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Objective: The aim of this study was to describe the minimum number of anthropometric 

measures that will optimally predict insulin resistance (IR) and to characterize the utility of 

these measures among obese and nonobese adolescents.

Research design and methods: Six anthropometric measures (selected from three  categories: 

central adiposity, weight, and body composition) were measured from 1298 adolescents attend-

ing two New York City public high schools. Body composition was determined by bioelectric 

impedance analysis (BIA). The homeostatic model assessment of IR (HOMA-IR), based on 

fasting glucose and insulin concentrations, was used to estimate IR. Stepwise linear regres-

sion analyses were performed to predict HOMA-IR based on the six selected measures, while 

controlling for age.

Results: The stepwise regression retained both waist circumference (WC) and percentage of 

body fat (BF%). Notably, BMI was not retained. WC was a stronger predictor of HOMA-IR 

than BMI was. A regression model using solely WC performed best among the obese II group, 

while a model using solely BF% performed best among the lean group. Receiver operator 

characteristic curves showed the WC and BF% model to be more sensitive in detecting IR than 

BMI, but with less specificity.

Conclusion: WC combined with BF% was the best predictor of HOMA-IR. This finding can 

be attributed partly to the ability of BF% to model HOMA-IR among leaner participants and 

to the ability of WC to model HOMA-IR among participants who are more obese. BMI was 

comparatively weak in predicting IR, suggesting that assessments that are more comprehensive 

and include body composition analysis could increase detection of IR during adolescence, 

especially among those who are lean, yet insulin-resistant.

Keywords: BMI, bioelectrical impedance analysis, waist circumference, HOMA, insulin 

resistance, type 2 diabetes

Introduction
Obesity has reached epidemic proportions over the last three decades.1 Perhaps no 

group has undergone more startling changes than adolescents. The National Health and 

Nutrition Examination Survey reports that in 2008, 16.9% (12.5 million) of children 

and adolescents aged 2–19 years in the USA were obese.2 Obesity, the accumulation 

of excessive body fat, is an important risk factor for serious pathologies, including 

hypertension, dyslipidemia, insulin resistance, and type 2 diabetes.3 Although obesity 

is, itself, clinically useful as a predictor of diabetes, the relationship between obesity 

and insulin resistance (IR), a prediabetic condition, is far from absolute. Some obese 

individuals remain metabolically healthy, and some lean individuals have significant 
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insulin resistance.3 Therefore, it is important to establish 

which of the clinical anthropomorphic measures that have 

been associated with obesity help optimize the clinical pre-

diction of IR.

A variety of methods have been used to quantify the 

degree of IR, with the hyperinsulinemic euglycemic clamp 

serving as the gold standard. The clamp provides a dynamic 

and accurate assessment, but it remains expensive, invasive, 

and time-consuming, making it unsuitable for clinical pur-

poses or large-scale studies.4 The homeostasis model assess-

ment of IR (HOMA-IR) was developed to provide a simple, 

reliable, and inexpensive correlate to the clamp.5,6 Although 

the HOMA-IR is a static measure, it has been validated 

against the clamp6 and used extensively in adolescents, with 

a value of 3.16 proposed as the low value, above which there 

may be significant IR in adolescents.4

While the HOMA-IR provides a reasonable estimate 

of insulin resistance, it is rarely performed without an 

initial degree of clinical suspicion. Often, this suspicion is 

based on excessive weight. Body mass index (BMI)7 has 

been shown to be a useful predictor of insulin resistance.8 

Because body weight is the composite of the weight of all 

tissue types, BMI does not differentiate muscle from fat and, 

therefore, is a particularly poor measure of obesity among 

 individuals such as athletes, who may have substantially 

greater muscle mass.9

The simplicity of BMI makes it an attractive choice for 

clinicians; however, a number of more nuanced methods for 

quantifying body composition (adipose tissue, in particular) 

have been developed. Because BMI increases throughout 

adolescence, the Centers for Disease Control and Prevention 

(CDC) has produced growth charts that provide percentiles of 

BMI based on age and sex.10 Many methods focus on quanti-

fying central adiposity – the amount of fat in the abdominal 

region – which has been shown to be a powerful predictor 

of IR and other pathologies, such as metabolic syndrome 

and hypertension.11 Waist circumference (WC), the most 

commonly utilized measure to quantify central adiposity, 

is an independent predictor for blood pressure, lipid levels, 

and IR.12 However, WC has limitations as an absolute mea-

sure, and many have proposed a modification, the so called 

“ waist-to-height” ratio, which is remarkably stable during 

normal adolescent growth.13

A number of methods have been developed to measure 

more directly the amount of fat tissue. Computed  tomography 

and magnetic resonance scans can accurately measure 

abdominal fat,14–16 but they are expensive (in the case of 

computed tomography, there is also radiation exposure) and 

require highly trained personnel for scan acquisition and data 

interpretation. Densitometric determinations of fat mass rely 

on submerging the subject underwater to perform hydrostatic 

weighing and volumetric measurements.

Bioelectric impedance analysis (BIA) has been in use 

since the 1980s to assess body composition. The advantages 

of BIA are that it is portable, relatively low cost, and non-

invasive, and at the same time, maintains a high degree of 

accuracy and precision.17,18 A four-site cross-validation study 

showed high correlations (r2 . 0.9) between BIA measures 

and densitometrically determined lean body mass.17 BIA is 

a useful method to estimate body composition for studies 

interested in a scalable and low-cost method.

Developing effective, inexpensive, noninvasive, and scal-

able screening techniques that can be used as markers for IR 

will facilitate the identification of individuals who would 

benefit from an intervention aimed at minimizing obesity-

associated disease. Earlier detection of IR can potentially 

result in earlier interventions and improved health outcomes. 

Variability in IR based on age, ethnicity,19 sex,20 and body 

morphology11 have prompted investigations to search for more 

accurate and precise methods of assessing an  adolescent’s risk 

of IR. A recent study by Gomez-Ambrosi et al shows that 

the overreliance on one mode of measurement may under-

serve patients who are physiologically normal according to 

one measurement (such as BMI), but are abnormal by other 

measures, such as body fat percentage or lipid profiles.21 

These patients will need more comprehensive evaluations, 

in order not to miss existent pathological conditions or delay 

interventions, and to keep the human and economic costs of 

preventable clinical disease from accruing.

The abundance of options for quantifying adiposity has 

led to discussions regarding which measures provide the 

most clinically useful and predictive information.22,23 While 

most researchers have focused on using only one measure 

at a time,24 we sought to ascertain the possible combination 

of measures, feasible in a community setting, which would 

lead to optimized prediction of HOMA-IR value as a marker 

of IR. We used measures from three anthropomorphic 

categories: central adiposity, body composition, and BMI. 

In summary, the goal of this study was to describe which 

measures are necessary to predict HOMA-IR optimally and 

to characterize the relative importance of these measures 

between obese and nonobese individuals.

Research design and methods
The study was approved by the Institutional Review Boards of 

the New York University School of Medicine, the Nathan Kline 
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Research Institute, the New York City Department of Educa-

tion, and the New York City Department of Health and Mental 

Hygiene. The study procedures were carried out in accordance 

with the principles of the Declaration of Helsinki. Written 

informed consent was obtained from all participants (from the 

participants’ parents for those under 18 years of age).

The study group included 1298 subjects (714 females 

and 584 males), 14–20 years of age, from two New York 

City public high schools serving predominately Hispanic 

and African American students. At these schools, 82% of the 

students were eligible for the free lunch program, for which 

only economically disadvantaged households qualify. We 

excluded 26 participants due to self-reported type 1 diabetes, 

glucocorticoid use, BMI less than 16 kg/m2, or self-reported 

failure to fast during the 10 hours prior to the early morning 

blood draw. An additional 13 participants were excluded 

because they had fasting glucose levels either more than three 

SDs above the average or below the lower limit of normal 

glucose (,60 mg/dL). The characteristics of the included 

participants are shown in Table 1. For further details on the 

study and a complete description of the BODY Project pro-

cedures, please refer to Sweat and colleagues.25

Anthropometric methods
Each student was measured individually and confidentially, 

behind privacy screens. Height was measured in centimeters 

with no shoes, heels together, and the back of the subject 

parallel to the stadiometer (214 height rod; SECA, Hamburg, 

Germany). Weight was measured with an electronic, calibrated 

Health-O-Meter 349KLX balance beam scale (400 lb capac-

ity) (Pelstar LLC, Bridgeview, IL), with only light clothes 

on. BMI was calculated in the standard way, using the algo-

rithm provided by the CDC (Weight [kg])/(Height [m])2. We 

 classified the participants into four groups, according to BMI: 

Lean (BMI , 24.9 kg/m2), Overweight (25 # BMI , 29.9), 

Obese I (30 # BMI , 34.9), and Obese II (BMI $ 35). Using 

the CDC growth chart, the BMI scores were transformed to 

produce age- and sex-adjusted BMI percentiles.

Waist circumference was measured, in centimeters, over a 

single layer of light clothes, with the student standing with a 

tape measure placed circumferentially parallel to the ground, 

just above the iliac crest, which generally corresponds to the 

level just below the umbilicus.

Body composition was estimated with bioelectrical 

impedance analysis, using a body composition 2.1 RJL 

 Portable System and the Quantum IV Bioelectrical Imped-

ance Analyzer (RJL Systems, Clinton Township, MI). Elec-

trodes were placed on the standing  subject’s clean skin on 

ipsilateral hand and foot; then, a small, imperceptible current 

was passed between those electrodes, and the body’s electri-

cal resistance was recorded. By utilizing reference norms 

provided by the RJL, and depending on body frame size, 

estimates of body fat percentage and skeletal muscle mass 

were derived. First, fat mass was calculated using Chum-

lea’s equations, based on the National Health and Nutrition 

Examination Survey III data set.18 Then, body fat percentage 

was derived by dividing the participant’s fat mass by his or 

her total weight. Skeletal muscle mass was also determined 

through bioelectrical impedance analysis, and was calculated 

using Janssen’s equation.26

Laboratory determinations
Fasting blood samples to measure glucose and insulin 

levels were obtained between 7:30 and 8:00 am, after an 

overnight fast. The samples were collected prior to the 

beginning of the school day to limit the variability in  activity 

among the  students. IR was estimated by the HOMA-IR, 

using the equation HOMA-IR = fasting insulin concentra-

tion (µU/mL) × fasting glucose concentration (mg/dL)/405. 

Although HOMA-IR is a quantitative variable, we also cre-

ated a qualitative measure of IR using the HOMA-IR lower 

limit of 3.16, above which adolescents were deemed insulin 

resistant.

Statistical analysis
Stepwise linear regression analyses, utilizing six  candidate 

anthropomorphic measures as potential independent 

 predictors, were performed to predict HOMA-IR. The six 

anthropomorphic measures used were WC, weight (kg), BMI, 

Table 1 Participant characteristics

Males (n = 584) Females (n = 714)

Mean ± SD 
(range)

Mean ± SD 
(range)

Age (years) 17.3 ± 1.28 17 ± 1.24
(14.4–20.9) (14.1–20.0)

BMI (kg/m2) 27.8 ± 6.04 27.3 ± 5.93
(16.3–55.8) (16.3–55.2)

TGs (mg/dL) 82.2 ± 40.8 73.7 ± 31.2
(22–330) (13–227)

Glucose (mg/dL) 81.8 ± 6.54 79.4 ± 6.54
(66–102) (61–102)

hOMA-IR 2.51 ± 2.22 2.54 ± 1.98
(0.35–17.1) (0.32–21.8)

Insulin (mU/mL) 12.2 ± 10.1 12.9 ± 9.3
(2–81.2) (2–99.2)

Abbreviations: BMI, body mass index; hOMA-IR, homeostasis model of 
assessment-insulin resistance; SD, standard deviation; TGs, triglycerides.

submit your manuscript | www.dovepress.com

Dovepress 

Dovepress

221

Predicting insulin resistance from anthropometric measures

www.dovepress.com
www.dovepress.com
www.dovepress.com


Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy 2012:5

age- and sex-adjusted BMI percentile, body fat  percentage 

(BF%), and skeletal muscle mass. Given that IR can be 

affected by age in adolescents, all regressions were run 

controlling for age. Due to the skewed nature of HOMA-IR 

scores in our sample, we used the natural log of HOMA-IR 

in the analysis to normalize its distribution. A stepwise 

regression was performed on all 1298 participants, using 

six anthropomorphic measures as predictive variables and 

Ln(HOMA-IR) as the dependent variable. Please note that to 

control for age-dependent variation in insulin sensitivity, age 

was manually entered into all regressions. Entry parameters 

were set at (F , 0.05), and removal parameters were set at 

(F . 0.10). A second stepwise regression was run, with the 

same conditions, after dividing the participants by sex.

After producing our multivariable model using stepwise 

regression, we wanted to assess how the new model would 

perform in the clinical prediction of IR. To this end, we 

entered the predicted HOMA-IR scores as a “test variable” 

in a receiver operator characteristic (ROC) curve, with the 

“state variable” being a HOMA-IR score above 3.16, as 

determined by the fasting glucose and insulin levels. In other 

words, participants were sorted into “normal” or “insulin-

resistant” groups by the predicted HOMA-IR scores of our 

newly derived model, and the accuracy of these groupings 

was compared with the actual degree of IR of our participants, 

as determined by blood samples. For the sake of comparison, 

the same procedure was performed to create ROC curves 

based on univariate models derived from WC, BF%, and 

BMI. Each model was analyzed for sensitivity and specific-

ity at its optimal point of dichotomization as determined 

by selecting the point on the ROC curve with the maximal 

Youden index (calculated as 1 - sensitivity + specificity).

Finally, the correlation coefficients between the predicted 

HOMA-IR values (based on four different sets of predictive 

measures) and the observed HOMA-IR values were calcu-

lated for participants in each of the four BMI groups (lean, 

overweight, obese I, and obese II). These correlations were 

graphed to depict the strength of different predictive variables 

in predicting HOMA-IR across the different BMI categories. 

All statistical analyses were performed using SPSS software 

(v. 19; SPSS Inc, Chicago, IL).

Results
We had a total of 1298 students (470 lean, 462 overweight, 

223 obese I, and 143 obese II) of predominantly Hispanic 

origin (922 Hispanic, 242 black, 134 other). The majority 

of our participants were not classified as insulin-resistant: 

982 students had a HOMA-IR value less than 3.16, while 

only 316 students had a HOMA-IR value above 3.16. The 

proportion of participants classified as insulin-resistant was, 

as expected, highest among obese subjects, in particular in the 

obese II group; nevertheless, 8% of the lean group and 19% 

of the overweight group had HOMA-IR scores $3.16.

After we manually entered age into the equation, the 

stepwise regression produced an equation that retained only 

WC and BF%. The standardized beta coefficients of these 

variables were WC = 0.421, BF% = 0.229, and age = -0.157, 

indicating that WC predicted the largest amount of variance 

in Ln (HOMA-IR). BMI was not retained by the stepwise 

model, indicating that BMI has no predictive value once WC 

and BF% are accounted for. A comparison of single-variable 

regression models revealed WC to be the most predictive 

variable.

Females are known to have a larger percent of body fat 

than males across all weight groups, and as BF% was retained 

in the models predicting HOMA-IR for the whole popula-

tion, we ran the same stepwise regression again, separating 

the group by sex.27 These sex-specific stepwise regressions 

returned the same two predictive variables as did the overall 

model, but with slightly modified beta coefficients. Although 

both models were highly significant in their prediction of 

Ln(HOMA-IR), the model for males (r2 = 0.427) predicted a 

higher percentage of variance than did the model for females 

(r2 = 0.275).

The strength of the correlation between modeled 

HOMA-IR values and actual HOMA-IR values varied 

across BMI groups. The regression model using WC as a 

predictive factor performed the best in the obese II group, 

and had the worst predictive capacity in the lean group. The 

opposite was true of the regression model based on BF%; 

this model performed best among the lean group and worst 

among the obese II group. In contrast, the regression model 

that combined both WC and BF% was much more consistent 

across BMI ranges. In order to illustrate these findings, we 

calculated each participant’s “modeled HOMA-IR score” 

using four models with unique predictive measures: BMI, 

WC and BF%, WC, and BF%. These modeled HOMA-IR 

scores were then related to the measured HOMA-IR values 

by means of correlation coefficients in each of the four weight 

categories. Figure 1 shows these correlations. Please note 

that although BMI was not retained in the stepwise model, 

its ability to predict HOMA-IR is shown in Figure 1 as a 

reference, as it is often used clinically.

Finally, our ROC curves showed that a model based on 

WC and BF% was the best combination of anthropomorphic 

measures for predicting HOMA-IR, having the largest area 
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Figure 1 Correlation coefficients between modeled and actual HOMA-IR values, separated by BMI type. 
Notes: The modeled hOMA-IR values are from four separate linear regression models using the following unique variable sets: BMI, WC and BF%, WC, and BF%. All four 
models are controlled for age. 
Abbreviations: BF%, percentage of body fat; BMI, body mass index; hOMA-IR, homeostasis model of assessment-insulin resistance; WC and BF%, waist circumference and 
percentage of body fat; WC, waist circumference.

under the curve (AUC), with a value of 0.816. This was sig-

nificantly larger than the three other models, which scored as 

follows: WC (AUC = 0.811), BMI (AUC = 0.802), and BF% 

(AUC = 0.717). Finally, comparing the two models at their 

optimal dichotomization points (by selecting the point on the 

ROC curve that produced the largest value of  [sensitivity + 

specificity]) indicated that our WC and BF% model was 

more sensitive in detecting IR than BMI (0.80 vs 0.75), but 

this came at the expense of a slight decrease in specificity 

(0.68 vs 0.71). The gap in models was most profound among 

participants with a BMI ,30. Among these nonobese par-

ticipants, the optimal BMI model had a  sensitivity = 0.40, 

with a specificity = 0.86, while the WC and BF% model’s 

performance had better sensitivity (0.58) with only a small 

reduction in specificity (0.80).

Conclusions
This study provided two main findings. The first is that waist 

circumference combined with body fat percentage was the 

best predictor of HOMA-IR. The second finding was that 

the higher performance of the WC and BF% model can 

be partly attributed to the strength of BF% in predicting 

HOMA-IR among leaner participants, and the strength of 

WC in predicting HOMA-IR among participants who are 

more obese. These findings point to the relative weakness of 

BMI in predicting IR and suggest that assessments that are 

more comprehensive and include body composition analyses 

may increase detection of IR during adolescence. These data 

suggest that for obese patients (BMI $ 30), the use of WC is 

a highly informative predictor of HOMA-IR and could serve 

as a convincing basis for suspicion of clinical IR. However, 

in overweight and lean adolescents (BMI ,30 kg/m2), the 

proportion of body fat may add important information about 

increases in adipose tissue that are not detected with WC.

It is worth noting that we were better able to predict 

HOMA-IR scores for male participants than for females. We 

suspect that the lower predictive capacity among females may 

be due to nonmodeled variability of HOMA-IR caused by 

variations in the estrous cycle among females; it is known 

that insulin production varies throughout the estrous cycle.27 

We also observed a wider distribution of WC and muscle 

mass among males, which may have contributed to a more 

precise modeling of HOMA-IR.

While we did not classify our participants by Tanner 

stage, our data shows a trend of increasing insulin sensitivity 

as participants exit puberty. As our participants were mostly 

16–19 years old, the correlation of a lower HOMA-IR with 

older age agrees with previous studies showing a drop in 

insulin sensitivity during midadolescence.28

As has been described by other investigators, it is likely 

that the subset of insulin resistant, nonobese individuals may 

have an increase in intramuscular fat deposits.29 The existence 

of a lean, yet insulin-resistant, phenotype suggests that any 

model to detect IR based solely on weight (eg, BMI) will 

be insensitive among this subset of patients. This problem 

is emphasized by the work of Gomez-Ambrosi et al, who 

showed that some “lean” subjects are actually “obese” when 

measuring percentage of body fat.21 While Gomez-Ambrosi 

showed that air-displacement plethysmography could uncover 

these “hidden” obese participants, our data suggests that the 
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measurement of BF% using a simple bioimpedance analysis 

method is also useful. This is important because it indicates 

that body fat can be measured using a cheaper, portable, scal-

able method, while still producing results accurate enough to 

be clinically useful.

Figure 1 illustrates how body-impedance analysis pro-

vides special insight about lean patients. The findings suggest 

that WC has improved sensitivity when obesity has become 

extensive enough to produce clear central adiposity, while 

the sensitivity of BF% among leaner participants suggests 

that noncentral adiposity, such as fat accumulation in muscle 

and/or the liver, may also significantly contribute to IR in 

some individuals.30

The use of ROC curves allowed us to determine whether 

higher r2 values would directly translate into increased sen-

sitivity and specificity in the classification of IR. It could 

be argued that optimization of the dichotomization point 

should take into account underlying disease prevalence and 

weigh the risks and benefits of identifying someone errone-

ously as IR (false positive) versus missing someone who 

is IR (false negative). However, given that the first line of 

treatment for IR is centered around improvements in life-

style, we would advocate that it is preferable to intervene 

when not necessary, rather than missing someone in need of 

intervention. The dichotomization point for WC or BF% to 

establish risk will differ, depending on characteristics of the 

individual. However, by looking at an average participant, 

our results most closely adhere to the following previously 

recommended cutoffs for WC and BF%: 88 cm for females 

and 102 cm for males, 35% for females and 25% for males, 

respectively.31,32

The strengths of this study were the large sample size, 

its applicability to the real world because of the low cost, 

and evaluation in a community setting. Our emphasis on an 

adolescent population is another strength of this study. By 

focusing on anthropomorphic measures with low collection 

costs that can be reliably collected by trained nonmedical 

personnel in a community setting, we hope to encourage the 

increased practice of screening for IR in adolescents.

Perhaps the most significant weakness of our study was 

the lack of ethnic diversity among our participants, with 

the vast majority being Hispanic, thus limiting our ability 

to generalize to a broader population. Second, HOMA-IR 

has the limitation of being a nondynamic assessment of 

insulin function. Furthermore, the splitting of HOMA-IR 

from a quantitative variable into a qualitative variable for 

the ROC curve reduced the statistical power of our findings. 

However, this seemed a worthwhile tradeoff, as it provided 

the clinically pertinent values of sensitivity and specificity; 

the quantitative HOMA-IR scores produced by our linear 

regression models are less understandable to clinicians.

We conclude that the use of BMI as the sole screening 

tool for IR in adolescents is insufficient. Not only have single 

measures other than BMI, such as waist circumference, been 

shown to be more accurate predictors of HOMA, but the use 

of multiple variables, as documented in this study, provide 

further additive improvements in prediction. We propose that 

the use of WC, with judicious further utilization of BF% by 

means of body impedance analysis in leaner subjects, would 

provide optimal predictive capacity while keeping the process 

clinically feasible and scalable.
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