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Abstract

Purpose To examine whether a body shape index (ABSI)
calculated by using waist circumference (WC) adjusted
for height and weight could improve the predictive perfor-
mances for cardiovascular disease (CVD) of the Framing-
ham’s general CVD algorithm and to compare its predictive
performances with other anthropometric measures.
Methods We analyzed data on a 10-year population-
based follow-up of 8,248 (4,471 women) individuals aged
>30 years, free of CVD at baseline. CVD risk was esti-
mated for a 1 SD increment in ABSI, body mass index
(BMI), waist-to-hip ratio (WHpR) and waist-to-height ratio
(WHtR), by incorporating them, one at a time, into multi-
variate accelerated failure time models.

Results ABSI was associated with multivariate-adjusted
increased risk of incident CVD among both men (1.26,
95 % CI 1.09-1.46) and women (1.17, 1.03-1.32). Among
men, for a one-SD increment, ABSI conferred a greater
increase in the hazard of CVD [1.26 (1.09-1.46)] than did
BMI [1.06 (0.94-1.20)], WC [1.15(1.03-1.28)], WHpR
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[1.02 (1.01-1.03)] and WHtR [1.16 (1.02-1.31)], and the
corresponding figures among women were 1.17 (1.03-
1.32), 1.02 (0.90-1.16), 1.11 (0.98-1.27), 1.03 (1.01-1.05)
and 1.14 (0.99-1.03), respectively. ABSI as well as other
anthropometric measures failed to add to the predictive
ability of the Framingham general CVD algorithm either.
Conclusions Although ABSI could not improve the pre-
dictability of the Framingham algorithm, it provides more
information than other traditional anthropometric meas-
ures in settings where information on traditional CVD risk
factors are not available, and it can be used as a practical
criterion to predict adiposity-related health risks in clinical
assessments.
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Abbreviations

ABSI A body shape index

BMI Body mass index

CHD Coronary heart disease

CVD Cardiovascular disease

CT Computed tomography

ECG Electrocardiography

HDL-C High-density lipoprotein cholesterol
MI Myocardial infarction

MRI Magnetic resonance imaging

TGs Triglycerides

TLGS Tehran lipid and glucose study
VIF Variance inflation factor

wC Waist circumference

WHpR Waist-to-hip ratio

WHtR Waist-to-height ratio

FPG Fasting plasma glucose

2 h-PCPG  2-h post-challenge plasma glucose
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Introduction

There is no consensus on the definition and specific aspects
of obesity that contribute to the risk of CVD [1]. The pre-
cise measurement of the total amount of body fat and its
regional distribution is possible by using computed tomog-
raphy (CT) and dual-energy X-ray absorption. Magnetic
resonance imaging (MRI) also can separate visceral fat
from subcutaneous fat with no radiation. However, these
methods are costly and not routinely available.

Accordingly, there is a need for simple techniques that
can distinguish regional fat. Amato et al. [2] created a novel
sex-specific index to indirectly express visceral fat based
on waist circumference (WC), body mass index (BMI), tri-
glycerides (TGs) and high-density lipoprotein cholesterol
(HDL-C), and termed it the visceral adiposity index (VAI).
We have demonstrated that using VAI instead of simple
anthropometric measures of adiposity may lead to loss of
considerable information needed for predicting incident
CVD [3]. Statistically speaking, information means the
amount of variation in a variable of outcome explained by
predictors. In regression analyses, this is usually measured
by predictive performances of different models. Measures
of predictive performances vary by the type of regression
procedure implemented [4—6]. When the predictive perfor-
mance of a model incorporating variable A is inferior to the
predictive performance of the model incorporating variable
B, then using model A instead of model B means choosing
the inferior predictive performance, which causes consid-
erable loss of information [7—12]. Most recently, Krakauer
et al. [13] developed a new measure index “a body shape
index (ABSI)” based on WC adjusted for height and
weight.

Using data from a large community-based prospective
study, we examined whether ABSI could improve the CVD
prediction by Framingham general CVD algorithm and
also whether ABSI could outperform simple anthropomet-
ric measures of adiposity, i.e., BMI, waist-to-height ratio
(WHtR) or waist-to-hip ratio (WHpR).

Methods
Study design

Detailed descriptions of the Tehran lipid and glucose study
(TLGS) have been reported elsewhere [14]. In brief, the
TLGS is a large scale, long-term, community-based pro-
spective study performed on a representative sample of resi-
dents of district 13 of Tehran, the capital of Iran. The TLGS
has two major components: a cross-sectional prevalence
study of non-communicable disease and associated risk
factors, implemented between March 1999 and December
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2001, and a prospective follow-up study. Data collection is
ongoing, designed to continue for at least 20 years, on tri-
ennial basis. Parallel with cyclic examinations, participants
are followed annually for any medical condition by trained
nurses via telephone calls. Currently, there are at least 27
million fixed telephone lines in Iran with 77 million popu-
lations. A trained physician collects complementary data
during a home visit and a visit to the respective hospital to
collect data from the participants’ medical files.

We hereby certify that all applicable institutional and
governmental regulations concerning the ethical use of
human volunteers were followed during this research.
Informed written consent was obtained from all partici-
pants and the Ethical Committee of Research Institute for
Endocrine Sciences approved this study.

Study population

A total of 27,340 residents aged >3 years were invited by
telephone call, of which 15,010 residents participated in the
first examination cycle and another 3,551 residents were
first examined at the second examination cycle. Participants
were categorized into the cohort (n = 10,394) and inter-
vention groups (n = 8,167), the latter to be educated for
implementation of lifestyle modifications. For the current
study, among participants aged >30 years at their baseline
examination (9,814) who attended the follow-up study till
31 March 2010, we selected subjects free of CVD at base-
line for whom complete data were available on outcome
and risk factors (n = 8,248). At the time of this study, the
median follow-up time was 10.1 years.

Lifestyle modification intervention

The design of the lifestyle intervention in the TLGS has
been published before [14]. Interventions were aimed at
lifestyle modification through primary preventions for non-
communicable diseases by improving nutrition and dietary
pattern, increasing physical activity levels and reducing
cigarette smoking. Nutrition education classes were held
4 days a week. Twelve adults on average participated in
these educational sessions. Educational programs included
face-to-face consultation, educational videos and slides,
and nutritional education and consultation, which involved
demonstrations of healthy food preparation. During reli-
gious ceremonies (sessions in mosques, particularly during
the holy month of Ramadan), lectures were given to partici-
pants about the main topics of intervention. Public confer-
ences on occasions such as World Diabetes Day or World
No-Tobacco Day were held to promote the importance of
healthy lifestyle behaviors. The school-based lifestyle mod-
ification program was also designed as a multidisciplinary
health promotion program using a population approach.
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The program was intended to influence anti-tobacco,
healthy nutrition and physical activity practices [15].

We included all participants to capture full statistical
power of the study sample. Meanwhile, we were also able
to study the interaction in the effects of variables of interest
and the population-based lifestyle modification interven-
tions. However, as lifestyle modification was evenly dis-
tributed across different levels of ABSI and did not contrib-
ute to the outcome of interest, we therefore have not looked
at its effect.

Clinical and laboratory measurements

Using a pretested questionnaire, a trained interviewer col-
lected information on demographic data, family history of
premature CVD, past medical history of CVD, drug his-
tory and smoking status. Details of anthropometric and bio-
chemical measurements, as well as blood pressure meas-
urements, were addressed elsewhere [14].

Outcome measurements

Details of cardiovascular outcomes have been published
elsewhere [16]. In this ongoing study, every TLGS partici-
pant was first called by telephone and preliminary informa-
tion was collected by a trained nurse regarding any medi-
cal conditions. Complementary data were then collected
by a trained physician during a home visit and a visit to
the respective hospital to collect data from the participants’
medical files. Collected data were evaluated by an outcome
committee consisting of a principal investigator, an intern-
ist, an endocrinologist, a cardiologist, an epidemiologist
and the physician who collected the outcome data. A spe-
cific outcome for each event is assigned according to Inter-
national Statistical Classification of Diseases and Related
Health Problems criteria (10th revision) and the American
Heart Association classification for cardiovascular events
[14]. Coronary heart disease (CHD) includes cases of defi-
nite myocardial infarction (MI) diagnosed by electrocardio-
gram (ECG) and biomarkers, probable MI (positive ECG
findings plus cardiac symptoms or signs and biomarkers
showing negative or equivocal results), unstable angina
pectoris (new cardiac symptoms or changing symptom pat-
terns and positive ECG findings with normal biomarkers),
angiographic proven CHD and CHD death. CVD is speci-
fied as a composite measure of any CHD events, stroke or
cerebrovascular death.

We have also conducted a study to assess the validity of
outcome measurement in the TLGS [17].

Definition of terms

Following Krakauer et al. [13], we defined ABSI as:

wC
(BMI%) x (height%)

A previous history of CVD reflected any prior diag-
nosis of CVD by a physician. A current smoker was
defined as a person who smokes cigarettes daily or occa-
sionally. Diabetes was ascertained in participants with
FPG > 7.0 mmol 17! or 2 h-PCPG > 11.1 mmol 17" [18]
or use of oral hypoglycemic agents or insulin. For each par-
ticipant who was free of CVD at baseline, the baseline risk
of CVD was calculated by re-estimating the Framingham’s
“general CVD risk prediction algorithm [19, 20]”.

ABSI =

Statistics analysis

Findings on covariate variables are expressed as means (SD)
or percentages for continuously and categorically distributed
variables, respectively. We tested for trends across ABSI
quintiles by using the median in each quartile as a predictor,
separately for each sex. Statistical significance in trends was
examined by implementing age-adjusted general linear mod-
els. The Cox proportional hazard regression model was used
to test the significance of trends in incident rates.

In the analysis of CVD outcome, ABSI, BMI, WC,
WHpR and WHtR were assessed using accelerated fail-
ure time method: Weibull survival regression model. Sur-
vival time was the time from start of the follow-up period
to the date of the first incident CVD event (failure). The
censoring time of an individual was the time from entry
into the study to loss to follow-up or the end of the study,
whichever happened first. Censored observation also
meant the individuals either refused to participate fur-
ther in the study (lost to follow-up), died (from non-CVD
causes), when death was not the study outcome (compet-
ing risk) or continued until the study was ended (admin-
istrative censoring). Valid comparison of hazards ratios
(HRs) for different continuous measures requires that the
units of both variables be comparable. We, therefore, esti-
mated sex-specific unadjusted and multivariate-adjusted
HRs, with 95 % confidence intervals (95 % Cls) for CVD
events for a one-SD increment in ABSI and each respec-
tive anthropometric parameter. The multivariate regres-
sion analyses were controlled for confounding bias due
to potential confounders from Framingham general CVD
algorithm, i.e., age, systolic blood pressure, use of antihy-
pertensive drugs, total and HDL cholesterol, diabetes and
smoking [20].

We compared the predictive performance of the ABSI
with those of the studied anthropometric variables in terms
of the effect size (HR), calibration, discrimination, and
added predictive ability.

Wald tests of the linear hypotheses concerning the
Weibull survival regression models coefficients (paired
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homogeneity test) were performed to test the null hypoth-
eses that the hazard ratios (effect size) for ABSI were equal
to those for anthropometric measures. We assessed collin-
earity of BMI, WC, WHpR, and WHtR, with VAI using the
variance inflation factor (VIF). VIFs > 10 warrant caution
[21]. VIFs were all <10, and therefore, collinearity did not
appear to be a problem.

Assessment of model performance

We used several criteria to compare the overall diagnostic
values of alternative models. Calibration of a model, as it is
phrased in Ref. [4], describes how closely predicted prob-
abilities agree numerically with actual outcomes [22, 23].
A test very similar to the Hosmer-Lemeshow test has been
proposed by Nam and D’ Agostino. We calculated the Nam—
D’Agostino x’to examine calibration for prediction models
[4]. As suggested by Nam and D’ Agostino, calibration y? val-
ues >20 (P < 0.01) suggest lack of adequate calibration [4].

In the survival analysis, Harrell’s C statistic measures
the probability that a randomly selected person who devel-
oped an event at the certain specific time has a higher risk
score than a randomly selected person who did not develop
an event during the same, specified follow-up interval [24].
The maximum value for Harrell’s C statistic is 1.0, thereby
indicating a (theoretically) perfect test (i.e., 100 % sensi-
tive and 100 % specific). A Harrell’s C statistic value of 0.5
indicates no discriminative value (i.e., 50 % sensitive and
50 % specific).

Discriminations measures are not sensitive to changes
in absolute risk [25]. Therefore, we calculated absolute and
relative integrated discrimination improvement index (IDI)
and cut-point-based and cut-point-free net reclassification
improvement index (NRI). IDI and NRI are measures of
predictive ability added to an old model by a newer one
[25]. Bootstrapping method was implemented in order to
obtain bias-corrected 95 % Cls.

In order to be able to capture a potential nonlinear asso-
ciation of ABSI with CVD, multivariate restricted cubic
splines with four knots defined at the 5th, 25th, 75th and
95th percentile were used. This method enabled us to flex-
ibly model ABSI while preventing instability and the gen-
eration of artificial features to some extent [26].

The statistical significance level was set at a two-tailed
type I error of 0.05. All statistics analyses were performed
using STATA version 12 (STATA, College Station, Texas,
USA) and SAS 9.2 (SAS Institute Inc., Cary, NC, USA).

Ethics
Informed written consent was obtained from all partici-

pants, and the Ethical Committee of Research Institute for
Endocrine Sciences approved this study.
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Results

A total of 8,248 (4,471 women) adult participants of the
TLGS contributed to a total of 75,975 person-years follow-
up, with the median follow-up time for the current analysis
being 10.1 years. We documented 671 (women 261) CVD
events with the annual incidence rate of CVD events being
9.7 (95 % 8.9-10.6) per 1,000 persons: women 6.2 (5.5—
7.0) and men 12.1 (11.0-13.4).

Tables 1 and 2 present the baseline characteristics of
participants according to quintiles of ABSI. In general,
CVD risk factor levels at baseline increased in stepwise
fashion across ABSI quintiles; except for smoking and TC
among men and anti-hypertensive drug usage and smoking
among women. The annual incidence rate of CVD events
showed an increasing trend across quintiles of ABSI among
both men and women (P < 0.001).

For a one-SD increment, ABSI conferred a greater
increase in the hazard of CVD than did BMI, WC,
WHpR and WHpR (Table 3). The results were consistent
among both men and women. An increased risk of future
CVD was observed across increasing levels of ABSI; the
increased risk resisted adjustments for the traditional CVD
risk factors like age, systolic blood pressure, using antihy-
pertensive drugs, total and HDL cholesterol, diabetes and
smoking.

As shown in Table 4, among women, ABSI failed to
attain consistent superiority for predicting CVD over any
other anthropometric measures as indicated by contradic-
tory results from absolute and relative IDI and cut-point-
based and cut-point-free NRI. However, among men, the
predictive ability of ABSI was superior to BMI, WC and
WHDpR, but not to WHtR.

As shown in Table 5, ABSI as well as other anthropo-
metric measures investigated failed to add to the predic-
tive ability of the Framingham general CVD algorithm.
In fact, when anthropometric measures were added to the
algorithm, the values for NRI and IDI were negative; indi-
cating that the basic Framingham general CVD algorithm
without any anthropometric measure predicted 10-year risk
of developing CVD far better than the enhanced algorithms
with anthropometric measures added each at a time.

Multivariate restricted cubic splines regression analysis
demonstrated that ABSI-CVD dose-response relations had
no threshold and yielded straight lines when risk of disease
was plotted on a logarithmic scale. As such, hazard ratios
have been reported so as to indicate the strength of linear
associations.

HRs for incident CVD of the lifestyle modification
intervention measures were 1.04 (95 % CIs 0.85-1.26,
P value = 0.732) among men and 1.07 (95 % CIs 0.83-
1.37, P value = 0.587) among women. Intervention meas-
ures did not contribute to the risk of CVD; neither did the
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Table 1 Baseline characteristics of participants across ABSI quintiles, among men

ABSI range Q1 (N =1786) Q2 (N=1773) Q3 (N=1763) Q4 (N =1748) Q5 (N=1707) P for trend*

0.047-0.076 0.076-0.078 0.078-0.080 0.080-0.083 0.083-0.114

Age (years) 41.42 (10.93) 44.54 (11.91) 48.86 (12.94) 52.48 (12.95) 59.42 (12.99) <0.001
Smoking 270 (0.31) 230 (0.26) 284 (0.30) 391 (0.29) 298 (0.26) 0.492
Diabetes 11 (0.05) 48 (0.08) 114 (0.12) 212 (0.16) 308 (0.27) <0.001

Life style modification 86 (0.38) 255 (0.40) 432 (0.45) 605 (0.44) 552 (0.48) <0.001
Anti-hypertensive drug 9 (0.04) 27 (0.04) 83 (0.09) 170 (0.13) 221 (0.19) 0.001

SBP (mm Hg) 114.97 (14.95) 118.42 (17.09) 121.18 (18.60) 125.13 (20.74) 129.59 (21.42) <0.001

TC (mmol 1) 5.17 (1.11) 5.35(1.07) 5.33 (1.07) 5.48 (1.09) 5.42 (1.12) 0.073
HDL-C (mmol 171) 1.02 (0.27) 0.97 (0.24) 0.97 (0.23) 0.97 (0.24) 0.96 (0.24) <0.001
BMI (kg m~2) 25.02 (4.04) 26.25 (4.14) 26.32 (3.99) 26.77 (3.82) 26.51 (3.71) <0.001
Waist circumference (cm) 81.57 (9.30) 88.46 (9.42) 91.08 (9.43) 94.42 (9.23) 98.13 (9.24) <0.001

Hip circumference (cm) 94.68 (6.92) 97.01 (7.18) 97.14 (6.94) 97.70 (6.96) 97.33 (6.86) <0.001
WHtR 48.13 (5.66) 52.20 (5.64) 53.81 (5.48) 56.11 (5.53) 58.40 (5.54) <0.001
WHpR 85.97 (5.12) 91.03 (4.60) 93.61 (4.57) 96.53 (4.64) 100.76 (5.33) <0.001
Incident CVD (n) 36 65 80 89 140 <0.001

Per 1,000 person-year 4.7 (3.4-6.5) 8.9 (7.0-11.3) 11.7 (9.7-14.6) 13.7 (11.2-16.9) 25.6 (21.7-30.2) <0.001

Data are presented as either mean (SD) for continuous variable or frequency (%) for categorically distributed variables

ABSI a body shape index, BMI body mass index, CHD coronary heart disease, CVD cardiovascular disease, DBP diastolic blood pressure, FPG
fasting plasma glucose, HDL-C high-density lipoprotein cholesterol, MAP mean arterial pressure, PCPG 2-h post-challenge plasma glucose,
SBP systolic blood pressure, TC total cholesterol, 7Gs triglycerides, WHpR waist-to-hip ratio and WHtR waist-to-height ratio

* The statistical significance of trends across ABSI quintiles was tested by using the median in each quartile as a predictor in general linear mod-
els incorporating age. The Log-rank test and Cox test were used to examine the significance of trends in incident rates and survivor functions

Table 2 Baseline characteristics of participants across ABSI quintiles, among women

ABSI range Q1 (N=910) Q2 (N=927) Q3 (N=904) Q4 (N =881) Q5 (N = 849) P for trend*
0.042-0.073 0.073-0.076 0.076-0.079 0.079-0.083 0.083-0.114
Age (years) 40.30 (9.20) 43.02 (10.08) 46.98 (11.34) 51.11 (114.9) 57.82 (12.03) <0.001
Smoking 49 (0.05) 38 (0.04) 49 (0.05) 42 (0.04) 39 (0.03) 0.061
Diabetes 61 (0.06) 79 (0.09) 140 (0.15) 187 (0.20) 427 (0.31) <0.001
Life style modification 388 (0.38) 385 (0.43) 454 (0.47) 438 (0.46) 662 (0.47) <0.001
Anti-hypertensive drug 117 (0.12) 134 (0.15) 160 (0.17) 226 (0.24) 442 (0.32) 0.296
SBP (mm Hg) 114.15 (16.04) 117.63 (18.01) 120.20 (19.40) 125.48 (21.28) 131.66 (23.40) <0.001
TC (mmol 171 5.28 (1.08) 5.46 (1.11) 5.64 (1.20) 5.91 (1.30) 6.09 (1.35) <0.001
HDL-C (mmol 171) 1.20 (0.29) 1.14 (0.29) 1.13 (0.28) 1.13 (0.27) 1.14 ()0.29 <0.001
BMI (kg m~2) 27.94 (4.80) 28.60 (4.98) 29.24 (5.08) 29.00 (4.60) 28.08 (4.29) <0.001
Waist circumference (cm) 80.27 (9.60) 86.99 (10.10) 91.90 (10.49) 95.18 (10.01) 99.57 (9.93) <0.001
Hip circumference (cm) 104.91 (9.38) 105.93 (9.76) 106.60 (9.78) 105.51 (9.60) 103.59 (8.99) <0.001
WHtR 51.32 (6.43) 55.69 (6.78) 59.04 (7.06) 61.50 (6.62) 64.52 (6.58) <0.001
WHpR 76.44 (5.03) 82.02 (4.19) 86.12 (4.42) 90.18 (4.65) 96.16 (5.54) <0.001
Incident CVD (n) 14 23 46 71 107 <0.001
Per 1,000 person-year 1.6 (0.9-2.7) 2.6 (1.7-3.9) 5.4 (4.1-7.2) 8.7 (6.9-11.0) 13.8 (11.4-16.7) <0.001

Data are presented as either mean (SD) for continuous variable or frequency (%) for categorically distributed variables

ABSI a body shape index, BMI body mass index, CHD coronary heart disease, CVD cardiovascular disease, DBP diastolic blood pressure, FPG
fasting plasma glucose, HDL-C high-density lipoprotein cholesterol, MAP mean arterial pressure, PCPG 2-h post-challenge plasma glucose,
SBP systolic blood pressure, TC total cholesterol, TGs triglycerides, WHpR waist-to-hip ratio and WHR waist-to-height ratio

* The statistical significance of trends across ABSI quintiles was tested by using the median in each quartile as a predictor in general linear mod-
els incorporating age. The Log-rank test and Cox test were used to examine the significance of trends in incident rates and survivor functions
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Table 3 Hazard ratios for incident CVD of ABSI versus BMI, WC,
WHpR and WHtR

Men Women
HR (95 % Cls) P value® HR (95 % Cls) P value®
Univariate
ABSI  1.94 (1.76-2.15) - 2.77 (1.34-3.28) -
BMI 1.22 (1.09-1.36) <0.001 1.19 (1.06-1.33)  <0.001
wC 1.46 (1.32-1.62) <0.001 1.60 (1.43-1.79)  <0.001
WHpR 1.07 (1.05-1.08) <0.001 1.09 (1.08-1.12)  <0.001
WHtR  1.68 (1.50-1.88) <0.001 1.76 (1.57-1.97) <0.001
Multivariate-adjusted®
ABS 1.26 (1.09-1.46) - 1.17 (1.03-1.32) -
BMI 1.06 (0.94-1.20) 0.005 1.02 (0.90-1.16) 0.036
wC 1.15 (1.03-1.28) 0.004 1.11 (0.98-1.27) 0.041
WHpR 1.02 (1.01-1.03) 0.006 1.03 (1.01-1.05) 0.006
WHtR  1.16 (1.02-1.31) 0.004 1.14 (0.99-1.03) 0.033

ABSI a body shape index, BMI body mass index, CVD cardiovascular
disease, HR hazard ratio, WC waist circumference, WHpR waist-to-
hip ratio and WHtR waist-to-height ratio

* P values were derived from Wald tests of the linear hypotheses con-
cerning the Weibull regression models coefficients (paired homogene-
ity test). As such, we tested the null hypotheses that the hazard ratios
(effect size) for ABSI were equal to those for WHpR, WHtR or BMI

® Adjusted for the effects of age, systolic blood pressure, anti-hyper-
tensive medication use, total and high-density lipoprotein cholesterol,
diabetes and smoking

intervention measures modify the effects of ABSI on the
risk of incident CVD (P for interaction: men 0.784 and
women 0.544).

Discussion

In this large community-based cohort of a West Asian
population, we investigated the association of ABSI with
10-year risk of developing incident CVD. In general, ABSI
was observed to be associated with traditional CVD risk
factors. The risk of developing CVD increased in a linear
fashion with increasing levels of ABSI among both men
and women, without any threshold being detectable. We
observed that the magnitude of HR for CVD conferred by
ABSI was higher than those conferred by other anthro-
pometric measures. However, clinically speaking, ABSI
was not found to consistently add to the predictive values
of anthropometric measures. None of the anthropometric
measures were found to improve the predictive perfor-
mances of Framingham general CVD algorithm. Although
ABSI could not improve the predictability of Framingham
algorithm, it did provide more information than other tradi-
tional anthropometric measures.

Epidemiologic studies have found strong association
between obesity and a series of diseases particularly CVD

Table 4 CVD-predictive ability Men

of ABSI as compared to other Women
anthropometric measures Statistic 95 % Cls Statistic 95 % Cls
BMI alone versus ABST*
Absolute IDI (%) 0.0290 0.0217 0.0364 0.0262 0.0131 0.0393
Relative IDI (%) 8.6107 6.6747 10.5466 14.2722 10.0708 18.4736
Cut-point-based NRI’ (%)  0.2515 0.1678 0.3352 0.1609 —0.0246 0.3465
Cut-point-free NRI (%) 0.6222 0.3696 0.8749 0.9767 0.2675 1.6859
Waist circumference alone versus ABST*
Absolute IDI (%) 0.0184 0.0119 0.0249 0.0138 0.0042 0.0235
Relative IDI (%) 1.3167 0.8297 1.8038 0.9735 0.4485 1.4984
Cut-point-based NRI° (%)  0.1411 0.0634 0.2188 —0.0137 —0.1565 0.1290
have i Cut-point-free NRI (%) 0.3119 0.0427 0.5765 0.4697 <0.0017 0.9387
2%%12;(151;:5 dl}r)lg(,ieéi/D WHpR alone versus ABSI*
cardiovascular disease, IDI Absolute IDI (%) 0.0123 0.0056 0.0191 —0.0030 —0.0124 0.0064
integrated discrimination Relative IDI (%) 0.6155 0.2354 0.9956 —0.0958 —0.3588 0.1673
improvement index, NRT net Cut-point-based NRI’ (%)  0.0632  —0.0012  0.1276  —0.0257  —0.1038  0.0524
reclassification improvement .
index, WHpR waist-to-hip ratio Cut-point-free NRI (%) 0.3323 0.1309 0.5337 0.1253 —0.2863 0.5369
and WH!R waist-to-height ratio WHIR alone versus ABST*
% Calculated in accordance with Absolute IDI (%) 0.0116 0.0055 0.0178 0.0082 <0.0013 0.0162
D’Agostino et al. [19] Relative IDI (%) 0.5616 0.2688 0.8543 0.4146 0.0112 0.8180
® For cut-point-based NRI, the Cut-point-based NRI? (%)  0.0389 —0.1175 0.1952 —0.0217  —0.1471 0.1037
cut-points were set at 0.1 and Cut-point-free NRI (%) 0.2053 —0.0684 0.4790 0.4187 0.0690 0.7683

0.2 of estimated risk
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Ta.b.le 5 Added prgdictive Men Women
ability to the Framingham
“general CVD” algorithm Statistic 95 % Cls Statistic 95 % Cls
conferred by different
anthropometric measures BMI + General CVD risk®
Absolute IDI (%) 0.0000  —0.0012 0.0012 0.0002 —0.0003 0.0007
Relative IDI (%) 0.0001  —0.0085 0.0088 0.0016 —0.0026 0.0057
Cut-point-based NRI’ (%)  0.0194 0.0035 0.0353 0.0071 —0.0133 0.0275
Cut-point-free NRI (%) —0.0766°  —0.1778 0.0245  —0.1175°  —0.2641 0.0291
Waist circumference + General CVD risk®
Absolute IDI (%) —0.0018°¢ —0.0043 0.0007 —0.0006° —0.0027 0.0015
Relative IDI (%) —0.0127¢ —0.0300 0.0045 —0.0044¢ —0.0207 0.0119
Cut-point-based NRI® (%)  —0.0220° —0.0526 0.0086 0.0261 —0.0048 0.0570
Cut-point-free NRI (%) —0.1345°  —0.2478  —0.0212  —0.1797°  —0.2995  —0.0598
. a
ABSI a body shape index, WHPpR + General CVD risk
BMI body mass index, CVD Absolute IDI (%) —0.0025°  —0.0054 0.0004  —0.0046°  —0.0087  —0.0005
cardiovascular disease, /DI Relative IDI (%) —0.0179°¢ —0.0382 0.0024 —0.0347¢ —0.0649 —0.0045
integrated dls?rl(fimﬂa]slgl; Cut-point-based NRI® (%)  —0.0082°  —0.0413 0.0249 0.0148  —0.0338 0.0633
improvement index, N/ net Cut-point-free NRI (%)  —0.1285¢  —02592  0.0021  —0.1492°  —02834  —0.0150
reclassification improvement o
index, WHpR waist-to-hip ratio WHIR + General CVD risk*
and WHIR waist-to-height ratio Absolute IDI (%) —0.0016° —0.0041 0.0008 —0.0009¢ —0.0034 0.0017
 Calculated in accordance with Relative IDI (%) —0.0117° —0.0294 0.0061  —0.0066° —0.0261 0.0129
bD Agostino et al. [19] Cut-point-based NRI’ (%)~ 0.0016 ~ —0.0324 00356 00147  —0.0192  0.0487
For cut-point-based NRI, the Cut-point-free NRI (%)  —0.1311°  —02350 —0.0272 —0.1164° —02434  0.0106
cut-points were set at 0.1 and .
0.2 of estimated risk ABSI + General CVD I'lSka
¢ Negative signs indicate less Absolute IDI (%) —0.0059° —0.0092 —0.0026 —0.0037°  —0.0069  —0.0005
predictive ability for ABSI as Relative IDI (%) —0.0409° —0.0623 —0.0196  —0.0279¢ —0.0513 —0.0044
compared to the general CVD Cut-point-based NRI” (%) ~ —0.0309°  —0.0760 00143 00062  —0.0350  0.0474
algorithm, WHR, WHpR or Cut-point-free NRI (%)  —0.0767° —02010 00477 —0.0818° —02294  0.0657

BMI

and diabetes, as well as increasing in death rates from
CVD and all causes [27-30]. In order to develop appropri-
ate preventative strategies to tackle CVD and other obesity
complications, there is a deep need for understanding the
association between measures of adiposity and cardio-met-
abolic risk factors such as blood levels of cholesterol and
TGs. To understand these associations, the distribution of
fat should be studied along with the total amount of body
fat [31]. Some studies showed that central fat (accumula-
tion of fat in the abdominal area) is more strongly related to
cardiovascular risk than peripheral fat [32, 33]. Therefore,
achieving a reliable and accurate estimation of body fatness
and fat distribution is essential in both clinical and epide-
miological settings [34]. Some techniques for body compo-
sition assessment such as densitometry, dual-energy X-ray
absorptiometry and MRI provide more accurate informa-
tion on fat masses and its regional distribution; however,
they are expensive, time consuming and impractical for use
in routine clinics and epidemiological studies [35]. Further-
more, these measures are not routinely accessible [3]. For
the last 30 years, obesity has been measured by BMI [29].
However, some limitations restricted the utility of BMI for

stratifying cardio-metabolic risks [36]. An important limi-
tation of the BMI is its inability to distinguish between fat
and lean mass, which show opposing relations with health
risk. Therefore, compared with direct measurement of per-
cent body fat, BMI significantly underestimates the preva-
lence of obesity [37]. Furthermore, BMI is a measure of
general body mass, not central adiposity, which has been
shown to be a stronger predictor of CVD [27, 38]. It has
been shown that measures of adiposity are correlated with
cardiovascular risk, but no single adiposity measure has
been shown to be the best predictor [39]. To more accu-
rately measure central adiposity, some studies suggest
using of WC, WHpR or WHIR instead of BMI [34, 40]. A
global agreement on a single measure that best represents
the adiposity-associated health risk continues to be lacking.

ABSI, which is a new obesity measure based on WC
adjusted for height and weight, was expected to improve the
assessment of obesity [13]. High ABSI indicates that WC
is higher than expected for a given height and weight and
corresponds to a more central accumulation of body volume
[13, 41]. ABSI has been postulated to contribute to defin-
ing the risk of sarcopenia among those who are overweight
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or obese. In other words, there is an inverse relationship
between “a body shape index” (ABSI) and fat-free mass
among both women and men [42]. Sarcopenic obesity is
generally defined as high fat to fat-free mass ratio. Skeletal
muscle may be negatively influenced by the pro-inflam-
matory milieu associated with visceral fat, while the load-
ing effect induced by a heavier BMI may enhance muscle
anabolism [43-45]. Previous studies indicated that height
has been inversely associated with CVD [46]. As such, it
may be prudent to correct WC for height especially in men
with lower WC and higher height [47, 48]. There is a weak
correlation between ABSI and height [49]. Putting together
the impact of different anthropometric measures (i.e., the
effects of general, central and gluteal adiposity altogether)
can help more precisely exploring explore how body size
and obesity might contribute to the risk of CVD [50].

In the current study, we observed that ABSI was a bet-
ter predictor of CVD compared with other anthropomet-
ric indices. However, the superiority of ABSI in predict-
ing CVD decreased after considering the traditional CVD
risk factors in multivariate models. As such, much of ABSI
superiority might have possibly stemmed from the amount
of information (or statistically speaking, variations) that it
shared with the traditional CVD risk factors. Despite hav-
ing weaknesses in conferring any additional predictability
to Framingham general CVD algorithm, ABSI provides
more information than other traditional anthropometric
measures in settings where information on traditional CVD
risk factors is not available. Therefore, it can still be used
as a practical criterion to predict adiposity-related health
risks in clinical assessments.

There are few studies investigating the predictability of
ABSI for different metabolic disturbances. The predict-
ability of the ABSI for mortality might not hold across all
sub-groups. For example, although ABSI shows good cor-
relation with surgical complications in patients with gastric
cancer [51], it is not independently associated with mor-
tality among patients on renal replacement therapy [52].
In some studies, no superiority has been found for ABSI
over other anthropometric measures in prediction of CVD
and metabolic syndrome [41, 49]. Yin Bun Cheung, in
the study conducted in a middle-age and older Indonesian
population, reported that ABSI was less strongly associated
with incident hypertension than were WC and BMI [53].
In contrast, in a sample of Portuguese adolescents, ABSI
explained a greater amount of the variance in blood pres-
sure than did WC and BMI. As such, when examining the
effect of weight status on BP, it would be justified to con-
sider use of ABSI alongside BMI [54]. Krakauer et al. [13]
showed that ABSI was an independent predictor of 5-year
mortality in a US population of non-pregnant adults. Data
from the Spanish EPIC cohort study support the sugges-
tion of using more than one obesity index (ABSI and other
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obesity indices together) in the study of stroke risk predic-
tion [50]. Future studies are needed to delineate the limits
of ABST’s utility in different ethnic groups [13, 41].

A marker strongly associated with outcome is generally
assumed to be effective for classifying persons according to
their current or future outcome. However, for this assump-
tion to be true, the associated relative risk must be of a
magnitude rarely seen in epidemiologic studies. As such,
the relative clinical utility of risk factors could not be fully
captured by merely comparing the magnitude of their haz-
ard ratios [25, 55-61]. We found that ABSI, despite having
larger HRs, failed to attain consistent superiority, in terms of
predictive capacity for CVD, over any other anthropometric
measures as indicated by contradictory results from absolute
and relative IDI and cut-point-based and cut-point-free NRI
among women. The predictive abilities of these anthropo-
metric measures for CVD risks did not differ significantly.

ABSI is not a direct surrogate measure of adiposity,
rather it has been developed using a mathematical model
with an intention to combine the effects of different surro-
gates of adiposity. What we have studied here is whether
or not such a modeling strategy for combining the effects
of different anthropometric measures could be any superior
to what could be generally done via traditional regression
models. The effect of the ABSI or other anthropometric
measurements on health status might have been mediated
by some components of the Framingham algorithm. This
may explain why these measures failed to achieve superior-
ity over the algorithm. On the other hand, variations in each
individual component of the Framingham algorithm might
not have been accounted for by variations in the anthro-
pometric measures. As such, they may have been able to
explain the variation in CVD above and beyond what could
have been done by anthropometric measures. For example,
hypertension; while associated with adiposity, it is affected
by many other factors that are independent of adiposity.
Consequently, the contribution of hypertension to CVD
could not be explained by adiposity. However, hypertension
can reflect a pathway through which adiposity affects the
cardiovascular health status. Finally, there are some predic-
tors, such as smoking, in the CVD risk score that predict
CVD independently of the adiposity. Therefore, it is not
surprising that a combination of all these predictors as mir-
rored in “Framingham general CVD risk algorithms” per-
forms better than any other anthropometric measures do.

The strength of our prospective study lies in a reason-
able sample size, length of follow-up and direct measure-
ment of the anthropometric measures rather than relying on
the self-reported measurements. The large sample size ena-
bles us to investigate the sex-specific contribution of ABSI
to the risk of incident CVD. To the best of our knowledge,
this is the first study that examined the sex-specific predic-
tive ability of ABSI as standalone or as a component of a
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prediction model in concert with other CVD risk factors.
Furthermore, we have extended our investigation beyond
merely comparing the magnitude of the relative risks and
have explored the clinical usefulness of competing mark-
ers using the novel statistical approaches of NRI and IDI.
However, data for the current study were secured from a
Middle Eastern population, and further studies will be
required to investigative reproducibility of our findings
across different ethnicities.

In conclusion, we observed that ABSI, independently of
traditional risk factors, can predict the 10-year incidence of
CVD in both adult men and women. Although ABSI could
not improve the predictability of Framingham algorithm,
it provides more information than do other traditional
anthropometric measures in settings where information on
traditional CVD risk factors are not available, and it may
be used as a practical criterion to predict adiposity-related
health risks in clinical assessments.
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