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Objective. To determine whether categories of obesity based on BMI and an anthropometry-based estimate of fat mass percentage
(FM% equation) have similar discriminative ability for markers of cardiometabolic risk as measurements of FM% by dual-energy
X-ray absorptiometry (DXA) or bioimpedance analysis (BIA). Design and Methods. A study of 40–79-year-old male (n = 205)
and female (n = 388) Finns. Weight, height, blood pressure, triacylglycerols, HDL cholesterol, and fasting blood glucose were
measured. Body composition was assessed byDXA and BIA and a FM%-equation. Results. For grade 1 hypertension, dyslipidaemia,
and impaired fasting glucose >6.1 mmol/L, the categories of obesity as defined by BMI and the FM% equation had 1.9% to 3.7%
(𝑃 < 0.01) higher discriminative power compared to DXA. For grade 2 hypertension the FM% equation discriminated 1.2% (P =
0.05) lower than DXA and 2.8% (𝑃 < 0.01) lower than BIA. Receiver operation characteristics confirmed BIA as best predictor of
grade 2 hypertension and the FM%equation as best predictor of grade 1 hypertension. All other differences in area under curve were
small (≤0.04) and 95% confidence intervals included 0. Conclusions. Both BMI and FM% equations may predict cardiometabolic
risk with similar discriminative ability as FM%measured by DXA or BIA.

1. Introduction

Obesity is associated with cardiometabolic risk [1, 2]. The
most commonly used definition of obesity is the body mass
index (BMI). With the advance of more sophisticated mea-
surements tools, assessment of body composition, rather than
body mass, is increasingly used to study obesity-associated
health risks [3, 4]. Although BMI correlates well with fat mass

percentage (FM%) [5] it gives only a fair estimate of FM% [6],
and individuals with large muscle mass may be misclassified
as overweight or obese [7].

Dual-energy X-ray absorptiometry (DXA) devices
estimate FM%with acceptable accuracy and have become the
referencemethod for estimating body composition [8]. How-
ever, their drawbacks are radiation exposure, relatively high
cost, and limited accessibility. Compared to DXA,
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bioimpedance analysis (BIA) has been shown to provide a
good degree of accuracy in various populations of healthy
subjects with stable hydration levels and within the normal
range of body fat [9–11]. Bioimpedance is dependent not only
on body composition (water content) but also on body size
(cross-sectional areas in trunk and limbs). Since the pro-
portions of body segments depend not only on weight, age,
and gender but also on race, estimation equations for FM%
need to be population specific. However, computational algo-
rithms used to estimate FM% in commercial BIA units are
generally proprietary and confidential and may be changed
without notice. Further, population specific studies to valid-
ate these equations are either lacking or unpublished.

Equations that estimate FM% based on simple anthropo-
metric measures such as weight, height, and waist circumfer-
ence (FM%equations) overcome someof the shortcomings of
DXA and BIA: they are simple and inexpensive and can be
applied to existing epidemiological data. Most of the FM%
equations have been validated against DXAmeasurements in
different populations [12, 13]. Consequently, they have a lower
degree of accuracy in estimating FM% than DXA measure-
ments.

The hypothesis tested in this study is that this loss of accu-
racy in estimating FM% is irrelevant in the assessment of
obesity-related cardiometabolic risk on a group level, and
hence using weight and height-based FM% equations to cate-
gorize obesity yields a similar discriminative ability as DXA
or BIAmeasurements. Further, we investigate whether any of
the FM%-based measures of obesity improves on BMI.Thus,
we intend to test the null-hypothesis that all these methods
have similar predictive power for hypertension, impaired
fasting glucose, dyslipidaemia, and the metabolic syndrome.
If confirmed, FM% equations and/or BMI can be used to
identify individuals with elevated cardiometabolic risk
instead of DEXA and/or BIA. This offers considerable eco-
nomic savings, both in clinical health care and research.

2. Materials and Methods

2.1. Study Population. The study population consisted of 40–
79-year-old male (𝑛 = 205) and female (𝑛 = 388) healthy
volunteerswho resided inCentral Finland and participated in
a family study. Background information, including the health
status, was collected via a self-administrated questionnaire.
Written informed consent was obtained before the laboratory
examinations. The Ethical Committee of the Central Finland
Health Care District approved the study (Registration num-
ber: K-S shp:n dnro22.8.2008). All data were handled confi-
dentially.

2.2. Cardiometabolic Risk Factors

2.2.1. Measurements. Blood samples were taken in the morn-
ing between 0730 and 0900 after the subjects had fasted for 12
hours. Blood pressure (BP) was measured by the manual
oscillometric method after 5min rest. If women were in the
pre menopausal state, the blood sample was drawn on the
5th day from the start of menstruation. Serum was separated

within 30 minutes and stored at −80∘C until analysis. Serum
glucose, total and high-density lipoprotein (HDL) cholesterol
and triacylglycerol concentrations were measured by enzy-
matic photometry on a Kone Pro Clinical Chemistry Ana-
lyzer (Thermo Clinical Labsystems Oy, Vantaa, Finland) with
commercial kits. Low-density lipoprotein (LDL) cholesterol
was calculated using the Friedewald equation [18].

2.2.2. Definitions. In grading hypertension, we followed the
definitions of the European Society of Hypertension [19] such
as: (Grade 1 = systolic BP ≥ 140 and/or diastolic BP ≥ 90,
Grade 2 = systolic BP ≥ 160 and/or diastolic BP ≥ 100, Grade
3 = systolic bp ≥ 180 and/or diastolic BP ≥ 110).

Dyslipidaemia is defined as either triacylglycerol ≥
1.7mmol/L or HDL cholesterol < 1.0mmol/L men/1.30
mmol/L women. For Impaired fasting glucose, we examined
both the stricter International Diabetes Federation (IDF)
sponsored 5.6mmol/L (100mg/dL) and higher level of 6.1
mmol/L (110mg/dL) recommended by the WHO [20].

For definition of metabolic syndrome, we adopted cutoffs
values suggested by the common task force from the IDF and
the American Heart Association/National Heart, Lung and
Blood Institute (AHA/NHBLI) [17], requiring presence of at
least three out of the following: (1) fasting plasma glu-
cose ≥ 5.6mmol/L (100mg/dL); (2) triacylglycerol ≥ 1.7
mmol/L (150mg/dL); (3) HDL Cholesterol < 1.0mmol/L
men/1.30mmol/L women (40 and 50mg/dL, resp.); (4) waist
circumference > 102 cm men/88 cm women; and (5) systolic
BP ≥ 130mmHg OR diastolic BP ≥ 85mmHg.

2.3. Anthropometric Measurements. All measurements were
performed after an overnight fast. Participants were weighed
without shoes and with light clothes. Height was determined
to the nearest 0.1 cm using a fixed wall-scale measuring dev-
ice. Weight was determined within 0.1 kg for each subject
using an electronic scale, calibrated before eachmeasurement
session. BMI was calculated as weight (kg) per height (m2).
Waist circumference was measured with a measuring tape at
the largest circumference location between landmarks of the
most proximal iliac and the most distal rib bone as a mean
value of two measurements.

2.4. Anthropometry-Based FM% Estimation Equations (FM%
Equations). From a literature search we found five different
equations for FM% estimation in adult men and women
(Table 1). Four equations are based on age, gender, weight,
and height [12–14, 16] and one utilized in addition waist cir-
cumference [15]. A combination of prediction equations has
been shown to provide a better estimate than relying on one
equation only [21]. The relationship between anthropometric
measures and FM% is different, not only among the main
racial categories [6, 15] but, even between different countries
within Europe [22]. The population of Finland is one of the
European Union (EU) genetically most distinct populations
[23].Therefore, instead of using all 5 equations we eliminated
the 2 with the largest bias compared to DXA.Thus the chosen
equation relevant for a Finnish population is the arithmetic
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Table 1: Anthropometry- and bioimpedance-analysis- (BIA-) based estimates of fat mass percentage (FM%) and their respective bias versus
DXA measurements.

Predictor Equation for estimating FM% Men Women Combined
𝑛 Mean biasa SD 𝑛 Mean biasa SD 𝑛 Mean biasa

(1) Larsson et al. [14]
Women: FM% = (−24.18 + 1.181 ∗
weight/height)/weight
Men: FM% = (−30.84 + 1.120 ∗ weight/height)/weight

205 −1.3 4.7 388 0.1 4.1 593 −0.6

(2) Gallagher et al. [15] FM% = 64.5 – 848 ∗ (1/BMI) + 0.079 ∗ age −16.4 ∗
sexb− 0.05 ∗ sexb∗ age + 39.0 ∗ sexb∗ (1/BMI)

205 −2.4 4.6 388 −1.0 4.1 593 −1.7

(3) Deurenberg et al.
[12] FM% = 1.2∗BMI + 0.23∗age −10.8∗sexb − 5.4 205 1.7 4.9 388 2.3 4.8 593 2.0

(4) Tanita BC 418 MA bioimpedance-based proprietary algorithm 82 −4.8 3.9 58 −3.6 3.2 140 −4.2
(5) InBody (720) bioimpedance-based proprietary algorithm 181 −4.6 3.4 273 −4.7 3.0 454 −4.6

(6) Mills [13]

Women: FM% = (−2.28 + 1.268 (weight/height)
+ 0.058 ∗ age)/weight

Men: FM% = (−7.99 + 1.286 (weight/height)
+ 0.018 ∗ age)/weight

205 −11.7 5.3 388 −1.6 4.2 593 −6.7

(7) Deurenberg et al.
[16] FM% = −11.4 ∗ sexb + 0.2 ∗ age + 1.294 ∗ BMI − 8 205 5.0 6.4 388 16.5 8.9 593 10.8

(8) FM%-equation Arithmetic mean of equations (1)–(3) 205 −0.7 4.6 388 0.5 4.2 593 −0.1
afat mass percentage.
bmale: 1, female: 0.

mean of the three FM% equations with the lowest bias com-
pared to DXA:

FM% =
−24.18 + 1.181 ∗ (weight/height)

weight
for women,

(1a)

FM% =
−30.84 + 1.120 ∗ (weight/height)

weight
for men.

(1b)

For the first equation see [18]

FM% = 64.5 − 848 ∗ ( 1
BMI
)

+ 0.079 ∗ age − 16.4 ∗ sex − 0.05 ∗ sex ∗ age

+ 39.0 ∗ sex ∗ ( 1
BMI
) .

(2)

For the second equation see [15]

FM% = 1.2 ∗ BMI + 0.23 ∗ age − 10.8 ∗ sex − 5.4. (3)

For the third equation see [12] where sex= 1 for men and
0 for women.

2.5. DXA Measurements. Prodigy with software version 9.3
GE Lunar, Madison, WI, USA was used to estimate FM and
FM%. Precision of the repeated measurements expressed as
the coefficient of variation was 2.2% for FM.

2.6. Bioimpedance Measurements. InBody (720) (Biospace,
Seoul, Korea) is a multifrequency impedance body composi-
tion analyzer. Total bodywater (TBW)was estimatedwith the

manufacturer-provided device specific software from area,
volume, length, impedance, and a constant proportion (spe-
cific resistivity). Fat free mass (FFM) was estimated by divid-
ing TBW by 0.73. Readings of FFM and FM% are reported in
this paper. Precision of the repeatedmeasurements expressed
as coefficient of variation was, on average, 0.6% for FM%.

2.7. Statistical Analysis. The concepts of reclassification index
and integrated discrimination improvement were introduced
by Pencina et al. [24] and described and illustrated by Cook
and Ridker [25]. Briefly, the net reclassification index (NRI)
compares two models that divide participants into different
categories of risk for a dichotomous outcome. It is calculated
as the net increase versus decrease in risk categories among
case patients minus that among noncase participants:

NRI = [Pr (up \ cases) − Pr (down \ cases)]

− [Pr (up \ non-cases) − Pr (down \ non-cases)] .
(4)

Thus, a positive NRI means that the comparison method has
a better predictive power than the reference method.

The integrated discrimination improvement (IDI) de-
scribes the mean difference in predicted probabilities bet-
ween case patients and noncase participants for two models.
It is calculated from individual predicted probabilities for
each participant in the respective models:

IDI = (ave 𝑝cases − ave 𝑝controls)comparison method

− (ave 𝑝cases − ave 𝑝controls)reference method ,
(5)
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Table 2: Anthropometric and metabolic characteristics of the study population.

Men Women
𝑛 Mean 95% CI 𝑛 Mean 95% CI

Age (years) 205 57 (55–58) 388 56 (55–57)
Height (cm) 205 176 (175–177) 388 163 (162–164)
Weight (kg) 205 82.5 (81.0–83.9) 388 70.6 (69.3–71.9)
BMI (kg/m2) 205 26.6 (26.2–27.1) 388 26.6 (26.1–27.1)
Fat mass (kg) 205 22.7 (22–23.6) 388 26.9 (25.9–27.9)
Fat mass (%) 205 27.1 (26–27.9) 388 37.1 (36.4–37.9)
Waist circumference (cm) 200 95 (93–96) 376 86 (85–87)
Chest circumference (cm) 166 102 (101–103) 269 98 (96–99)
Systolic blood pressure (mmHg) 201 146 (144–149) 377 142 (140–145)
Diastolic blood pressure (mmHg) 201 85 (84–87) 377 83 (82–84)
Fasting glucose (mmol/L) 166 5.8 (5.6–5.9) 301 5.6 (5.5–5.7)
Fasting insulin (𝜇IU/ml) 166 10.1 (6.5–14) 302 8.2 (7.5–9.0)
Total cholesterol (mmol/L) 167 5.3 (5.1–5.4) 302 5.5 (5.4–5.6)
HDL (mmol/L) 167 1.5 (1.4–1.6) 302 1.8 (1.7–1.9)
LDL (mmol/L) 167 3.1 (3–3.3) 302 3.1 (3.0–3.2)
Triglycerides (mmol/L) 167 1.5 (1.3–1.6) 302 1.2 (1.2-1.3)
Free fatty acids (mmol/L) 167 496 (450–542) 302 541 (502–580)

where 𝑝 is the predicted probability for each participant. Pre-
dicted individual probabilities are derived from gender-spe-
cific logistic regressions with obesity category as independent
variable, 10-year age groups as covariates, and the cardiomet-
abolic risk factor in question as outcome. The difference in
slopes is ameasure of improvement in themodel.Thus, a pos-
itive IDI means that the comparisonmethod has a better pre-
dictive power than the reference method.

Categories of obesity according to each specific obesity-
estimation method were formed based on age and gender.
Each of the 4 subgroups (men and women aged above and
below 60 years, resp.) was sorted by degree of obesity, separ-
ately for each definition (i.e., BMI and various FM%measure-
ments and estimates). Percentiles at BMI 25 and 30 were used
to obtain corresponding cutoffs for obesity categories accord-
ing to each of the FM%-measurement and estimation meth-
ods. Thus we obtained categories of obesity with identical
numbers of subjects but partly different individuals sorted by
degree of obesity according to the respective method. Due to
small numbers of underweight and severely obese subjects we
settled on the following categories: (1) normal BMI ≤ 24.9;
(2) overweight BMI 25–29.9, and (3) obese BMI ≥ 30
(Table 2). Based on percentiles corresponding to these cut-
offs, we categorized participants as normal, overweight, or
obese according to each of the different FM%-estimates
(DXA, BIA, FM%-prediction equations). Finally, we com-
pared the predictive power of the categories of obesity with
cardiometabolic risk factors (hypertension, impaired fasting
glucose, dyslipidaemia, and metabolic syndrome) as out-
comes.We used DXA-based categories of obesity as the refer-
ence for all other models. Furthermore, we made additional
comparisons between obesity categories based on BIA and
BMI.

Bland-Altman plots were used to compare the mean dif-
ference of the various FM% equations to DXA (Figures 1 and
2). A comparison of the two BIA devices against DXA in our
study population has been published previously [26].

For models using BMI and FM% as a continuous vari-
ables, nonnormally distributed variables were power-trans-
formed. Distributions of the resulting variables fulfilled crite-
ria for goodness of fit with normal distribution (Kolmogorov-
Smirnov 𝑃 > 0.15 and Anderson-Darling 𝑃 > 0.25). How-
ever, results obtained from calculations based on transformed
variables were identical with those obtained by nontransfor-
med variables. This indicates that the ROCmodels are more
robust with regards to the normal distribution assumption
than suggested by Goddard and Hinberg [27].

Receiver operating characteristics were calculated from
sex-specific logistic regressions withmethod specific obesity-
categories and 10-year age categories as independent vari-
ables. The SAS-procedure: PROC LOGISTIC/roc-contrast
was used to estimate differences in area under curve (AUC).

The Statistical Analysis System (SAS for Windows, ver-
sion 9.2, SAS Institute, Carry, NC, USA) was used for all stati-
stical evaluations. For calculation of net reclassification index
and integrated discrimination improvementwe adapted SAS-
macros provided by Cook and Ridker as a supplement [25].

3. Results

Anthropometric and metabolic characteristics of the study
population are given in Table 3. The mean values showed
slight overweight and mild hypertension both in males and
females. Fasting glucose was in the range of impaired fasting
glucose in men but not in women (according to the lower
cutoff of 5.6mmol/L recommended by the IDF [28]).
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Figure 1: Bland-Altman plots for estimates of fat mass percent (FM%): DXA versus FM%-prediction equations and bioimpedance in men.

Comparisons of predictive powers of the various obesity
measures for hypertension grades 1 and 2 [19] and dyslip-
idaemia are given in Table 4. There were too few subjects
with grade 3 hypertension to build stable mathematical mod-
els. BMI, FM%-equation- andBIA-based categories of obesity

improved discrimination for grade 1 hypertension compared
to DXA by 1.5–1.9%. BMI and FM% equation-based cate-
gories of obesity had 1.2% lower discrimination for grade 2
hypertension compared to DXA and 2.5–2.8% lower com-
pared to BIA. BMI categories provided 2.5–3.7% improved
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Figure 2: Bland-Altman plots for estimates of fat mass percent (FM%): DXA versus FM%-prediction equations and bioimpedance in women.
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Table 3: Values in fat mass percentage (FM%) for the method-specific percentile corresponding to BMI percentiles at BMI 25 and 30,
respectively.

FM% cutoffs corresponding to BMI 25 FM% cut-offs corresponding to BMI 30
Men Women Men Women

Methoda/age-group <60 ≥60 y <60 ≥60 y <60 ≥60 y <60 ≥60 y
DXA 24.0 26.1 36.7 34.7 32.3 37.5 44.0 43.8
BIA InBodyb 19.3 23.0 31.5 31.9 28.7 34.0 38.7 40.8
FM%-equationc 24.0 26.3 35.3 37.4 30.1 31.7 41.6 43.8
aMethod of measurement, based on which participants are classified in categories of obesity.
bEstimation of FM% with bioimpedance device InBody (720) (Biospace, Korea).
cAnthropometry-based estimation of FM%; arithmetic mean of FM% estimates according to prediction methods Deurenberg et al. [12], Gallagher et al. [15],
and Larsson et al. [14].

discrimination regarding dyslipidaemia compared to both
DXA and BIA. AUC, based on continuous variables, showed
better prediction of grade 1 hypertension for BIA and FM%
equations compared to DXA in women, but not in men. For
prediction of grade 2 hypertension BIAwas superior to DXA,
BMI, and FM% equations. Differences in net reclassification
did not reach significance level.

A comparison of the various obesity-measures ability to
indicate different levels of impaired fasting glucose andmeta-
bolic syndrome is given in Table 5. Prediction of impaired
fasting glucose with the lower cutoff was similar for all meth-
ods. Both BIA- and FM% equation-based categories outper-
formed DXA by 2.6% to 3.5% in predicting impaired fasting
glucose of 6.1mmol/L (110mg/dL) or more. All methods had
similar discrimination with regard to the metabolic syn-
drome. In the sex-specificROCanalyses, therewere no signif-
icant differences in AUC. Again, differences in net reclassifi-
cation did not reach significance level.

The receiver operated characteristics of the different obes-
ity measures as predictors of cardiometabolic risk factors are
shown in Figures 3 and 4. BIA-based categories were the best
predictors of hypertension in men. In women, FM% equa-
tionswere the best predictor of grade 1 hypertension andBIA-
based categories were best predictors of grade 2 hypertension.
For all other outcomes differences inAUCwere small (<0.05).

A comparison of 95% confidence intervals for differences
in integrated discrimination and AUC between DXA and
the anthropometry-based estimate is given in Figure 5. Inte-
grated discrimination improvements varied between −3%
and +6%. Differences in AUC were between −0.1 and +0.1 in
men and between −0.5 and 0.1 in women.

4. Discussion

In this population of healthy, middle aged, and elderly Finns
we found that anthropometry-based FM%-predictions and
BMI had similar predictive power for obesity-associated car-
diometabolic risk markers as FM% derived from DXA- or
BIA measurements. Some of the studied obesity measures
have small advantages in discriminating one single cardio-
metabolic risk factor. With regard to metabolic syndrome—
which combines all of the studied risk factors—discrim-
inative ability of all obesity measures is similar.

Our results are consistent with findings from other
healthy populations that used DXA as reference method. In a
multi ethnic survey of adults [5] BMI andwaist circumference
were comparable toDXAmeasurements of fatmass andFM%
as assessed by their correlations with blood pressure, lipids,
fasting glucose, C-reactive protein, and fasting insulin. In
addition, BMI and waist circumference demonstrated similar
abilities to distinguish between participants with and without
metabolic syndrome. In a smaller study of elderlywomen [29]
BMI and DXA-measured FM% had similar correlations with
and discriminative ability of hypertension, dyslipidaemia,
and hyperglycaemia. In a study of Caucasian children [30],
measures of total and central fatmass fromDXAdid not show
an improved ability over BMI, to identify children with elev-
ated systolic BP. A recent review of studies in patients with
pulmonary disease [31] found no evidence that body compo-
sition calculated from BIA and anthropometry was better at
predicting clinical outcomes than body composition calcu-
lated by simple anthropometry alone.

Conversely, a study combining weight-loss outpatients
and hospital staff [32] found elevated concentrations of car-
diometabolic risk factors in nonobese individuals according
to BMI but obese based on FM%-categories. The reference
method was air displacement plethysmography and—unlike
our results—BMI was found to systematically underestimate
the degree of obesity. However, this study utilized a different
reference method, had identical FM% cutoffs for all age
groups (18 to 80 years of age), and was conducted in a dif-
ferent ethnic group and a higher proportion of obese subjects.
A higher prevalence of diseased subjects could be another
potential explanation for the different outcome as measure-
ments of body composition have been reported to have better
discriminative and prognostic ability compared to BMI both
during and after chronic disease [33–35].

Ethnicity influenced the methodology of our study. The
relationship between anthropometric measures and FM% is
different, not only among themain racial categories [6, 15] but
even between different countries within Europe [22]. The
population of Finland is one of the European Union’s (EU)
geneticallymost distinct populations [23] andwith 96%of the
residents born within the country [36] also one of EU:s most
homogenous. This uniqueness was further confirmed by a
European multi centre study developing BMI-based FM%-
predictions based on BIA measurements in which the bias in
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Figure 3: Receiver operating characteristic of DXA, BIA, BMI, and anthropometry-based estimate of fat mass percent (FM%-equation) as
predictors of hypertension and dyslipidaemia. (a) In direct comparisons, the area under curve (AUC) for the anthropometry-based estimate of
fat mass percentage (FM%-equation) is larger thanAUC for BMI (𝑃 = 0.021). (b) AUC for the BIA InBody is larger than for DXA (𝑃 < 0.001).
AUC for FM%-equation is larger than for both DXA and BMI (𝑃 < 0.001). (c) AUC for BIA InBody is larger than for BMI (𝑃 = 0.006) as is
AUC for the FM%-equation (𝑃 < 0.001). (d) AUC for the BIA InBody is larger than for DXA and BMI (𝑃 < 0.001) and also larger than for
the FM% equation (𝑃 < 0.044). AUC for the FM% equation is larger than for BMI (𝑃 < 0.001). (e) AUC for the FM%-equation is larger than
for BIA InBody (𝑃 = 0.013). (f) There are no significant differences in areas under curve (AUC) for the different methods.
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Figure 4: Receiver operating characteristic of DXA, BIA, BMI, and anthropometry-based estimate of fat mass percent (FM%-equation) as
predictors of elevated fasting glucose and the metabolic syndrome. (a)–(f) There are no significant differences in direct comparisons of areas
under curve (AUC) for the different methods.



12 Journal of Obesity

IFG >6.1mmol/L

IFG >5.6mmol/L

Dyslipidaemia

BP >160/100

BP >140/90

Metabolic syndrome

DXA FM%
equationbetter better

−0.1 −0.05 0 +0.05 +0.1

Integrated discrimination improvement

(a) Discrimination analysis: 95% CI

IFG >6.1mmol/L

IFG >5.6mmol/L

Dyslipidaemia

BP >160/100

BP >140/90

Metabolic syndrome

−0.2 −0.1 0 +0.1 +0.2−0.2 −0.1 0 +0.1 +0.2

WomenMen

DXA FM%
equationbetter better

DXA FM%
equationbetter better

Difference in area under curveDifference in area under curve

(b) Receiver operating characteristic: 95% CI

Figure 5: Comparison of DXA and anthropometry-based estimate of fat mass percent (FM% equation) as predictors of cardiometabolic risk
factors. (a) Comparison of the integrated discrimination (= mean individual prediction of cases−mean individual prediction of referents)
between categories of obesity based on DXA measurements and categories-based on anthropometry-based estimate of fat mass percentage
(FM% equation) basis: whole study population, bothmen and women. (b) Difference in area under curve between fat mass % as a continuous
variable measured by DXA and estimated by FM%-equation.

the Finnish population differed from that of all other sites
[37]. Since there are no official FM% cutoffs to categorize
obesity and the most frequently used values are derived from
BMI cutoffs in a US population [15, 38, 39], we settled for
comparing percentile-based categories. Further, instead of
using a mean of all available FM% equations, we selected the
three that are most relevant for a Finnish population, based
on bias versus DXA-values for FM%. As the two different
anthropometry-based measures of adiposity performed
equally well against DXA and BIA, selection of FM% equa-
tions is unlikely to have distorted our results.

Absence of data regarding prescribed medication is a
further limitation of our study. Both antihypertensive and
cholesterol-lowering agents weaken the association between
obesity and hypertension/dyslipidaemia, as they attenuate the
outcome (hypertension, dyslipidaemia) without changing the
exposure we study (obesity). Neither DXA nor BIAmeasure-
ments are part of routine health care in Finland. However,
anthropometric measures are taken frequently in primary
care and—if indicating obesity—often lead to further labora-
tory testing whichmay ultimately result in the prescription of

lipid-lowering or antihypertensive drugs. Thus, in our com-
parison with DXA and BIA disregarding medication is likely
to have resulted in underestimation of BMI and FM% equa-
tions as risk indicator.

Both reclassification index and integrated discrimination
improvement are comparatively new statistical tools, which
may complicate the interpretation of results. The reclassifica-
tion index is exclusively based onparticipants that change risk
categories between models. It provides no confidence inter-
vals and, as in our study, it is difficult to judge if nonsignificant
results imply small differences or lack of power. The integr-
ated discrimination improvement takes into account all chan-
ges in individual probabilities between models and is, thus,
a more sensitive measure. Receiver operated characteristics
show a similar picture of only small differences in predictive
power between FM%-measurements and anthropometry-
based estimates of FM%. Thus, all three different statistical
methods yielded similar results.

Measurement and estimationmethods that are feasible in
an epidemiological context may still have too wide a range of
error to be used to predict individual risk levels in a clinical
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setting to predict individual risk levels. Although the mean
bias of some of the weight and height based FM% estimates
was smaller than that of bioimpedance, the standard devia-
tions were consistently larger. Whether that lack of precision
in estimating individual FM% translates into unacceptably
imprecise estimates of individual cardiometabolic risks can-
not be answered in the current study. Both reclassification in-
dex and integrated discrimination are used on the group level
only and provide no measures of individual variability.

5. Conclusions

Our results suggest that for predicting cardiometabolic risk
in healthy middle aged and elderly Finns at population level,
anthropometry-based categories of obesity are equivalent to
obesity categories derived fromDXAandBIAmeasurements.
Further, our results indicate that discriminative ability of an-
thropometry-based FM% equations and BMI are similar.

Low-cost measures of obesity can be utilized in screening
for obesity related risk.
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and Juho Vainion Säätiö Foundation. Benno Krachler was
supported by grants from Bruno Krachler and the Swedish
Council for Working Life and Social Research. Kai Savonen
was supported by a grant from the Finnish Medical Foun-
dation. The funding sources had no role in the collection,
analysis, and interpretation of the data or in the decision to
submit the paper for publication.

References

[1] J. C. Seidell, “Obesity, insulin resistance and diabetes—a world-
wide epidemic,” British Journal of Nutrition, vol. 83, no. 1, pp.
S5–S8, 2000.

[2] D.Wormser, S. Kaptoge, E.DiAngelantonio et al., “Separate and
combined associations of body-mass index and abdominal adi-
posity with cardiovascular disease: collaborative analysis of 58
prospective studies,” The Lancet, vol. 377, no. 9771, pp. 1085–
1095, 2011.

[3] R. Thibault, L. Genton, and C. Pichard, “Body composition:
why, when and for who?” Clinical Nutrition, vol. 31, no. 4, pp.
435–447, 2012.

[4] M. J. Müller, M. Lagerpusch, J. Enderle, B. Schautz, M. Heller,
and A. Bosy-Westphal, “Beyond the body mass index: tracking
body composition in the pathogenesis of obesity and the meta-
bolic syndrome,” Obesity Reviews, vol. 13, supplement 2, pp. 6–
13, 2012.

[5] Q. Sun, R. M. van Dam, D. Spiegelman, S. B. Heymsfield, W. C.
Willett, and F. B. Hu, “Comparison of dual-energy X-ray ab-
sorptiometric and anthropometric measures of adiposity in
relation to adiposity-related biologic factors,” American Journal
of Epidemiology, vol. 172, no. 12, pp. 1442–1454, 2010.

[6] K.M. Flegal, J. A. Shepherd, A. C. Looker et al., “Comparisons of
percentage body fat, bodymass index, waist circumference, and
waist-stature ratio in adults,”American Journal of Clinical Nutri-
tion, vol. 89, no. 2, pp. 500–508, 2009.

[7] S. B. Heymsfield, R. Scherzer, A. Pietrobelli, C. E. Lewis, and C.
Grunfeld, “Body mass index as a phenotypic expression of
adiposity: quantitative contribution of muscularity in a popu-
lation-based sample,” International Journal of Obesity, vol. 33,
no. 12, pp. 1363–1373, 2009.

[8] S. B. Heymsfield, A. Martin-Nguyen, T. M. Fong, D. Gallagher,
and A. Pietrobelli, “Body circumferences: clinical implications
emerging from a new geometric model,” Nutrition and Meta-
bolism, vol. 5, no. 1, article 24, 2008.

[9] M. Bolanowski and B. E. Nilsson, “Assessment of human body
composition using dual-energy X-ray absorptiometry and bio-
electrical impedance analysis,” Medical Science Monitor, vol. 7,
no. 5, pp. 1029–1033, 2001.

[10] N. G. Norgan, “Laboratory and field measurements of body
composition,” Public Health Nutrition, vol. 8, no. 7A, pp. 1108–
1122, 2005.

[11] G. Sun, C. R. French, G. R. Martin et al., “Comparison of multi-
frequency bioelectrical impedance analysis with dual-energy X-
ray absorptiometry for assessment of percentage body fat in
a large, healthy population,” American Journal of Clinical Nutri-
tion, vol. 81, no. 1, pp. 74–78, 2005.

[12] P. Deurenberg, J. A. Weststrate, and J. C. Seidell, “Body mass
index as a measure of body fatness: age- and sex-specific pre-
diction formulas,” British Journal of Nutrition, vol. 65, no. 2, pp.
105–114, 1991.

[13] T. C. Mills, “Predicting body fat using weight—height indices,”
Journal of Applied Statistics, vol. 35, no. 10, pp. 1131–1138, 2008.

[14] I. Larsson, B. Henning, A. K. Lindroos, I. Näslund, C. D. Sjös-
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