-u-s/definitions-of-food-security/ 

 United States Department of Agriculture. (n.d.). Key Statistics & Graphics. USDA ERS - 

Key Statistics & Graphics. https://www.ers.usda.gov/topics/food-nutrition-

assistance/food-security-in-the-u-s/key-statistics-graphics/  

US Preventive Services Task Force. Screening for Prediabetes and Type 2 Diabetes: US 

Preventive Services Task Force Recommendation 

Statement. JAMA. 2021;326(8):736–743. doi:10.1001/jama.2021.12531 

van der Valk, E. S., Savas, M., & van Rossum, E. (2018). Stress and Obesity: Are There 

More Susceptible Individuals? Current Obesity Reports, 7(2), 193–203. 

https://doi.org/10.1007/s13679-018-0306-y 

Verhaegen, A. A., & Van Gaal, L. F. (2019). Drugs that affect body weight, body fat 

distribution, and metabolism. In K. R. Feingold (Eds.) et. al., Endotext. 

MDText.com, Inc. 

Wang, J., & Geng, L. (2019). Effects of socioeconomic status on physical and 

psychological health: Lifestyle as a mediator. International Journal of 

Environmental Research and Public Health, 16(2), 281. 

https://doi.org/10.3390/ijerph16020281 

Wei, J., Wu, Y., Zheng, J., Nie, P., Jia, P., & Wang, Y. (2021). Neighborhood sidewalk 

access and childhood obesity. Obesity Reviews, 22 Suppl 1(Suppl 1), e13057. 

https://doi.org/10.1111/obr.13057 

Wendt, Minh and Jessica E. Todd. The Effect of Food and Beverage Prices on Children’s 

Weights. ERR-118, U.S. Department of Agriculture, Economic Research Service. 

https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/definitions-of-food-security/
https://doi.org/10.3390/ijerph16020281
https://doi.org/10.1111/obr.13057


145 

 

June 2011. American Diabetes Association. (n.d.). Maryland. Maryland | ADA. 

https://diabetes.org/get-involved/community/local-offices/maryland  

Winling, L. D. C., & Michney, T. M. (2021). The roots of redlining: Academic, 

Governmental, and Professional Networks in the Making of the New Deal 

Lending Regime, Journal of American History, Volume 108, Issue 1, June 2021, 

Pages 42–69, https://doi.org/10.1093/jahist/jaab066 

Wondmkun Y. T. (2020). Obesity, Insulin Resistance, and Type 2 Diabetes: Associations 

and Therapeutic Implications. Diabetes, metabolic syndrome and obesity : targets 

and therapy, 13, 3611–3616. https://doi.org/10.2147/DMSO.S275898 

Woolf, S. H., & Aron, L. (2013). U.S. health in international perspective shorter lives, 

poorer health. National Academic Press.  

World Health Organization. (2020). Obesity and overweight. World Health Organization. 

https://www.who.int/news-room/fact-sheets/detail/obesity-and-

overweight#:~:text=Most%20of%20the%20world's%20population,Obesity%20is

%20preventable  

World Health Organization. (n.d.). Obesity and overweight. World Health Organization. 

https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight  

World Health Organization. (n.d.). Physical activity. World Health Organization. 

https://www.who.int/news-room/fact-sheets/detail/physical-

activity#:~:text=WHO%20defines%20physical%20activity%20as,part%20of%20

a%20person's%20work.  

World Health Organization. (n.d.). Social Determinants of Health. World Health 

https://doi.org/10.2147/DMSO.S275898


146 

 

Organization. https://www.who.int/health-topics/social-determinants-of-

health#tab=tab_1  

Yoshida, Y., Simoes, E.J. Sugar-sweetened beverage, obesity, and type 2 diabetes in 

children and adolescents: policies, taxation, and programs. Curr Diab Rep 18, 31 

(2018). https://doi.org/10.1007/s11892-018-1004-6 

Yu, Min and Robinette, Jennifer N. (2021). "The relationship between perceived 

neighborhood disorder and type 2 diabetes risk across different racial/ethnic 

groups" Student Scholar Symposium Abstracts and Posters. 443. 

https://digitalcommons.chapman.edu/cusrd_abstracts/443 

Yusuf, Z. I., Dongarwar, D., Yusuf, R. A., Bell, M., Harris, T., & Salihu, H. M. (2020). 

Social determinants of overweight and obesity among children in the United 

States. International journal of MCH and AIDS, 9(1), 22–33. 

https://doi.org/10.21106/ijma.337 

Zhang, M., & Debarchana, G. (2016). Spatial supermarket redlining and neighborhood 

vulnerability: A Case Study of Hartford, Connecticut. Transactions in GIS : 

TG, 20(1), 79–100. https://doi.org/10.1111/tgis.12142 

Zou, Y., Ma, Y., Wu, Z., Liu, Y., Xu, M., Qiu, G., Vos, H., Jia, P., & Wang, L. (2021). 

Neighbourhood residential density and childhood obesity. Obesity reviews : an 

official journal of the International Association for the Study of Obesity, 22 Suppl 

1(Suppl 1), e13037. https://doi.org/10.1111/obr.13037  

https://doi.org/10.1007/s11892-018-1004-6
https://digitalcommons.chapman.edu/cusrd_abstracts/443
https://doi.org/10.21106/ijma.337
https://doi.org/10.1111/tgis.12142
https://doi.org/10.1111/obr.13037

	An Association of the Transgenerational Implications of Redlining and Obesity on Pediatric Type II Diabetes
	List of Tables iv
	List of Figures v
	Chapter 1: Introduction to the Study 1
	Chapter 2: Literature Review 15
	Chapter 3: Research Methods 49
	Chapter 4: Results 67
	Chapter 5: Discussion, Conclusions and Recommendations 89
	References 106
	List of Tables
	List of Figures
	Chapter 1: Introduction to the Study
	Background
	Problem Statement
	Purpose of Study
	Research Questions and Hypotheses
	Theoretical Framework
	Nature of the Study
	Definitions of Key Terms
	Assumptions
	Scope and Delimitations
	Limitations
	Significance of Study
	Summary

	Chapter 2: Literature Review
	Literature Search Strategy
	Theoretical Framework
	Literature Review Related to Key Variables
	Etiology of Pediatric Obesity
	Epidemiology of Pediatric Obesity
	Etiology of Type 2 Diabetes Mellitus
	Epidemiology of Pediatric Type II Diabetes Mellitus
	Environmental Role on Health Outcomes
	Redlining

	Summary

	Chapter 3: Research Methods
	Research Design and Rationale
	Methodology
	Study Instrument
	Study Population
	Sampling Procedures
	Study Variables
	Data Access
	Data Analysis

	Threat to Validity
	Ethical Considerations

	Summary

	Chapter 4: Results
	Data Collection
	Descriptive Statistics for Analysis Variables
	2019-2020 NSCH Participants

	Results of Analysis
	Relationship Between Obesity (as measured by BMI) and the Presence of Neighborhood Detraction Elements (Research Question 1)
	Relationship Between T2DM and Presence of Neighborhood Detraction Elements (Research Question 2)
	Predictors of T2DM (Research Question 3)

	Summary

	Chapter 5: Discussion, Conclusions and Recommendations
	Summary and Interpretation of the Findings
	Theoretical Methods

	Limitations of the Study
	Recommendations for Future Research
	Implications for Social Change
	Conclusions

	References

