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ABSTRACT 

AHONDJU UMADJELA HOLMES 

EXPLORING FAMILY MEALS, SLEEP, AND MEDIA USE AS PREDICTORS OF 

CHILDHOOD OVERWEIGHT/OBESE STATUS IN OKLAHOMA: 

 

A STUDY FROM THE 2016 NATIONAL SURVEY OF  

CHILDREN’S HEALTH 

 AUGUST 2020 

The alarming and sustained prevalence of childhood overweight/obese status in 

the United States continues to generate research studies on risk factors and prevention 

approaches. Despite previous and current public health interventions in the US, 

Oklahoma ranks the sixth worst state in obesity with a third of children between 10 to 17 

years being overweight or obese and one in five high school students being obese (Shape 

Your Future, 2018; The State of Obesity, 2019). In attempts to fill this gap and to inform 

future public health prevention and management strategies of childhood 

overweight/obese status, the present study examined the risk factors that significantly 

predict childhood overweight/obese status within the home environment.  

Using the social cognitive theory and the social ecological model, or ecological 

model, as theoretical foundations, the study analyzed a representative subsample of 347 

participants from the 2016 National Survey of Children’s Health to determine which risk 
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factors (family meals, sleep, and media use) were the most significant at predicting 

childhood overweight/obese status in Oklahoma.  

Data analysis included two phases. During the first step, univariate analysis was 

used to explore each variable and summarize data in a meaningful way. The second step 

included a bivariate analysis that examined relationships between variables and a 

determination of which predictor variables were associated with the dependent variable at 

a statistically significant level (p < .05) for inclusion in the logistic regression analysis. 

Based on this study’s findings, none of the predictors of interest (family meals, sleep, and 

media use) was determined to be the significant risk factor in predicting childhood 

overweight/obese status. This study’s results could indicate either that all predictors 

equally predict childhood overweight/obese status or that other factors related to the 

study design affected the results of this study. These findings differ from studies on 

childhood obesity and they should be carefully considered in light of similar studies.  
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CHAPTER I 

INTRODUCTION 

The prevalence of children who are overweight and obese is a growing global 

public health concern and requires serious considerations in developed and developing 

countries (U.S. Department of Health and Human Services [DHHS], Centers for Disease 

Control and Prevention [CDC] & National Center for Health Statistics [NCHS], 2016; 

Harvard T.H. Chan School of Public Health [HTHC], 2018a). Moreover, numerous 

immediate and long-term adverse health consequences are well documented for children 

who are overweight and obese (Camp et al., 2017; Schuler & O’Reilly, 2017). For 

approximately three decades, the trends of children who are overweight and obese have 

gradually increased at an alarming rate in the United States before stabilizing between 

2013 and 2014 (DHHS et al., 2016; HTHC, 2018a; Ogden et al., 2016). 

Several studies addressing factors that increase the risk of children who are 

overweight and obese have identified a number of non-modifiable and modifiable factors. 

Some of the identified non-modifiable factors include age, sex, race/ethnicity, and 

parental weight status (Bagherniya, Sharma, Mostafavi, & Keshavarz, 2015; Elmore & 

Sharma, 2014). Modifiable factors consist of sedentary behaviors, inadequate physical 

activity, unhealthy eating and drinking, media screen viewing such as television, and 

sleep habits (Bagherniya et al., 2015; Elmore & Sharma, 2014). Though many 
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researchers have identified factors that increase the risk of children who are overweight 

and obese and public health interventions are implemented to address this chronic health 

issue, the rapid increase of children who are overweight and obese continues to burden 

our society. The 2015–2016 results from the National Health and Nutrition Examination 

Survey (NHANES) estimated the childhood obesity rate at 18.5% among children 

between the ages of 2 and 19 years (CDC, 2018a). Compared to non-Hispanic Whites 

(14.1%) and non-Hispanic Asians (11.0%), childhood obesity prevalence is higher in 

Hispanics (25.8%) and non-Hispanic Blacks (22%; CDC, 2018a). Also, the prevalence of 

childhood obesity varies by household education and income levels. Usually, when 

household education and income levels increase, childhood obesity decreases, and vice 

versa (CDC, 2018a). According to the 2015–2016 NHANES data, the prevalence of 

obesity was higher (18.5%) in the lowest income group than in the highest income group 

(10.9%; CDC, 2018a).  

The following study analyzed secondary data from the 2016 National Survey of 

Children’s Health (NSCH) to determine which risk factors are the most significant in 

predicting childhood overweight/obese status. Using the social cognitive theory (SCT) 

and the social ecological model (SEM), or ecological model (EM), as theoretical 

foundations and binary logistic regression, the following study explored activities that 

occur in the home environment, namely family meals, sleep, and media use as predictors 

of overweight/obese status among children between ages 10–17 years who live in 

Oklahoma. 
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Statement of the Problem 

Research shows an alarming and sustained prevalence of childhood obesity in the 

United States. A comparison between the national and Oklahoma obesity rate revealed 

that Oklahoma had a lower rate (11.8%) than the national rate (13.7%) of obesity among 

high school students who participated in the 2013 Youth Risk Behavior Survey 

(Oklahoma State Department of Health [OSDH], 2019a). While the childhood obesity 

rate in Oklahoma was lower than the national rate in 2013, trends continued to increase 

with Oklahoma’s rate rising higher (17.1%) than the national rate (14.8%) in 2017 (CDC, 

2018b, 2018c; OSDH, 2019b), with notable disparities by income, race, and type of 

insurance (CDC, 2016). Every 2 years, the CDC collects the national Youth Risk 

Behavior Survey, to monitor six categories of health-related behaviors that contribute to 

the leading causes of death and disability among high school students and adults in the 

US (CDC, 2018b). In addition to the Youth Risk Behavior Survey, the Fifth Grade Health 

Survey results indicated that the number of fifth graders who met the recommendations 

of at least 60 minutes of daily physical activity decreased from 2010 (33.3%) to 2014 

(27%; OSDH, 2019c).  

Despite previous and current public health interventions to address the prevalence 

of children who are overweight and obese in the US, Oklahoma ranks the sixth worst 

state in obesity with a third of children between 10 to 17 years being overweight or obese 

and 1 in 5 high school students being obese (Shape Your Future, 2018; The State of 

Obesity, 2019). In fact, Oklahoma ranking has changed from nineth in the 2016–2017 

combined youth obesity rates to sixth in the 2017–2018 combined youth rates (The State 



4 

of Obesity, 2018a, 2019). This fact is alarming given the immediate and long-term 

adverse health consequences, and increased medical expenditures and economic costs 

associated with obesity (Camp et al., 2017; Schuler & O’Reilly, 2017; Weaver, Kelley, 

Griggs, Weems, & Meyer, 2014). To address this epidemic at the national level, the CDC 

suggests better health education, more physical education and physical education 

programs, healthier school environments, and better nutrition services (CDC, 2017). At 

the state level, OSDH recommends the consumption of nutritious foods and beverages, at 

least 60 minutes of physical activities, less television, and 8 to 10 hours of sleep (OSDH, 

2019d). While OSDH captures the implementation of these recommendations at the 

school level (OSDH, 2019b), data that suggests the use of these recommendations at 

home is not available. Moreover, research that predicts the most significant risk factors of 

children who are overweight and obese in Oklahoma is lacking. Identification of the risk 

factors that significantly predict childhood overweight/obese status within the home 

environment will contribute to improvements and can inform future public health 

interventions to address childhood overweight/obese status.   

Purpose of the Study 

Using secondary data from the 2016 National Survey of Children’s Health, this 

study explored activities that occur in a home environment, namely family meals, sleep, 

and media use, as predictors of the overweight/obese status among children between 10–

17 years old, to determine the most significant risk factors in predicting overweight/obese 

status in children who live in Oklahoma. This study analyzed the following variables:   
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• Body Mass Index-for-age-percentile, with three categories: underweight, less 

than the 5th percentile, Healthy, from the 5th to the 84th percentile, and 

Overweight or Obese, the 85th percentile and above (“Is this child currently 

overweight or obese, based on body mass index-for-age?;” Child and 

Adolescent Health Measurement Initiative [CAHMI] & Data Resource Center 

for Child and Adolescent Health [DRCCAH], 2018, p. 16, para. 1).    

• Meals together (“During the past week, on how many days did all the family 

members who live in the household eat a meal together?;” CAHMI & 

DRCCAH, 2018, p. 169, para. 1). 

• Bedtime (“How often does this child go to bed at about the same time on 

weeknights?;” (CAHMI & DRCCAH, 2018, p. 189, para. 1). 

• Hours of sleep (“During the past week, how many hours of sleep did this child 

get on an average weeknight?;” CAHMI & DRCCAH, 2018, p. 190, para. 1). 

• The time spent watching television/videos or playing video games (“On an 

average weekday, about how much time does this child usually spend in front 

of a TV watching TV programs, videos, or playing video games?;” CAHMI & 

DRCCAH, 2018, p. 170, para. 1). 

• The time spent with a computer, cellphone, or electronic device (“On an 

average weekday, about how much time does this child usually spend with 

computers, cell phones, handheld video games, and other electronic devices, 

doing things other than schoolwork?;” CAHMI & DRCCAH, 2018, p. 171, 

para. 1). 
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• Other demographic variables: 

o Race and ethnicity of the child (“Hispanic; White, non-Hispanic; 

Black, non-Hispanic, Other/Multiracial, non-Hispanic;” CAHMI & 

DRCCAH, 2018, p. 207, para. 1). 

o Sex of the child (“Male and female children;” CAHMI & DRCCAH, 

2018, p. 204, para. 1). 

o Highest education of the adults in the household (“Less than high 

school; High school or GED; Some college or technical school; 

College degree or higher;” CAHMI & DRCCAH, 2018, p. 215, para. 

1) 

o Income level of the child’s household, Federal Poverty Level, FPL; 

“0–99% FPL; 100–199% FPL; 200–399% FPL; 400% FPL or 

greater;” CAHMI & DRCCAH, 2018, p. 213, para. 1) 

o The family structure of a child’s household (“Two-parent, currently 

married; Two parents, not currently married; Single mother; Other 

family types, no parent reported;” CAHMI & DRCCAH, 2018, p. 212, 

para. 1). 

Theoretical Foundation  

The present study used the social cognitive theory (SCT) and the social ecological 

model or ecological model (SEM/EM) as the theoretical foundation. Bandura’s SCT 

proposes that a person’s attributes, behaviors, and the environment continually interact in 

a dynamic and ongoing process (reciprocal determinism) to influence behavior (Bandura, 
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1986; Hammersley, Jones, & Okely, 2017; Rimer & Glanz, 2005). As one of the health 

behavior theories that has successfully been used in disease prevention and management, 

such as prevention of weight gain in children, SCT includes many constructs because it 

synthesizes concepts and processes from cognitive, behaviorist, and emotional models of 

behavior change (Hammersley et al., 2017; Rimer & Glanz, 2005).  

SEM/EM is a framework that emphasizes multiple levels of influence on 

behavior, such as individual, intrapersonal, institutional, community, and public policy 

(Bronfenbrenner, 1977, 1986; Office of Disease Prevention and Health Promotion 

[ODPHP], 2018; Rimer & Glanz, 2005). One of the key concepts of SEM/EM, reciprocal 

causation, explains how people influence and are influenced by the environment in which 

they live (Bronfenbrenner, 1977, 1986; Rimer & Glanz, 2005). This is consistent with 

SCT concept of reciprocal determinism, which suggests that changes in the environment 

would influence behaviors such as food intake and physical activity (Bronfenbrenner, 

1977, 1986; ODPHP, 2018; Rimer & Glanz, 2005). Although SEM/EM is known to 

influence health behaviors at multiple levels, Sallis, Owens, and Fisher (2008) noted how 

difficult it was to explain the interaction of different variables to affect targeted behaviors 

in behavior-specific interventions. 

Research Questions  

The study used the 2016 NSCH to answer the following research questions:  

1. If childhood overweight/obese status can be predicted from the 2016 NSCH, 

which risk factors (family meals, sleep, and media use) are the most 

significant in predicting childhood overweight/obese status in Oklahoma?  
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2. Does the inclusion of a particular risk factor increase or decrease the 

probability of childhood overweight/obese status in Oklahoma? 

3. Does the exclusion of a particular risk factor increase or decrease the 

probability of childhood overweight/obese status in Oklahoma? 

Hypotheses 

The study’s null hypotheses were tested at the .05% significance level.  

H01. Family meals, sleep, and media use will be neither predictive nor protective 

of childhood overweight/obese status in Oklahoma.  

H02. Family meals, sleep, and media use will not significantly differ between 

children of normal weight and children who are overweight/obese in predicting childhood 

overweight/obese status in Oklahoma. 

H03. Family meals, sleep, and media use will not significantly differ by age groups 

(10–12 years and 13–17 years) in predicting childhood overweight/obese status in 

Oklahoma.  

H04. Family meals, sleep, and media use will not significantly differ between 

children who are male and children who are female in predicting childhood 

overweight/obese status in Oklahoma. 

Delimitations  

The study had the following delimitations: 

• Secondary data from the 2016 NSCH representing households with non-

institutionalized children between 10 to 17 years. 
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• Data from approximately 3,202 people who completed the 2016 NSCH survey 

in Oklahoma (U.S. Census Bureau, 2018).   

Limitations 

The limitations for this study were as follows: 

1. The 2016 NSCH data were collected through online and paper survey 

questions, which might not be representative of all eligible people who could 

not participate due to lack of internet access or loss of mailed survey.  

2. Data analysis was limited to a subsample of approximately 3,202 households 

(40.5%) out of 7,908 that completed the online or mailed survey (U.S. Census 

Bureau, 2018), and, as such, results are not generalizable to the general 

population.  

3. Participants could have voluntarily or involuntarily provided misleading 

information while answering survey questions as a result of recall bias, lying 

bias, or misunderstanding of survey questions. 

4. Random selection of one child per household to answer survey questions 

might have limited information that could have been obtained from all eligible 

children in each household.   

5. The 2016 NSCH data collection tools have not been validated. 

6. The 2016 NSCH data include only household units. This limits the scope of 

data that could have been collected from other types of units such as 

apartments, mobile homes, etc. 
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7. The 2016 NSCH did not use directly-measured child height and weight, but 

parent-reported measures to calculate body mass index-for-age percentile for 

children 10–17 years. 

Assumptions 

The assumptions for this study are as follows: 

1. All survey participants understood and answered survey questions honestly. 

2. All survey participants lived in households with children between the ages of 

0 to 17 years at the time of the interview.  

3. All survey participants completed the survey only once.  

Definition of Terms 

(1) Overweight/Obese Status – Body mass index -for-age percentile equal to the 85th 

percentile and above, based on the CDC’s body mass index-for-age percentile. A 

body mass index-for-age percentile equal to the 85th and less than 95th percentile 

indicates an overweight status (CDC, 2015). A body mass index -for-age percentile 

equal to or above 95th percentile indicates an obese status (CDC, 2015). According to 

CAHMI and DRCCAH (2018), body mass index values were not verified because 

they were calculated based on parents’ reports about their children’s current weight 

and height during the time of the interview.  

(2) Sleep – “the average number of hours and how often a child got an adequate amount 

of sleep based on a child’s age” (CAHMI & DRCCAH, 2018, pp. 189, 190, para 1).    

(3) Family Meals – “the number of days all family members who live in the same 

household ate a meal together” (CAHMI & DRCCAH, 2018, p. 169, para. 1). 
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(4) Media Use – “the average number of hours spent watching television, videos, or 

playing video games on a weekly basis” (CAHMI & DRCCAH, 2018, p. 170, para. 1) 

and “the average number of hours spent with computers, cellphones, and handheld 

video games on a weekly basis” (CAHMI & DRCCAH, 2018, p. 171, para. 1). 

Importance of Study 

Although programs that focus on preventing and managing childhood 

overweight/obese status have been in place for some time and continue to be 

implemented, the prevalence of children who are overweight and obese continues to 

increase. Furthermore, the immediate and long-term health consequences of this chronic 

health condition, especially among children with low socioeconomic status (SES) and 

racial/ethnic minorities, continue to be a serious public health issue. An understanding of 

factors that significantly predict childhood overweight/obese status could guide 

prevention programs within the home environment and help in their targeted 

implementation where they are the most needed. Prevention programs that use evidence-

based approaches for their program implementation will contribute to reducing the 

widening health disparity gap in at-risk populations. 

The study used both SCT and SEM/EM as theoretical models to predict factors 

within the home environment that most significantly predict childhood overweight/obese 

status in Oklahoma. Also, the study serves as explanatory and predictive purpose to 

obtain evidence that will guide childhood overweight/obese status prevention strategies 

within the home environment. 
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CHAPTER II 

REVIEW OF LITERATURE 

The rapid increase in the prevalence of children who are overweight/obese 

remains alarming. Risk factors for childhood obesity vary, are multifactorial, and no 

single solution exists for preventing or managing the risk factors, making it a challenging 

issue to change (Olson, Aldrich, Callahan, Matthews, & Gance-Cleveland, 2015; Pratt et 

al., 2017). Also, research consistently shows that many risk factors interact to influence 

childhood obesity (Grossman et al., 2017; Hoyt et al., 2014; Hulst et al., 2015). Thus, 

identification of the most predictable factors that predict childhood overweight/obese 

status in children may help develop appropriate prevention strategies that target risk 

factors within the home environment, especially for children who are at risk of becoming 

overweight/obese. The following review includes an overview of the literature related to 

the research questions: (1) If childhood overweight/obese status can be predicted from the 

2016 NSCH, which risk factors (family meals, sleep, and media use are the most 

significant at predicting childhood overweight/obese status in Oklahoma? (2) Does the 

inclusion of a particular risk factor increase or decrease the probability of childhood 

overweight/obese status in Oklahoma? (3) Does the exclusion of a particular risk factor 

increase or decrease the probability of childhood overweight/obese status in Oklahoma? 

Information Source and Search Strategy  

To complete a comprehensive literature review, a search was conducted using 

PubMed, CINAHL, SocINDEX, PsycINFO, Child Development and Adolescent Studies, 
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Family and Society Studies Worldwide, and Academic Search Complete. The search of 

key terms in combination with the Boolean logic terms “AND” and “OR” included 

childhood obesity, overweight, prevention and control, risk factors, family, family meals, 

screen media use, digital media use, and sleep. The search was restricted to English 

language articles published from 2014 to 2019 that included particpants between the ages 

6 to 18. Excluded articles included those that were written outside the US. Additional and 

newer articles were handsearched using the Scopus database.   

Childhood Overweight/Obese Status  

Obesity is a chronic condition that is characterized by excess body fat (CDC, 

2016, 2018a; National Library of Medicine [NLM], n.d.a; Obesity Action Coalition 

[OAC], 2018). An overweight status occurs when body weight exceeds the Body Mass 

Index standard of 25.0 kg/m2 and is less than 29.9 kg/m2, with or without excess fat 

(N.L.M n.d.b). Children whose body weight exceeds the recommended criteria for age 

and gender for children between 2 and 12 years old and adolescents between 13 to 18 

years are categorized as being overweight or obese based on their body mass index-for-

age percentile (CDC, 2015; NLM, n.d.c). 

Measurement of Overweight/Obese Status   

Standards for obesity measurement vary by age, sex, genetics and cultural 

background (CDC, 2015; NLM, n.d.a). Though excess fat is one of the characteristics of 

childhood obesity, no consensus exists on a cut-off point to determine the amount of 

excess fat that can be used as an indicator of health risk during screening (Archer, Lavie, 

& Hill, 2018; Ortega, Sui, Lavie, & Blair, 2016). In fact, it is time-consuming and 
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expensive to measure body fat during clinical and epidemiological studies because dosy 

mass index does not differentiate between the weight of muscle and bones and the weight 

of fat (Archer et al., 2018; Ortega et al., 2016). To address the lack of consensus in 

childhood obesity screening, the CDC and the American Academy of Pediatrics (AAP) 

recommend the use of body mass index-for-age percentile as a criterion for weight status 

classification in children between the ages of 2 and 19 years (CDC, 2015; The State of 

Obesity, 2018a). A child’s weight in kilograms is divided by the square of height in 

meters and expressed as a percentile from a graph or a percentile calculator to find body 

mass index (CDC, 2015). Body mass index-for-age percentile indicates a child’s body 

mass index by comparing it to other children of the same gender and age (CDC, 2015; 

National Institute of Health [NIH], 2016).   

Body Mass Index-for-Age Percentile Classification 

A body mass index-for-age percentile between the 85th  and 95th percentiles 

indicates an overweight status, a body mass index-for-age percentile equal or greater than 

95th percentile suggests an obese state, percentile range for normal or healthy weight is 

between the 5th and the 10th body mass index-for-age percentile, and a body mass index-

for-age percentile below the 5th percentile indicates an underweight status (CDC, 2015; 

NIH, 2016). While body mass index-for-age percentile may seem appropriate for weight 

status classification, it should be used along with other criteria such as waist 

circumference and skinfold thickness during screening due to differences in gender 

maturation, ethnicity, and muscle mass (Archer et al., 2018; Ortega et al., 2016). 

Research shows that parents tend to overestimate weight and height in younger children 
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and underestimate them during adolescence (Gordon & Mellor, 2015; Long et al., 2016; 

Rendall et al., 2014; Wright, Glanz, Colburn, Robson, & Saelens, 2018). To avoid 

overestimates in the prevalence of childhood overweight/obese status in younger 

children, the 2016 NSCH calculated body mass index-for-age percentile for children 10–

17 years (CAHMI & DRCCAH, 2018). 

Family Meals  

A family is a social group that includes parents or parent substitutes and children 

(NLM, n.d.c.). The number of family meals eaten together refers to the number of meals 

eaten together on a weekly basis at home. Family meals influence current and future 

dietary behaviors in children. For instance, children tend to continue practicing eating 

behaviors acquired during childhood into adulthood (Caldwell, Terhorst, Skidmore, & 

Bendixen, 2018; Frederick, Snellman, & Putnam, 2014). Excessive consumption of high 

caloric foods is one of the key factors for weight gain. Hence, children who are exposed 

to nutritious meals are more likely to consider such meals as part of their normal eating 

patterns and to carry their food preferences into adulthood (Caldwell et al., 2018; Rogers 

et al., 2017). In fact, children’s consistent observation of their parents/caregivers’ eating 

patterns leads to an increase or a decrease in the acceptance of foods that 

parents/caregivers eat or do not eat (Caldwell et al., 2018; Rogers et al., 2017). This 

complex process, known as the social modeling of eating, occurs when observation of 

other people’s food choices and intake guides another person’s choices (Cruwys, 

Bevelander, & Hermans, 2015; McGeown & Davis, 2017).  
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Most studies about the association between family meals and adolescents’ obesity 

are cross-sectional and have mixed results, with some observing a negative association 

and others demonstrating a lack of association (Berge et al., 2015; Berge et al., 2018). 

Despite mixed results, research demonstrates that having one or two family meals per 

week provides a protective effect during adolescence and adulthood as a result of 

behaviors acquired at a younger age (Berge et al., 2015; Berge et al., 2017; Berge et al., 

2018; Berge et al., 2019; Brooks, 2017; Jones, 2018). In fact, families that have frequent 

meals with their young children help establish behaviors that tend to continue even 

during adolescence (Berge et al., 2015; Brooks, 2017; Jones, 2018; Loth et al., 2018).  

Mechanisms that may explain the protective association between family meals 

and weight outcomes in young adults include higher frequency of fruits and vegetables 

consumption, emotional connection and support among family members, increased sense 

of security for younger children, opportunities for parents/caregivers to model healthy 

behaviors, and recognition of satiety clues during family meals (Berge et al., 2015; 

Brooks, 2017; Jones, 2018). In a review that summarized research studies on the 

association between family and shared meals frequency and dietary outcomes as well as 

weight status across lifespan, researchers found that family meals and shared meals were 

associated with better dietary intake in both children and adults (Fulkerson, Larson, 

Horning, & Neumark-Sztainer, 2014; Larson, Wang, Berge, Shanafelt, & Nanney, 2016). 

Researchers also noted the existence of barriers to eating family meals together such as 

work schedule conflict (Fulkerson et al., 2014; Larson et al., 2016). Low SES families 

tend to experience more work schedule conflict than high SES families (Fulkerson et al., 
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2014; Larson et al., 2016). In most low SES families, parents tend to hold multiple jobs to 

make ends meet (Fulkerson et al., 2014; Larson et al., 2016). This schedule increases 

irregularities in the frequency of family meals. Other barriers included taste preferences, 

lack of time for food preparation, and lack of or reduced access to nutritious foods 

(Fulkerson et al., 2014; Larson et al., 2016). Neighborhoods where low SES families live 

tend to lack healthier food and beverages options, which limits exposure and makes it 

challenging to incorporate healthy meals and beverages into daily diets (Frederick et al., 

2014; Larson et al., 2016). Thus, such barriers may prevent implementation of programs 

that promote family meals without considering the differences in family dynamics. 

Differences in family dynamics may prevent such initiatives from successfully being 

implemented in low socio-economic status families. 

Sleep 

Sleep is a natural and reversible state of inactivity (NLM, n.d.d). During sleep, a 

person’s sensorimotor interaction with the environment is temporarily suspended (NLM, 

n.d.d). Also, a person’s body is recumbent and immobile (NLM, n.d.d). An association 

between regular sleep and better health outcomes exists, while inadequate sleep increases 

the risk of adverse health outcomes, one of which is childhood obesity (Gohil & Hannon, 

2018; Lewin, Wolfson, Bixler, & Carskadon, 2016; Ogilvie & Patel, 2017; Paruthi et al., 

2016). An adequate amount of sleep involves “the number of nights a child sleeps for the 

recommended duration, based on his or her age” (CAHMI & DRCCAH, 2018, pp. 189, 

190, para 1). Recommendations to obtain an adequate amount of sleep vary by age. 

According to the National Sleep Foundation (NSF, 2018a) recommendations, school age 
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children (6–13 years) should have 9 to 11 hours of sleep per day and teenagers (14–17 

years) should have 8 to 10 hours of sleep per day. Keeping in mind the differences in 

individual sleep variations due to genetic, behavioral, medical and environmental factors, 

the American Academy of Pediatrics, the Sleep Research Society, and the American 

Academy of Sleep Medicine recommend a sleep duration of 9 to 12 hours per 24 hours 

for children 6 to 12 years, and 8 to 10 hours per 24 hours for teenagers between 13 to 18 

years (Lewin et al., 2016; Paruthi et al., 2016). Those recommendations, though they 

slightly differ from the NSF’s in terms of extending duration by age grouping, are 

appropriate and necessary to guide practice (Lewin et al., 2016).  

Many factors affect duration and quality of sleep. The presence of and use of 

electronic entertainment and communication devices such as televisions, computers, 

tablets, video games, and cellphones during the hour before sleep, early school start 

times, academic workload, and caffeine consumption negatively affect the duration and 

quality of sleep in children (Dube, Khan, Loehr, Chu, & Veugelers, 2017; Gohil & 

Hannon, 2018; Reid Chassiakos, Radesky, Christakis, Moreno, & Cross, 2016). In fact, 

electronic devices negatively affect sleep by emitting lights and giving off alerts for 

incoming calls and messages (cellphones and tablets), as well as by exposing children to 

violent or scary content (televisions and video games), making it difficult to fall asleep 

(Dube et al., 2017; LeBourgeois, et al., 2017; Reid Chassiakos et al., 2016). These bright 

lights emitted also reduce or suppress the production of melatonin, a sleep-inducing 

hormone, leading to delayed onset and reduced duration of sleep (Dube et al., 2017; Reid 

Chassiakos et al., 2016). 



19 

Lack of or insufficient sleep has been shown to increase both adult and childhood 

obesity risk due to changes in hormones that regulate hunger (ghrelin) and satiety (leptin) 

(Hart et al., 2017; NSF, 2018b; Ogilvie & Patel, 2017). For this reason, lack of or 

insufficient sleep may lead to increased sedentary activities such as television viewing 

and changes in eating behaviors as a result of increased appetite, inability to regulate 

satiety through a feeling of stomach fullness, and changes in ad libitum food intake (Hart 

et al., 2017; Ogilvie & Patel, 2017). Hart et al. (2017) observed these findings in their 

experimental study of the impact of sleep on sedentary behaviors of children aged 8 to 11 

years old. Hart et al. (2017) found that children reported an increase in television viewing 

and caloric intake when sleep was restricted. Public health interventions that focus on 

obesity prevention should also address sleep, a modifiable behavior (Hart et al., 2017; 

Ogilvie & Patel, 2017). Since parents and caregivers play critical roles in modeling 

healthy lifestyles, interventions that support efforts to change the environment by 

restricting exposure to or usage of electronic devices, by enhancing parent-child 

interactions, can positively affect the amount and quality of sleep (Reid Chassiakos et al., 

2016). 

Media Use 

Since the mid-1980s, epidemiologic studies have suggested an association 

between the time spent viewing screen media such as television, videos, computers, or 

any devices with a screen and adverse health outcomes (Reid Chassiakos et al., 2016; 

Robinson et al., 2017; Tanskey, Goldberg, Chui, Must, & Sacheck, 2018). Increased use 

of screen media by children has been associated with a higher incidence of childhood 
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obesity, depression, the risk of developing hypertension, insulin resistance, high 

cholesterol, high inflammation, metabolic syndrome, and a risk for adult obesity (Lee, 

Kubik, & Fulkerson, 2018; Reid Chassiakos et al., 2016; Robinson et al., 2017; Tanskey 

et al., 2018). While this might be alarming, studies also reveal that interventions that seek 

to reduce the time spent using screen media positively affect behaviors and weight 

outcomes in children (Reid Chassiaskos et al., 2016). 

The mechanisms that explain the association between increased media use and 

weight gain include reduced time for physical activities, increased intake of energy-dense 

foods/beverages during media exposure, reduced intake of fruits and vegetables, and 

reduced sleep (Reid Chassiakos et al., 2016; Robinson et al., 2017; Tanskey et al., 2018). 

In addition to that, exposure to food advertisement increases the consumption of food and 

beverages (Lee et al., 2018; Robinson et al., 2017). Satiety cues become obscured as 

children become distracted while watching screen media (Lee et al., 2018; Robinson et 

al., 2017). Increased screen media time leads to sleep deprivation by changing the 

hormones ghrelin, an appetite-regulating-hormone, and leptin, a hormone that signals 

increases in hunger and decreases in satiety (Gohil & Hannon, 2018; Reid Chassiakos et 

al., 2016; Robinson et al., 2017; Tanskey et al., 2018). This change leads to increased 

food/beverages consumption (Gohil & Hannon, 2018; Reid Chassiakos et al., 2016; 

Robinson et al., 2017; Tanskey et al., 2018). While reduction in time spent viewing 

screen media is likely to result in a reduction in the risk of childhood obesity, research 

reveals that physically engaging children during time on or off media time may mediate 

certain health outcomes (Odgers, 2018; Reid Chassiakos et al., 2016).  
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Disparities exist between the time spent using screen media and annual income. 

Children whose families’ annual income is equal or below $35,000 tend to spend about 

four hours a day watching television or using electronic devices for entertainment 

purposes (Odgers, 2018; Reid Chassiakos et al., 2016). However, those whose families’ 

annual income is equal or more than $100,000.00 spend about three hours a day or focus 

more on educational content on mobile devices than children from low socioeconomic 

families (Odgers, 2018; Reid Chassiakos et al., 2016). This tendency is more likely 

driven by living conditions. In fact, low income families tend to live in resource-limited 

neighborhoods with high crime levels, making it difficult to find safe areas for children to 

be physically active (Baer, Scherer, Richmond, Fleeger, & Hassan, 2018; Curtis, Fuller-

Rowell, Doan, Zgierksa, & Ryff, 2016; Frederick et al., 2014). Consequently, more time 

is spent in sedentary behaviors such as watching television because of fear of being a 

victim of crime in these high-risk neighborhoods (Baer et al., 2018; Curtis et al., 2016; 

Frederick et al., 2014; Odgers, 2018; Reid Chassiakos et al., 2016). 

Risk Factors 

Risk factors include those “personal behavior or lifestyle, environmental 

exposure, inborn or inherited characteristics that, based on epidemiological evidence, are 

known to affect preventable health outcomes” (NLM, n.d.e, para. 1). In general, the 

major contributors to childhood obesity include excessive food consumption and lack of 

physical activities (Bagherniya et al., 2015; Elmore & Sharma, 2014; Frederick et al., 

2014). Modifiable and nonmodifiable factors interact to influence obesity. Modifiable 

factors of childhood obesity include individual, cultural, socio-economic, and 
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environmental factors, such as sleep habits, television viewing, dietary habits, physical 

activity, parents having multiple jobs, parents not being available to interact with their 

children, lack of safe places to play outdoors, easy access to energy-dense foods, and 

metabolism, to name a few (Archer et al., 2018; Bassett, John, Conger, Fitzhugh, & Coe, 

2015; Dinkel et al., 2017; Urlacher et al., 2019). Nonmodifiable risk factors include an 

individual’s genetic background, sex, and basal metabolic rate (Archer et al., 2018; 

Bassett et al., 2015; Dinkel et al., 2017). This study focused on modifiable risk factors 

within the home environment. Individual causes of childhood obesity include excessive 

consumption of foods/beverages high in calories such as high-fat and high-sugar content, 

reduced physical activities and sedentary lifestyle (Frederick et al., 2014). Cultural, 

socioeconomic, and environmental factors may influence behaviors at the individual level 

(Frederick et al., 2014). Socioeconomic and environmental factors that influence 

childhood obesity include family characteristics and parenting styles, school policies, 

demographics, and parents’ employment, education, and income status (Archer et al., 

2018; Frederick et al., 2014).  

With attention to feeding practices, parents play significant roles because they 

purchase food and can decide on the type and amount of food for their children (Boots, 

Tiggemann, Corsini, & Mattiske, 2015; Kakinami, Barnett, Séguin, & Paradis, 2015; 

Yavuz & Selcuk, 2018). For this reason, parenting styles, which include attitudes and 

characteristics of the interactions between a parent and a child, have been shown to affect 

children’s general health outcomes (Kakinami et al., 2015; Vaughn et al., 2016; Yavuz & 

Selcuk, 2018). Authoritarian and authoritative parenting styles are two of the most 



23 

investigated parenting styles that appear to influence food consumption (Boots et al., 

2015; Kakinami et al., 2015; Vaughn et al., 2016; Yavuz & Selcuk, 2018). In the former, 

parents exhibit high control and low responsiveness, while in the later, parents exhibit 

both high control and high responsiveness (Boots et al., 2015; Kakinami et al., 2015; 

Vaughn et al., 2016; Yavuz & Selcuk, 2018). Both parenting styles affect children’s self-

regulatory skills, with authoritarian parenting style being associated with more childhood 

weight problems than authoritative parenting style (Boots et al., 2015; Kakinami et al., 

2015; Vaughn et al., 2016; Yavuz & Selcuk, 2018). Thus, parenting style plays an 

important role in influencing modifiable behaviors in children.  

Obesity affects all ethnicities. Furthermore, several studies have documented a 

higher body mass index in children who experienced early life adversity than those who 

did not (Curtis et al., 2016; Curtis, Fuller-Rowell, Hinnant, Kaeppler, & Doan, 2017). In 

fact, early life adversity has been associated with obesity in African Americans and 

people from low SES (Curtis et al., 2016, Curtis et al., 2017). For example, poverty, 

exposure to family and neighborhood violence, exposure to a parent or a caregiver 

dealing with mental health issues, or abuse during childhood have been shown to affect 

weight status in African Americans and people from low SES (Curtis et al., 2016, Curtis 

et al., 2017). Some studies suggest a decrease in the prevalence of obesity among 

adolescents from well-educated and high-income families as opposed to adolescents from 

less-educated and low-income families (Baer et al., 2018; Frederick et al., 2014; Nguyen, 

Shuval, Bertmann, & Yaroch, 2015). If the sustained prevalence of childhood 

overweight/obese status is not addressed, it might perpetuate the cycle of disease, 
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increased risk of premature morbidity and mortality. Such adverse health consequences 

continue to negatively affect our society, especially minority groups, people from low 

SES and low education levels. 

As noted earlier, there are modifiable and nonmodifiable risk factors of obesity. 

Risk factors for childhood obesity vary, are multifactorial, and no single solution exists 

for preventing or managing the risk factors, making it a challenging issue to change 

(Berge et al., 2017; Olson et al., 2015, Pratt et al., 2017). Several studies about predictors 

of childhood overweight/obese status have identified non-modifiable risk factors such as 

age, sex, race/ethnicity, and parental weight status, and modifiable factors such as 

sedentary behaviors, inadequate physical activity, unhealthy eating and drinking, media 

screen viewing such as television, and sleep habits (Bagherniya et al., 2015; Elmore & 

Sharma, 2014; Robinson et al., 2017). Research consistently demonstrates that factors 

such as:  

• excessive consumption of foods that are energy-dense, inadequate sleep; 

• low family income, maternal diabetes, maternal smoking, sedentary lifestyle; 

• neighborhood disadvantages such as the presence of fast foods, convenience 

stores or absences of grocery stores, (Grossman et al., 2017; Hoyt et al., 2014; 

Hulst et al., 2015); 

• parental obesity, more than eight hours of watching television per week at age 

three, excessive weight gain during the first year of life, and excessive weight 

gain during the first year of life (Archer et al., 2018; Bassett et al., 2015; 
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Dinkel et al., 2017; Zoellner et al., 2017) interact to influence childhood 

obesity.  

Thus, an understanding of the most significant predictors of childhood 

overweight/obese status will help develop appropriate prevention strategies that target 

children who are at risk of becoming overweight/obese.  

Childhood Overweight/Obese Status: Prevalence  

Prevalence of childhood obesity has not remained high in all age groups. 

Childhood obesity rates in children between 2 and 4 years who participated in the 

Women Infant and Children program have slightly declined in some states and territories 

of the United States from 15.9% in 2010 to 14.5% in 2014 (The State of Obesity, 2018a). 

However, rates remained high at 18.5 % in 2016 in children between 2 and 19 years of 

age (CDC, 2018d; HTHC, 2018a; The State of Obesity, 2018a), and a third of children 

are overweight/obese (Schuler & O’Reilly, 2017). While recent stabilization of childhood 

obesity sounds promising and relieving to public health professionals, policymakers and 

the public who are engaged in preventing and reducing childhood overweight/obese 

status, there are remarkable socioeconomic disparities in the prevalence and decline 

across different subgroups (Curtis et al., 2016; Frederick et al., 2014).  

Obesity affects all ethnicities. According to the High School Risk Behavior 

Survey for Oklahoma, the percentage of high school students who described themselves 

as being obese in 2015 was 17.3% for all ethnicities, compared to the national rate 14% 

(CDC, n.d.). Furthermore, several studies have documented a higher body mass index in 

children who experienced early exposure to early life contexts than those who did not 



26 

(Curtis et al., 2016; Curtis et al., 2017). In fact, early life adversity has been associated 

with obesity in African Americans and people from low SES (Curtis et al., 2016, Curtis et 

al., 2017). Examples include poverty, exposure to family and neighborhood violence, 

exposure to a parent or a caregiver dealing with mental health issues, or abuse during 

childhood (Curtis et al., 2016, Curtis et al., 2017). If not addressed, sustained prevalence 

in children who are overweight/obese from minority groups, low SES, and from parents 

or caregivers whose education is low might perpetuate the cycle of disease, and increase 

the risk of premature morbidity and mortality that will continue to negatively affect our 

society. 

As observed in some other states, Oklahoma has experienced a slight decline in 

childhood obesity rates among Women Infant and Children participants ages 2 to 4 year 

(Shape Your Future, 2018). However, it is one of the states where childhood obesity rates 

remain historically high, with a rate of 33.8 % among children ages10 to 17 years in 2016 

(Shape Your Future, 2018; The State of Obesity, 2018b). Although the 2013 national 

childhood obesity rates (13.7%) appear higher than those of Oklahoma (11%; OSDH, 

2019a), the increase in both national and state rates remains alarming. As the prevalence 

of children who are overweight/obese continues to increase, so do the questions as to 

what risk factors significantly predict its occurrence and what will be the most effective 

prevention strategies that can reverse this epidemic. 

History of Childhood Overweight/Obese Status in the United States 

According to Von Hipel and Nahhas (2013), little is known about the history of 

childhood obesity before 1963, a time during which researchers started collecting 
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information through national surveys. National surveys revealed stability in the 

distribution of children’s body mass index from the 1960s to 1980s and an increase until 

the 2000s (CDC, 2018c; Von Hipel & Nahhas, 2013). Since there was no information 

about childhood obesity before 1963, Von Hipel and Nahhas (2013) sought to determine 

whether the childhood obesity epidemic was a recent phenomenon or a continuation of 

longstanding trends by analyzing the body mass index of children born between 1930 and 

1993 who participated in the Fels Longitudinal Study (FLS) near Dayton, Ohio. Their 

investigation revealed that the prevalence of childhood obesity in children born between 

1930 and 1970 was low and slowly increased in boys and girls born between 1970 and 

1980 (Von Hipel & Nahhas, 2013; Von Hipel, Nahhas, & Czerwinski, 2015). These 

findings suggest that the childhood obesity epidemic was a recent phenomenon and that 

reversal is possible (Von Hipel & Nahhas, 2013). 

In a review of Childhood Obesity in America: Biography of an Epidemic by Laura 

Dawes (2014) and The Nature of Childhood: An Environmental History of Growing Up 

in America since 1865 by Pamela Riney-Kehrberg (2014), Apple (2015) noted the 

authors’ new insights into the history of childhood obesity in America by focusing on 

individual and environmental changes. The image of a chubby child shifted from being 

healthy during the late 19th century to becoming a health concern (obesity) in the 

twentieth century (Apple, 2015). The review highlights how the authors attribute the 

increase in childhood obesity to modifiable factors such as social, cultural, economic and 

environmental changes, most of which result from modern industrialization thought to 

have affected lifestyles (Apple, 2015; Bassett et al., 2015). Coupled together, these 
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findings and viewpoints suggest that reversal of the epidemic of childhood overweight 

and obesity status is possible by addressing the factors that led to its rapid increase. 

Consequences of Childhood Overweight/Obese Status 

Childhood obesity leads to adverse physical health, socio-emotional, 

psychological, academic consequences, and economic burdens (Archer et al., 2018; 

Bassett et al., 2015). These consequences often continue and increase the risk of 

decreased quality of life in adulthood as well (Curtis et al., 2016; Frederick et al., 2014). 

Health consequences of childhood obesity, many of which used to be prevalent in adults 

but have prematurely become common in children, include fatty liver disease, sleep 

apnea, type 2 diabetes, asthma, cardiovascular disease, hypertension, high cholesterol, 

gallstones, gastric reflux, skin conditions, menstrual abnormalities, impaired balance, 

orthopedic problems, acceleration of puberty in both girls and boys, and death (Archer et 

al., 2018; Bassett et al., 2015; Dinkel et al., 2017; Zoellner et al., 2017). Socio-emotional 

consequences of childhood obesity include negative stereotypes, discrimination, and 

social marginalization (Archer et al., 2018; Bassett et al., 2015). In fact, social 

marginalization may take the form of exclusion from social activities, such as sports 

activities, because obese children tend to be slower than their peers and tend to 

experience shortness of breath (Archer et al., 2018; Bassett et al., 2015). 

Obese children are at risk of developing psychological problems, especially in 

girls, as a result of low self-esteem and behavioral problems (Dinkel et al., 2017; Sagar & 

Gupta, 2018; Zoellner et al., 2017). Obese children often experience low self-confidence, 

depression, and negative body image (Archer et al., 2018; Bassett et al., 2015; Dinkel et 
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al., 2017; Zoellner et al., 2017). Such problems may lead to isolation, a limited number of 

friends and limited opportunities to be physically active because of sedentary behaviors 

(Archer et al., 2018; Kyle, Stanford, & Nadglowski, 2018). In such circumstances, 

sedentary behaviors serve as a protective mechanism to avoid negative comments about 

weight or physical appearance (Archer et al., 2018; Kyle et al., 2018). Sedentary 

behaviors consist of waking hour behaviors that lead to energy expenditure of less or 

equal to 1.5 metabolic equivalents of task (HTHC, 2018b; Herman et al., 2015). 

Metabolic equivalents of task is a measure of physical activity that reflects the energy 

spent while sitting quietly (HTHC, 2018b; Herman et al., 2015). A person whose waking 

hour behaviors consist of sitting for long periods of time, using motorized transportation, 

watching television, playing passive video games, and using electronic device such as 

mobile phone or computer expends less energy than someone who includes moderate or 

vigorous activities (HTHC, 2018b). In fact, prolonged sitting decreases energy 

expenditure. For these reasons, sedentary behaviors increase the risk of weight gain 

(Herman et al., 2015; HTHC, 2018b). Moderate activities such as brisk walking, heavy 

cleaning, mowing the lawn, light bicycling, or playing double tennis increase energy 

expenditures by 3.0–6.0 METS (HTHC, 2018b). Furthermore, vigorous activities, for 

example walking, hiking, shoveling, carrying heavy loads, bicycling fast, playing 

basketball, soccer, or singles tennis increase energy expenditure by more than 6.0 

(HTHC, 2018b). 

Obese children are at risk of poor performance at school because they tend to miss 

school due to health issues (Sahoo et al., 2015). Sahoo et al. (2015) suggested that 
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focusing on the causes of childhood obesity may help slow down its epidemic growth 

because some of the causes are more significant than others, leading to the need to 

identify which factors significantly increase the risk more than others. Economic burdens 

of childhood obesity include direct and indirect medical cost for treatment or expenses 

due to rehabilitation (Archer et al., 2018). In Oklahoma, estimated medical expenditures 

of adult overweight/obese status exceeds $1.72 billion, with a national productivity cost 

of absenteeism ranging from $3.38 billion to $6.38 billion (Shape Your Future, 2018). 

Since children who are obese are more likely to maintain obesity in adulthood (Shape 

Your Future, 2018), a reduction in the prevalence of childhood overweight/obese status 

would reduce its financial and economic burden.  

Obesity increases the risk of adverse health consequences and premature death in 

both adults and children (CDC, 2016, 2018a; OAC, 2018). The rapid increase in the 

number of children who are overweight and obese is one of the most serious public health 

issues (Bassett et al., 2015; Elmore & Sharma, 2014; HTHC, 2018a; Liu et al., 2016). 

Adverse consequences such as premature morbidity and mortality, the financial burden of 

increased treatment, limited mobility and isolation, and increased risk of obesity in 

adulthood are the immediate and long-term burdens that the rapid increase of children 

who are overweight and obese brings to the global community (Camp et al., 2017; 

HTHC, 2018a; Schuler & O’Reilly, 2017). For this reason, several prevention and 

management strategies have been developed to reduce the prevalence of children who are 

overweight and obese in susceptible populations (Bassett, et al., 2015; Elmore & Sharma, 

2014; HTHC, 2018a; Liu et al., 2016). However, progress in reducing the number of 
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children who are overweight and obese has been slow as evidenced by sustained 

increases in its prevalence, especially in minority and low SES populations (Elmore & 

Sharma, 2014; Liu et al., 2016).  

For approximately three decades, childhood obesity trends in the United States 

gradually increased at an alarming rate before stabilizing between 2013 and 2014 (DHHS 

et al., 2016; HTHC, 2018a; Ogden et al., 2016). The NHANES indicates that there is both 

an alarming and sustained prevalence of childhood obesity in the United States (CDC, 

2018a). Childhood obesity management and prevention strategies have been in place for 

years, but given their complexity, progress has been slow.  

Prevention and Management  

A combination of reduced consumption of high caloric foods and increased 

physical activity interventions are usually implemented in preventing and managing 

childhood overweight/obese status (Archer et al., 2018; Dabas & Seth, 2018; Frederick et 

al., 2014; Ross, Flynn, & Pate, 2016). Because of that, the focus of most prevention 

strategies has been on modifiable behaviors such as the consumption of high caloric 

foods and physical activities (Archer et al., 2018; Dabas & Seth, 2018; Ross et al., 2016). 

Even though such strategies support attempts to curb childhood overweight/obese status 

by targeting research-supported risk factors, evidence continues to point to an epidemic 

increase in childhood obesity (Archer et al., 2018; Frederick et al., 2014; Ross et al., 

2016). This increase leads to more questions than straightforward answers about specific 

factors that increase the risk of childhood overweight/obese (Ross et al., 2016). Given 

these points, research about modifiable factors that are known to increase the risk of 
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childhood overweight/obese status provides clues about risk factors that should be 

targeted during prevention interventions.  

Research continues to demonstrate the positive influence of family-based 

interventions on parents/caregivers and children. This makes such interventions one of 

the most viable prevention strategies in childhood obesity prevention (Dinkel et al., 2017; 

Weaver et al., 2014; Zoellner et al., 2017). Availability and consumption of nutritious 

foods coupled with an environment that promotes physical activities in the immediate 

surroundings of children who are at risk of becoming overweight/obese contribute to 

effective prevention of childhood obesity. Disparities exist in accessing nutritious foods 

and opportunities to increase physical activity. Research shows that children from high 

income and more educated families have more access to nutritious foods and 

opportunities to increase physical activity as compared to their peers from poor and less 

educated families (Baer et al., 2018; Curtis et al., 2016; Frederick et al., 2014). Compared 

to children from educated and high-income families, children whose parents/caregivers 

are less educated and whose income is low are more likely to consume high caloric foods 

and less likely to be physically active (Baer et al., 2018; Curtis et al., 2016; Frederick et 

al., 2014). Furthermore, they tend to live in resource-limited neighborhoods with high 

crime levels, making it difficult to find safe areas to be physically active (Baer et al., 

2018; Curtis et al., 2016; Frederick et al., 2014). This serious issue needs consideration 

from policymakers, health professionals, and communities when prevention programs are 

implemented in different communities, given the adverse consequences of childhood 

obesity. Also, childhood overweight/obese status reduces opportunities for a community 



33 

to benefit from a child’s contribution to a community’s social, economic, and political 

needs in the future, as an adult because children who are obese are more likely to become 

obese adults (Shape Your Future, 2018).   

Summary 

This section reviewed childhood overweight/obese status by explaining the key 

terms used in the study’s research questions and by highlighting childhood 

overweight/obese status’ prevalence, measurement, history in the US, and prevention and 

management strategies. It also illustrated the complexity of modifiable factors that 

influence childhood overweight/obese status. This study focused on modifiable risk 

factors that are known to increase childhood overweight/obese status at the individual, 

behavioral and home environment levels. As a relatively recent phenomenon, it is 

possible to reverse the increase in the number of children who are overweight and obese. 

Theoretical Models  

Social Cognitive Theory  

SCT was initially referred to as social learning theory (SLT) to explain the 

process of learning as a function imitation (Edberg, 2020; Sharma, 2017). In other words, 

imitation led to learning through direct observation of a behavior of interest (Edberg, 

2020; Sharma, 2017). Later, Albert Bandura introduced the concept of self-efficacy, the 

confidence that a person would perform a specific behavior, and SLT became SCT 

(Edberg, 2020; Sharma, 2017). SCT focuses on the impact of a person’s attributes, 

behaviors, and the environment on health behavior change (Bandura, 1986; Edberg, 

2020; Rimer & Glanz, 2005; Sharma, 2017). According to Bandura (1986), and Rimer 
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and Glanz (2005), reciprocal determinism is one of the key concepts of SCT , which 

highlights how a person can both influence and be influenced by the environment. With 

that in mind, interventions that target individual and the environment in which a person 

lives will more likely increase the potential behavior change. 

In SCT, behavior change occurs as a function of individual or internal 

characteristics and environmental or external factors, which summarize the key 

constructs of SCT (Edberg, 2020). Key constructs of the SCT that represent 

individual/internal characteristics include self-efficacy, behavioral capability, outcome 

expectations, outcome expectancies, self-control, and emotional coping (Bandura, 1986; 

Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). Those that represent environmental 

factors include vicarious learning, situation, reinforcement, and reciprocal determinism 

(Bandura, 1986; Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). Self-efficacy is a 

person’s confidence in his/her ability to perform a behavior; behavioral capability 

includes a person’s knowledge and skills to perform a behavior; outcome expectations 

reflect the likelihood and value of performing the behavior; self-control or self-regulation 

is a person’s ability to control, to set goals, and to plan a behavior (Bandura, 1986; 

Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). Vicarious learning or observational 

learning occurs as a result of one’s observation of other people’s behaviors; situation or 

environment includes the physical or social circumstances or conditions around a person; 

reinforcement reflects positive or negative responses to a person’s behavior, and 

reciprocal determinism is the influence of a person to and by the environment (Bandura, 

1986; Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). 
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Advantages of using SCT in youth-related food and nutrition interventions 

include the use of positive reinforcement and ease at which SCT key constructs relate to 

real life situations (Berlin, Norris, Kolodinsky, & Nelson, 2013; Greer, Davis, Sandolo, 

Gaudet, & Castrogivanni, 2018). Also, SCT can easily be applied in different settings and 

incorporates social and personal determinants in influencing behavior (Edberg, 2020; 

Greer et al., 2018; Sharma, 2017). For example, youth-related food and nutrition 

interventions include the use of positive reinforcement, which is important to young 

people (Berlin et al., 2013; Greer et al., 2018). Another advantage includes the ease at 

which SCT key constructs relate to real life situations, such as in farm-to-school 

programs (Berlin et al., 2013; Greer et al., 2018; Knowlden & Sharma, 2015). 

Disadvantages of SCT include the complexity of its constructs, which limits its practical 

usage (Bandura, 1986; Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). 

Applications of Social Cognitive Theory  

 SCT has been applied in different health-related programs aimed at increasing 

confidence performing a behavior, in predicting behavior, in modeling healthy behavior, 

etc. (Bandura, 1986; Edberg, 2020; Rimer & Glanz, 2005; Sharma, 2017). Knowlden and 

Conrad (2018) incorporated five constructs of SCT in a longitudinal childhood obesity 

prevention trial that sought to determine the efficacy of a brief, web-based, maternal-

facilitated childhood obesity program for its capacity to influence behaviors two years 

post intervention. The five constructs included environment, emotional coping, 

expectations, self-control, and self-efficacy to improve four behaviors (Knowlden & 

Conrad, 2018). The four behaviors consisted of daily consumption of five cups of fruits 
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and vegetables, daily 120 minutes of structured and unstructured physical activity, 

increase in sugar-free beverage intake, and reduced screen and sedentary time (Knowlden 

& Conrad, 2018). Results demonstrated that the four behaviors improved as a result of a 

maternal-focused approach (Knowlden & Conrad, 2018). In particular, consumption of 

fruits and vegetables increased, and researchers explicitly determined which construct 

influenced behavior by directly measuring SCT constructs (Knowlden & Conrad, 2018). 

In a qualitative meta-synthesis of secondary data that analyzed family-based 

interventions to prevent childhood obesity, researchers identified four SCT constructs 

that were applied the most (Alulis & Grabowski, 2017). These included self-monitoring, 

stimulus control, reinforcement, and modeling (Alulis & Grabowski, 2017). Consistent 

with the SCT environmental concept of vicarious learning, the study found that parents’ 

consistence in self-monitoring food, physical activity, and sedentary behaviors predicted 

children’s successful self-monitoring (Alulis & Grabowski, 2017). Stimulus control 

included changes in the home environment to reduce sedentary behavior, to increase 

consumption of nutritious foods, to reduce emotional eating, and to learn mindful eating 

techniques (Alulis & Grabowski, 2017). Reinforcement in the form of stickers, verbal 

praises, and other prizes such as money or point systems, were also incorporated to 

influence the environment (Alulis & Grabowski, 2017). Finally, modeling was applied to 

teach parents about the impact of their behavior on their child’s behavior and attitude. 

The study illustrated the concept of reciprocal determinism. Observation of parents’ self-

monitoring, and exposure to stimulus control and reinforcement interacted to determine 

children’s desired behavior. Thus, parents, through their actions, created an environment 
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that contributed to children’s self-efficacy, behavioral capability, and outcome 

expectations (Alulis & Grabowksi, 2017; Bandura, 1986; Edberg, 2020; Rimer & Glanz, 

2005; Sharma, 2017). Agreeing with the outcomes of this study, McGee, Richardson, 

Johnson, and Johnson (2017) found that personal and environmental determinants 

influenced children’s behaviors. For example, exposure to fruits and vegetables increased 

consumption, and exposure to after-school activities that children enjoyed, as well as 

availability of parks and community centers, increased motivation to participate in 

physical activities in children living in the Lower Mississippi Delta (McGee et al., 2017).  

Similarly, in a study that assessed the effect of Youth Fit 4 Life on elementary 

children who participated in an after-school care program, researchers found that changes 

in self-regulatory skills usage and mood and self-efficacy significantly mediated changes 

in body mass index (Annesi, Walsh, Greenwood, Mareno, & Unruh-Rewkowski, 2016). 

Youth Fit 4 Life is an evidence-based intervention that integrates SCT constructs of self-

efficacy and self-control with a supportive environment to influence behavior (Annesi et 

al., 2016). These findings are consistent with another study that found that self-control 

and self-efficacy were significant predictors of four modifiable behaviors, which were 

limiting television viewing, performing at least 60 minutes of daily-moderately intense 

physical activity, increasing daily fruits and vegetables intake to five or more cups and 

increasing water consumption, in a childhood obesity prevention program that targeted 

African American children (Elmore & Sharma, 2014). Taken together, these studies 

indicate that individual/internal characteristics and environmental/external factors that 
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enhance and expose children to positive health behaviors impact weight-related outcomes 

in children.         

Social Ecological Model  

Social ecological model, or ecological model, is a framework that explains how 

different factors at the individual, community, organizational, and societal levels intersect 

to influence personal choices such as food and physical activities (Bronfenbrenner, 1977, 

1986; Edberg, 2020; Jernigan et al., 2018; ODPHP, 2018; Sallis, Owen, & Fischer, 2008; 

Sharma, 2017). The model originates from the work of Urie Bronfenbrenner (1917–

2005), a development psychologist and cofounder of the Head Start program that focuses 

on addressing childhood poverty in the US (Bronfenbrenner, 1977, 1986; Edberg, 2020; 

Sallis et al., 2008; Sharma, 2017). Bronfenbrenner’s work focused on the integration of 

child and human development through an understanding of the five SEM/EM 

subsystems, namely microsystem, mesosystem, exosystem  ̧macrosystem, and 

chronosystem (Bronfenbrenner, 1977, 1986; Edberg, 2020; Sharma, 2017). These five 

systems illustrated how development and behavior could be understood as an outcome of 

the interaction between an individual and the different subsystems of the ecological 

system (Bronfenbrenner, 1977, 1986; Edberg, 2020; Sharma, 2017). Bronfenbrenner 

described the five subsystems as: microsystem (the relationship between a child and 

immediate components of his/her environment like family, school, neighborhood, and the 

childcare), mesosystem (the relationships between one or more settings, like home, 

school, community), exosystem (the relationships between different element of the 

system that do not directly interact with the child, like a child’s home and father’s job), 
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macrosystem (a reference to culture, values, lifestyles, beliefs, etc.), and chronosystem (a 

representation of environmental changes over time; Bronfenbrenner, 1977, 1986; Edberg, 

2020; Sharma, 2017). As the SEM/EM evolved, it developed into a complex process that 

represented six levels of intervention: intrapersonal or individual, interpersonal, social, 

cultural, organizational, and policy/environmental levels (Jernigan et al., 2018; Sallis et 

al., 2008; Sharma, 2017). At each level, different factors were targeted during 

interventions though not all at the same time.   

This model can be both an advantage and disadvantage. Advantages of SEM/EM 

include the incorporation of different levels of influence on behaviors; it looks at a 

broader picture in designing intervention programs. Although SEM/EM is known to 

influence health behaviors at multiple levels, its complexity makes it difficult to explain 

the interaction of different variables in influencing behaviors (Edberg, 2020; Sallis et al., 

2008). The built environment presents opportunities for physical activities through 

availability of safe neighborhoods, the presence of safe infrastructures for physical 

activity, and access to nutritious foods (Hoyt et al., 2014).  

Applications of Social Ecological or Ecological Model  

SEM/EM focuses on different levels of influence on behavior. As such, it has 

been studied and applied in different childhood obesity-related studies or interventions. 

For example, Jernigan et al. (2018) used levels of SEM (individual, interpersonal, 

institutions/organizations, community, systems/policies) to map policies and programs 

that reported a small childhood obesity rates decline in four different states between 2003 

and 2012, and to examine across and within levels of SEM to understand their influence 
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on implementation success at each site. Researchers found that despite the differences in 

childhood obesity prevention program implementation at each location, all four sites had 

cross-sector partnerships working together in coordinated comprehensive ways across 

and within SEM levels, which helped implement comprehensive approaches to address 

childhood obesity (Jernigan et al., 2018). The use of SCT and SEM in childhood 

overweight/obese status prevention offers a foundation for creating broader initiatives to 

reduce childhood obesity by highlighting risk factors that seem to influence children’s 

weight status.  

In their pilot study on family-based programs to address childhood obesity, 

Weaver et al. (2014) applied SEM theoretical framework in a family-based behavioral 

change program. During the intervention, Weaver et al. (2014) taught motivational 

interviewing strategies to physicians. At the interpersonal level, physicians used 

motivational interviewing strategies to engage parents and their children during family 

group medical visits and workshops (Weaver et al., 2014). At the community level, a 

collaboration with graduate students was established to plan and implement evidence-

based nutrition education sessions (Weaver et al., 2014). In addition to the nutrition 

component, a faculty member and trained students/volunteers conducted physical 

activities sessions (Weaver et al., 2014). As a result of the family-based intervention at 

the interpersonal and community level, parents and children increased consumption of 

healthy foods and decreased sedentary behaviors (Weaver et al., 2014). Physicians and 

other professionals also benefited from this intervention. They learned about relating to 

patients/clients through motivational interviewing (Weaver et al., 2014). While the 
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intervention improved participants’ behaviors, Weaver et al. (2014) noted that barriers 

such as lack of community input and shared leadership from local stakeholders 

contributed to restricted recruitment, poor retention and reduced participation. This study 

illustrates the benefits of working with different levels of influence to affect behavior and 

increase participation.     

Expanding on an ecological framework that emphasizes social and environmental 

changes at multiple levels, Wilson, Sweeney, Kitzman-Ulrich, Gause, and St. George 

(2017) reviewed the impact of evidence-based interventions that combined parental 

support, motivational and behavioral factors on weight loss of youth, especially those 

from underserved ethnic minority groups. Wilson et al. (2017) argued that positive 

parenting skills, autonomy support, and behavioral skill training influenced weight loss in 

children. This result is consistent with the growing number of studies that demonstrate 

the impact of positive environments within the context of families, schools, communities, 

and healthcare settings on children’s health-related behaviors (Wilson et al., 2017).  

Guided by previous research on ecological model and potential risk factors of 

childhood overweight/obese status, such as the Six-Cs ecological model (Dev, McBride, 

Fiese, Jones, & Cho, 2013), Fiese and Bost (2016) suggested that no single cause 

increases the risk of childhood overweight/obesity. Fiese and Bost (2016) focused on 

different regulatory processes that connect ecologies and that may affect weight status in 

children. These include biological, child, family systems, and food environment 

regulations, which interact to influence (Fiese & Bost, 2016). Despite their central role 

preventing childhood obesity, families are often left out in the planning phases of healthy 
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living campaigns (Fiese & Bost, 2016). Fiese and Bost (2016) suggested the inclusion of 

families in the planning phases of healthy living campaigns by increasing families’ 

partnerships with childcare settings, schools, parks, and other organizations that promote 

healthy lifestyles.  

While the aforementioned study applied SEM/EM framework to identify factors 

that increased the risk of childhood overweight/obese status, another study, by Kellous, 

Sandalinas, Copin, and Simon (2014), tried to highlight unresolved issues of SEM/EM. In 

the study, researchers evaluated to what extent integration of a SEM/EM approach into 

physical activity and sedentary behavior interventions has impacted their success on 

weight status (Kellous et al., 2014). Interestingly, studies that targeted physical activity 

determinants at different levels of the SEM/EM, including the social and 

organizational/built environment, had the highest potential to prevent obesity in youth 

(Kellous et al., 2014). Due to the wide variety of approaches used in interventions under 

review, Kellous et al. (2014) and Pratt et al. (2017) did not find conclusive outcomes 

about the specific components of interventions that were needed to achieve beneficial 

effects on obesity.        

Summary 

SCT and SEM/EM have been extensively used in different interventions. They 

both suggest that behavior can be influenced by individual and environmental factors. 

Compared to SCT, SEM/EM is more complex because it includes six levels of influence 

on behavior. Despite their disadvantages, SCT and SEM/EM have been successfully used 

in different settings. With that in mind, it is possible to adapt SCT and SEM/EM to 
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different settings by focusing on their usefulness in changing behavior, and by 

recognizing the limitations of each. 
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CHAPTER III 

METHODOLOGY 

This quantitative, ex-post facto study used population-based cross-sectional 

secondary data from the 2016 National Survey on Children’s Health to explore family 

meals, sleep, and media use as predictors of overweight/obese status among children 

between 10–17, to determine the most significant risk factors that predict childhood 

overweight/obese status in children who live in Oklahoma. Between June 2016 and 

February 2017, the NSCH was administered by the U.S. Census Bureau, Associate 

Director for Demographic Programs, on behalf of the U.S. Department of Health and 

Human Services and the Maternal and Child Bureau (CAHMI, 2017). According to the 

U.S. Census Bureau (2017), the NSCH is the only national and state-level survey on the 

health and wellbeing of children, their families, and communities. The 2016 NSCH 

dataset provides a large data set with key indicators of children’s health that can be 

utilized for the study of different aspects of children’s health and wellbeing (CAHMI, 

2017).  

Population and Sample  

The 2016 NSCH dataset represents anonymous information from 50,212 child-

level questionnaires completed nationally and approximately 985 per state (CAHMI, 

2017). With child-level survey, researchers randomly contacted households by mail to 

randomly identify one child who will participate in the survey (CAHMI, 2017).  
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Sampling Procedures 

Researchers used an address-based sampling process to collect data through 

internet-based web and mailed paper data collection instruments (CAHMI, 2017; U.S. 

Census Bureau, 2017). To identify households with children and to improve sampling 

efficiency, data was collected using the Census Bureau’s Center for Administrative 

Records Research and Applications (U.S. Census Bureau, 2017). Researchers divided the 

sample into two strata, households with children under 18 (Stratum 1) and households 

without children (Stratum 2; U.S. Census Bureau, 2017). Households with children ages 

17 years old, or younger, living in the home at the time of the interview, were eligible 

(CAHMI, 2017). The present study included a total of 7,908 households from Oklahoma 

that met inclusion criteria, with 4,490 households in Stratum 1 and 3,418 households in 

Stratum 2, and 3,202 (40.5%) from completed mailed or online surveys (U.S. Census 

Bureau, 2018, p. 64). To account for nonresponses and oversampling, the 2016 NSCH 

used different adjusted sample weighs formulas to allow for estimates to be 

representative of the population (U.S. Census Bureau, 2018, p. 54).     

Protection of Human Participants 

Information about the 2016 NSCH participants is non-identifiable.  An 

Institutional Review Board (IRB) exempt review application was submitted to Texas 

Woman University’s IRB committee for review and was approved before data analysis. 

Data Collection  

The 2016 NSCH was collected from June 10, 2016, through February 10, 2017 

(U.S. Census Bureau, 2017). To collect data for the 2016 NSCH, researchers used 
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administrative data to identify households that would more likely include children 

between 0 to 17 years (CAHMI, 2017). Then, non-institutionalized civilians living in 

household units were randomly selected using household addresses across the United 

States (CAHMI, 2017). Researchers mailed instructions to access the survey online and at 

least one reminder letter, and a paper screening questionnaire to households that did not 

access the online survey (CAHMI, 2017; see Appendices B and C). To encourage 

participation and reduce response bias, the 2016 NSCH divided the sample into thirds and 

used three incentives categories ($0.00, $2.00, or $5.00) that were randomly assigned to 

each third of the sample (CAHMI, 2017).  

Data Collection Instruments 

Researchers developed the 2016 NSCH to “reduce redundancy, include relevant 

topics, and improve assessment methods by consolidating the previous NSCH and the 

National Survey of Children with Special Health Care Needs (NS-CSHCN) NSCH with 

special needs” (CAHMI, 2017, p. 14). The NSCH used both web (online) and paper 

instruments in both English and Spanish (U.S. Census Bureau, 2018). A mailed invitation 

was sent to selected households, inviting them to respond to the web survey (CAHMI, 

2017). Once online and after reviewing the Privacy Act statement, participants had to 

verify their address and answered questions about eligible children residing in the home 

(CAHMI, 2017). Households that did not meet eligibility criteria during screening were 

removed from future mailings (CAHMI, 2017). Those who did not respond to the first 

two web surveys received a mailout/mail back self-administered paper-and-pencil 

interviewing screener instrument (CAHMI, 2017). 
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The 2016 NSCH survey instrument consisted of a pre-survey screener, which had 

10 questions to identify households that had at least one eligible child, and 11 topical 

survey sections (CAHMI, 2017; U.S. Census Bureau, 2018). Survey sections included:  

(1) This child’s health; (2) This Child as an Infant; (3) Health Care Services; (4) 

 Experience with This Child’s Health Care Providers; (5) This Child’s Health 

Insurance Coverage; (6) Providing for This Child’s Health; (7) This Child’s 

Learning (0–5 years); (8) This Child’s Schooling and Activities (6–17 years); (9) 

About You and This Child; (10) About Your Family and Household; (11) About 

You; (12) Household Information. (CAHMI, 2017; U.S. Census Bureau, 2018, p. 

15).  

According to CAHMI (2017), a total of 139,923 households completed the survey 

nationwide, with about 2,744 surveys completed per state. This study focused on children 

between 10–17 years because body mass index-for-age percentile are only available for 

this age group. The 2016 NSCH did not use directly-measured child height and weight, 

but parent-reported measures to calculate body mass index-for-age percentile for children 

10–17 years (CAHMI & DRCCAH, 2018)  

Data Analysis 

Research Questions  

The current study answered the following research questions:  

1. If childhood overweight/obese status can be predicted from the 2016 NSCH, 

which risk factors (family meals, sleep, and media use) are the most 

significant at predicting childhood obesity in Oklahoma? 
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2. Does the inclusion of a particular risk factor increase or decrease the 

probability of childhood overweight/obese status in Oklahoma? 

3. Does the exclusion of a particular risk factor increase or decrease the 

probability of childhood overweight/obese status in Oklahoma? 

Hypotheses 

H01. Family meals, sleep, and media use will be neither predictive nor protective 

of childhood overweight/obese status in Oklahoma. 

H02. Family meals, sleep, and media use will not significantly differ between 

children of normal weight and children who are overweight/obese in predicting childhood 

overweight/obese status in Oklahoma. 

H03. Family meals, sleep, and media use will not significantly differ by age groups 

(10–12 years and 13–17 years) in predicting childhood overweight/obese status in 

Oklahoma.  

H04. Family meals, sleep, and media use will not significantly differ between 

children who are male and children who are female in predicting childhood 

overweight/obese status in Oklahoma. 

Variables Used in the Study  

Dependent variable: Overweight/obese status. The dependent variable, 

overweight/obese status, was measured using body mass index-for-age percentile, with 

three categories: underweight (less than the 5th percentile), healthy (5th percentile to 84th 

percentile), overweight or obese (85th percentile or above; “Is this child currently 

overweight or obese, based on body mass index-for-age?;” CAHMI & DRCCAH, 2018, 
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p. 16, para. 1). Prior to analyzing data in this study, body mass index-for-age percentile 

was recoded into two categories to include healthy weight only (0) and overweight/obese 

(1).  

Independent variables: Family meals, sleep, and media use. Family meals. To 

measure family meals, the number of days all family members who live in the household 

eat a meal together survey variable was used. In the 2016 NSCH survey, the number of 

meals was measured in days, with four categories (CAHMI & DRCCAH, 2018). Family 

meals variable was collapsed into three categories (1 = 0 to 3 days, 2 = 4 to 6 days, 3 = 

everyday).  

Bed time. Bed time measured how often a child goes to bed at about the same 

time (CAHMI & DRCCAH, 2018). Hours of sleep compared a child’s hours of sleep to 

the recommended age-specific guidelines (CAHMI & DRCCAH, 2018). Another 

variable, past week sleep average (During the past week, how many hours of sleep did 

this child get on an average weeknight?) was also included as a measure of sleep because 

it contained more precise values than the variables bed time and hours of sleep (1 = less 

than 6 hours, 2 = 6 hours, 3 = 7 hours, 4 = 8 hours, 5 = 9 hours, 6 = 10 hours, 7 = 11 or 

more hours) than those for bed time and hours of sleep, past week sleep average was 

included in the analysis (CAHMI & DRCCAH, 2018). 

Media use. To measure media use, the time spent watching television/videos or 

playing video games and the time spent with a computer, cellphone or electronic 

handheld video game, and other electronic devices, doing things other than schoolwork 

were used. The time spent watching television/videos or playing video games measured 
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the daily amount of time a child spends in front of a TV watching TV programs, videos, 

or playing video games (“0 = Do not watch TV, 1 = Watch TV less than 1 hour per day, 2 

= Watch TV 1-3 hours per day, 3 = Watch TV 4 hours or more per day;” CAHMI & 

DRCCAH, 2018, p. 170, para. 5). The time spent with a computer, cellphone or 

electronic device measured the amount of time a child spent with computers, cell phones, 

handheld video games, and other electronic devices, doing things other than schoolwork 

(“0 = Do not use electronic devices, 1 = Use electronic devices less than 1 hour per day, 

2 = Use electronic device 1-3 hours per day, 3 = Use electronic devices 4 hours or more 

per day;” CAHMI & DRCCAH, 2018, p. 171, para. 5).  

Covariates. Covariates included demographic variables race and ethnicity of 

child (1 = Hispanic; 2 = White, non-Hispanic; 3 = Black, non-Hispanic; 4 = 

Other/Multiracial, non-Hispanic; CAHMI & DRCCAH, 2018), sex of child (1 = Male 

and 2 = female; CAHMI & DRCCAH, 2018), highest education of adult in the household 

(1 = Less than high school, 2 = High school or GED, 3 = Some college or technical 

school, 4 = College degree or higher; CAHMI & DRCCAH, 2018), income level of 

child’s household, recorded as a percentage Federal Poverty Level (FPL) (1 = 0–99% 

FPL, 2 = 100–199% FPL, 3 = 200–399% FPL, 4 = 400% FPL or greater; CAHMI & 

DRCCAH, 2018), age of selected child was collapsed into two groups (1 = 10–12 and 2 = 

13–17), and family structure of a child’s household (1 = Two-parent, currently married; 2 

= Two parents, not currently married; 3 = Single mother; 4 = Other family type, no 

parent reported; CAHMI & DRCCAH, 2018). Family structure of a child’s household 

was collapsed into two categories, single-parent (0) and two-parents households (1).   
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Data Analysis Plan 

Data analysis included  two phases, using IBM SPSS statistics Version 25 (SPSS 

Inc., Chicago, IL). First, all data were analyzed descriptively using univariate analysis to 

explore each variable and summarize data in a meaningful way. During the second step, 

bivariate analysis was used to examine relationships between demographic variables 

(race/ethnicity, sex of selected child, income level of child’s household, highest education 

of adult in household, family structure of a child’s household, and age of selected child) 

and dependent variable (overweight/obese status), and the relationship between 

independent variables (family meals, sleep, and media use) and dependent variable were 

examined. This step also helped identify variables that were associated with the 

dependent variable (overweight/obese status) at a statistically significant level (p < .05) 

and use them in a binary logistic regression analysis to model the dependent variable 

(overweight/obese status) as a function of predictor variables (family meals, sleep, and 

media use). 

Prior to analysis, the variable body mass index of child was recoded as a 

dichotomous variable and applied the following transformations: 0 = healthy weight, 1 = 

overweight/obese. Also, other variables were collapsed into smaller categories due to low 

cell values . The independent variable family meals (number of days all the family 

members who live in the household ate a meal together during the past week) was 

recoded into three categories (1 = 0 to 3 days, 2 = 4 to 6 days, 3 = everyday). Independent 

variable sleep (bed time) was recoded into three categories (1 = Always/Usually, 2 = 

Sometimes, 3 = Rarely or Never), sleep (past week sleep average) was recoded into two 
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categories, based on the American Academy of Pediatrics’, the Sleep Research Society’s, 

and the American Academy of Sleep Medicine’s recommendations by age group (Lewin 

et al., 2016; Paruthi et al., 2016), with 8 hours or more being coded as healthy (0) and 7 

hours or less as unhealthy (1). Media use (the time spent watching television/videos or 

playing video games) was recoded into three categories (1 = Do not watch/Watch less 

than 1 hour per day, 2 = Watch 1–3 hours per day, 3 = Watch 4 or more hours per day), 

and media use (time spent with a computer, cellphone or electronic device) was recoded 

into three categories (1 = Do not use electronic devices/Use electronic devices less than 1 

hour per day, 2 = Use electronic device 1–3 hours per day, 3 = Use electronic devices 4 

hours or more per day). Descriptive variables family structure of a child’s household was 

recoded into two categories (0 = single parent, 1 = two-parents), and highest education of 

adult in the household was recoded into three categories (1 = Less than high school/High 

school or GED, 2 = Some college or technical school, 3 = College degree or higher). 

Lastly, the the descriptive variable age of selected child was modified to include only 

children between the ages of 10 to 17 years, which is the age group of interest for this 

study.     

After preparing data for analysis and screening for missing data, it was observed 

that out of 764 recorded cases, 60.7% (464 cases) contained missing data. Further, out of 

13 variables of interest, 69.2% (9 variables) contained missing data. This amounted to a 

total of 8.1% missing information in the dataset. Particularly, the dependent variable 

overweight/obese status had the highest number of missing data (54.7%, n = 417) with 

less than half responses (46.5%, n = 347) to the measure of interest (overweight/obese 
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status). Because the variable overweight/obese status was crucial to the analyses, all 

participants with missing information about the variable of interest were removed from 

the dataset. The final subsample contained participants who had answered to the measure 

of interest (n = 347). Removal of cases with missing values for overweight/obese status 

yielded 13.54% (n = 47) cases with a total of 1.3% missing information in the dataset.  
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CHAPTER IV 

RESULTS 

This chapter presents the results of the analyses that were conducted to answer the 

research questions and test hypotheses. It is subdivided into preliminary and primary 

analyses. Preliminary analyses presents descriptive analyses of all variables used in the 

study. Primary analyses comprise two components. First, they present bivariate analyses 

between demographic and dependent variables. Next, they answer research questions and 

test hypotheses.   

Preliminary Analyses 

Demographic Variables  

Frequencies and percentages for the categorical demographic variables 

(Race/Ethnicity, Sex of Child, Highest education of Adult in the Household, Income 

Level of Child’s Household, Family Structure of Child’s Household, Age of Selected 

Child) are displayed in Table 1. Responses to survey questions were obtained from a sub-

sample of 347 participants. Table 1 displays the missing value percent for variables with 

less than 10% missing values. The majority of participants were male (51.9%; n = 180) 

and White Non-Hispanic (57.3%; n = 199). A greater number of adults had a college or a 

higher education level (52.4%; n = 182), which does not include the percentage of those 

who did not provide their information about their education level (2.0%; n = 7). Also, 

more participants reported a FPL of 400% or greater (37.2%; n = 129) and a two-parent 
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household family structure (68.9%; n = 239), which does not include the percentage of 

missing values (11.2%; n = 39) for family structure. Finally, more than half of children 

who were selected to answer interview questions were between 13 and 17 years old 

(69.7%; n = 242) with children who were 15 years comprising the majority of this age 

group (17.3%; n = 60).       

Table 1  

Frequencies and Percentages for Categorical Demographic Variables (n = 347) 

 

Categorical Demographic Variable 

 

n 

 

% 

   

Gender   

   Female 167 48.1 

   Male 180 51.9 

 

Race/Ethnicity 

  

   White, Non-Hispanic 199 57.3 

   Black, non-Hispanic 13 3.7 

   Hispanic 49 14.1 

   Other/Multi-racial, non-Hispanic 86 24.8 

   

Highest education among reported adults 

of child’s household 

  

   Less than high school/High school or 

   GED 

68 19.6 

   Some college or technical school  90 25.9 

   College degree or higher 182 52.4 

   

Income level of a child’s household (FPL)   

   0–99% FPL 32 9.2 

   100–199% FPL 63 18.2 

   200–399% FPL 123 35.4 

   400% FPL or greater 129 37.2 

   

Family structure of child’s household   

   Single parent household 69 19.9 

   Two parent household 239 68.9 
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Age of selected child    

   10 to 12 years 105 30.3 

   13 to 17 years 242 69.7 

   

Age of selected child in years   

   10 37 10.7 

   11 29 8.4 

   12 39 11.2 

   13 41 11.8 

   14 42 12.1 

   15 60 17.3 

   16 55 15.9 

   17 44 12.7 

   

Note. Frequencies not summing to n = 347 reflect missing data. 

Independent Variables 

Descriptive statistics for the predictor variables (family meals, sleep, and media 

use) are displayed in Table 2. The highest proportion of participants ate a meal together 

for 4 to 6 days during the past week (37.2%; n = 129 and 0.6% missing value; n = 2). 

Variables bed time, hours of sleep, and past week sleep average measured sleep. The 

majority of participants reported that children usually or always went to bed at the same 

time on weeknights (84.7%; n = 294 and 0.3% missing responses; n = 1), that they slept 

recommended age-appropriate hours (62.8%; n = 218 and 0.9% missing responses; n = 

3), and that the majority of children slept for eight hours or more per night during the past 

week (72.3%; n = 251; and 0.9% missing responses; n = 3). The time spent watching 

television/videos or playing video games and the time spent with a computer, cellphone 

or electronic device measured media use. More participants reported that children spent 

an average of one to three hours watching television, videos or playing video games daily 
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(73.5%; n = 255 and 0.9% missing responses; n = 3). Also, they spent an average of one 

to three hours with a computer, cellphone or electronic device (65.4.0%; n = 227 and 

0.6% missing responses; n = 6).    

Table 2  

Frequencies and Percentages for Categorical Independent Variables (n = 347) 

 

Categorical Independent Variable 

 

n 

 

% 

   

Family Meals    

   0 to 3 days 117 33.7 

   4 to 6 days 129 37.2 

   everyday 99 28.5 

   

Sleep: Bedtime   

   Always/Usually 294 84.7 

   Sometimes 35 10.1 

   Rarely or never 17 4.9 

   

Sleep: Hours of sleep   

   Child sleeps recommended age- 

   Appropriate Hours 

 

218 

 

62.8 

   Child sleeps less than recommended age- 

   appropriate hours 

 

126 

 

36.3 

   

Sleep: Past week sleep average   

   Unhealthy (7 hours or less)  93 26.8 

   Healthy (8 hours or more) 251 72.3 

   

Media Use: The Time Spent with a 

Computer, Cellphone or Electronic Device 

  

   Do not watch/Watch TV less than 1 hour 

   per day 

53 15.3 

   Watch TV 1–3 hours per day 255 73.5 

   Watch TV 4 hours or more per day 36 10.4 

   

Media Use: The Time Spent with a 

Computer, Cellphone or Electronic Device 

  

   Do not use electronic devices/Use  41 11.8 
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   electronic devices less than 1 hour 

 

   Use electronic devices 1–3 hours per day 227 65.4 

   Use electronic devices 4 hours or more  

   per Day 

77 22.2 

   

Note. Frequencies not summing to n = 347 reflect missing data. 

Dependent Variable 

Frequencies and percentages for the categorical dependent variable 

overweight/obese status (measured using body mass index of child, healthy weight only = 

0 and overweight/obese = 1) are displayed in Table 3. As shown below, more than half of 

respondents indicated a healthy weight status for children (67.1%; n = 233) and about one 

third were overweight/obese (32.9%; n = 114).  

Table 3  

Frequencies and Percentages for Categorical Dependent Variable (n = 347) 

 

Categorical Dependent Variable 

 

n 

 

% 

   

Healthy weight only 233 67.1 

Overweight or obese  114 32.9 

   

 

Primary Analyses 

The following section presents statistical analyses that were carried out to answer 

research questions and test hypotheses. At first, bivariate analyses of independent 

variables family meals, sleep, and media use by the dependent variable overweight/obese 

status, followed by the demographic variables by the dependent variables are presented. 
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Next, bivariate analysis of the demographic variables by the dependent variables are 

presented. In the final analysis, logistic regression results are presented.  

Research Question 1 and Hypotheses 1–4 

In this section, crosstabulations using Pearson’s chi-square and Cramer’s V tests 

were conducted to examine the relationship between the independent variables and 

dependent variable. Results from this analysis were used to identify independent 

variables that had a statistically significant relationship (p < .05) with the dependent 

variable and examine them in a logistic regression analysis.  

This section answered Research Question 1:  

Research Question 1. If childhood overweight/obesity status can be predicted 

from the 2016 NSCH, which risk factors (family meals, sleep, and media use) are the 

most significant at predicting childhood overweight/obese status in Oklahoma? 

The following hypotheses were tested: 

H01. Family meals, sleep, and media use will be neither predictive nor protective 

of childhood overweight/obese status in Oklahoma. 

H02. Family meals, sleep, and media use will not significantly differ between 

normal weight children and children who are overweight/obese in predicting childhood 

overweight/obese status in Oklahoma.  

H03. Family meals, sleep, and media use will not significantly differ by age 

groups (10–12 years and 13–17 years) in predicting childhood overweight/obese status in 

Oklahoma.  
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H04. Family meals, sleep, and media use will not significantly differ between 

children who are male and female in predicting childhood overweight/obese status in 

Oklahoma.   

Table 4 presents a bivariate analysis of the variables family meals, sleep, and 

media use with the dependent variable overweight/obese status. Three survey items were 

used to measure the variable sleep (bed time, past week sleep average, and hours of 

sleep). Media use was measured using the daily average time spent watching television, 

videos or playing video games and the daily average use of computer, cellphone or 

electronic devices. Overall, the chi-square analysis indicated that the relationship between 

all the independent variables and dependent variable was not statistically significant 

(family meals p = .477; sleep - bed time p = .824; sleep - past week sleep average p = 

.212; sleep - hours of sleep p = .281; media use - daily average time spent watching 

television, videos, or playing video games p = .513, and media use - daily average use of 

computer, cellphone, or electronic devices p = .581).  

Since the criteria for inclusion of variables in the logistic regression was set to 

include predictor variables that would relate to the dependent variable at a statistically 

significant level (p < .05) and that none of them met the criteria, results for the logistic 

regression with predictor variables (family meals, sleep, and media) were not included in 

this section because the model was not statistically significant, logistic regression 

analysis as they would be regarded as occurring by chance.  
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Table 4  

 

Frequencies and Percentages for Independent Variables by Body Mass Index of Child 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Family meals  

(days) 

      

1.48 

 

.477 

 

.066 

   0 to 3 77 33.3a  40 35.1a    

   4 to 6 83 35.9a  46 40.4a    

   Everyday  71 30.7a  28 24.6a    

         

Sleep: 

Bedtime 

      

.387 

 

.824 

 

.033 

   Always/  

   Usually 

198 85.3a  96 84.2a    

   Sometimes  22 9.5a  13 11.4a    

   Rarely or  

   Never 

 

12 

 

5.2a 

  

5 

 

4.4a 

   

         

Sleep: Past 

week sleep 

average 

(Hours) 

      

 

 

1.55 

 

 

 

.212 

 

 

 

.067 

   Age- 

  Appropriate 

 

151 

 

65.7a 

  

67 

 

58.8a 

   

   Less than 

   age- 

   appropriate 

 

 

79 

 

 

34.3a 

  

 

47 

 

 

41.2a 

   

         

(continued) 
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Frequencies and Percentages for Independent Variables by Body Mass Index of Child 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Sleep: Hours 

of sleep   

      

1.62 

 

.281 

 

.058 

   Healthy (8  

   hours or  

   more)  

172 74.8a  79 69.3a    

   Unhealthy 

   (7 hours or  

   less)  

 

 

58 

 

 

25.2a 

  

 

35 

 

 

30.7a 

   

         

Media Use: 

Daily average 

time spent 

watching 

Television, 

videos or 

playing video 

games 

      

 

 

 

 

 

 

1.34 

 

 

 

 

 

 

 

.513 

 

 

 

 

 

 

 

.062 

   Do not  

   watch or  

   watch < 1  

   hour 

39 17.0a  14 12.3a    

   1 – 3 hours 168 73a  87 76.3a    

   4 or more  

   hours 

 

23 

 

10.0a 

  

13 

 

11.4a 

   

         

(continued) 
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Frequencies and Percentages for Independent Variables by Body Mass Index of Child 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Media Use: 

Daily average 

use of 

computer, 

cellphone or 

electronic 

device 

      

 

 

 

 

 

 

1.05 

 

 

 

 

 

 

 

.581 

 

 

 

 

 

 

 

.581 

   Do not use  

   electronic  

   devices/Use  

   < 1 hour 

 

 

27 

 

 

11.7a 

  

 

14 

 

 

12.3a 

   

   1 – 3 hours 156 67.5a  71 62.3a    

   4 or more  

   hours 

 

48 

 

20.8a 

  

29 

 

25.4a 

   

         

Note. For each category, pairs of column proportions with different superscripts differed 

significantly, p < .05. 

Research Question 1: Demographic and Dependent Variables  

While Research Question 1 sought to identify predictors (family meals, sleep, and 

medias use) that were the most significant at predicting childhood overweight/obese 

status in Oklahoma, the relationship between demographic and dependent variables was 

tested in this section to identify other factors that might be significant at predicting 

childhood overweight/obese status.  

 Crosstabulations using Pearson’s chi-square and Cramer’s V tests were 

conducted to examine the relationship between demographic and dependent variables, 

and identify demographic variables associated with the dependent variable at a 
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statistically significant level (p < .05). As illustrated on Table 5, the chi-square analysis 

indicated a statistically significant relationships (p < .05) between two out of five 

demographic variables (highest education of adult in household, ꭓ2(2) = 8.05, p = .018 

and income level of a child’s household, ꭓ2(3) = 12.25, p = .007) and the dependent 

variable. Also, in terms of directionality, both demographic variables seemed to be 

associated with the dependent variable. Specifically, it seemed as if a college or higher 

degree significantly related to overweight/obese status. As the levels of education 

increased, the percentage of study participants coded as overweight/obese decreased 

(healthy weight 53%, n = 135 versus overweight/obese status 42.7%, n = 47). Likewise, 

income level of a child’s household seemed to be  significantly related to 

overweight/obese status. Participants who reported having a 400% FPL or more seemed 

to have a lower percentage of study participants with overweight/obese status (healthy 

weight 42.9%, n = 100 versus overweight/obese status 25.4%, n = 29) than those 

reporting less than 400% FPL. Lastly, in terms of magnitude, the Cramer’s V reflected 

small effects for both demographic variables highest education of adult in household and 

income level of a child’s household (Cramer’s V = 0.154 and Cramer’s V = .188, 

respectively).  
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Table 5  

Frequencies and Percentages for Demographic Variables by Weight Status 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Race/Ethnicity         

   White, Non- 

   Hispanic 

 

135 

 

57.9a 

  

64 

 

56.1a 

5.9 

 

.115 

 

.120 

 

   Black, Non- 

   Hispanic 

 

12 

 

5.2a 

  

1 

 

0.9b 

 

 

  

   Hispanic 33 14.2a  16 14.0a    

   Other/Multi- 

   racial, Non- 

   Hispanic 

 

 

53 

 

 

22.7a 

  

 

33 

 

 

28.9a 

   

         

Sex of 

selected child 

      

.24 

 

.625 

 

.026 

   Male 123 52.8a  57 50a    

   Female 110 47.2a  57 50a    

         

         

(continued) 

  



66 

Frequencies and Percentages for Demographic Variables by Weight Status 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Highest 

education of 

adult in 

household 

      

 

 

8.05 

 

 

 

.018 

 

 

 

.154 

   Less than  

   High school/ 

   High school  

   or GED 

 

39 

 

17.0a 

  

29 

 

26.4a 

   

   Some  

   college or  

   technical  

   school 

 

 

 

56 

 

 

 

24.3a 

  

 

 

34 

 

 

 

30.9a 

   

   College  

   degree or  

   higher 

 

 

135 

 

 

58.7a 

  

 

47 

 

 

42.7b 

   

         

Income level 

of a child’s 

household 

(% FPL) 

      

 

 

12.25 

 

 

 

.007 

 

 

 

.188 

0-99 17 7.3a  15 13.2a    

   100-199 36 15.5a  27 23.7a    

   200-399 80 34.3a  43 37.7a    

   400 or  

   greater 

 

100 

 

42.9a 

  

29 

 

25.4b 

   

         

(continued) 
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Frequencies and Percentages for Demographic Variables by Weight Status 

         

 Healthy 

Weight 

  Overweight/Obese   Cramer’s 

Variable n %  n % ꭓ2 p V 

         

Family 

structure of a 

child’s 

household 

      

 

 

3.14 

 

 

 

.076 

 

 

 

.101 

   Single  

   parent 

 

41 

 

19.5a 

  

28 

 

28.6a 

   

   Two 

parents 

169 80.5a  70 71.4a    

         

Age of 

selected 

child 

      

.140 

 

.708 

 

.020 

   10-12 

years 

69 29.6a  36 31.6a    

   13-17 

years 

164 70.4a  78 68.4a    

         

Note. For each category, pairs of column proportions with different superscripts differed 

significantly, p < .05. 

Research Questions 2 and 3 

A chi-square analysis that examined which independent variable revealed a 

statistically significant association with the dependent variable (see Table 4). 

Consequently, there was no need to run a binary logistic regression to examine predictors 

that were the most significant at predicting childhood overweight/obese status. However, 

bivariate analysis between demographic and dependent variables (see Table 5) displayed 

statistically significant relationships between two of the demographic variables and the 

dependent variable. Variables highest education of adult in household and income level 
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of a child’s household had statistically significant relationships with the dependent 

variable (ꭓ2(2) = 8.05, p < .018, Cramer’s V = .154 and ꭓ2(3) = 12.25, p < .007, Cramer’s 

V = .188, respectivelly). Considering that these variables might provide some 

information about demographic variables and the probability of childhood 

overweight/obese status, they were analyzed in the binary logistic regression model. The 

following section presents binary logistic regression examining the demographic 

variables highest education of adult in household and income level of a child’s household 

as predictors of overweight/obese status. This section answered Research Questions 2 and 

3. 

Research Question 2. Does the inclusion of a particular risk factor increase or 

decrease the probability of childhood overweight/obese status in Oklahoma? 

Research Question 3. Does the exclusion of a particular risk factor increase or 

decrease the probability of childhood overweight/obese status in Oklahoma? 

Reference group college degree or higher was selected to determine whether 

overweight/obese status for those with less than high school, high school or GED, or 

some college or technical school differed significantly in reference to those with a college 

degree or higher education. Reference group income level of a child’s household based 

on the DHHS guideline of 400% FPL or more was selected to determine whether 

overweight/obese status for households with income level less than 400% FPL differed 

significantly in reference to households income level  at 400% FPL or more. Each 

reference group was selected to compare overweight/obese status based on the bivariate 

analysis results for highest education of adult in child’s household (as the levels of 
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education increased, the percentage of study participants coded as overweight/obese 

decreased) and income level of a child’s household (study participants who identified as 

having a 400% FPL or more percentages seemed to have a lower percentage of study 

participants with overweight/obese status) described earlier.  

Table 6 presents a binary logistic regression analysis examining demographic 

variable income level of a child’s household, with college or higher education level as the 

reference category, and demographic variable income level of a child’s household, with 

households with income based on the DHHS guidelines of 400% FPL or more as the 

reference category. Logistic regression analyses indicated that the overall model was 

statistically significant, ꭓ2 (5) = 14.69, p < .05 (p = 0.012). The Nagelkerke pseudo R2 

indicated that themodel accounted approximately 5.9% of the total variance in the 

dependent variable oveweight/obese status. Weight status classification for the cases 

based on a classification cutoff value of .500 for predicting membership in the 

overweight/obese group was low, with an overall prediction of overweight/obese status 

rate of 67.6% and correct prediction rates of 0.0% for overweight/obese weight status and 

100% for healthy weight only. In terms of individual predictors,  reference to those with 

income level of a child’s household based on the DHHS guidelines of 400% FPL or 

more, those with income level of a child’s household between 0 to 99% FPL and 100 to 

199% FPL were over two times (OR = 2.434, 95% CI=1.012–5.865 and OR = 2.219, CI 

= 1.106–4.452) more likely to have children who had an overweight/obese status. 
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Table 6  

Binary Logistic Regression Analysis Results (n = 347) 

   Wald   Exp(B)  

Variable B S.E. ꭓ2 df Sig. OR 95% CI 

        

Highest 

education of 

adult in the 

household 

       

   Less than  

   HS/HS or  

   GED  

 

.435 

 

.326 

 

1.779 

 

1 

 

.182 

 

1.545 

 

.815–2.929 

   Some  

   college or  

   technical 

 

 

.390 

 

 

.287 

 

 

1.853 

 

 

1 

 

 

.173 

 

 

1.477 

 

 

.842–2.591 

        

Income level 

of child’s 

household (% 

FPL) 

       

   0–99  .890 .448 3.946 1 .047 2.434 1.012–5.865 

   100–199 .797 .355 5.034 1 .025 2.219 1.106–4.452 

   200–399 .461 .294 2.458 1 .117 1.586 .891–2.823 

        

Note. The dependent variable was overweight/obese status with college degree of higher 

and income level of child’s household 400% FPL or more as reference groups. For 

Model: ꭓ2 (6) = 14.69, p < .05 (p = .023). 
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CHAPTER V 

DISCUSSION 

Introduction 

This chapter is divided into five sections. The first section contains a summary of 

the main findings from this study. The second section consists of a discussion of the 

present study’s findings as they pertain to other researchers’ findings on family meals, 

sleep, and media use as predictors of childhood overweight/obese status. The third 

section highlights the strenghts and limitations of this study. The fourth section contains 

implications and recommendations for future research. Finally, the last section includes 

recommendations for health education and health promotion practice, followed by a 

conclusion.  

Summary of Findings 

The alarming and sustained prevalence of childhood obesity in the US continues 

to generate research studies that seek to not only examine its causes, but also to suggest 

prevention approaches. Despite previous and current public health interventions to 

address the prevalence of children who are overweight and obese in the US, Oklahoma 

ranks the sixth worst state in obesity with a third of children between 10 to 17 years being 

overweight or obese and 1 in 5 high school students being obese (Shape Your Future, 

2018; The State of Obesity, 2019). Moreover, research that predicts the most significant 

risk factors of children who are overweight/obese in Oklahoma is lacking, leaving a gap 
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for prevention and management research. In attempts to fill this gap and to inform future 

public health prevention and management strategies of childhood overweight/obese 

status, the present study examined the risk factors that significantly predict childhood 

overweight/obese status within the home environment.  

This study used secondary data from the 2016 National Survey of Children’s 

Health dataset to explore activities that occur in a home environment, namely family 

meals, sleep, and media use, as predictors of the overweight/obese status among children 

between 10–17 years of age to determine the most significant risk factors in predicting 

overweight/obese status in children who live in Oklahoma. Statistical analyses were 

conducted on a representative subsample of 347 (46.5%) participants who responded to 

the measure of interest (overweight/obese status). The study attempted to answer the 

three research questions: (1) If childhood overweight/obesity status can be predicted from 

the 2016 NSCH, which risk factors (family meals, sleep, and media use) are the most 

significant at predicting childhood overweight/obese status in Oklahoma? (2) Does the 

inclusion of a particular risk factor increase or decrease the probability of childhood 

overweight/obese status in Oklahoma? (3) Does the exclusion of a particular risk factor 

increase or decrease the probability of childhood overweight/obese status in Oklahoma?  

According to this study’s findings (see Table 4), none of the predictors of interest 

(family meals, bed time, and media use) related to the dependent variable at a statistically 

significant level (p < .05; family meals p = .477; sleep - bed time p = .824; sleep - past 

week sleep average p = .212; sleep - hours of sleep p = .281; media use - daily average 

time spent watching television, videos, or playing video games p = .513, and media use - 
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daily average use of computer, cellphone, or electronic devices p = .581) to be included 

in a binary logistic regression analysis that would model the dependent variable as a 

function of predictor variables. Consequently, all null hypotheses were accepted. Table 7 

summarizes the null hypotheses based on the present study’s results:  

Table 7  

Summary of Results 

Null Hypothesis (H0) Reject or  

Accept 

 

H01. Family meals, sleep, and media use will be neither predictive nor 

protective of childhood overweight/obese status in Oklahoma. 

H02. Family meals, sleep, and media use will not significantly differ 

between normal weight children and children who are 

overweight/obese in predicting childhood overweight/obese status in 

Oklahoma.  

H03. Family meals, sleep, and media use will not significantly differ 

by age groups (10-12 years and 13-17 years) in predicting childhood 

overweight/obese status in Oklahoma.  

H04. Family meals, sleep, and media use will not significantly differ 

between children who are male and female in predicting childhood 

overweight/obese status in Oklahoma.   

 

Accept 

 

Accept 

 

 

Accept 

 

Accept 
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Regarding predictors of interest, the highest proportion of participants ate a meal 

together for 4 to 6 days during the past week (37.2%; n = 129). Three survey items were 

used to measure variable sleep (bed time, past week sleep average, and hours of sleep). 

The majority of participants reported having children who usually or always went to bed 

at the same time on weeknights (84.7%; n = 294), who slept recommended age-

appropriate hours (62.8%; n = 218), and who slept for eight hours or more per night 

during the past week (72.3%; n = 251). Lastly, more participants reported that children 

spent an average of one to three hours watching television, videos, or playing video 

games daily (73.5%; n = 255) and an average of 1 to 3 hours with a computer, cellphone, 

or electronic device (65.4.0%; n = 227). With respect to the dependent variable, more 

than half of respondents indicated a healthy weight status for children (67.1%; n = 233) 

and about one third were overweight/obese (32.9%; n = 114).  

Discussion  

Based on this study’s results, none of the tested independent variables family 

meals, sleep, and media use was determined to be the most significant risk factor in 

predicting childhood overweight/obese status in Oklahoma. That is, family meals, sleep, 

and media use were neither predictive nor protective of childhood overweight/obese 

status in Oklahoma. Further, they did not significantly differ by weight status (normal vs 

overweight/obese status), by age groups (10–12 years and 13–17 years), and by gender 

(male and female) in predicting childhood overweight/obese status in Oklahoma. While 

predictors of interest (family meals, sleep, and media use) did not exhibit statistically 

significant relationships with the outcome variable (overweight/obese status), preliminary 
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analyses and primary analyses on two demographic variables revealed interesting 

associations between variables. Two demographic variables, the highest education of 

adult in the household, and income level of a child’s household, showed a significant 

association with childhood overweight/obese status. As the levels of education and 

income increased, childhood overweight/obese status decreased. Income levels seemed to 

be more predictive of overweight/obese status than the highest education levels. In 

household with income levels between 0–99% FPL and between 100–199%, children 

were over two times more likely to have an overweight/obese status than in households 

that reported income levels at 200% FPL or above. On the contrary, childhood 

overweight/obese status decreased in households that reported 400% FPL or more. These 

findings support previous research studies that suggest a decrease in the prevalence of 

obesity among adolescents from well-educated and high-income families, compared to 

those from less-educated and low-income families (Baer et al., 2018; Frederick et al., 

2014; Nguyen et al., 2015). With attention to predictors (family meals, sleep, and media 

use), the highest proportion of participants ate a meal together for 4 to 6 days during the 

past week (37.2%; n = 129). The majority of participants reported having children who 

usually or always went to bed at the same time on weeknights (84.7%; n = 294), who 

slept recommended age-appropriate hours (62.8%; n = 218), and who slept for eight 

hours or more per night during the past week (72.3%; n = 251). Lastly, more participants 

reported that children spent an average of 1 to 3 hours watching television, videos, or 

playing video games daily (73.5%; n = 255) and an average of 1 to 3 hours with a 

computer, cellphone, or electronic device (65.4.0%; n = 227). With respect to the 
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dependent variable, more than half of respondents indicated a healthy weight status for 

children (67.1%; n = 233), and about one third were overweight/obese (32.9%; n = 114).  

The explanation for these findings could be either that all predictors equally 

predict childhood overweight/obese status or that other factors related to the study design 

affected the results and will be further discussed in the limitations of the study. Findings 

from this study differ from other studies that examined family meals, sleep or media use 

as predictive or protective single factor of childhood overweight/obese status. In other 

words, previous studies on predictive or protective factors of childhood overweight/obese 

status focused on each factor in relation to the outcome (overweight/obese status), but not 

on which factor was the most significant in predicting childhood overweight/obese status. 

Nevertheless, the present study’s preliminary analyses of family meals, sleep, and media 

use revealed that none of the factors related to the dependent variable, overweight/obese 

status, at a statistically significant level (p < .05) for inclusion in the logistic regression 

model as they would be regarded as occurring by chance. 

Family Meals 

In the present study, family meals were measured using the number of days all 

family members who live in the household ate a meal together (0 = No days, 1 = 1–3 

days, 2 = 4–6 days, 3 = Everyday; CAHMI & DRCCAH, 2018). The analysis of the 

relationship between family meals and overweight/obese status, using Chi-square, 

revealed no statistical relationship between family meals and childhood overweight/obese 

status. Since the predictor family meals did not meet the criteria (p < .05) for inclusion in 
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the logistic regression to model the dependent variable as a function of predictor family 

meals, the present study’s analyses determined that family meals were not a protective 

nor a predictive factor in childhood overweight/obese status in Oklahoma. Further, family 

meals did not significantly differ between normal weight children and children who are 

overweight/obese in predicting childhood overweight/obese status in Oklahoma. Again, 

family meals did not significantly differ by age groups (10–12 years and 13–17 years), 

nor did it significantly differ between male and female children in predicting childhood 

overweight/obese status in Oklahoma.  

Unlike the present study, some studies on the association between family meals 

and health outcomes have found significant associations between family meals and 

reduced likelihood of overweight/obese status (Berge et al., 2015; Berge et al., 2017; 

Berge et al., 2018; Berge et al., 2019; Dallaker & Hertwig, 2019; Dwyer, Oh, Patrick, & 

Hennessy, 2015; Gunther et al., 2019; Lee, Lee, & Park, 2016) while others have 

proposed mixed results (Berge et al., 2017; Dwyer et al., 2015; Gunther et al., 2019; Lee 

et al., 2016). With attention to positive associations between family meals and health 

outcomes, numerous studies have identified the benefits of family meals for both 

parents/caregivers and their children (Berge et al., 2015; Berge et al., 2017; Berge et al., 

2019; Dwyer et al., 2015, Jones, 2018; Lee, et al., 2016). For instance, some of the 

benefits of regular family meals include higher frequency of fruits and vegetables 

consumption, variety in the types of foods consumed, emotional connection and support 

among family members, increased sense of security for younger children, opportunities 

for parents/caregivers to model healthy behaviors, and recognition of satiety clues during 
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family meals (Berge et al., 2015; Brooks, 2017; Caldwell et al., 2018; Dallaker & 

Hertwig, 2019; Jones, 2018; Lee, et al. 2016). In a meta-analysis of family meals, 

researchers found a significant association between family meals and each of the studied 

outcomes in children, namely, lower body mass index (r = .05), more healthy eating (r = 

.10) and less unhealthy eating (r = -0.4; Dallaker & Hertwig, 2019, p. 1137). 

Additionally, they identified five family meals components that were positively 

associated with better children’s nutrition such as turning the television off during meals 

(r = .09), parents’ modeling healthy eating (r = .12), higher food quality (r = .12), 

positive atmosphere (r = .13), involving children in meals preparation (r = .08), and 

longer meal duration (r = .13) (Dallaker & Hertwig, 2019, p. 1142). Considering the 

positive association between family meals and the risk of childhood overweight/obese 

status, interventions should address factors that increase and barriers that decrease the 

frequency of family meals.  

Specific factors have been attributed to the differences in outcomes that led to 

mixed findings or inconsistencies in other studies. Factors such as differences in the 

definition of family meals, the types of meals that are assessed (breakfast, lunch or 

dinner), the person who reports on family meals during interviews (parent/caregiver or 

child), the number of people who participate in the meal, sociodemographic variables 

studied, and other methodological differences across studies explain some of the 

discrepancies in findings (Dwyer et al., 2015; Gunther et al., 2019; Lee et al., 2016; 

Valdés et al., 2013). For example, in their systematic review about the frequency of 

family meals and childhood overweight, Valdés et al. (2013, p. e11) attributed 
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inconsistencies in the relationship between family meals and childhood overweight to the 

“lack of standardization” in the attributes of family meals (location, number of people, 

and timing), the “types of measurement tools” used to assess the frequency of family 

meals (In-person or self-administered interviews, children or parents, reference period of 

meals’ consumption, frequency), and “missing information” on the key components of 

family meals (length, nutritional value, presence or absence of media use, 

sociodemographic characteristics, and physical activity- and diet-related variables).  

Some studies that target minorities and populations with low socioeconomic 

status have also found some inconsistencies in their findings (Berge et al., 2017; Dwyer 

et al., 2015; Gunther et al., 2019). During an intervention on families from diverse racial 

background and low socioeconomic status, researchers found “no effects on daily 

consumption of fruits, vegetables, sugar-sweetened beverages fruits consumption, and 

diet quality due to low response rate after the intervention and follow up” (Gunther et al., 

2019, p. 13). Researchers cited barriers such as low response due to difficulty in 

contacting participants after the intervention, which is one of the prevailing barriers most 

low socioeconomic populations (Gunther et al., 2019). This barrier could be addressed by 

relying on community partners to provide updates on participants’ information, in case 

they changed their address (Gunther et al., 2019). Also, methods (5-step multi-pass 

dietary recall from the U.S. Department of Agriculture) used to obtain diet recall (in-

person and on the phone) seemed taxing to participants (Gunther et al., 2019). The use of 

technology in the form of mobile phone applications that digitally capture dietary 

information, provided that participants could easily access them via cellphone, might 
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have alleviated the burden of in-person and phone calls to obtain information on diet 

recall (Gunther et al., 2019).  

While many studies demonstrate a protective role of family meals against the 

development of overweight/obesity in adolescents (Berge et al., 2015; Berge et al., 2017; 

Dwyer et al., 2015; Jones, 2018), other studies do not. Several factors contribute to the 

differences in studies outcomes. Thus, the present study’s findings on family meals as 

predictor of childhood overweight/obese status should be interpreted with caution and 

considering its limitations, which will be discussed later.  

Sleep 

The present study investigated the adequate amount of sleep, which represented 

"the number of nights a child sleeps for the recommended duration, based on the child’s 

age and age-related recommendations from the NSF (CAHMI & DRCCAH, 2018). 

Variables bed time, hours of sleep, and past week sleep average measured sleep in this 

study. This study’s results indicated that bed time (p = .824), hours of sleep (p = .281), 

and past week sleep average (p = .281) did not significantly affect childhood 

overweight/obese status in the analyzed subsample. Since sleep did not meet the criteria 

(p<.05) for inclusion in the logistic regression to model the dependent variable as a 

function of predictor sleep, it was concluded that sleep did not protect children from the 

risk of, nor did it predict childhood overweight/obese status in the studied sample. 

Furthermore, sleep did not significantly differ between normal weight children and 

children who are overweight/obese in predicting childhood overweight/obese status in 
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Oklahoma. Also, sleep did not significantly differ by age groups (10–12 years and 13–17 

years), nor did it significantly differ between male and female children in predicting 

childhood overweight/obese status in Oklahoma. Consequently, sleep was determined, in 

this study, to not be the most significant factor in predicting childhood overweight/obese 

status in Oklahoma.  

Contrary to the present study, others have found that sleep duration and quality 

affect childhood weight status through physiological and behavioral changes that, in turn, 

affect energy intake, food choices, and physical activities (Baiden, Tadeo, & Peters, 

2019; Chaput & Dutil, 2016; Gohil & Hannon, 2018; Hart et al., 2017; Narcisse et al., 

2019; Robinson et al., 2017). Physiological changes such as a decrease in leptin, a 

hormone that regulates satiety, and an increase in ghrelin, a hormone that signals hunger, 

affect appetite by increasing food intake (Gohil & Hannon, 2018; Hart et al., 2017; NSF, 

2018b; Ogilvie & Patel, 2017). Behavioral changes associated with reduced sleep 

duration and quality include decreased physical activities and increased consumption of 

unhealthy foods (Baiden et al., 2019; Chaput & Dutil, 2016; Gohil & Hannon, 2018; 

Narcisse et al., 2019).  

With the exception of a few (Hart et al., 2017; Klingenberg et al., 2012; Krietsch, 

Chardon, Beebe, & Janicke, 2019; Robinson et al., 2017), most research studies 

examining the influence of sleep on the risk of childhood overweight/obese status have 

demonstrated a negative association between sleep duration and the risk of obesity 

(Baiden et al., 2019; Chaput & Dutil, 2016; LeBourgeois et al., 2017; Robinson et al., 

2017; Widome et al., 2019). For the most part, inconsistencies (Hart et al., 2017; 
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Robinson et al., 2017) or no clear determination of causation in research findings (Gohil 

& Hannon, 2018) are due to differences in demographics, variations in the amount of 

sleep (Reutrakul & Cauter, 2018), and methodological or statistical issues (Krietsch et al., 

2019). Widome et al. (2019) studied the influence of sleep duration on weight-related 

behaviors in a sample of 2,134 adolescents. Their study’s findings demonstrated negative 

associations between reduced sleep hours and an increase in the consumption of 

unhealthy foods, and between reduced sleep hours and a decrease in physical activities, 

which are risk factors for childhood overweight/obese status. Findings from other 

research studies also suggested a negative association between insufficient sleep and the 

risk of overweight/obese status (Baiden et al., 2019; Chaput & Dutil, 2016; Hart et al., 

2017; Narcisse et al., 2019; Reid Chassiakos, 2017; Robinson et al., 2017; Widome et al., 

2019).  

While Hart et al. (2017) found a similar negative association between the duration 

of sleep and weight-related behaviors, they also reported mixed findings from their study, 

as a previous study by Klingenberg et al. (2012). As a matter of fact, decreased sleep led 

to more activity counts during the day (Hart et al., 2017) due to the inability to sleep for 

long hours (Klingenberg et al., 2012). As pointed out by Hart et al. (2017), the increase in 

activity counts did not compensate for energy expenditure because children ended up 

increasing caloric intake, leading to a risk of weight gain despite increased activity 

counts. With attention to research on the influence of sleep duration and the risk of 

overweight/obese status, it appears that shortened sleep hours tend to increase high 

caloric food intake and decrease physical activities in this population, which contrasts 
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findings from the present study. For this reason, the present study’s findings on sleep as a 

predictor of childhood overweight/obese status should be interpreted with caution and 

considering its limitations, which will be discussed in the strengths and limitations 

section.   

Media Use 

The present study analyzed media use, which measured the daily average of time 

spent watching television/videos or playing video games (p = .513) and the time spent 

with a computer, cellphone, or electronic handheld video game, and other electronic 

devices (p = .581), and doing things other than schoolwork (CAHMI & DRCCAH, 

2018). Because media use did not meet the inclusion criteria (p = .05) in the logistic 

regression model that would predict childhood overweight/obese status, findings from the 

present study, in contrast to other research studies, concluded that media use was not a 

protective nor a predictive factor in childhood overweight/obese status in Oklahoma. 

Further, media use did not significantly differ between normal weight children and 

children who are overweight/obese in predicting childhood overweight/obese status in 

Oklahoma. Moreover, media use did not significantly differ by age groups (10–12 years 

and 13–17 years), nor did it significantly differ between male and female children in 

predicting childhood overweight/obese status in Oklahoma. 

Unlike findings from the present study, other studies have suggested that media 

use, in the form of television, computers, or electronic devices have been associated with 

many adverse health outcomes including poor sleep quality and obesity (Baiden et al. 
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2019; LeBourgeois et al., 2017; Reid Chassiakos et al., 2016; Robinson et al., 2017; 

Tanskey et al., 2018). Some of the attributes that relate media use to the risk of childhood 

overweight/obese status include reduced time for physical activities, consumption of 

unhealthy foods as a result of exposure to advertisements (Reid Chassiakos et al., 2016; 

Robinson et al., 2017; Tanskey et al., 2018), uncertainty in satiety cues due to distraction 

from food/beverages commercials (Lee et al., 2018; Robinson et al., 2017), and sleep 

deprivation affect appetite- and satiety-regulating hormones (Lee et al., 2018; Robinson 

et al., 2017). Given these points, findings of media use as predictor of childhood 

overweight/obese status, in the present study, should be carefully interpreted considering 

the study’s limitations, which will be discussed in the strengths and limitations section.   

Strengths and Limitations 

This study’s strengths include a nationally representative sample of households, 

and a large sample size to generate estimates for Oklahoma. Furthermore, the study is a 

contributor in the area of childhood overweight/obese status prevention because it is, 

based on current knowledge, the first attempt to examine factors within the home 

environment that most significantly predict childhood overweight/obese status in 

Oklahoma and sheds light on the relevance of data collection methods on research 

outcomes. This study supports the increasing need of family-based approaches as an 

effective method for the prevention of childhood overweight/obese status (Alulis & 

Grembowski, 2017; Ash, Agaronov, Young, Aftosmes-Tobio, & Davison et al., 2017; 

Dinkel et al., 2017; Fulkerson et al., 2015; Jordan, Graham, Berkel, & Smith, 2019; 
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Zoellner et al., 2017). For example, in the Healthy Home Offerings via the Mealtime 

Environment Plus study, a 10-month prevention- and family-focused randomized control 

trial that promoted healthier lifestyle and prevented excess weight gain among 8–12 years 

old children, researchers directly measured nutrition and weight-related outcomes 

(Fulkerson et al., 2015). While results indicated that the intervention effect on body mass 

index z-scores was not statistically significant, researchers observed “modest and 

promising decreases in weight gain at post-intervention” (Fulkerson et al., 2015, p. 9). 

Further, findings also call for researchers’ attention to collecting both quantitative and 

qualitative data that proportionately represent demographic and socioeconomic groups 

being studied. In this study, most of the sub-sample consisted of White ethnic group, 

educated and college or higher level of education participants. Also, quantitative data 

from this subsample were re-coded into dichotomous variables and other variables were 

collapsed into smaller categories due to low cell values, which might have led to current 

findings. Moreover, it confirms that education and income levels affect children’s weight 

outcomes. 

 This study has several limitations. First, the cross-sectional nature of the study 

rules out any inferences of causality, as well as underreporting and sampling, recall, or 

non-response bias from respondents. Second, more than half of the data needed to be 

removed from the analysis due to missing information. Third, for privacy reasons, the 

public NSCH database did not include information about children’s weight and height, 

which prevented the use of body mass index-for-age percentile to determine childhood, 

as continuous body mass index scores are more sensitive to analyses than categorical 
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values (Fatima, Doi, & Mamun, 2015). Fourth, possible risks of bias and measurement 

error due to self-reported data and non-responses to the measures of interest might have 

led to no statistically significant results, thus weakening the magnitude of findings 

(LeBourgeois et al., 2017). Lastly, social desirability bias, which is the extent to which 

research participants answer to survey questions in a way that seems socially acceptable 

or as an aspiration to what they want to do or aspire to, may have led to misclassification 

of children’s weight status due to its under- or overreporting by parents or caregivers 

(Cullinan & Cawley, 2017; Koning et al., 2018). Hence, the present study supports 

childhood overweight/obese status research focusing on factors, within the home 

environment, that most significantly predict childhood overweight/obese status in 

Oklahoma. This study’s limitations present an opportunity for the improvement of future 

research with regards to research design for the most affected populations.  

Implications and Recommendations for Future Research  

A growing body of research continues to document the impact of family-based 

approaches in childhood obesity prevention (Alulis & Grabowski, 2017; Ash et al., 2017; 

Dinkel et al., 2017; Jordan et al., 2019; Zoellner et al., 2017). This study presents the first 

exploration of risk factors, within the home environment by investigating those that 

significantly increase the risk of childhood overweight/obese status to build the evidence 

base that will guide prevention strategies at home. This investigation adds to existing 

literature by highlighting the need to expand research methodology for national surveys 

by including population-based longitudinal studies that include both qualitative and 
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quantitative research of the most significant risk factors of childhood overweight/obese 

status. The study recognizes that national surveys contribute to research through data 

collection methods that are subject to rigorous guidelines and through the release of data 

to researchers for further studies. Also, the study notes that a number of factors, outside 

the control of data collection methods, may affect the quality of data and their subsequent 

analyses. For instance, the lack of responses to the measure of interest led to the 

exclusion of participants who did not meet the criteria in this study.  

Other factors like respondents’ relocation, lack of internet or telephone access, 

lack of time, social desirability biases, and other non-response biases may affect the 

quality of data. With that in mind, incorporation of both qualitative and quantitative data 

collection methods in national surveys may lessen those biases. Qualitative research 

methods like focus group discussions with family members, objective anthropometric 

measurements, diet recall by trained professionals, and direct observation can also be 

incorporated for in-depth analysis of the most significant factors that increase the risk of 

childhood overweight/obese status. Experimental research might also expound on the 

most significant factors that increase the risk of childhood overweight/obese status and 

possibly establish cause and effect relationships, assess interventions, and identify 

preceding components that affect response to exposure or the structure of such 

relationships. For example, an experimental study compares outcomes in participants 

randomly assigned to a group in which the quality and frequency of family meals, sleep, 

and media use meets criteria that have been shown to decrease the risk of childhood 

overweight/obese status (intervention group) with a group that does not meet those 
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criteria (control group) to study whether exposure affects the outcome (overweight/obese 

status). In a like manner, an observational study, such as a case-control study that 

assesses how family meals, sleep, and media use affect childhood overweight/obese 

status by comparing exposure histories of children who are overweight/obese to those 

who are not overweight/obese to identify likely risk factors for childhood 

overweight/obese status may also identify factors that might significantly affect 

childhood overweight/obese status.  

In both qualitative and quantitative designs, researchers should use a standardized 

definition of family meals, sleep, and media use. In this case, family meals should include 

the number of people who are present during each meal and researchers should use 

validated questionnaires with trained interviewers, take into account seasonal variability 

in family meals, and collect information about confounding factors that may affect family 

meals (Valdès et al., 2013). For instance, in populations that may experience more 

barriers to family meals, Dwyer et al. (2015, pp. 127–128) suggested “delivering 

interventions remotely or in the work place.” Dwyer et al. (2015, pp 127–128) also 

suggested “tailoring interventions by family characteristics (single-headed or dual-

headed)” and by the “types of barriers experienced by each family (food cost, creative 

meals, and child involvement during meal preparation)”. Also, standard definitions 

should be used for sleep and media use in which researchers should include the location 

where sleep occurs (own bedroom, shared, living room, etc), in addition to other 

components used in the present studies. For media use, in addition to the total hours 

spent, researchers should include the location and time when it occurs (e.g.,during meal 
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time; Valdès et al., 2013). Besides the use of standardized definitions, researchers should 

be cognizant and mindful of how people’s perception of the questions might affect their 

responses and incorporate other validation methods to reduce social desirability bias 

(Cullinan & Cawley, 2017; Koning et al., 2018). For example, researchers could validate 

parents’ and children’s answers by using objective measurements such as anthropometric 

measurements, plate waste assessment, physical activity, or sleep monitoring devices, etc.    

In addition, researchers should seek to increase participation and representation of 

underrepresented demographic and social groups during data collection. In the present 

study, the majority of participants were male (51.9%; n = 180) and White Non-Hispanic 

(57.3%; n = 199), and a greater number of adults had a college or a higher education level 

(52.4%; n = 182). By comparison, participation from Non-Hispanic Black population was 

lower (3.7%) than the 2016 population estimates (7.1%). In 2016, Oklahoma had an 

estimated population of 3,875,589 of which the majority was White (72.9%) and female 

(50%; U.S.Census, 2020). Keeping in mind that each research study includes strengths 

and limitations, researchers should use limitations as opportunities to be addressed in 

future studies and strengths as opportunities for comparative studies on the most 

significant risks on childhood overweight/obese status to guide practice on prevention 

and management of childhood overweight/obese status.  

Recommendations for Health Education and Health Promotion Practice  

Given that a growing body of research between each factor investigated in the 

present study (family meals, sleep, and media use) and the risk of childhood 
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overweight/obese status continues to suggest an association between each factor and the 

risk of childhood overweight/obese status, and although the present study’s findings 

suggested non-significant results between predictors of interest (family meals, sleep, and 

media) and the dependent variable (overweight/obese status; see Table 4), the present 

study has identified 10 recommendations from a pubic health perspective to promote 

overall health. Health education and promotion practitioners should  

(1) take every opportunity to talk to families about the effect of family meals, 

sleep, and media use on health;  

(2) continue to provide realistic recommendations and resources to parents or 

caregivers to address challenges related to family meals planning, 

preparation and frequency; bedtime routine to promote healthy sleep 

duration and quality; the consequences of media use on health and how to 

consistently clarify media use expectations for the whole family;  

(3)  highlight protective behaviors that promote family meals, regular sleep 

time and duration, and healthy media use in children and adolescents;  

(4)  encourage parents or caregivers to seek help early for concerns related to 

childhood weight management or issues related to meals, sleep or media 

use in their children;  

(5)  encourage parents or caregivers to not give up in their pursuit of 

childhood weight management despite challenges that may emerge during 

treatment or management;  
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(6)  continue to conduct more interdisciplinary research on modifiable factors 

that increase the risk of childhood overweight/obese status; 

(7)  continue to conduct interdisciplinary research on practical interventions 

that promote protective behaviors against the risk of childhood 

overweight/obese status; 

(8)  assess the feasibility of such interventions on different populations;  

(9)  continue to improve their health education and health promotion 

competence to stay informed about the changes in research on prevention 

and management of childhood overweight/obese status, and; 

(10) continue to acquire skills in the application and integration of 

theories from other disciplines to effectively intervene in the prevention 

and management of childhood overweight/obese status.         

Conclusion 

The results of this study indicate that family meals, sleep, and media use do not 

significantly predict childhood overweight/obese status in Oklahoma. These findings 

differ from studies on childhood obesity and they should be carefully considered in light 

of similar studies. Many research studies on family meals, sleep, and media use as 

predictors of childhood overweight/obesity focus on the relationship between a single 

predictor (or a combination of predictors) and childhood overweight/obese status or the 

recognition of a single predictor or a combination of predictors as risk and protective 

factors within home environments (Berge et al., 2015, 2017, 2018; Dube et al., 2017; 

Fatima et al., 2015; Hart et al., 2017; Jones, 2018; LeBourgois et al., 2017; Lee et al., 
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2016; Lewin et al., 2016; Rogers et al., 2017). Most of those studies do propose a 

relationship between predictors and childhood overweight/obese status, with findings that 

suggest an inverse relationship between predictor(s) and overweight/obese status (Berge 

et al., 2015, 2017, 2018; Dube et al., 2017; Fatima et al., 2015; Hart et al., 2017; Jones, 

2018; LeBourgois et al., 2017; Lee et al., 2016; Lewin et al., 2016; Rogers et al., 2017) or 

bidirectional relationships (LeBourgois et al., 2017). Alongside such findings, researchers 

also note many limitations such as limited overall interactions by race/ethnicity, sex, 

socioeconomic status and age, and other limitations such as self-reported body mass 

index, cross-sectional designs, non-response bias (Berge et al., 2015, 2018; Dube et al., 

2017; Hart et al., 2017; Jones, 2018; Lee et al., 2016), lack of randomization (Rogers et 

al., 2017), and not providing information about daytime and nighttime sleep (Fatima et 

al., 2015). Nevertheless, research on the risk factors that significantly predict childhood 

overweight/obese status warrants investigations, as findings may guide prevention 

efforts.  
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