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Body mass index (BMI) can be considered an application of a power law model to express body weight independently of height.
Based on the same power law principle, we previously introduced a body shape index (ABSI) to be independent of BMI and height.
Here, we develop a new hip index (HI) whose normalized value is independent of height, BMI, and ABSI. Similar to BMI, HI
demonstrates a U-shaped relationship to mortality in the Third National Health and Nutrition Examination Survey (NHANES
III) population. We further develop a new anthropometric risk index (ARI) by adding log hazard ratios from separate nonlinear
regressions of the four indicators, height, BMI, ABSI, and HI, against NHANES III mortality hazard. ARI far outperforms any of
the individual indicators as a linear mortality predictor in NHANES III.The superior performance of ARI also holds for predicting
mortality hazard in the independent Atherosclerosis Risk in Communities (ARIC) cohort.Thus, HI, along with BMI and ABSI, can
capture the risk profile associated with body size and shape.These can be combined in a risk indicator that utilizes complementary
information from height, weight, and waist and hip circumference.The combined ARI is promising for further research and clinical
applications.

1. Introduction

Body mass index (BMI) (weight [𝑊] relative to height [𝐻] as
𝑊/𝐻2) [1] has been robustly established to be independent
of height in numerous and diverse population studies and is
currently used in the definition of overweight and obesity.
Waist circumference (WC) has been used to indicate the
presence of abdominal obesity, with WC above threshold
forming one criterion for diagnosis of metabolic syndrome
[2, 3]. However, the high correlation (0.8–0.9) found between
BMI and WC or WC-derived measures such as WC/H ratio
[4–6] and body roundness index [7, 8] limit the utility of these
measures beyond BMI.

BMI traces back to the pioneering 1800s statistician
Quetelet, who postulated a power-law relationship between
height and weight [9]. BMI can be considered a special case
of the concept of power-law scaling of body dimensions
(allometry), developed in biology during the early 1900s [10].
Building on these ideas, we previously applied regression

based on power-law scaling to derive an index (a body
shape index [ABSI]) that expresses waist circumference (WC)
relative to height and weight and was therefore statistically
independent of BMI [11]. Odds ratios for mortality in several
longitudinal studies showed a U-shaped distribution across
BMI and a positive linear association with ABSI [12–14].

Hip circumference (HC) and derived measures such as
waist to hip ratio (WC/HC, WHR) have also been studied
extensively as risk factors [15–17]. However,HC andWHRare
typically highly correlated to BMI orWC, and several studies
have failed to show added value of HC-based indicators
compared to those only based on𝐻,𝑊, and WC [18–20].

In general, comparisons of various indices based on 𝐻,
𝑊, WC, and HC have shown that different individual indices
may perform approximately equally well as predictors of
mortality and conditions such as heart disease [14, 20–25].
While the joint use of multiple indices could improve risk
prediction, high correlations between different measures are
one reason that there is as yet no clear methodology to
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obtain combinations of indicators that outperform the ones
currently used [26–28].

Here, we propose a new approach to transform 𝐻, 𝑊,
WC, and HC to an anthropometric risk index (ARI). The
first step in this approach was to reexpress 𝐻, 𝑊, WC, and
HC data as derived indicators that are almost uncorrelated
with each other. The proposed set of independent indicators
includes 𝐻, BMI, ABSI, and a newly developed hip index
(HI).

We use nonlinear (penalized spline) regression with data
from the Third National Health and Nutrition Examination
Survey (NHANES III), a United States (USA) general popu-
lation samplewith some 20 years of follow-up formortality, to
estimate a functional relationship between each indicator and
mortality hazard within the Cox proportional hazard frame-
work. ARI is formed by summing the estimated logarithms
of hazard ratios due to each of the independent indicators
and constitutes a linear predictor for logarithm of mortality
hazard. We demonstrate that ARI is transferable beyond the
cohort in which it is developed by applying it to mortality
outcomes of a different USA cohort study, Atherosclerosis
Risk in Communities (ARIC). The ARI approach developed
here could be applied to produce risk indices for various
conditions that make maximum use of readily obtained body
measurements for research and clinical decision-making.

2. Methods

2.1. Ethics Statement. We analyzed data from the NHANES
III and ARIC studies. The NHANES III and ARIC protocols
were approved by the NHANES Institutional Review Board
and the University of North Carolina at Chapel Hill Office
of Human Research Ethics, respectively, and all participants
gave written informed consent [29, 30]. The present analysis
of the already-anonymized public-use data from these studies
was approved as exempt from review by the University
Integrated Institutional Review Board of the City University
of New York.

2.2. Data. NHANES III sampled the civilian noninstitution-
alized USA population using a cluster approach, with some
groups of public health interest (children, the elderly, and
black and Mexican-American people) deliberately oversam-
pled [31].The data collectedwere used to study the prevalence
of health behaviors and risk factors, including anthropomet-
ric parameters [27, 32–35]. Subjects were interviewed and
examined during 1988–1994. Linked mortality outcomes for
adult subjects were available from the National Center for
Health Statistics with follow-up through 2011 (17–23 years
of follow-up). These mortality outcomes were derived from
probability matching with the National Death Index, with
those not matched to a death record assumed to have stayed
alive through the end of the period. For NHANES III, height
was measured with a stadiometer, weight with a digital scale,
WC with a steel tape about the high point of the iliac crest at
minimal respiration, and HC at the maximum extension of
the buttocks [36]. We analyzed NHANES III public-use data
for all nonpregnant adults (age 18 and over) with𝐻,𝑊, WC,
and HC measurements and mortality follow-up.

The ARIC cohort component sampled 4,000 adults (age
45–64) in each of the 4 USA communities during 1987–1989
to study correlates of heart disease risk [29, 37–39]. ARIC
participants were visited several times in subsequent decades
for follow-up examinations [40]. We obtained ARIC public-
use repository data v2015a from the National Institutes of
Health Biologic Specimen and Data Repository Information
Coordinating Center (BIOLINCC), containing follow-up for
mortality outcomes through 2010 (21–23 years of follow-up).
We analyzed the ARIC data for all adults with initial 𝐻,𝑊,
WC, and HC measurements and mortality follow-up.

Except where otherwise specified, we used the provided
sample weights [31] in all analyses of the NHANES III data so
that our results would be better estimates for anthropometric
normals and correlationswithmortality hazard in the general
USA population. The ARIC analyses weight all participants
equally.

2.3. Analysis. H, BMI, and ABSI have been found to be
mutually almost uncorrelated (correlation coefficient magni-
tudes |𝑟| < 0.1) in several cohorts [13]. To obtain a fourth
index uncorrelated with these three, we followed a procedure
similar to that used to construct ABSI [11], seeking a power-
law relationship between HC (cm) and 𝐻 (cm) and𝑊 (kg),
adjusted for sex, in NHANES III nonpregnant adults by
linear regression of the natural logarithms. The least-square
regression line was

log (HC) = 2.658 − 0.310 log (𝐻) + 0.482 log (𝑊)
+ 0.083𝑓, (1)

where the indicator 𝑓 is set at 1 for females and 0 for males
(𝑅2 = 0.887). Based on this relationship, we defined a nor-
malized HC, or HI, as

HI ≡ HC( 𝐻⟨𝐻⟩)
0.310

( 𝑊⟨𝑊⟩)
−0.482

, (2)

where ⟨𝐻⟩ = 166 cm and ⟨𝑊⟩ = 73 kgwere average values. HI
can be understood as the HC of a given person normalized to
a standard height and weight (ABSI could also be expressed
in an analogous normalized form and denoteWCnormalized
to a standard height and weight).

Cox proportional hazardmodeling [41] was used to assess
the impact of the anthropometric indices 𝐻, BMI, ABSI,
and HI on death rate (mortality hazard) over the follow-up
periods [13]. In addition to body measurements, age (used as
the timescale in the Cox model), sex (male/female), and race
(black/nonblack) were also retained for modeling mortality
hazard. Body measurements were normalized to age- and
sex-specific 𝑧 scores [13] based on NHANES III means and
standard deviations before being entered into the model.
These 𝑧 scores for 𝐻, BMI, ABSI, and HI were found, in
both NHANES III and ARIC, to indeed be mutually almost
uncorrelated, whereas WC and HC had high correlations
(about 0.9) and WHR had moderate correlation (about 0.4–
0.5) with BMI (Tables 1 and 2).

Both linear and nonlinear associations with mortality
hazard were modeled for each index for both NHANES III
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Table 1: Correlations of body measures in NHANES III.

Height Weight BMI WC HC ABSI WHR HI
Height 1 0.486 −0.010 0.213 0.079 0.074 0.252 −0.528
Weight 0.360 1 0.863 0.872 0.821 0.115 0.413 −0.251
BMI −0.011 0.919 1 0.876 0.905 0.083 0.413 0.021
WC 0.152 0.904 0.905 1 0.791 0.506 0.736 −0.154
HC 0.247 0.933 0.903 0.867 1 0.040 0.173 0.319
ABSI 0.059 0.028 0.007 0.385 0.030 1 0.777 −0.132
WHR −0.056 0.415 0.468 0.699 0.260 0.717 1 −0.599
HI 0.016 0.034 0.031 0.028 0.356 0.030 −0.459 1
Correlation coefficients for body measures among NHANES III nonpregnant adults. The upper-right triangle of the table shows correlations of the raw values,
while the lower-left triangle shows correlations of the 𝑧 scores relative to age- and sex-specific means.

Table 2: Correlations of body measures in ARIC.

Height Weight BMI WC HC ABSI WHR HI
Height 1 0.471 −0.053 0.165 0.009 0.031 0.279 −0.560
Weight 0.322 1 0.851 0.862 0.793 0.048 0.525 −0.308
BMI −0.067 0.747 1 0.882 0.900 0.038 0.429 −0.015
WC 0.089 0.706 0.894 1 0.821 0.455 0.724 −0.113
HC 0.191 0.790 0.893 0.855 1 0.070 0.205 0.307
ABSI 0.059 −0.009 0.041 0.450 0.082 1 0.691 0.038
WHR −0.057 0.287 0.493 0.733 0.284 0.724 1 −0.571
HI 0.010 0.009 −0.049 −0.009 0.317 0.088 −0.442 1
The same as Table 1, but for ARIC.

and ARIC and compared to a baseline model with only sex
and race as predictors. In the linear proportional hazard
models, death rate increases or decreases by a constant factor
per standard deviation change in the index (unit change
in 𝑧 score). Nonlinear associations were estimated using a
penalized spline basis, with the corrected Akaike information
criterion (AIC) used to choose the amount of smoothing [42–
44].

The main measure of relative model performance was
AIC difference score, Δ 𝑖. For the best-performing model
(with lowest AIC), Δ 𝑖 = 0, while other models have positive
Δ 𝑖 [45]. Δ 𝑖 > 6 indicated models that perform significantly
worse than the best-performing model (at the 95% confi-
dence level) as mortality predictors for the sampled pop-
ulation [13]. We also calculated coefficients 𝑅2, denoting
the proportion of variation in mortality explained by the
predictors of each model, so that higher 𝑅2 suggests a model
with more explanatory power [46]. Another measure of
model performance checked was concordance (𝐶), defined
as the fraction of pairs of individuals in the sample for
which the one modeled to be at greater risk actually died
sooner [41]. Concordance ranges from 0 to 1, with 0.5 being
the expected value for models with no skill and higher
values denoting models that are more skillful at explaining
variation in survival. Regressions were carried out in the R
environment [47], using the survival [48] package for the
model fitting and calculation of AIC and 𝐶 scores and the
survMisc [49] package for calculating model 𝑅2.

Nonlinear modeling for mortality hazard associated with
each anthropometric index yielded functions for the natural

logarithm of the estimated hazard for different values of the 𝑧
score of that particular index. ARI was taken to be the sum
of these function values for each individual’s combination
of anthropometric index 𝑧 scores, denoting the natural
logarithm of the combined estimated hazard from the four
independent indices H, BMI, ABSI, and HI. Assuming that
these four hazards are independent, ARI then is the natural
logarithm of the mortality hazard based on all four measure-
ments H, W, WC, and HC, with positive values denoting
above-average combined risk and negative values denoting
lower risk. ARI calculated based only on NHANES normals
and outcome data was applied to the ARIC population to test
whether it is transferable beyond the original cohort used to
obtain the population normals and hazard estimates.

3. Results

While the ARIC cohort was on average older than NHANES
III or the national adult population, the groups had fairly
similar bodymeasurements on initial examination, withmost
individuals in the overweight or obese BMI ranges (Table 3).
Associations with mortality hazard of H, BMI, ABSI, and
HI 𝑧 scores were also broadly similar for the NHANES III
and ARIC cohorts, though there were significant differences
in detail. Out of H, BMI, ABSI, and HI, the best linear
predictor for log mortality was ABSI for both datasets. BMI
was a weaker but also statistically significant linear predictor
for both cohorts, while HI was only statistically significant
as a linear predictor in ARIC, and H was only marginally
significant for both cohorts (Tables 4 and 5).
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Table 3: NHANES III and ARIC means.

NHANES III NHANES III (weighted) ARIC
Number 16034 14917
Deaths 4897 4829
% female 52 51 51
% black 28 11 24
Age (y) 43 (30–63) 41 (30–57) 54 (49–59)
Height (cm) 166 (159–174) 168 (161–176) 168 (161–176)
Weight (kg) 73 (63–85) 73 (62–85) 78 (67–89)
BMI (kgm−2) 26 (23–30) 25 (22–29) 27 (24–30)
WC (cm) 92 (82–102) 90 (80–101) 96 (88–105)
HC (cm) 99 (93–106) 99 (93–106) 103 (98–109)
WHR 0.92 (0.85–0.98) 0.91 (0.84–0.97) 0.94 (0.88–0.98)
ABSI (m11/6 kg−2/3) 0.0803 (0.0764–0.0841) 0.0798 (0.0761–0.0834) 0.0823 (0.0792–0.0852)
HI (cm) 100 (96–105) 100 (96–105) 102 (98–106)
Comparison of demography and body measurements in the NHANES III and ARIC cohorts. For age and for body measurements, medians and interquartile
ranges are given. For NHANES III, frequencies and quantiles were also calculated with the sample weights given to better represent the national population.

Table 4: Mortality hazard association with body measures in NHANES III.

Predictor Hazard ratio per SD increase Δ
𝑖

𝑅2 𝐶
ARI (linear) 1.46 (1.41–1.52) 0 0.065 0.615
BMI (nonlinear) 187.2 0.046 0.591
ABSI (nonlinear) 247.3 0.036 0.585
ABSI (linear) 1.16 (1.12–1.20) 256.4 0.034 0.584
HI (nonlinear) 314.6 0.028 0.567
BMI (linear) 1.07 (1.04–1.10) 326.4 0.025 0.570
𝐻 (nonlinear) 327.5 0.027 0.569
𝐻 (linear) 0.96 (0.93–0.99) 336.4 0.024 0.562
None 342.8 0.023 0.555
HI (linear) 0.99 (0.96–1.02) 343.9 0.023 0.558
Results of Cox proportional hazard modeling for mortality risk in NHANES III with𝐻, BMI, ABSI, HI, or ARI 𝑧 scores taken as linear or nonlinear predictors.
All models also included as predictors sex and race. Ranges in parentheses are 95% confidence intervals for the hazard ratio. Models are arranged in decreasing
order of skill (increasing Δ𝑖).
SD: standard deviation; Δ𝑖: Akaike information criterion score difference relative to the best-performing model shown (see Methods for details); 𝑅2: measure
of explained variation; 𝐶: concordance.

In nonlinear (penalized spline) regression models, BMI
and HI showed asymmetric U-shaped associations with
mortality in both cohorts, while associations with H and
ABSI were basically monotonic. The optimum BMI (lowest
mortality hazard) was around half a standard deviation under
the population median (in the World Health Organization
“normal” category) for both NHANES III and ARIC. How-
ever, the optimumHIwas higher for ARIC than forNHANES
III (Figure 1). Asmeasured byΔ 𝑖 aswell as𝑅2 and𝐶, ABSI and
BMI had the strongest nonlinear associations with mortality
in both cohorts (Tables 4 and 5).

In NHANES III, ARI was a significantly better linear
predictor than any of the (linear or nonlinear) models based
on individual indicators (H, BMI, ABSI, and HI) (Table 4).
ARI derived from NHANES III data predicted mortality
hazard for the ARIC cohort better than any model based
on one of the individual indicators (Table 5), despite the

difference in detail in the anthropometry associations with
mortality hazard of the two cohorts.

4. Discussion

Thedifference in optimumBMI found between theNHANES
III and ARIC cohorts, on the one hand, and the more
recently enrolled NHANES 1999–2004 cohort, on the other
hand [11], is consistent with variations in optimum BMI
seen between different population studies [25, 50–58]. The
U-shaped association of mortality hazard with relative hip
circumference (HI 𝑧 score) has not been reported before, to
our knowledge. The strong performance of ABSI, compared
to other anthropometric indices, as a near-linear predictor
of log mortality hazard is consistent with analyses of other
cohorts [12–14, 25]. Our results suggest that these associations
of mortality risk with different measures of body size and
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Table 5: Mortality hazard association with body measures in ARIC.

Predictor Hazard ratio per SD increase Δ
𝑖

𝑅2 𝐶
ARI (linear) 1.43 (1.38–1.49) 0 0.103 0.622
ABSI (linear) 1.26 (1.22–1.30) 86.0 0.093 0.616
ABSI (nonlinear) 86.4 0.093 0.616
BMI (nonlinear) 121.9 0.090 0.613
HI (nonlinear) 221.5 0.078 0.606
BMI (linear) 1.11 (1.08–1.15) 277.3 0.070 0.601
HI (linear) 0.92 (0.89–0.95) 294.4 0.067 0.602
𝐻 (linear) 0.96 (0.93–0.99) 312.0 0.065 0.596
None 317.4 0.064 0.593
𝐻 (nonlinear) 318.8 0.066 0.597
The same as Table 4, but for the ARIC cohort.

shape can be combined in a single robust linear predictor,
ARI.

Previously, anthropometric indices have not included all
four of the measurementsH,W, WC, and HC, although each
of these measurements has been separately found to be a
significant determinant of health risk in various studies. The
ARI approach can combine the risk associated with these
four measurements and potentially also others such as thigh
circumference [59], X-ray body composition measures [60,
61], or body dimensions from laser scanning [62, 63].

Although our ARI is a substantially better predictor of
mortality risk than any of the individual anthropometric
indices tested, its absolute predictive value is modest for
the cohorts and follow-up periods tested: the measure of
explained variation 𝑅2 increases by about 0.04, while concor-
dance increases by about 0.03–0.06, relative to a background
predictive model with no anthropometric data (Tables 4 and
5). In fact, self-reported health and smoking history have
been found to be the best single predictors of 5-yearmortality
[64], probably outperforming any anthropometrics. The ARI
approach could provide a way to incorporate such indicators
as well as laboratory measurements and anthropometric
indices into reliable combined risk estimates, expressing these
in terms of statistically independent components whose attri-
butable risks can then be summed.

Commonly, WC but not HC is measured. In such cases,
ARI could be modified to sum only risk due to the indicators
H, BMI, and ABSI. Note that, in both the NHANES III and
ARIC cohorts, BMI and ABSI are better nonlinear indicators
of mortality hazard compared to HI and H (Tables 4 and 5),
suggesting that this truncated ARI would retain most of the
predictive power of the fuller version used here.

One potential drawback of ARI as calculated from
cohorts such as NHANES III is that it is not a simple func-
tion of H, W, WC, and HC, so that determining its value
for a particular individual from these measurements would
require either lookup tables or a computer program. This
complexity could be overcome as an obstacle to clinical use
via online calculators (analogous to the calculator developed
for estimating combined risk from BMI and ABSI [11, 65],

currently available online at https://nirkrakauer.net/sw/absi-
calculator.html) or apps for desktop and mobile device use.
We have developed a prototype online calculator for comput-
ing NHANES III ARI fromH,W, WC, and HC values, avail-
able at https://nirkrakauer.net/sw/ari-calculator.html. The
NHANES III population means and standard deviations
and risk curves needed to carry out this ARI computation
are also available in spreadsheet form as a supplement to
this article (in Supplementary Material available online at
http://dx.doi.org/10.1155/2016/8094275).

Thework presented here has several limitations that could
be addressed in future studies. The quality of the mortality
follow-up information from NHANES III and ARIC has
not been, to our knowledge, rigorously verified, raising the
possibility of some bias in the estimated risks, although the
consistency across the two cohorts of the associations of
mortality with initially measured anthropometric variables
is reassuring. The data we use here is only from USA. It is
likely that the NHANES III derived ARI should be modified
for application to non-USA populations [66]; this could
be done by calibration to other large cohort studies with
mortality follow-up. To assess the usefulness of combined
indices for specific clinically used classification schemes and
decisions, performance measures such as net reclassification
improvement (NRI) and integrated discrimination improve-
ment (IDI) that are based on particular concepts of value to
clinical decision-making [67, 68] could be calculated.

The approach used to compute ARI here for hazard of
all-cause mortality could also be extended to derive risk
indices customized for specific causes of death andmorbidity
outcomes such as heart disease, stroke, or diabetes, which
could facilitate individualized cost-benefit consideration in
deciding what medical interventions to undertake [69–71].
One recent study found that anthropometric indices (ABSI
and WC/H ratio) were correlated with Framingham and
SCORE 10-year cardiovascular risk estimates in a nationally
representative Turkish sample [72], while another study
found anthropometry-based indices (specifically ABSI) to
predict cardiovascular disease in middle-aged and elderly
Dutch adults as well as a risk model that included laboratory

https://nirkrakauer.net/sw/absi-calculator.html
https://nirkrakauer.net/sw/absi-calculator.html
https://nirkrakauer.net/sw/ari-calculator.html
http://dx.doi.org/10.1155/2016/8094275
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Figure 1: Estimated mortality hazard ratios in NHANES III and ARIC as nonlinear (penalized spline) functions of normalized (a) height, (b)
BMI, (c) ABSI, and (d) HI. Dashed lines indicate 95% confidence intervals. Percentiles and 𝑧 scores are based on the NHANES III cohort.

measurements [73], highlighting the potential for utilization
of a combination of several readily obtained body measure-
ments for cardiometabolic risk assessment.

5. Conclusions

We derived and tested a combined anthropometric risk
index that takes into account multiple bodymeasurements to
arrive at a risk score that outperforms the individual indices
previously used. The allometry-inspired methodology used

to arrive at the components of this index can potentially
be applied to define mutually independent indices from a
broad range of biometric and other variables and has the
potential to help elucidate the findings from association and
observational studies.

Competing Interests

The authors declare that they have no competing inter-
ests.



Journal of Obesity 7

Acknowledgments

Thisworkwas partly supported by PSC-CUNYAward 68346-
00 46 to Nir Y. Krakauer.

References

[1] A.Keys, F. Fidanza,M. J. Karvonen,N.Kimura, andH. L. Taylor,
“Indices of relative weight and obesity,” Journal of Chronic
Diseases, vol. 25, no. 6-7, pp. 329–343, 1972.

[2] K. G. Alberti, R. H. Eckel, S. M. Grundy et al., “Harmonizing
the metabolic syndrome: a joint interim statement of the Inter-
national Diabetes Federation Task Force on Epidemiology and
Prevention; National Heart, Lung, and Blood Institute; Amer-
ican Heart Association; World Heart Federation; International
Atherosclerosis Society; and International Association for the
Study of Obesity,” Circulation, vol. 120, no. 16, pp. 1640–1645,
2009.

[3] N. Y. Krakauer and J. C. Krakauer, “Expansion of waist circum-
ference in medical literature: potential clinical application of a
body shape index,” Journal of Obesity & Weight Loss Therapy,
vol. 4, article 216, 2014.

[4] S. D.Hsieh, H. Yoshinaga, and T.Muto, “Waist-to-height ratio, a
simple and practical index for assessing central fat distribution
and metabolic risk in Japanese men and women,” International
Journal of Obesity, vol. 27, no. 5, pp. 610–616, 2003.

[5] M. Ashwell, P. Gunn, and S. Gibson, “Waist-to-height ratio is
a better screening tool than waist circumference and BMI for
adult cardiometabolic risk factors: systematic review and meta-
analysis,” Obesity Reviews, vol. 13, no. 3, pp. 275–286, 2012.

[6] T. E. Matsha, A.-P. Kengne, Y. Y. Yako, G.M. Hon,M. S. Hassan,
and R. T. Erasmus, “Optimal waist-to-height ratio values for
cardiometabolic risk screening in an ethnically diverse sample
of South African Urban and Rural School boys and girls,” PLoS
ONE, vol. 8, no. 8, article e71133, 2013.

[7] D. M. Thomas, C. Bredlau, A. Bosy-Westphal et al., “Relation-
ships between body roundness with body fat and visceral adi-
pose tissue emerging from a new geometrical model,” Obesity,
vol. 21, no. 11, pp. 2264–2271, 2013.

[8] M. F. H. Maessen, T. M. H. Eijsvogels, R. J. H. M. Verheggen,
M. T. E. Hopman, A. L. M. Verbeek, and F. de Vegt, “Entering a
new era of body indices: the feasibility of a body shape index and
body roundness index to identify cardiovascular health status,”
PLoS ONE, vol. 9, no. 9, Article ID e107212, 2014.

[9] G. Eknoyan, “Adolphe Quetelet (1796–1874)—the average man
and indices of obesity,”Nephrology Dialysis Transplantation, vol.
23, no. 1, pp. 47–51, 2008.

[10] J. Gayon, “History of the concept of allometry,” American Zoo-
logist, vol. 40, no. 5, pp. 748–758, 2000.

[11] N. Y. Krakauer and J. C. Krakauer, “A new body shape index
predicts mortality hazard independently of body mass index,”
PLoS ONE, vol. 7, no. 7, Article ID e39504, 2012.

[12] D. R. Boniface, “A new obesity measure based on relative waist
circumference—how useful is it?” The European Journal of
Public Health, vol. 23, supplement 1, article 16, 2013.

[13] N. Y. Krakauer and J. C. Krakauer, “Dynamic association of
mortality hazard with body shape,” PLoS ONE, vol. 9, no. 2,
Article ID e88793, 2014.

[14] K. Dhana, M. Kavousi, M. A. Ikram, H. W. Tiemeier, A. Hof-
man, and O. H. Franco, “Body shape index in comparison with

other anthropometricmeasures in prediction of total and cause-
specific mortality,” Journal of Epidemiology and Community
Health, vol. 70, no. 1, pp. 90–96, 2015.

[15] B. L. Heitmann and L. Lissner, “Hip Hip Hurrah! Hip size
inversely related to heart disease and total mortality,” Obesity
Reviews, vol. 12, no. 6, pp. 478–481, 2011.

[16] R. N. Bergman, D. Stefanovski, T. A. Buchanan et al., “A better
index of body adiposity,” Obesity, vol. 19, no. 5, pp. 1083–1089,
2011.

[17] A. J. Cameron, D. J. Magliano, J. E. Shaw et al., “The influence
of hip circumference on the relationship between abdominal
obesity and mortality,” International Journal of Epidemiology,
vol. 41, no. 2, pp. 484–494, 2012.

[18] R. F. Burton, “Waist circumference as an indicator of adiposity
and the relevance of body height,” Medical Hypotheses, vol. 75,
no. 1, pp. 115–119, 2010.

[19] S. Czernichow, A.-P. Kengne, E. Stamatakis, M. Hamer, and G.
D. Batty, “Body mass index, waist circumference and waist-hip
ratio: which is the better discriminator of cardiovascular disease
mortality risk? Evidence from an individual-participant meta-
analysis of 82864 participants fromnine cohort studies,”Obesity
Reviews, vol. 12, no. 9, pp. 680–687, 2011.

[20] X. Song, P. Jousilahti, C. D. A. Stehouwer et al., “Comparison
of various surrogate obesity indicators as predictors of car-
diovascular mortality in four European populations,” European
Journal of Clinical Nutrition, vol. 67, no. 12, pp. 1298–1302, 2013.

[21] H. Petursson, J. A. Sigurdsson, C. Bengtsson, T. I. L. Nilsen,
and L. Getz, “Body configuration as a predictor of mortality:
comparison of five anthropometricmeasures in a 12 year follow-
up of the Norwegian HUNT 2 study,” PLoS ONE, vol. 6, no. 10,
Article ID e26621, 2011.

[22] S. C. Savva, D. Lamnisos, and A. G. Kafatos, “Predicting cardio-
metabolic risk: waist-to-height ratio or BMI. A meta-analysis,”
Diabetes, Metabolic Syndrome and Obesity: Targets andTherapy,
vol. 6, pp. 403–419, 2013.

[23] I. Abete, L. Arriola, N. Etxezarreta et al., “Association between
different obesity measures and the risk of stroke in the EPIC
Spanish cohort,” European Journal of Nutrition, vol. 54, no. 3,
pp. 365–375, 2015.

[24] M. Bozorgmanesh, M. Sardarinia, F. Hajsheikholeslami, F.
Azizi, and F. Hadaegh, “CVD-predictive performances of ‘a
body shape index’ versus simple anthropometric measures:
Tehran lipid and glucose study,” European Journal of Nutrition,
vol. 55, no. 1, pp. 147–157, 2016.

[25] X. Song, P. Jousilahti, C. D. A. Stehouwer et al., “Cardiovascular
and all-cause mortality in relation to various anthropometric
measures of obesity in Europeans,” Nutrition, Metabolism and
Cardiovascular Diseases, vol. 25, no. 3, pp. 295–304, 2015.

[26] S. Klein, D. B. Allison, S. B. Heymsfield et al., “Waist circum-
ference and cardiometabolic risk: a consensus statement from
Shaping America’s Health,” Diabetes Care, vol. 30, no. 6, pp.
1647–1652, 2007.

[27] S. B. Heymsfield, M. Heo, and A. Pietrobelli, “Are adult body
circumferences associated with height? Relevance to normative
ranges and circumferential indexes,” The American Journal of
Clinical Nutrition, vol. 93, no. 2, pp. 302–307, 2011.

[28] WHO, “Waist circumference and waist-hip ratio: report of a
WHO expertconsultation,” Tech. Rep., World Health Organi-
zation, Geneva, Switzerland, 2011.

[29] The ARIC Investigators, “The Atherosclerosis Risk in Commu-
nities (ARIC) study: design and objectives,” American Journal
of Epidemiology, vol. 129, no. 4, pp. 687–702, 1989.



8 Journal of Obesity

[30] National Center for Health Statistics (US), Plan and Operation
of the Third National Health and Nutrition Examination Survey,
1988–94, Number 32 in Vital and Health Statistics, Series
1: Programs and Collection Procedures, National Center for
Health Statistics (US), Hyattsville, Md, USA, 1988.

[31] T.M. Ezzati, J. T.Massey, J.Waksberg, A. Chu, andK. R.Maurer,
“Sample design: Third National Health and Nutrition Exami-
nation Survey,” Vital and Health Statistics. Series 2, Data Eva-
luation and Methods Research, no. 113, pp. 1–35, 1992.

[32] J. R. Fernández, D. T. Redden, A. Pietrobelli, and D. B. Alli-
son, “Waist circumference percentiles in nationally representa-
tive samples of African-American, European-American, and
Mexican-American children and adolescents,” Journal of Pedi-
atrics, vol. 145, no. 4, pp. 439–444, 2004.

[33] I. Janssen, P. T. Katzmarzyk, and R. Ross, “Waist circumference
and not body mass index explains obesity-related health risk,”
American Journal of Clinical Nutrition, vol. 79, no. 3, pp. 379–
384, 2004.

[34] K. M. Flegal and B. I. Graubard, “Estimates of excess deaths
associated with body mass index and other anthropometric
variables,” American Journal of Clinical Nutrition, vol. 89, no. 4,
pp. 1213–1219, 2009.

[35] A. H. Daraghmeh, M. L. Bertoia, M. O. Al-Qadi, A. M.
Abdulbaki,M. B. Roberts, andC. B. Eaton, “Evidence for the vit-
aminDhypothesis: theNHANES III extendedmortality follow-
up,” Atherosclerosis, 2016.

[36] Westat, National Health and Nutrition Examination Survey III
Body Measurements (Anthropometry), Westat, 1988.

[37] L. E. Chambless, G. Heiss, A. R. Folsom et al., “Association
of coronary heart disease incidence with carotid arterial wall
thickness and major risk factors: the Atherosclerosis Risk in
Communities (ARIC) study, 1987–1993,” American Journal of
Epidemiology, vol. 146, no. 6, pp. 483–494, 1997.

[38] M. I. Schmidt, B. B. Duncan, A. R. Sharrett et al., “Markers
of inflammation and prediction of diabetes mellitus in adults
(Atherosclerosis Risk in Communities study): a cohort study,”
The Lancet, vol. 353, no. 9165, pp. 1649–1652, 1999.

[39] A. M.McNeill, W. D. Rosamond, C. J. Girman et al., “Themeta-
bolic syndrome and 11-year risk of incident cardiovascular dis-
ease in the Atherosclerosis Risk in Communities study,” Dia-
betes Care, vol. 28, no. 2, pp. 385–390, 2005.

[40] M. C. Mirabelli, J. S. Preisser, L. R. Loehr et al., “Lung function
decline over 25 years of follow-up among black andwhite adults
in theARIC study cohort,”RespiratoryMedicine, vol. 113, pp. 57–
64, 2016.

[41] T. M. Therneau and P. M. Grambsch, Modeling Survival Data:
Extending the Cox Model, Springer, New York, NY, USA, 2000.

[42] P. H. Eilers and B. D. Marx, “Flexible smoothing with 𝐵-splines
and penalties,” Statistical Science, vol. 11, no. 2, pp. 89–121, 1996.

[43] C. M. Hurvich, J. S. Simonoff, and C.-L. Tsai, “Smoothing para-
meter selection in nonparametric regression using an improved
Akaike information criterion,” Journal of the Royal Statistical
Society—Series B: StatisticalMethodology, vol. 60, no. 2, pp. 271–
293, 1998.

[44] D. Aydın, “Partially linear models based on smoothing spline
estimated by different selection methods: a simulation study,”
Pakistan Journal of Statistics, vol. 30, no. 1, pp. 35–56, 2014.

[45] K. P. Burnham and D. R. Anderson, “Multimodel inference:
understanding AIC and BIC in model selection,” Sociological
Methods and Research, vol. 33, no. 2, pp. 261–304, 2004.

[46] P. Royston, “Explained variation for survival models,” Stata
Journal, vol. 6, no. 1, pp. 83–96, 2006.

[47] R Core Team, R: A Language and Environment for Statistical
Computing, R Foundation for Statistical Computing, Vienna,
Austria, 2014.

[48] T.Therneau, “A Package for Survival Analysis in S. version 2.38,”
2015.

[49] C. Dardis, survMisc: Miscellaneous Functions for Survival Data,
R Package Version 0.5.2, 2016.

[50] D. B. Allison, D. Gallagher, M. Heo, F. X. Pi-Sunyer, and S. B.
Heymsfield, “Body mass index and all-cause mortality among
people age 70 and over: the Longitudinal Study of Aging,”
International Journal of Obesity, vol. 21, no. 6, pp. 424–431, 1997.

[51] K. M. Flegal, B. I. Graubard, D. F. Williamson, and M. H. Gail,
“Excess deaths associated with underweight, overweight, and
obesity,” The Journal of the American Medical Association, vol.
293, no. 15, pp. 1861–1867, 2005.

[52] T. Pischon, H. Boeing, K. Hoffmann et al., “General and abdo-
minal adiposity and risk of death in Europe,”The New England
Journal of Medicine, vol. 359, no. 20, pp. 2105–2120, 2008.

[53] A. K. Gulsvik, D. S. Thelle, M. Mowé, and T. B. Wyller,
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