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Abstract:



The main purpose of the current article is to introduce a framework of the complexity of childhood obesity based on the family environment. A conceptual model that quantifies the relationships and interactions among parental socioeconomic status, family food security level, child’s food intake and certain aspects of parental feeding behaviour is presented using the structural equation modeling (SEM) concept. Structural models are analysed in terms of the direct and indirect connections among latent and measurement variables that lead to the child weight indicator. To illustrate the accuracy, fit, reliability and validity of the introduced framework, real data collected from 630 families from Urumqi (Xinjiang, China) were considered. The framework includes two categories of data comprising the normal body mass index (BMI) range and obesity data. The comparison analysis between two models provides some evidence that in obesity modeling, obesity data must be extracted from the dataset and analysis must be done separately from the normal BMI range. This study may be helpful for researchers interested in childhood obesity modeling based on family environment.






Keywords:


family food security level; childhood obesity; public health; child’s environment; household environment; structural equation modeling








1. Introduction


As the largest developing country around the world in the past two decades, China has witnessed a rapid increase in childhood obesity rates along with the fast economic growth [1]. Martinson et al. [2] addressed the notable rise in childhood overweight and obesity that has mainly been dependent on China’s public health. Zhang and Wang [3] stated that the prevalence of overweight and obesity increased from 1.79% and 1.66% in 1985 to 31.12% and 20.11% in 2014 for boys and girls, respectively. In another study in China, researchers found that the obesity rates among children 7–12 years old living in a city, township and rural area were 10.3%, 8.5% and 5.5% respectively [4]. Moreover, based on a 2016 World Health Organization report, around 170 million children worldwide below the age of 18 were suffering from the physical and psychological consequences of overweight or obesity [5]. According to recent studies, Vinturache et al. [6] and Baek et al. [7], for instance, believe that obesity has emerged as one of the most substantial public health concerns in the last two decades. It is now identified as a severe threat to society due to its rapidly expanding prevalence. Therefore, focus should be geared toward preventive efforts against childhood obesity, as problems with a child’s body status are mostly caused by unusual weight gain.



Family food security level [8,9], parental feeding behaviour [10], the child’s food intake [11,12] and parental socioeconomic status [13,14,15] are deemed the most essential and recognizable indicators in childhood obesity modeling literature. The influence of socioeconomic status as an independent determinant or mediator of behaviour further adds intricacy to our understanding of obesity and related behaviours [16,17]. Some studies suggest that family food security level and its output as well as the child’s health are antecedents of childhood obesity [8]. Beside cultural and genetic factors influencing a child’s food structure, the family food security level together with eating behaviour has a pivotal role. During the childhood years, parents model their own feeding behaviour, which affects the child’s eating habits [18]. Several studies concerning the impacts of parental feeding behaviour [19,20] have illustrated there is a relationship between parental feeding behaviour, the child’s food intake and child obesity. Despite the outcomes, many variations regarding the impact of different behaviours still exist. Parental restriction of their children’s amount of food intake is the feeding behaviour most dependably related to a higher risk of becoming overweight.



Moreover, regarding the impact of the family environment on childhood obesity, some reviews have concentrated on some child behaviours and obesity [21] with the child’s sleeping behaviour being one. The relationship between sleep quality and obesity has been stressed in some studies [22,23]. Chen et al. [24] reviewed seventeen studies on sleep and child obesity, and found that children with a shorter average amount of sleep had a 58% higher risk of obesity issues than peers with adequate amounts of sleep. Parallel to what has been found regarding lack of sleep in children, excessive technology use (mobile phones, tablets, TV, etc.) was linked to child obesity [10,25]. This similarity can be explained by the high concurrence of excessive technology use and sleep problems. As a basic aspect of the family environment, the parental weight status [26] and physical activity [27] appeared to be vital predictors of the increase in childhood obesity.



Unfortunately, there are very few studies investigating the impact of children behaviours like technology use, average sleep time and physical activity considering the family environment and especially the family food security level with parental socioeconomic status, feeding behaviour and weight in controlling children’s obesity. Nevertheless, research on the simultaneous integration of the interrelationships among three well-known concepts, i.e., parental socioeconomic status, parental feeding behaviour and the child’s food intake into one model remains scarce.



Moreover, in the majority of previous modeling studies, different regression equations have been used to measure and estimate the suggested indicators affecting childhood obesity indicators [28,29,30]. However, obesity regression modeling does not facilitate estimating causal and indirect effects in a single and integrated equation. Multicollinearity exists among indicators too, which is a major factor that reduces model efficiency and power and cannot be ignored. In other words, it is possible to illustrate that an entire model has good fit, but it is not possible to confirm whether there are valid outputs from any individual research predictor in a multiple regression model that includes correlated predictors. Besides, estimating the overall impact of both observed and unobserved indicators that lead to a child’s weight is risky.



Therefore, the aim of this study is to introduce an integrated model capable of providing an overall evaluation of latent and observed variables by applying a multi-combination of the three basic concepts (parental socioeconomic status, parental feeding behaviour and child’s food intake) with the concept of SEM. Therefore, the aim of this study is to introduce an integrated model capable of providing an overall evaluation of latent and observed variables by applying a combination of the three basic concepts (parental socioeconomic status, parental feeding behaviour and child’s food intake) within the SEM framework. To better understand the impact of putative factors on childhood obesity, we examine the relationship among child technology use, the child’s average amount of sleep, the child’s school grade, the child’s physical activity and the parents’ physical activity, and the child’s weight. Figure 1 illustrates the conceptual framework of the research model. In the research framework, parental socioeconomic status (initial independent variable) and the child’s school grade are exogenous variables, the child’s weight (main dependent variable) acts as an endogenous variable, and the remaining variables are both endogenous and exogenous.


Figure 1. Research framework.
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2. Materials and Methods


2.1. Measurements


2.1.1. Parental Socioeconomic Status


In this study, parental socioeconomic status was measured as the initial independent variable including seven indicators. Six of the indicators are the mother’s education, father’s education, mother’s income, father’s income, mother’s work experience and father’s work experience. The question “How long have the parents been married?” was added and is representative of the parents’ marital length.



The parents’ ages were classified into four groups: 30 years old or younger, 31 to 40 years old, 41 to 50 years old, and over 50 years old. With respect to education level, the responses obtained were categorized as “Less than high school”, “High school”, “Diploma”, “Bachelor” and “Master or Ph.D.”. The respondents were asked about parental income status, and the answers were denoted by “Less than RMB2000 per month”, “RMB2001–RMB3000 per month”, “RMB3001–RMB4000 per month”, “RMB4001–RMB5000 per month” and “more than RMB5000 per month”. The respondents were asked about parental work experience and the responses were denoted by “less than 5 years”, “5–10 years”, “11–15 years”, “16–20 years” and “more than 20 years”. The last question in the socioeconomic part is related to the length of the parents’ marriage and responses were indicated by “less than 2 years”, “2–4 years”, ‘5–7 years”, “8–10 years” and “more than 10 years”.




2.1.2. Family Food Security Level


Family food security level was measured based on Bickel and Nord [31] study, which included 18 standard questions. Appendix A presents the standard questions for measuring family food security level.




2.1.3. Parental Feeding Behaviour


The six indicators include restricting, monitoring, rewarding, pressuring, controlling and modeling based on Birch and Fisher [32] child feeding questionnaire (CFQ). All scales assess the frequency of every parental feeding behaviour on a 5-point Likert scale (“never” to “always”) or a greater agreement (“disagree” to “agree”), with higher scores indicating more frequent use of a specific feeding behaviour.




2.1.4. Child’s Food Intake


We measured the child’s food intake based on Kröller and Warschburger [33] study. The seven indicators include consumption of fruits, vegetables, whole grain products, sweets, chips, soft drinks and fast food. Parents indicated on a six-point scale (“never”, “seldom”, “sometimes”, “most of the time”, “always” and “several times a day”) how often their children eat certain foods.




2.1.5. BMI


BMI is a measure of relative size based on the mass and height of an individual [34]:
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(1)







BMI applies differently to children. It is calculated in the same way as for adults but is then compared to typical values for other children of the same age. Instead of comparing against fixed underweight and overweight thresholds, the BMI is compared against the percentile of children of the same gender and age [35].



A BMI below the 5th percentile represents underweight and above the 95th percentile indicates obese. Children with a BMI between the 85th and 95th percentile are considered overweight [35]. Table 1 shows the BMI categories for children.



Every primary school student has a “health card” with some information like weight and height. We asked the parents to provide their children’s weight and height based on the cards and we calculated each child’s BMI based on the above formula.




2.1.6. Control Variables


Regarding the frequency of parental physical activity, the respondents were asked “how many times a week on average do you do physical activity?” The responses to this question consist of four categories denoted by “none”, “1 or 2 times a week”, “3 or 4 times a week” and “more than 4 times a week”. The child’s average number of sleeping hours per day were also grouped in “less than 7 h per day”, “7 to 8 h per day”, “8 to 9 h per day” and “more than 9 h per day”. As for the average number of h per day the child uses technology, the respondents were asked “how many h per day on average does your child use technology?” The responses to this question consist of four categories: “less than one hour per day”, “1 to 2 h per day”, “3 to 4 h per day” and “more than 4 h per day”. The child’s school grade can be from one to six. The child’s physical activity per week consists of “none”, “1 or 2 times per week”, “3 or 4 times per week” and “more than 4 times per week”.





2.2. Why Using SEM?


SEM is strongly capable of hypothesizing any type of relations and interactions among research variables in a single causal framework. This technique is helpful for researchers to better understand the concept of latent variables and their action within the model. This method has been employed in a wide range of studies, especially in food behaviour analysis and public health [36,37,38]. In this paper, three features of the SEM technique are presented:



2.2.1. The Ability to Use Latent Variables


According to Bollen [39], “latent variables provide a degree of abstraction that permits us to describe relations among a class of events or variables that share something in common.” A specific characteristic of SEM is the use of “latent variables,” which are not applied in any other analysis method. Latent variables refer to constructs that are not directly observable.




2.2.2. The Ability to Estimate Direct and Indirect Effects


If the aim is to produce a research model based on regression modeling, the research framework will have the following structure:


(Family food security level + Parental socioeconomic status + Parental feeding behaviour + Child’s food intake) → Child’s weight



(2)







However, it is obvious that if there are any parental socioeconomic changes, the parents will try to change the internal family food security level in order to control the parental feeding behaviour and child’s food intake. The most significant advantage of SEM is the ability to simultaneously model and examine the indirect and direct interrelationships that exist among multiple dependent and independent variables [40] (see Figure 2).


Figure 2. Structure of research variables in regression modeling with the SEM technique.
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2.2.3. The Ability to Perform Simultaneous Estimation


Various statistical methods, such as multiple regression analysis, MANOVA, ANOVA, t-test and canonical correlation analysis have a common limitation. Most approaches can express a single link between the independent and dependent variables. In regression analysis, however, one or more independent variables are involved in a study, but there should be only one dependent variable. Canonical correlation analysis and MANOVA may involve more than one independent and dependent variables, but the analysis is restricted in that it can only display the relationship between independent and dependent variables. On the other hand, SEM can show the relationships among dependent variables. In SEM, more than one exogenous and endogenous variables are estimated simultaneously. The causal relationship between endogenous variables can also be estimated. For example, when a researcher wants to see the relationship of A → B → C → D, a total of four analyses should be conducted in multiple regression analysis. Nonetheless, simultaneous estimation is possible with SEM [41].





2.3. Sampling


In the present study, a cross-sectional research design is used. A cross-sectional research design applies any given research population sample at one point in time to obtain the required data. Moreover, the researcher cannot focus on development matters nor provide unsystematic interpretations. Hair, Black [42] suggested that the minimum sample size depends on model complexity and basic measurements of model characteristics. Therefore, we needed more than 300 respondents according to model characteristics with three latent constructs and perhaps after factor loading analysis, some of the constructs have less than three items (see Table 2).



Table 2. Minimum sample size required for SEM analysis.







	
Model Characteristics (Number of Latent Constructs and Items)

	
Minimum Sample Required






	
1. Five or less latent constructs. Each latent construct has more than three measurement items.

	
100 samples




	
2. Seven or less latent constructs. Each construct has more than three items.

	
150 samples




	
3. Seven or less latent constructs. Some constructs have less than three items (the identified model)

	
300 samples




	
4. More than seven latent constructs. Some constructs have less than three items (the identified model)

	
500 samples










In the present study, SEM was conducted for two subsets of data (normal weight group and overweight/obese group). The purpose of dividing into two groups was to know in the children group who has obesity issue and which factors have significant impact on child’s weight, in order to compare with the normal group. Based on the number of constructs in the research model (Figure 1) and Table 2 every group needed 100 samples.



There are 56 public primary schools with over 500 students located in the centre of Urumqi City (Xinjiang Province, China). The sampling procedure included three phases. The first phase was cluster sampling, whereby every primary school was considered one cluster. We contacted all schools by email and phone and requested cooperation for this research, and only eight confirmed willingness to participate. One of the schools was not ready on the date when data collection started, therefore seven schools were prepared for data collection. Ninety (90) questionnaires were delivered to every primary school (cluster). The second phase entailed stratified sampling. In this phase, every grade was defined as a strata. Each primary school includes six grades (six strata), and 15 questionnaires were considered for each grade. The third phase was random sampling from volunteer parents in every grade. Therefore, 7 × 6 × 15 = 630 questionnaires were considered the sampling number. We trained 25 bachelor students in public health and management to collect data and interview the parents based on the study survey. The volunteer parents were invited to the school by the school principals. We asked the parents to bring their children’s health cards. Each questionnaire took 15 to 20 min. Data collection lasted from 5 September 2016 to 20 October 2016. The survey was conducted with funding by the University of Malaya (project number RP027E-15HNE) and the University of Malaya Research Ethics Committee approved the research procedure (UM.TNC2/RC/H&E/UMREC 127). A parent was retained in the sample if they had a child between seven (grade one) and twelve (grade six) years of age.



Classical methods of standard SEM analysis focus on the sample covariance matrix. The AMOS software package has been developed on the basis of the covariance structure analysis approach with the sample covariance matrix [43]. Therefore, the AMOS’ 16 maximum likelihood program was used to examine the proposed hypothetical model.





3. Results


3.1. Descriptive Analysis


Table 3 and Table 4 represent the descriptive statistics of the sample and control variables’ characteristics in this study. Table 5 shows the BMI distribution among the observational variables in the study.



Table 3. Descriptive statistics of family characteristics.







	
Mother’s Age

	
Number

	
Percentage

	
Father’s Work Experience

	
Number

	
Percentage




	
30 years old or younger

	
102

	
16.19%

	
Less than 5 years

	
61

	
9.68%




	
31 to 40 years old

	
254

	
40.32%

	
5–10 years

	
76

	
12.06%




	
41 to 50 years old

	
219

	
34.76%

	
10–15 years

	
196

	
31.11%




	
Over 50 years old

	
55

	
8.73%

	
15–20 years

	
228

	
36.19%




	
Father’s Age

	
Number

	
Percentage

	
More than 20 years

	
69

	
10.95%




	
30 years old or younger

	
74

	
11.75%

	
Mother’s Education

	
Number

	
Percentage




	
31 to 40 years old

	
186

	
29.52%

	
Less than High School

	
29

	
4.60%




	
41 to 50 years old

	
259

	
41.11%

	
High School

	
76

	
12.06%




	
Over 50 years old

	
111

	
17.62%

	
Diploma

	
212

	
33.65%




	
Mother’s Income

	
Number

	
Percentage

	
Bachelor

	
244

	
38.73%




	
Less than RMB2000

	
109

	
17.30%

	
Master or Ph.D.

	
69

	
10.95%




	
RMB2001–RMB3000

	
166

	
26.35%

	
Father’s Education

	
Number

	
Percentage




	
RMB3001–RMB4000

	
198

	
31.43%

	
Less than High School

	
39

	
6.19%




	
RMB4001–RMB5000

	
75

	
11.90%

	
High School

	
154

	
24.44%




	
More than RMB5000

	
26

	
4.13%

	
Diploma

	
269

	
42.70%




	
Father’s Income

	
Number

	
Percentage

	
Bachelor

	
102

	
16.19%




	
Less than RMB2000

	
88

	
13.97%

	
Master or Ph.D.

	
66

	
10.48%




	
RMB2001–RMB3000

	
206

	
32.70%

	
Parents’ Marital Length

	
Number

	
Percentage




	
RMB3001–RMB4000

	
195

	
30.95%

	
Less than 2 years

	
89

	
14.13%




	
RMB4001–RMB5000

	
66

	
10.48%

	
2–4 years

	
237

	
37.62%




	
More than RMB5000

	
75

	
11.90%

	
5–7 years

	
206

	
32.70%




	
Mother’s Work Experience

	
Number

	
Percentage

	
8–10 years

	
63

	
10.00%




	
Less than 5 years

	
66

	
10.48%

	
More than 10 years

	
35

	
5.56%




	
5–10 years

	
89

	
14.13%

	

	

	




	
10–15 years

	
169

	
26.83%

	

	

	




	
15–20 years

	
132

	
20.95%

	

	

	




	
More than 20 years

	
133

	
21.11%

	

	

	










Table 4. Descriptive statistics of the control variables in the study.







	
 Gender

	
Number

	
Percentage

	
Technology Use by Child

	
Number

	
Percentage




	
 Boy

	
286

	
45.39%

	
Less than one hour per day

	
86

	
13.65%




	
 Girl

	
344

	
54.61%

	
1 to 2 h per day

	
186

	
29.52%




	
 Child’s School Grade

	
Number

	
Percentage

	
3 to 4 h per day

	
208

	
33.02%




	
 First (Seven years old)

	
105

	
16.67%

	
More than 4 h per day

	
150

	
23.81%




	
 Second (Eight years old)

	
105

	
16.67%

	
Child’s Average Sleep

Duration

	
Number

	
Percentage




	
 Third (Nine years old)

	
105

	
16.67%

	

	




	
 Fourth (Ten years old)

	
105

	
16.67%

	
Less than 7 h per day

	
158

	
25.08%




	
 Fifth (Eleven years old)

	
105

	
16.67%

	
7 to 8 h per day

	
296

	
46.98%




	
 Sixth (Twelve years old)

	
105

	
16.67%

	
8 to 9 h per day

	
102

	
16.19%




	
 Mothers’ Physical Activity

	
Number

	
Percentage

	
More than 9 h per day

	
74

	
11.75%




	
None

	
134

	
21.27%

	
Fathers’ Physical Activity

	
Number

	
Percentage




	
 1 or 2 times per week

	
135

	
21.43%

	
None

	
298

	
47.30%




	
 3 or 4 times per week

	
172

	
27.30%

	
1 or 2 times per week

	
186

	
29.52%




	
 More than 4 times per week

	
189

	
30.00%

	
3 or 4 times per week

	
82

	
13.02%




	
 Child’s Physical Activity

	
Number

	
Percentage

	
More than 4 times per week

	
64

	
10.16%




	
None

	
205

	
32.54%

	

	

	




	
 1 or 2 times per week

	
189

	
30.00%

	

	

	




	
 3 or 4 times per week

	
137

	
21.75%

	

	

	




	
 More than 4 times per week

	
99

	
15.71%

	

	

	










Table 5. BMI distribution.







	
Category

	
Number (Percentage)






	
Underweight

	
81 (12.86%)




	
Normal Range

	
402 (63.81%)




	
Overweight—At Risk

	
82 (13.02%)




	
Overweight—Moderately Obese

	
41 (6.51%)




	
Overweight—Severely Obese

	
24 (3.81%)










Based on Table 5, 12.86% children in the study are underweight, 63.81% are in the normal range and 23.34% (147) are in the overweight and obese ranges.




3.2. Study Reliability and Validity


Fornell and Larcker [44] defined questionnaire validity and reliability based on the following terms and conditions:

	(a)

	
Validity: Cronbach’s alpha of every latent variable must be equal to or higher than 0.7




	(b)

	
Reliability:

	
The average variance extracted (AVE) for every latent variable must be equal to or higher than 0.50



	
The factor loading of every indicator must be higher than 0.70 in the construct














Table 6 shows the outputs from the AVE and Cronbach’s alpha analysis. There are five groups of indicators. The first three groups are the research latent variables, family food security level (as a separate questionnaire) and some control variables with one dependent variable that were defined as a group of control variables. Table 6 illustrates that all research group variables have acceptable Cronbach’s alpha and AVE values.



Table 6. Results of average variance extracted (AVE) and Cronbach’s alpha.







	
Construct

	
AVE

	
Cronbach’s Alpha






	
Parental Socioeconomic Status

	
0.57

	
0.77




	
Parental Feeding Behaviour

	
0.61

	
0.71




	
Child’s Food Intake

	
0.61

	
0.81




	
Family Food Security Level

	
Not Applicable

	
0.78




	
Group of control variables

	
Not Applicable

	
0.76










Table 7 presents the factor loadings of the indicators on three research latent variables. As illustrated in this table, the factor loadings of eight indicators are less than 0.5; therefore, these indicators must be excluded from the measurement model. As a results, by excluding some indicators, the study reliability is confirmed.



Table 7. Factor loading analysis of research latent variables.







	
Parameter Description

	
Factor Loading






	
Parental Socioeconomic Status




	
Mother’s education

	
0.86




	
Father’s education

	
0.44




	
Mother’s income

	
0.48




	
Father’s income

	
0.73




	
Mother’s work experience

	
0.21




	
Father’s work experience

	
0.33




	
Parents’ marriage length

	
0.92




	
Parental Feeding Behaviour




	
Rewarding

	
0.48




	
Restricting

	
0.72




	
Pressuring

	
0.81




	
Modeling

	
0.47




	
Controlling

	
0.77




	
Monitoring

	
0.36




	
Child’s Food Intake




	
Sweets

	
0.89




	
Chips

	
0.92




	
Soft Drinks

	
0.96




	
Fruits

	
0.57




	
Vegetables

	
0.56




	
Fast Food

	
0.66




	
Whole Grains

	
0.41











3.3. Analysis of Model Fit


Figure 3 shows the model fitting results based on the SEM approach. The GFI, RFI, IFI, TLI, CFI, and NFI values are within acceptable ranges. Therefore, the current model fits our data at the 5% significance level.


Figure 3. Model fit analysis.
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3.4. Normality Testing


Skewness and kurtosis are criteria that illustrate the normality or non-normality of every indicator. If the absolute kurtosis value is less than 7 and the value of skewness is between −2 and +2, the endogenous variables’ normality is acceptable. Table 8 presents the normality analysis of each research indicator after reliability analysis.



Table 8. Normality test.







	
Indicators

	
Skew

	
Kurtosis






	
Mother’s education

	
1.018

	
0.581




	
Father’s income

	
0.658

	
−0.324




	
Parents’ marriage length

	
−0.578

	
−0.207




	
Household food security level

	
1.971

	
6.325




	
Child technology use

	
1.598

	
2.059




	
Child’s average amount of sleep

	
0.982

	
1.297




	
Child’s weight

	
0.624

	
2.125




	
Child’s physical activity

	
−0.259

	
−0.657




	
Mother’s physical activity

	
−0.597

	
−0.957




	
Father’s physical activity

	
−1.287

	
−4.268




	
Mother’s weight

	
0.951

	
2.687




	
Father’s weight

	
1.058

	
3.059




	
Restricting

	
0.663

	
−0.411




	
Pressuring

	
0.288

	
−1.014




	
Controlling

	
1.698

	
0.586




	
Sweets

	
0.886

	
−1.185




	
Chips

	
0.444

	
0.742




	
Soft drinks

	
1.051

	
−1.004




	
Fast food

	
0.222

	
1.196




	
Vegetables

	
0.875

	
0.201










The normality of all indicators individually is accepted by the skewness and kurtosis outputs. Moreover, based on the multivariate normality test output, the kurtosis value is 9.821. Since this value is less than 10 the multivariate normality is accepted [45].




3.5. Multicollinearity Analysis


Multicollinearity is a serious problem in classical SEM modeling. Weak discriminant validity of the research model indicators usually causes multicollinearity in a study. In Figure 4, a double arrow represents the covariance among latent research variables. Kline and Klammer [46] determined that a high correlation between two latent constructs (greater than 0.85) signifies multicollinearity. Regarding the output in Figure 4, the correlation among the three latent constructs does not exceed 0.85, which confirms there is no multicollinearity in the research model.


Figure 4. Full measurement model.
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3.6. Structural Model


A structural model was applied to identify the hypothesized connection among research constructs (exogenous or endogenous), which is linked to the assumed model’s concept. Based on Table 5, the BMI of 402 observations is in a normal range, and for 147 observations the child’s BMI ranges from overweight to obesity. Therefore, in this part of the study two structural models are presented: one based on the normal BMI range (hereby called a normal model) and one based on the obesity BMI range (hereby called an obesity model). Figure 5 and Figure 6 present structural models of the normal and obesity models.


Figure 5. Normal model output (* Significant in the level of 5%; ** Significant in the level of 1%).



[image: Ijerph 14 00181 g005]





Figure 6. Obesity model output (* Significant in the level of 5%; ** Significant in the level of 1%).



[image: Ijerph 14 00181 g006]






The normal model results in Figure 5 demonstrate that parental socioeconomic status has a significant positive impact on family food security level, parental feeding behaviour and mother’s physical activity. However, the parental socioeconomic status variable does not have a significant impact on child’s food intake and weight. According to the obesity model in Figure 6, parental socioeconomic status has a significant impact on family food security level, child’s food intake, child’s weight and parental feeding behaviour. The family food security level in the normal model has significant impact on both child’s food intake and child’s weight, but no significant impact on parental feeding behaviour. In the obesity model, this variable only has significant impact on the child’s weight and parental feeding behaviour, and the impact of family food security level on the child’s food intake is not significant. In the normal model, parental feeding behaviour has significant impact on the child’s food intake and child’s weight. However, in the obesity model, parental feeding behaviour significantly affects only the child’s weight. Child’s food intake in both models has significant impact on the child’s weight. In the normal model, technology use by child, child’s physical activity and mother’s weight significantly impact the child’s weight. In the obesity model, the mother’s weight, technology use by child and child’s average amount of sleep have significant impact on the child’s weight.





4. Discussion


The main aim of this study was to examine a multi-factorial model of the relationship between household environment and childhood obesity by applying SEM. The child’s weight was the main dependent variable and parental socioeconomic status was the main independent variable. Between parental socioeconomic status and child’s weight, two latent variables and nine measurement variables were defined based on previous studies. Therefore, the introduced model was designed according to improvements on previous theories and frameworks of childhood obesity modeling based on family environment [21,33]. To evaluate the accuracy and validity of the final research model keeping in view suitable variables, sampling was done on Chinese families living in Urumqi (Xinjiang Province, China). The sample size was 630 families and data were collected between 5 September 2016 and 20 October 2016. The research framework is presented in Figure 1. We extracted two types of data from the dataset. The first group includes the normal BMI range and the second group is the obesity BMI range. The outputs of the two groups are presented in Figure 5 and Figure 6.



According to the findings, R2 in the obesity model is 0.72. This means that 72% of a child’s weight variation is dependent on parental socioeconomic status, family food security level, parental feeding behaviour, child’s food intake, technology use by child and child’s average amount of sleep, and the mother’s weight. However, this amount in the normal model is 63% with different significant variables.



In the normal model there is a strong interrelationship among parental socioeconomic status, parental feeding behaviour and child’s food intake as confirmed by Kröller and Warschburger [33] study. However, this interrelationship is broken by the non-significance impact of parental feeding behaviour on child’s food intake in the obesity model.



The impact of parental socioeconomic status on the child’s weight was confirmed by Crouch et al. [47], Keane et al. [48], and Walsh and Cullinan [49]. In their studies, all data included overweight, obesity, and normal BMI among the relationships. However, in the current study the data was categorized in two groups of normal and obesity concepts. Based on our data analysis, the impact of parental socioeconomic status on the child’s weight is significant in obesity modeling, which was not confirmed in the normal model. This indicates that in families who have obese children, their socioeconomic status has significant impact on their children’s weight. The mother’s education, father’s income and parents’ marriage length are confirmed to act as significant indicators of the parental socioeconomic status latent variable (Table 7), affecting the child’s weight in the obesity model.



In both normal and obesity models, the parental socioeconomic status has significant impact on family food security level. To elaborate further, higher-income parents (especially the father) or those with higher educational levels (especially the mother) seem more likely to be able to provide greater food security levels at home. Prior studies also support these results [50]. Moreover, our study showed that this relationship in the normal model (β = 0.45) is stronger than in the obesity model (β = 0.39). The output of this analysis reveals that families with a normal child BMI range have stronger plans with their socioeconomic status and their household food security level.



Family food security level in the obesity model has a significant impact on both parental feeding behaviour and the child’s weight. However, there is no significant impact on the child’s food intake. This relationship is different in the normal model, where the family food security level has a significant impact only on the child’s weight and child’s food intake but no significant impact on parental feeding behaviour (see Figure 7).


Figure 7. Impact of family food security level in the research framework for normal and obesity data (* Significant in the level of 5%; ** Significant in the level of 1%).



[image: Ijerph 14 00181 g007]






Most importantly, the path coefficient between family food security level and the child’s weight shows a significant relationship, which has been reported in earlier research works as well [51,52]. The results of the present research indicate that in spite of the direct relation between the child’s weight and socioeconomic situation, an indirect but meaningful relationship exists between them through family food security level, parental feeding behaviour and the child’s food intake.



The literature on childhood obesity emphasizes the key role of the average amount of sleep of children [53,54,55], physical activity [56,57], and technology use [58,59,60] in controlling childhood obesity. In our study, the impact of the control variables on child weight is shown in Figure 8.


Figure 8. Structure of the impact of control variables on child’s weight in the obesity and normal models (* Significant in the level of 5%; ** Significant in the level of 1%).
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The structure of the control variables’ impact on the dependent variable (child’s weight) in the obesity model is different than in the normal model. In both obesity and normal models, technology use by child has significant impact on the child’s weight. This impact in the obesity model (β = 0.68) is much higher than in the normal model (β = 0.21). The child’s average amount of sleep in the obesity model has a significant impact on the child’s weight. However, this impact is not significant in the normal model. Therefore, in the obesity model, Chinese primary school students who spend more time using devices including TV, video games, laptop/PC and mobile telephones and more time sleeping have a greater increase in weight than in the normal model. We found that technology use by children is the most effective risk factor compared to sleep time and physical activity in predicting child weight in obesity modeling.



It was illustrated that SEM analysis is a suitable technique for obesity modeling studies that has been used by other researchers [21,33]. However, the ordinary least squares (OLS) is a popular regression analysis method. For verification, we used four indices to compare OLS and SEM, which are representative of the strength and correctness of the prediction analysis. Root mean square error (RMSE), coefficient of determination (R2), mean absolute error (MSE) and mean absolute percentage error (MAPE) are the most familiar statistical indices for a comparison study among different prediction techniques. Table 9 presents the formula indices and output of OLS and SEM in both obesity and normal models.



Table 9. Comparative outputs of SEM and OLS in obesity and normal models.







	
Formula

	
SEM (Obese)

	
SEM (Normal)

	
OLS (Obese)

	
OLS (Normal)






	
[image: there is no content]

	
0.987

	
1.485

	
3.688

	
2.598




	
[image: there is no content]

	
1.157

	
2.014

	
3.894

	
3.996




	
[image: there is no content]

	
1.269

	
2.229

	
4.597

	
7.071




	
[image: there is no content]

	
0.72

	
0.63

	
0.61

	
0.55








Where [image: there is no content] is the ith actual value of the dependent variable and [image: there is no content] is the ith predicted value. The R2 value for SEM in both models was greater than OLS, and the MAPE, RMSE and MSE values of the SEM outputs were lower than OLS. Therefore, the performance indices with SEM are better in predicting child weight than the OLS model.









5. Conclusions


This study on the complexity of parental socioeconomic status and family food security level with both parental feeding behaviour and child’s food intake that lead to child weight has a number of strengths:

	(1)

	
Improved previous studies relate parental socioeconomic status, parental feeding behaviour, child’s food intake and child’s weight by considering family food security level and some child environmental indicators like technology use by child and the child’s average amount of sleep.




	(2)

	
We illustrated that for childhood obesity analysis, especially for estimating child weight, obesity data should be extracted from the whole dataset and modeled separately. As seen in Figure 5 and Figure 6, there is a different output model structure between normal data and obesity data.









Although in the obesity model the child’s average amount of sleep and mother’s weight are significant, these variables are not significant in the normal model. Nevertheless, in the normal model, the interrelation among child’s physical activity, mother’s physical activity and mother’s weight is clear, which have significant impact on child weight. However, this interconnection is not significant in the obesity model. The main contribution of the current paper is thus illustrating a different final framework between the normal model and obesity model. The limitations of the current study lead to some suggestions for future studies as follows:

	(1)

	
This study was limited by the cross-sectional nature, which does not allow determining temporal relationships. We suggest doing this study with longitudinal data, which would provide researchers with more confidence in data analysis accuracy.




	(2)

	
In previous studies the child’s calorie intake [61] and genetics are deemed remarkable factors in causing obesity [62] and should be included in the model. We had limitations with collecting this type of data, so it is recommended to study them in future investigations on account of their significance.




	(3)

	
There are some indicators that can logically affect family environment and childhood obesity. These variables are economic, political and cultural determinants that cannot be measured based on the current research framework. However, they directly and indirectly have some impact on parental socioeconomic status, family food security level and parental feeding behaviour that lead to child weight. The data structure employed in this study is cross sectional and data were collected from Urumqi City, China. Therefore, there is one economic policy that controls the research model. This research model can thus be applied in other provinces of China and other countries, or comparison studies can be carried out among provinces or countries. In a comparison study, a moderating variable can be considered as an index of economic situation, which impacts all relationships among the research model variables.




	(4)

	
The research framework was designed based on children 7–12 years old and it is not suitable for children below primary school age. For future studies (obesity modeling for below 7 years old), some indicators like the child’s physical activity, child’s average amount of sleep, technology use by child, and child’s school grade should be excluded from the research variables in obesity modeling.









Finally, three recommendations for practice or policy-making to improve children’s weight and control childhood obesity are as follows:

	(1)

	
To measure and estimate a child’s weight in terms of obesity, it is better for practitioners to extract obesity data from the whole dataset.




	(2)

	
Family food security level should be addressed in future studies.




	(3)

	
The general knowledge of society should be increased regarding the high effect of child technology use and child’s average amount of sleep on children’s weight by presenting childhood obesity topics on TV shows, social media, and in primary school parental meetings.
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Table 1. BMI categories for children.







	
Category

	
BMI Range (kg/m2)






	
Underweight

	
<18.5




	
Normal Range

	
18.5–22.9




	
Overweight—At Risk

	
23.0–24.9




	
Overweight—Moderately Obese

	
25.0–29.9




	
Overweight—Severely Obese

	
≥30.0
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