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Abstract 
 

BACKGROUND: Few studies have investigated the optimal anthropometric index associated 

with potential cardio-metabolic risk. Using direct measures of standing height, body mass, 

and waist circumference, we sought to identify the optimal index for detecting cardio-

metabolic risk associated with diabetes and hypertension in a nationally representative 

sample of U.S. adults.  

METHODS: Complete (non-missing) cross-sectional data from 8375 U.S. adults aged 18–

80+ years were obtained from the 2015–16 and 2017–March 2020 (pre-pandemic) cycles of 

the National Health and Nutrition Examination Survey. Cardio-metabolic risk was identified 

using blood pressure and glycohemoglobin (A1c). Allometric models were used to identify 

the optimal anthropometric indices associated with cardio-metabolic risk. Receiver operating 

characteristics curves were used to verify the discriminatory ability of the identified index in 

comparison with other anthropometric measures.   

RESULTS: The optimal anthropometric index associated with cardio-metabolic risk was 

waist circumference divided by body mass to the power of 0.333 (WC/M0.333). The ability for 

this new index to discriminate those with diabetes (area under the ROC curve: 0.73 [95%CI: 

0.71–0.74]) and hypertension (area under the curve: 0.70 [95%CI: 0.69–0.72]) was superior 

to all other anthropometric measure/indices investigated in this study (body mass index, waist 

circumference, waist-to-height ratio, and waist/height0.5). 

CONCLUSIONS: We identified WC/M0.333 as the optimal anthropometric index for 

identifying U.S. adults with hypertension and diabetes. Instead of using body mass index 

(kg/m2), we recommend using WC/M0.333 in clinical and public health practice to better 

identify U.S. adults at potential cardio-metabolic risk associated with hypertension and 

diabetes.  
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Introduction 
 

Numerous anthropometric indices, including body mass index (BMI), waist circumference 

(WC), waist-to-height ratio (WHTR), and a new height-independent WC index of WC/H0.5 

(WHt.5R), have been used as screening tools to identify individuals at potential increased 

cardio-metabolic risk (CMR). Traditionally, BMI (kg/m2) has been used as the primary 

anthropometric index for monitoring weight status, with public health professionals and 

clinicians classifying individuals with a BMI >30 as obese, and consequently at greater CMR 

(1). More recent research has demonstrated that anthropometric indices involving WC rather 

than BMI, are better associated with non-communicable diseases and CMR (2–4). However, 

there is considerable debate as to which anthropometric index is optimal to best describe 

potential CMR (5, 6).  

 

Scaling physiological variables such as indicators of CMR for differences in body size has a 

long history in the physiology literature (7, 8; see 9 for a comprehensive review). Many authors 

recognize the value of using allometry when modelling the associations between such 

physiological variables and body size. Note that the term body size refers to physical variables 

that summarize the size of the body, such as height, body mass, leg length, and waist 

circumference. This is because the association between most physiological response variables 

and anthropometric predictor variables (and their associated residual errors) are assumed to be 

proportional, an assumption that would appear to be appropriate based on numerous examples 

(3, 10) where clear evidence of heteroscedasticity is present, i.e. the error variation increases 

in proportion to the size of the response variable, contradicting the usual linear regression 

assumption of a constant error variance (evidence that the residual errors in MAP increase as 

waist circumference also increases, sometimes referred to as the “shotgun” effect, can be 

clearly seen in Figure 1). 
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Hence, the purpose of the current study is to identify the optimal body shape index 

(incorporating WC, height, and body mass) associated with two key CMR variables 

(Glycohemoglobin% [A1c] and mean arterial blood pressure [MAP]) using allometric 

modelling. Data for this study were taken from a nationally representative sample of the U.S. 

adults. The results will inform both clinicians and researchers alike as to which body shape 

index is the most appropriate to potentially screen for two key CMR factors associated with 

hypertension and diabetes. 

 

Methods 
Participants 
We used data from the 2015–16 and 2017–March 2020 (pre-pandemic) cycles of the National 

Health and Nutrition Examination Survey (NHANES) dataset, which used a complex 

multistage probability design to recruit a representative sample of the U.S. non-

institutionalized civilian population (11). NHANES uses both in-person interviews and 

physical examinations to assess general health, disease history, health behaviors, 

physiological measures, diet, and nutritional status (11). The 2015–16 and 2017–March 2020 

cycles of the NHANES were selected because they included the most up-to-date nationally 

representative data not effected by the pandemic. Written informed consent was provided by 

participants and the National Center for Health Statistics Research Ethics Review Board 

approved NHANES protocols (Protocols #2011–17 and #2018–01) (12). We did not seek 

additional approval because the data used in this study were free from personal identifiers. 

 

Consolidated Standards of Reporting (CONSORT) diagram describing the flow of 

participants selected for inclusion in this study (Supplementary figure S1). While NHANES 

recruited participants aged 0 years and older, we only used data on adults aged 18 years and 
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older (18–80+ years, with adults aged 80 years and over top-coded in the NHANES at 80 

years of age) in this study. Of the initial 15,560 participants, 5,954 were excluded because 

they: (a) were younger than 18 years (n=5,867), or (b) were pregnant (n=87). These 

exclusions resulted in a final sample of 9,606 adults aged 18 years and older. 

 

Measures 
The anthropometric and health measures were taken by trained staff in mobile examination 

centers using test protocols that are described in detail elsewhere (13–18). Standing height 

was measured using a stadiometer with a fixed vertical backboard and an adjustable head 

piece. Body mass was measured using a Mettler Toledo digital weight scale (Mettler-Toledo, 

Columbus, OH, USA), with participants wearing only underclothing and an examination 

gown. WC was measured at end-tidal expiration using a steel measuring tape placed directly 

on the skin at the level of the superior lateral border of the iliac crests. After 5 minutes of 

quiet seated rest, blood pressure was taken on the right arm (unless prohibited) using an 

appropriately sized cuff and a mercury sphygmomanometer. The average of three consecutive 

readings were recorded, with participants excluded if there was an obstruction on the arm 

(e.g., rash, lesion, cast). Hypertension was calculated as having greater than 140 or 90 mmHg 

for systolic or diastolic blood pressure, respectively, or currently taking blood pressure 

lowering medication. MAP — the average arterial pressure during a single cardiac cycle — 

was calculated using the following formula: 

𝑀𝐴𝑃 = 𝐷𝐵𝑃 +
1

3
(𝑆𝐵𝑃 − 𝐷𝐵𝑃) 

where DBP is the diastolic blood pressure and SBP is the systolic blood pressure. 

A1c, expressed as a percentage of A1c in whole blood (mmol/mol), was obtained from blood 

specimens (venipuncture) collected by trained phlebotomists. Diabetes was calculated as 

having A1c greater than 6.5 mmol/mol or currently taking insulin to regulate blood sugar 
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levels. Blood specimens were processed, stored, and shipped to contracted labs across the 

U.S. where they were analyzed using the Tosoh Automated Glycohemoglobin Analyzer 

HLC-723G8 (South San Francisco, CA, USA). Participants self-reported their age and 

gender.  

 

Statistical Analysis 
 

To obtain nationally representative estimates, analyses were conducted using NHANES sample 

weights (survey, strata, and cluster weights), which account for the complex survey design 

(including oversampling), survey non-response, and post-stratification. To identify the optimal 

anthropometric ratio most closely associated with the two key measures of CMR of A1c and 

MAP in this national sample of U.S. adults, as well as any sex, race/ethnicity, and age group 

differences, we adopted the following multiplicative model (Eq. 1) with allometric body size 

components. The model is extremely flexible, and such an approach has been used to model 

the comorbidity of older Hong Kong adults (19), the handgrip strength of U.S. adults (20) and 

more recently, the optimal body shape associated with physical fitness test results (21). 

Y=a · WCk1 · HTk2 · Mk3 ·   (1) 

where ‘a’ is the scaling constant and k1, k2, and k3 are scaling exponents for WC, height (HT), 

and body mass (M) respectively, and  is the multiplicative error ratio (10). Note that the 

multiplicative error ratio ‘’ assumes that the error associated with the two CMR (Y) variables 

will increase in proportion to body size (see Figure 1), a characteristic in data known as 

heteroscedasticity that can be controlled by taking logarithms, as described below.  

 

Age, race/ethnicity, and sex were incorporated into the model by allowing ‘a’ to vary for sex, 

race/ethnicity, and each age group (age categories 18–29 years, 30–39 years, …, 80+ years) to 
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accommodate the likelihood that the CMR variable may rise in a non-linear way. The model 

can be linearized with a log-transformation, and multiple regression/ANCOVA can be used to 

estimate the WC, M, and HT exponents for the CMR variables (Y) having controlled for age, 

race/ethnicity, and sex (see Eq. 2). In effect, the log-transformed CMR becomes the dependent 

variable (Ln=Loge), with age, race/ethnicity, and sex incorporated as fixed factors with ln(WC), 

ln(HT) and ln(M) entered as the covariates. 

 ln(Y)= ln(a) + k1·ln(WC)+k2·ln(HT) + k3·ln(M) + ln().  (2) 

ROC curves were used to evaluate and compare the success of a variety of anthropometric 

ratios (BMI, WC, WHTR, WHt.5R, and a new ratio identified in the results, see below) at 

correctly classify participants into one of two categories, i.e., whether they are hypertensive or 

diabetic. The area under the curve (AUC) summarized the discriminatory ability of these 

anthropometric ratios (BMI, WC, WHTR, WHt.5R, and a new ratio identified in the results). 

To interpret the magnitude of AUC values, effect sizes of 0.56, 0.64, and 0.71 were used as 

thresholds for low, moderate, and high, respectively, with effect sizes <0.56 considered to be 

negligible (22). 

 

Results  
 

Descriptive data are reported in Table 1. To illustrate the proportional/multiplicative 

association between CMR and anthropometric variables assumed by the error ‘’ in Eq. 1, we 

plotted the association between MAP and WC by sex, using the NHANES data in Figure 1. 

Note that the residual errors associated with MAP increases in proportion to body size (WC), 

a shotgun effect or characteristic in data known as heteroscedasticity. 

 Table 1 and Figure 1 about here 
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Glycohemoglobin (A1c) 
The ANCOVA analysis of log-transformed A1c identified the main effects of sex, 

race/ethnicity, and age group as significant main effects (all p<0.001) with an age group-by- 

race/ethnicity interaction (p<0.001). The main effects of age, race/ethnicity, and sex together 

with the age group-by- race/ethnicity interaction can be seen in supplementary Figures S2a, 

S2b, S2c, and S2d, respectively. Figure S2a illustrates that the rise in A1c peaks at age 70-79. 

Figure S2b confirms that A1c is substantially lower in whites compared with all other 

race/ethnicities, whilst Figure S2c confirms that A1c is significantly higher in males compared 

with females.  

 

The ANCOVA analysis also revealed that all three body size covariates were significant (Table 

2a). Note that fitted mass (M) and height (HT) exponents were both negative but WC was 

positive, confirming that greater WC is associated with greater A1c, but greater body mass and 

taller individuals are associated with lower A1c.  

 Table 2a about here 

To help explain why body mass appears to be such an important denominator of WC when 

predicting A1c, we plotted WC against body mass, identifying participants whose A1c 

exceeded the 6.5% diabetes threshold from those who did not (Figure 2). 

 Figure 2 about here 

Figure 2 reveals that for the same WC, participants who were lighter (with more fat mass than 

fat-free mass) were more likely to be diabetic (A1c>6.5 or taking insulin), as illustrated in black 

and congregating to the left of the diagram. Figure 2 also reveals that for the same body mass, 

participants who have greater WC (suggesting more central adiposity) are also more likely to 

be diabetic, as illustrated in black circles congregating at the top of the diagram. 
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Mean Arterial Pressure (MAP) 
Like the ANCOVA analysis of log-transformed A1C, the ANCOVA analysis of log-

transformed MAP identified the main effects of sex, race/ethnicity, and age group as significant 

(all p<0.001) with an age group-by- race/ethnicity interaction (p<0.001). The main effects of 

age, race/ethnicity, and sex together with the age group-by- race/ethnicity interaction can be 

seen in supplementary Figures S3a, S3b, S3c, and S3d, respectively. Figure S3a indicates that 

the rise in MAP peaks at an earlier age of 50-59. Figure S3b confirms that MAP is substantially 

higher in blacks and mixed race groups compared with whites and other race/ethnicities, whilst 

Figure S3c confirms that MAP is significantly higher in males compared with females, a result 

similar to the sex difference found for A1c.  

 

The ANCOVA analysis also revealed that both log-transformed (WC) and log-transformed 

body mass (M) covariates were significant, but the log-transformed HT covariate was not 

(p=0.15) (Table 2b). Note that fitted mass (M) exponent was negative but WC exponent was 

positive, confirming that greater WC is associated with greater MAP, but greater body mass 

was associated with lower MAP.  

 Table 2b about here 

Closer inspection of the Tables 2a and 2b reveals that both LnWC and LnMass were 

consistently associated with A1c and MAP, the former positively associated and the latter 

negatively associated, with LnHT only associated with A1c. We also note that taken together, 

the mean WC exponent is approximately three times greater than the mean mass exponent, 

suggesting the index/ratio associated with a composite CMR (combining A1c and MAP) factor 

should be WC/M0.333 (WM.333R).  
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Comparing the various indices/ratios using ROC curves 
Finally, to compare the success of various anthropometric ratios (BMI, WC, WHTR, WHt.5R, 

and a new ratio of WM.333R) at correctly classify participants into whether they are (a) diabetic 

(A1c>6.5 or taking insulin), or (b) hypertensive (systolic blood pressure ≥140 mmHg, or 

diastolic blood pressure ≥90 mmHg, or taking blood pressure lowering medication), we 

explored the following ROC curves.  

 

(a) ROC curves to classify whether individuals are diabetic 

The optimal cut-point that maximizes the sensitivity and specificity associated with being 

diabetic (A1c>6.5%) was identified as WM.333R = 23.2 cm/kg0.333 (Sensitivity = 0.78, 

Specificity = 0.55) (Figure 3a). 

 Figure 3a about here 

 Table 3a about here 

 

(b) ROC curve to classify whether individuals are hypertensive 

The optimal cut-point associated with being hypertensive was identified as WM.333R = 22.6 

cm/kg0.333 (Sensitivity = 0.75, Specificity = 0.57) (Figure 3b). 

 Figure 3b about here 

 Table 3b about here 

 

Discussion 
 

We found two body size or shape dimensions to be consistently associated with both CMR 

factors in ln(A1c) and ln(MAP), where a positive WC exponent/term was combined with a 

negative body mass exponent/term. The contribution of ln(HT) appears to be inconsistent, with 

a negative exponent associated with A1c, but a positive, albeit non-significant, exponent 



11 
 

11 
 

associated with MAP. We found the mean positive WC exponent was approximately three 

times greater than the mean negative body mass (M) exponent, suggesting that a common 

“dimensionless” index/ratio (see 23) associated with both CMR factors should be WC/M0.333 

(WM.333R). The finding that height was a negative predictor of A1c might have been 

anticipated given that shorter stature is associated with a higher risk of diabetes (e.g., 24). 

 

As well as identifying WC/M0.333 (WM.333R) as the strongest anthropometric index 

associated with both CMR factors (this being our primary objective), the two ANCOVA 

analyses also identified significant sex, age and race/ethnic differences as confounding 

effects. These are reported in the supplementary figures. Although not the main focus of the 

current study, these results confirm that both CMR factors increase with age (Figure S2a and 

S2b) and that men are more at cardio-metabolic risk than women (Figures S2c and S3c). 

Finally the ethnic differences seen in Figures S2b and S3b confirm that for A1c, black and 

other ethnic minorities are considerably more at risk than whites (25) whilst for MAP, blacks 

and other mixed races are again more at risk that white and other Hispanic races (26).  

 

The ROC curves also confirmed the superiority of the new WC index of WM.333R 

(WC/M0.333). The AUCs (and associated CIs) provide convincing evidence that WC 

normalized by mass M0.333 had the highest discriminatory ability for detecting both diabetic 

and hypertensive adults. The cut-points associated with diabetes (WM.333R = 23.2 

cm/kg0.333) and hypertension (WM.333R = 22.6 cm/kg0.333) were remarkably similar. To 

interpret the WC and body mass values associated with these cut-points, consider two 

individuals with similar WC-to-body mass0.333 shapes (say 23 cm/kg0.333) but contrasting 

body masses (i.e., a heavy individual whose body mass is 125 kg and a lighter individual 

whose body mass is 64 kg). The heavy individual’s WC would have to be 115 cm to result in 
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a WM.333R = 115/(125)0.333 = 115/5=23 cm/kg0.333. In contrast, the lighter individual’s WC 

would be considerably less at 92 cm to yield the same WM.333R shape = 92/(64)0.333 = 

92/4=23 cm/kg0.333. Finally, if we take a more moderate example of an 80 kg individual, the 

proposed cut-point of 23 cm/kg0.333 would indicate that such an individual’s waist 

circumference would need to exceed 23*800.333 = 99 cm (39 ins) to be at risk of being 

diabetic or hypertensive. 

 

The allometric and ROC analyses also confirm that indices involving WC are clearly superior 

to BMI when predicting these two CMR factors. Unsurprisingly, the results also confirm that 

WC is the dominant numerator dimension when predicting these CMR factors (Tables 2a and 

2b). However, what is less clear is why does body mass appear to be the most dominant 

denominator dimension?  

 

The answer is probably due to magnitude (specifically the variability) of body mass of this 

national sample of U.S. adults. The mean (±SD) of this U.S. sample was 88.6±22.1 kg and 

78.3±23.2 kg for males and females, respectively (Table 1). The mean (±SD) of an equivalent 

UK sample (3) was 86.1±12.3 kg and 64.9±9.5 kg for males and females, respectively. It is 

this difference in body mass variability (SD) between the two populations that is particularly 

noteworthy, with the variability of the U.S. sample 1.8- to 2.4-fold larger that of the UK 

sample. This remarkable variability in body mass among U.S. adults can only be explained 

by a similar extensive variability in the lean-to-fat mass continuum of body mass. This 

extensive range in body composition would explain why, as seen in Figure 2, for the same 

WC, heavier individuals with more fat-free mass are clustered to the right of the scatter plot 

(classified as non-diabetic), and the lighter individuals with more fat mass are clustered to the 

left (classified as diabetic). We believe that it is this extensive range in the lean-to-fat mass 
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continuum of body mass, that enables the WM.333R to better discriminate between those 

who are (or not) diabetic or hypertensive. 

 

Strengths of this study include the use of a nationally representative adult dataset covering a 

wide range of ages, and objective measurement of anthropometric and CMR variables. 

Limitations include the use of only two indicators of CMR in A1c and MAP as well as the 

cross-sectional nature of the NHANES sample. Further work verifying our findings are 

required to confirm the pattern of these associations using other measures of cardiometabolic 

health, perhaps using a longitudinal design. Another limitation is that our results were also 

based on a secondary analysis of the NHANES dataset, and while the NHANES is robust, 

analysis can only be based on those measures collected as part of that survey. 

 

In conclusion, indices involving WC (WHTR, WHT.5R, WC, and WM.333R) are all 

consistently superior to BMI when predicting A1c and MAP, with WM.333R the optimal 

WC index in U.S. adults. The large variability in the lean-to-fat mass continuum associated 

with this adult sample might help explain why body mass was the optimal body size 

dimension for normalizing WC and why WM.333R had better discriminatory ability for those 

individuals with diabetes and hypertension. 
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Legend to Figures 
 

Figure 1. The association between mean arterial blood pressure (MAP) and waist 

circumference by sex from the NHANES dataset. 

Figure 2. The association between WC (cm) and body mass (kg) identifying those whose were 

diabetic (A1c >6.5% or taking insulin). 

Figure 3. The ROC analysis (area under the curves given in Table 3) identified that the index 

WM.333R was best able to discriminate between participants who were classified as a) diabetic 

or not, and b) hypertensive or not 

 

 

 


	What is the optimal anthropometric index/ratio associated with two key measures of cardio-metabolic risk associated with hypertension and diabetes?
	Abstract 
	Introduction 
	Methods 
	Participants 
	Measures 
	Statistical Analysis 
	Results  
	Glycohemoglobin (A1c) 
	Mean Arterial Pressure (MAP) 
	Comparing the various indices/ratios using ROC curves 
	Discussion 
	References 
	Legend to Figures 


