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Abstract

Background: The purpose of this study was to use SEM to investigate the relationship between a latent construct of metabolic syndrome (MetS) and health-related quality of life (HRQOL) through a measure of social risk (SR) in younger adults.


Methods: Data for this research came from the 2013-14 NHANES and included (N=1,060) adults 20 to 49 years of age. A latent construct of MetS was created using five indicators that included waist circumference, high density lipoprotein, triglycerides, glucose, and mean arterial pressure. A SR score was created using four variables that included race (non-white), income (below poverty threshold), education (less than high school), and marital status (single). HRQOL was determined from a single five category question regarding self-rated general health ranging from excellent to poor.



Results: The MetS measurement model showed adequate fit (χ2/d/=4.76, GFI = 0.99, CFI = 0.99, and RMSEA=0.06) with all indicators significantly (ps<.001) loading to the construct. Multi-group analysis indicated a significant lack of measurement invariance by sex (χ2= 1.99, p=.017). Sex-specific structural models showed adequate fit with significant direct effects (beta, p-value) of MetS on HRQOL (males: -0.45, <.001 and females: -0.51, <.001) and SR on HRQOL (males: -0.16, <.001 and females: -0.15, <.001). SR partially mediated the MetS and HRQOL relationship with a positive indirect effect seen in males (b=.002, p=.020) and a negative indirect effect seen in females (b=-.002, p=.004).



Conclusion: SR was found to mediate the MetS and HRQOL relationship in younger adults, with SR contributing to its total negative relationship in females.
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Introduction


The Third Report of the Expert Panel on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults (ATP III) (which is the National Cholesterol Education Program's (NCEP's) guidelines for cholesterol testing and management) defines metabolic syndrome (MetS) as a clustering of any three (3) of the following risk factors: large waist circumference (WC), elevated systolic (SBP) or diastolic blood pressure (DBP), elevated triglycerides, low high density lipoprotein (HDL), or elevated fasting blood glucose [1,2]. MetS has become a major medical concern because of its strong relationship with increased risk for heart disease [3-5], stroke [6-8], diabetes [9-11], premature mortality [12-14] and even mental illness [15-]. Health-related quality of life (HRQOL) is a broad measure that most often involves an individual's subjective view of their own physical and/or mental health status [18]. HRQOL is an outcome measure commonly used in health science research, including both cross-sectional correlation studies and longitudinal behavioral interventions [19-22].



In the U.S., socially disadvantaged individuals are at
increased risk of both poor HRQOL [23-25] and MetS [26-28].
However, less is known about the cumulative effect of several social risk factors on health outcomes such as HRQOL [29]. Additionally, MetS is known to be associated with poor HRQOL [30-32]. Given these known associations between MetS, SR, and HRQOL, supporting evidence specifically showing how much cumulative SR contributes to the MetS and HRQOL relationship is limited. Additionally, few studies have investigated the extent to which sex moderates the mediating effects of SR on the MetS and HRQOL relationship. Therefore, the purpose of this study was to use structural equation modeling (SEM) to investigate the mediating effects of SR on the MetS and HRQOL relationship.



Methods


 Participants and design



The 2013-14 National Health and Nutrition Examination Survey (NHANES) was used for this study. The National Center for Health Statistics and Centers for Disease Control and Prevention are responsible for collecting NHANES data, which include health and demographic survey responses (e.g., age, marital status, food frequency, smoking history, physical activity behavior, etc.) as well as physical exam (e.g., blood pressure, waist circumference, grip strength, etc.) and laboratory (e.g., fasting blood glucose, HDL cholesterol, pregnancy test, etc.) measures [33]. This study used all three types of data, which were downloaded from four different NHANES component areas: Demographics, Examination, Laboratory, and Questionnaire. Data for this study were restricted to participants who had complete information for all relevant study variables and who 20 to 49 years of age were. The current study was only interested in establishing relationships in a convenient sample of adults, therefore, NHANES sampling weights and complex sampling methods were not employed.



Measures



This study used four different types of observed variables:



a)	MetS indicator variables,



b)	SR,



c)	HRQOL and



d)	Control variables.



MetS indicator variables were used to measure latent MetS and included waist circumference (WC), high density lipoprotein (HDL) cholesterol, fasting blood glucose (GLUC), blood triglycerides (TRIG), and mean arterial pressure (MAP) [33]. WC was measured by a trained NHANES health professional. WC location was just above the uppermost lateral border of the right ilium at the midaxillary line. MAP was computed using mean values of systolic (SBP) and diastolic blood pressure (SBP) measurements and the following formula: MAP= (2*DBP+SBP)/3. Finally, HDL, GLUC, and TRIG were measured by medical staff via fasting blood samples. SR was assessed using self-reported demographics data regarding participant race/ ethnicity, income, education, and marital status [34]. The first step in creating the SR score was to create binary variables of each SR factor.



The original race/ethnicity variable was recorded into a binary variable where '1' indicated 'non-white' and ‘0’ indicated 'white'. The original income variable was recorded into a binary variable where '1' indicated 'below poverty threshold' and '0' indicated 'at or above poverty threshold'. The original education variable was recorded into a binary variable where '1' indicated 'less than high school educated’ and '0' indicated 'at least high school educated'. Finally, the original marital status variable was recorded into a binary variable where '1' indicated 'single status' and '0' indicated 'not single statuses. The second and last step involved creating the SR score variable by summing the four binary SR factors. SR scores ranged from zero to four where zero represented the lowest level of social risk and four represented the highest level of social risk. HRQOL was assessed using a single item from the Current Health Status section [33]. Specifically, general HRQOL was assessed from the following question: "Would you say your health in general is: Excellent, Very good, Good, Fair, or poor?". In this study, the HRQOL variable was coded as follows: 5= Excellent, 4= Very good, 3= Good, 2= Fair and 1= Poor. Finally, control variables were used to control for possible confounding and included respondent age and sex.




Statistical Analysis



Descriptive statistics, including means and standard deviations, were computed for all MetS indicator variables across HRQOL status. Because some MetS variables had slight skewness, both parametric (t tests) and nonparametric (Wilcoxon tests) statistics were used to ensure robust findings. Correlation coefficients were computed to show the extent of linear relationships in study variables, where both Pearson and Spearman correlation coefficients were computed. Since both sets of coefficients were similar, Pearson coefficients only were reported. The SEM analysis was performed in a series of steps, including:



a)	Specifying, identifying, and assessing fit of the MetS measurement model,



b)	Assessing measurement model invariance across sex groups by running a multi-group analysis,



c)	Assessing fit of the MetS, SR, and HRQOL structural model, and



d)	Assessing the mediating effect of SR on the MetS and HRQOL relationship.



Model fit was assessed using the following statistics and criteria: comparative fit index (CFI > 0.90), root mean square error of approximation (RMSEA < 0.08), goodness of fit index (GFI > 0.90), adjusted goodness of fit index (AGFI > 0.90), Tucker-Lewis index (TLI > 0.90), normed fit index (NFI > 0.90), and Akaike's information criterion (AIC, relatively lower values indicate better fit) [35]. As well, the chi-square statistic (χ2) to degrees of freedom (df) ratio (i.e., normed chi-square) was used with acceptable criteria of less than 5.0 [36]. Mediation was tested using the Bias-corrected Bootstrap method [37]. SPSS and AMOS version 24 and the R lavaan package were used for SEM procedures with both maximal likelihood and nonparametric estimation methods [38-40]. SAS version 9.4 was used for all descriptive statistics [41].





Results



Table 1 displays descriptive statistics of the MetS risk factors, overall and by sex. On average, males had larger WC, greater values of GLUC, TRIG, and MAP and lower values of HDL, as compared to females (ps<.05). Additionally, younger adults reporting good HRQOL had superior (ps<.05) MetS risk factor values, with exception of male TRIG, as compared to those reporting poor HRQOL. Table 2 displays a correlation matrix of study variables. All relevant variables were significantly (ps<.05) related to each other, with the exception of SR with MetS risk factors. Figure 1 displays the fitted MetS measurement model for all younger adults, which specifies that latent MetS causes WC, HDL, GLUC, TRIG, and MAP. This measurement model fit well (χ2/df= 4.76, GFI = 0.99, CFI = 0.99, and RMSEA= 0.06) and significantly (ps<.001) predicted all observed variables (Table 3). The loadings indicate the positive relationship between MetS and its risk factors, except for HDL, which is negatively related. The displayed measurement model also reflects the correlations between three sets of error terms (WCerror with TRIGerror , HDLerror with TRIGerror and GLUCerror with TRIG error), which significantly improved model fit (χ2 = 56.94, p<.001). 





Table 1:  Descriptive statistics of MetS risk factors.
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Note: WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. Min is minimum value. Max is maximal value. Mean is average. SD is standard deviation. Good HRQOL was defined as adults reporting either 'excellent', 'very good', or 'good' general health. Poor HRQOL was defined as adults reporting either 'fair' or 'poor' general health. Z test p-value is for Wilcoxon independent samples test. T test p-value is for independent samples t test.




Table 2:  Correlation matrix containing study variables.
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Note: N=1,060. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. MVPA is moderate and vigorous physical activity. HRQOL is health-related quality of life. Pearson and Spearman coefficients were similar and Pearson coefficients are presented. Coefficients in bold are significant (p<.05). 






Table 3:  MetS measurement model fit statistics.
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 Note: χ2/df is chi-square divided by degrees of freedom. CFI is comparative fit index. RMSEA is root mean square error of approximation. GFI is goodness of fit index. AGFI is adjusted goodness of fit index. TLI is Tucker-Lewis index. NFI is normed fit index. AIC is Akaike's information criterion. *a relatively smaller AIC indicates a better fit.






Table 4:  Multi-group analyses for MetS measurement model.
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Note: χ2 statistics for multi-group analyses constrains parameters to be equal across sex groups, with a null hypothesis that the more constrained model is correct under the assumption that the less constrained model is correct. 
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Figure 1:   MetS measurement model.

Note: MetS is metabolic syndrome. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. All loadings were significant (p<.001).
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Figure 2:   MetS measurement model for males only.
Note: MetS is metabolic syndrome. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. All loadings were significant (p<.001).

 








Table 4 contains results from the multi-group analysis by sex. When constraining the measurement weights, setting them equal in male and female models, the null hypothesis was found to be rejected (χ2 = 11.99, p=.017). That is, we rejected the constrained model as the correct model and concluded that the MetS measurement model is not invariant across sex groups. Therefore, separate sex-specific measurement models were fit (Table 3). Figure 2 displays the male-specific MetS measurement model, which fit well after removing the GLUC error and TRIGerror correlation (χ2/d/= 1.47, GFI = 0.99, CFI = 0.99, and RMSEA=0.03). Figure 3 displays the female-specific MetS measurement model, which fit well after including an HDLerrorand MAPerror correlation (χ2/d/ = 0.99, GFI = 0.99, CFI = 0.99,and RMSEA = 0.00). Figure 4 displays the male-specific MetS structural model with latent MetS as the main independent variable, SR as the mediating variable, HRQOL as the dependent variable, and age as a control variable. The structural model fit well (χ/df =2.581, GFI = 0.98, CFI = 0.95, and RMSEA=0.06) and all hypothesized structural effects (excluding age) were significant (ps<.05) (Table 5). The Bootstrap mediation test showed that SR significantly (b = 0.002, p =.020) mediated the MetS and HRQOL relationship. Furthermore, the direct effect of Mets on HRQOL (b = -0.046) remained significant (p<.001), therefore, SR only partially mediated the relationship. 








Table 5: MetS structural model fit statistics.
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Note:χ2/df is chi-square divided by degrees of freedom. CFI is comparative fit index. RMSEA is root mean square error of approximation. GFI is goodness of fit index. AGFI is adjusted goodness of fit index. TLI is Tucker-Lewis index. NFI is normed fit index. AIC is Akaike's information criterion. *a relatively smaller AIC indicates a better fit. 
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Figure 3:   MetS measurement model for females only.
Note: MetS is metabolic syndrome. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. All loadings were significant (p<.001).
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Figure 4:  MetS structural model for males only.
Note: SR is social risk score. MetS is metabolic syndrome. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. MetS is a latent endogenous variable. SR is an observed endogenous variable. HRQOL is an observed endogenous variable. Age is an exogenous control variable. All MetS observed variables are endogenous. All error terms are latent and exogenous (disturbance). Single headed arrows represent direct effects. An indirect effect is seen when a variable has an arrow pointing toward it and pointing away from it (e.g., SR). Double headed arrows represent correlations. All effects in figure are standardized regression coefficients. All coefficients were significant (p<.05). Bias-corrected bootstrap SR mediation estimate for MetS and HRQOL: .002, p=.020. The direct effect of Mets to HRQOL remained significant (b=-.046, p<.001) during the mediation test, therefore SR partially mediated the relationship. Note that the path coefficient from MetS to SR is negative (beta = -0.14) in males.
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Figure 5:  MetS structural model for females only.
Note: SR is social risk score. MetS is metabolic syndrome. WC is waist circumference. HDL is high density lipoprotein. GLUC is fasting glucose. TRIG is triglycerides. MAP is mean arterial pressure. MetS is a latent endogenous variable. SR is an observed endogenous variable. HRQOL is an observed endogenous variable. Age is an exogenous control variable. All MetS observed variables are endogenous. All error terms are latent and exogenous (disturbance). Single headed arrows represent direct effects. An indirect effect is seen when a variable has an arrow pointing toward it and pointing away from it (e.g., SR). Double headed arrows represent correlations. All effects in figure are standardized regression coefficients. All coefficients were significant (p<.05). Bias-corrected bootstrap SR mediation estimate for MetS and HRQOL: -.002, p=.004. The direct effect of Mets to HRQOL remained significant (b=-.040, p<.001) during the mediation test, therefore SR partially mediated the relationship. Note that the path coefficient from MetS to SR is positive (beta = 0.14) in females. 

 







Since the indirect effect was positive, SR therefore improves the total effect of MetS on HRQOL in males. That is, given T represents the total effect, D represents the direct effect, and I represents the indirect effect (i.e., the product of MetS to SR and SR to HRQOL unstandardized effects), then: T = D + I [42]. And so, with D = -0. 046, and I = 0.002, then T decreases in magnitude to -0.044. Figure 5 displays the female-specific MetS structural model with the same specified paths. The structural model fit well (χ2/df= 3.84, GFI = 0.98, CFI = 0.93, and RMSEA=0.07) and all hypothesized structural effects (excluding age) were significant (ps<.05) (Table 5). The Bootstrap mediation test showed that SR significantly (b = -0.002, p =.004) mediated the MetS and HRQOL relationship. As well, the direct effect of Mets on HRQOL (b = -0.040) remained significant (p<.001), therefore, SR also partially mediated the relationship in females. Since the indirect effect was negative, SR therefore worsens the total effect of MetS on HRQOL in females. That is, with D = -0.040, and I = -0.002, then T increases in magnitude to -0.042.



Discussion


The purpose of this study was to use SEM to investigate the mediating effects of SR on the MetS and HRQOL relationship in a convenience sample of younger adults. The results showed firstly that SEM can be used to measure a latent construct of MetS, albeit separately in males and females. Results also showed that SR significantly and partially mediates the MetS and HRQOL relationship. Although these findings are not corroborated in the literature, the cumulative effect of social risk has been shown to affect other health outcomes. For example, a recent study showed that adults with two or more social risk factors participated in significantly less moderate-to-vigorous physical activity and had more than twice the risk of mortality, as compared to their counterparts with zero social risk factors [43]. Another study, a cross-sectional research of U.S. adults, showed that exposure to three or more social risk factors increased odds of having diabetes by almost three times, as compared to those with zero social risk factors [44]. A final study, using a representative sample of U.S. adults from years 1999 to 2006, showed that adults with low income, low education, who are non-white, and who are single were less likely to have ideal cardiovascular health (as measured by the Life's Simple 7 Metric), as compared to their counterparts [45].



Furthermore, this study reported an inverse relationship between the number of social risk factors and the odds of good cardiovascular health, emphasizing a cumulative social risk. The current study also showed differences in the mediating effects of SR between sex groups, with SR contributing to the negative MetS and HRQOL relationship in females yet improving the negative relationship in males. These results were primarily driven by the opposing relationships between MetS and SR in males and females. That is, males with greater SR were more likely to have lower MetS scores and females with greater SR were more likely to have higher MetS scores. To date, there is no published data supporting the relationship between high MetS trait in high SR females and high MetS trait in low SR males. More research on this topic is suggested to corroborate these findings. The major strength of this study was its use of SEM to first assess a measurement of MetS and then subsequently examine its relationship with HRQOL through SR. To date, no published studies have examined such relationships with latent models.



Despite this strength, there are study limitations worth mentioning. One limitation is the use of continuous measures of MetS risk factors, as opposed to the standard procedure of counting the number of risk factors based on specified cut-off score criteria [46]. Despite this lack of conventional methodology, the specific study population was made up of younger adults (20 to 49 years), typically at less risk of MetS, as compared to older adults. Therefore, using continuous-level risk factor measures allowed for the measurement of latent MetS for those adults who may have had risk below and even slightly below cutoff criteria. Additionally, using continuous variables allow for more psychometric information in terms of basic measurement theory [47]. Another limitation worth mentioning is the use of self-reported data for the outcome variable of HRQOL. Although the limitations associated with self-reported data usage are well established, the single HRQOL item used in this study is widely used and has acceptable psychometric properties [48-51]. Regardless, results from this study should be interpreted with caution.



Conclusion


Results from this study support the novel use of SEM to validate a latent construct of MetS. Furthermore, SR was found to mediate the MetS and HRQOL relationship in younger adults, with SR contributing to its total negative relationship in females and improving the relationship in males. Health promotion and medical professionals should be aware that social risk does contribute to the MetS and HRQOL relationship, albeit differently for males than for females.
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