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Abdominal subcutaneous fat tissue (ASFT) is an independent predictor of

mortality. This prospective observational study aimed to establish a rapid,

safe, and convenient estimation equation for abdominal subcutaneous fat

area (SFA) using bioimpedance analysis (BIA) combined with sagittal abdominal

diameter (SAD). A total of 520 adult subjects were recruited and were randomly

divided into 2/3 (n = 346) and 1/3 (n = 174) to form a modeling group

(MG) and a validation group (VG), respectively. Each subject’s abdomen was

scanned using computed tomography to obtain target variables (SFACT).

Predictor variables for all subjects included bioimpedance index (h2/Z),

anthropometric parameters height (h), weight (W), waist circumference (WC),

hip circumference (HC), and SAD, alongwith age and sex (male=1, female= 0).

SFA estimation equation SFABIA+SAD was established for theMGusing stepwise

multiple regression analysis. Cross-validation was performed using VG to

evaluate the performance of the SFABIA+SAD estimation equation. Stepwise

multiple regression analysis was applied from the MG, including SFABIA+SAD

= 49.89 + 1.09 SAD−29.90 Sex + 4.71 W−3.63 h2/Z−1.50h (r = 0.92, SEE =

28.10 cm2, n = 346, p < 0.001). Mean di�erences in SFABIA+SAD relative to

SFACT were −1.21 ± 21.53, 2.85 ± 27.16, and −0.98 ± 36.6 cm2 at di�erent

levels of obesity (eutrophic, overweight, obese), respectively. This study did not

have a large number of samples in di�erent fields, so it did not have completely

external validity. Application of BIA combined with SAD in anthropometric

parameters achieves fast, accurate and convenient SAF measurement. Results

of this study provide a simple, reliable, and practical measurement that can be

widely used in epidemiological studies and in measuring individual SFA.
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abdominal obesity, bioelectrical impedance, cross-validation, sagittal abdominal
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Introduction

Obesity has become a global medical problem over the

past few decades, and is projected to only worsen in the

foreseeable future (1). Overweight and obesity are closely

associated with chronic disease and increased morbidity and

mortality. Related issues often lead to cardiovascular disease or

metabolic syndrome. Direct and indirect medical expenses also

place a huge economic burden on society (2).

Abdominal subcutaneous fat tissue (ASFT) and abdominal

visceral adipose tissue (AVAT) have different effects on

metabolic homeostasis, but their quantity and distribution

are both risk factors for cardiometabolic diseases (3).

Abdominal obesity is a major risk factor for diabetes and

cardiovascular disease. Excess visceral and subcutaneous

fat are key contributors to abdominal obesity. Visceral and

subcutaneous fat differ in structure, metabolic activity,

and functional significance. The current study suggests

that a positive caloric balance in individuals with impaired

adipogenesis may lead to adipocyte hypertrophy of the ASFT.

This in turn leads to impaired energy storage and ASFT

dysfunction (4). Insufficient ASFT reservoirs can lead to

redistribution of free fatty acids to ectopic tissues such as

liver, and skeletal muscle, thereby increasing metabolic risk

(5). Metabolic syndrome may develop when ASFT stores fat

in ectopic locations, which may lead to developing insulin

resistance or lipotoxicity (6, 7). When AVAT is higher than

ASFT, the risk of atherosclerotic cardiovascular disease and

hemodynamic abnormalities increases (8, 9).

Several methods for indirect assessment of abdominal fat

include body mass index (BMI), waist-to-hip ratio (WHR), and

skin-fold thickness measurement (10–12) or dual-energy X-ray

absorptiometry (DXA) (13). However, to obtain more accurate

measurements, non-invasive methods such as computed

tomography (CT) or magnetic resonance imaging (MRI) are

required, which can accurately identify specific fat areas. Several

studies have compared CT andMRI techniques (14, 15), and the

use of MRI or CT to measure abdominal fat has been validated

since the 1980 s (16, 17). Recent fully automated CT and MRI

can accurately measure visceral and subcutaneous fat in obese

people (18, 19). However, the high cost and time requirements

of CT and MRI are the main limitations of their widespread use

even though they yield precise measurements when performing

medical examinations or academic research.

Bioelectrical impedance analysis (BIA) is a simple, safe,

rapid, and non-invasive method for assessing body composition.

Many studies have compared the measurement results of the

calibration method and BIA, and they are widely used in clinical

and epidemiological studies (20, 21). BIA can also be used

to measure AVAT or visceral fat area (VFA) (22, 23) but the

application of BIA to the measurement of ASFT or abdominal

subcutaneous fat area (SFA) is very limited. Therefore, this

study applied bioimpedance measurement combined with

anthropometry, and used computed tomography as a reference

method to establish and verify the estimation equation of BIA

in SFA.

Subjects and methods

Study design and subjects

In this prospective observational and cross-sectional study.

Subjects were recruited through hospital advertisements and

word ofmouth at Puzi Hospital in southern Taiwan. The subjects

were tested by the non-random purposive sampling method.

Potential participants were healthy adults who came to the

hospital for their free NHS continuing healthcare checklist (24).

Answering questionnaires and signing experimental consent

forms was under the introduction of a trained research assistant.

Long-term bedridden persons, those who had a change in

weight in the previous year or recently, and those who had

undergone abdominal surgery in the past were excluded from

this experiment. Patients with malignant tumors and chronic

liver disease were also excluded from this experiment. A

total of 520 subjects were ultimately included in the study.

This study complied with the ethical guidelines of the 1975

Declaration of Helsinki. Participants filled out personal data,

including medical history and health status. Included subjects

were adults over age 20 years who were free from endocrine,

nutritional or growth disorders, or any major chronic diseases.

Subjects previously diagnosed with diabetes, cancer, liver disease

with renal insufficiency, or chronic asthma or pregnancy were

excluded. The 520 included subjects were randomly divided into

groups of 2/3 (n = 346) and 1/3 (n = 174) to form a MG and a

VG, respectively.

Ethical considerations

The study protocol was approved by the Human Trials

Committee of Taso-Tun Psychiatric Center, Ministry of Health

and Welfare, Nan-Tou, Taiwan (IRB 109043). After volunteers

met the inclusion criteria, and received explanation of the study

from the researchers, all included subjects provided signed

informed consent to participate.

Anthropometry

Participants’ body weights were measured to the nearest

0.1 kg using a body composition analyzer BC418MA (Tanita

Co, Tokyo, Japan). Each subject’s barefoot height was measured

to the nearest 0.5 cm using a height ruler (Holtain, Cosswell,

Wales, UK). Body mass index (BMI) was defined as weight

(kg) divided by height (meters) squared. Waist Circumference
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(WC) is measured with the feet together, the abdominal muscles

relaxed, the arms naturally on the sides, normal breathing, and

the narrowest position of the body below the ribs and above

the navel. Hip Circumference (HC) is measured at the widest

point if the buttocks (25); both were measured using a standard

tape measure to the nearest 0.1 cm. Each anthropometric

measurement was performed by trained observers. All subjects

wore hospital cotton/polyester blend gowns and minimal

underwear. The measuring tool was calibrated weekly by the

same observer.

Computerized tomography

Participants’ abdominal region was scanned using a 64-

slice computed tomography scanner (Somatron Sensation 64

CT System, Siemens Corp., Germany) together with operating

software (software version, Syngo CT2005A). Each participant

was placed supine on the CT scanning platform, the lumbar

region was scanned, with scanning voltage 120 Kv, tube current

120 mAs, X-ray width 1.5mm, scanning time 0.5 s, slice

thickness 5mm, and images were captured at 2mm intervals.

The image reconstruction kernel index was B20.

Two image analysts (observers) were trained by radiologists

in localizing human anatomy in relation to the L3–L4 lumbar

spine. A fixed image analysis program was used to calculate the

abdominal cross-sectional area (ACSA) at the L3–L4 lumbar

height. Image processing Slice-O-Matic version 4.3 software

(Tomovision, Magog, QC, Canada), and Slice-O-Matic image

analysis program was used for quantitative analysis of the image

area. The image format was DICOM (Digital Imaging and

Communications in Medicine) and Slice-O-Matic was used for

image opening. Image analysts used Slice-O-Matic to circle

the VFA and SFA, expressed in VFACT and SFACT. Sagittal

abdominal diameter (SAD) was measured at the largest supine

anteroposterior dimeter at lumbar vertebra levels of L3–L4.

Transvers abdominal diameter (TAD) is defined as the largest

spanned width of the body in the sliced image. As shown in

Figure 1, its diameter was measured by manually fitting the

smallest possible rectangle, including the entire abdominal area

in the image slice.

Bioelectrical impedance

Subjects were not allowed to drink alcoholic beverages 48 h

before the test. No diuretics were used for the seven days prior

to the test. Subjects had to fast for 4 h and avoid vigorous activity

and alcohol for 24 h before the test. On arrival, subjects were

asked to remove all metal objects and empty their bladder. After

standing up for at least 10min, subjects were placed on the

BIA with barefoot and arms separated from the trunk. Thumbs,

hands, feet and heels were positioned in contact with the

FIGURE 1

The sagittal abdominal diameter (SAD) and the transverse

abdominal diameter (TAD) in the abdominal cross-sectional

image, with subcutaneous adipose tissue and visceral adipose

tissue represented in light gray and white, respectively.

corresponding electrodes. Two measurements were taken from

each individual. For accurate measurements, wet hands and feet

with an electrolyte paper towel before measurement. Female

subjects were excluded from testing during menstruation. All

subjects had no history of nutritional, endocrine or growth

disorders. A standing 8-contact electrode impedance analyzer

BC418MA (Tanita Co., Tokyo, Japan) was used for impedance

measurements. During the test, the subject stands on the base

platform, holds the handles embedded with the transmitting and

sensing electrode plates with both hands, and the soles of the

feet naturally touch the sensing and transmitting and sensing

electrode pairs with body weight pressure. The BC418MA

applies a single alternate current of 0.55mA with the frequency

of 50 kHz to measure the impedance of the left and right upper

limbs, lower limbs and whole body, respectively.

The coefficient of variation of the impedance measurements

of the current flow path throughout the whole body was

evaluated within-day and between-days. Five males and five

females were tested. The subjects repeated the impedance

measurement 10 times within 1 h of the day, and the impedance

measurement was carried out at the same time period over

5 days.

Statistical analysis

Values in this study are presented as mean ± SD. Values

shown in parentheses are the minimum and maximum values.

Continuous variables in this study include weight, height, age

and BMI and all of them were normally distributed according

to the Shapiro-Wilk tests. Levene’s test was performed to

test its homogeneity. The Akaike Information Criterion (AIC)

were presented to evaluate the precision of the estimation

equations. Given that a sample size of 218 subjects was calculated
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considering a power of 95% and a type 1 error of 5% to achieve

a medium effect size for the coefficient of determination (r2)

increases in the estimation equation with the inclusion of 5

predictors (G∗power 3.1) (26), or sample size of 346 athletes

was sufficient for assuring an adequate power analysis in model

development. Multiple linear regression analysis with stepwise

variable selection, and SFACT was used as the response variable

in the MG. The bioimpedance index “h2/Z” was combined

with the anthropometric parameters of height (h), weight (W),

age (Age), gender (sex, female = 0, male = 1), WC, HC,

BMI, WHR, SAD and TAD were predictor variables. The

parameters Forward (Fin = 4.00) and Backward (Fout = 3.99)

were used to obtain the selected predictor variables. When the

correlation between predictor variables was too high, variance

inflation factor (VIF) ≥5 was applied to remove the predictor

variables from the estimation equation. The estimation equation

SFA (SFABIA+SAD) was constructed, and the corresponding

regression coefficient, standard error of the estimate (SEE),

and r2 were obtained to evaluate the performance of the

estimation equation. The SFABIA−SAD obtained by applying VG

data was analyzed by correlation and Bland-Altman plot with

SFACT as the reference value. BMI was the obesity criterion.

All subjects were divided into three groups, eutrophic (BMI

< 25 kg/m2), overweight (25 kg/m2 ≤ BMI < 30 kg/m2),

and obese (BMI > 30 kg/m2). One-way ANOVA was used to

compare the differences of SFABIA+SAD and SFACT between the

different obesity groups. All statistical analyses were performed

using the statistical analysis software SPSS Version 20 (IBM

SPSS, Armonk, NY, USA). The level of statistically significant

difference was set at p < 0.05.

Results

Subjects were randomly divided into an MG of 346 subjects

and a VG of 174 subjects. The MG included 206 males (age:

37.8± 15.9 years old, BMI: 26.1± 3.5 kg/m2), 140 females (age:

41.3 ± 16.6 years, BMI: 24.9 ± 3.8 kg/m2). The VG included

107 males (age: 37.1 ± 14.9 years, BMI: 26.0 ± 3.6 kg/m2) and

67 females (age: 42.4 ± 16.8 years, BMI: 25.1 ± 3.6 kg/m2).

The abdominal subcutaneous fat area (SFACT) was 100.1± 68.3

cm2 in males and 142.0 ± 73.4 cm2 in females. The continuous

variables were normally distributed (weight, height, age, and

BMI). The measurement results for SFACT and other variables

are shown in Table 1. For whole-body impedance measurements

within 1 day, the coefficient of variation of the subjects was 0.3–

0.8%. The coefficient of variation for the same subjects on the

between-days was 0.9–1.8%.

In multiple linear regression analysis with stepwise variable

selection, TAD, WC, HC, age, and BMI were excluded, and

SAD, Sex, W, h2/Z, and h were predictor variables of SFACT

in sequence. When each estimated variable was added to the

SFACT estimation equation one by one, its r2, SEE and the

regression coefficient of each estimated variable changed, as

shown in Table 2. The SFABIA+SAD estimation equation is

shown in equation (1):

SFABIA+SAD = 2.08 SAD − 57.26 Sex + 1.39 W

− 3.67h2/Z − 1.50 h

(r2 = 0.842, SEE = 28.10cm2, p < 0.001, n = 346) (1)

Figure 2 depicts the regression line obtained by equation (1),

the distribution and its mean difference, the limit of agreement

(LOA) in the distribution diagram and the Bland-Altman Plots

in the MG. In Figure 2A, the regression line equation is SFACT

= 1.014 SFABIA+SAD−2.341; in Figure 2B, Bias ± 1.96 SD was

−51.29 and 51.32 cm2.

Figure 3 shows the regression line obtained by applying

equation (1), the distribution and its mean difference, the LOA

on the distribution plot and the Bland-Altman Plots on the VG.

In Figure 3A, the regression line equation is SFACT = 0.972

SFABIA+SAD−5.72, r = 0.930. In Figure 3B, bias ± 1.96 SD was

−50.23, 50.67 cm2.

Figure 4, Bar charts of Equation (1) was fitted from the

three groups of eutrophic nutritional status (BMI < 25 kg/m2),

overweight (25 kg/m2 ≤ BMI < 30 kg/m2), and obese (BMI

> 30 kg/m2). As shown in Figure 4A, the mean differences of

SFABIA+SAD and SFACT in the three groups were −1.21, 2.85,

−0.98 cm2 and SD were 21.53, 27.16, 36.60 cm2, respectively.

As shown in Figure 4B, the mean differences in the male group

(Males, n = 309) were −8.62, 4.54, and 3.15 cm2, respectively,

and the SDs were 19.01, 27.32, and 37.37 cm2, respectively. As

shown in Figure 4C, the mean differences in the female group

(Females, n = 204) were 4.70, −0.36, −12.61 cm2, and the SDs

were 21.8, 36.6, 33.36 cm2, respectively.

The correlation coefficients between the response variable

SAFCT and each estimated variable were SAD (r = 0.782), WC

(r = 0.750), BMI (r = 0.738), HC (r = 0.690), W (r = 0.516),

h2/Z (r = −0.321), WHR (r = 0.287), sex (r = −0.265), h (r =

−0.262), TAD (r = 0.220), and age (r = 0.216).

Discussion

The present study is the first to use BIA combined with

accurate abdominal computed tomography anthropometric

parameters to verify the established SFA estimation equation

with homogeneity. The current estimates of abdominal fat or

abdominal obesity are based primarily onAVAT. Compared with

AVAT, the current methods for estimating SFA are limited (27).

Therefore, it is particularly important to establish a simple, safe

and valuable SFA estimation equation for abdominal obesity or

SFA measurement.

Many studies have shown that SFA correlated highly with

anthropometric indicators such as WC, HC and BMI. However,
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TABLE 1 Demographic and physical characteristics of the study participants.

Modeling group (n= 346)

Variable Males (n= 206) Females (n= 140) P

Age (year) 37.8± 15.9 (18.2, 81.5) 41.3± 16.6 (18.5, 73.5) **

Height (cm) 171.7± 7.2 (151.2, 197.3) 160.7± 6.0 (149.0, 176.0) **

Weight (kg) 77.1± 12.1 (50.5, 124.5) 63.7± 1.1 (45.5, 110.2) **

BMI (kg/m2) 26.1± 3.5 (19.7, 41.4) 24.9± 3.8 (18.8, 39.5) *

ACSACT (cm) 488.0± 123.7 (286.3, 854.3) 432.7± 98.2 (273.4, 702.5) **

VFACT (cm) 63.4± 48.5 (15.2, 201.4) 49.6± 33.4 (16.3, 192.5) **

SFACT (cm) 99.0± 69.6 (12.2, 443.3) 145.2± 76.5 (45.7, 488.3) **

WC (cm) 82.9± 10.1 (65.0, 122.0) 79.7± 1.6 (58.0, 122.0) *

HC (cm) 98.4± 7.5 (65.0, 123.0) 97.3± 8.8 (61.5, 129.0)

WHR 0.84± 0.07 (0.72, 1.24) 0.82± 0.07 (0.65, 1.09)

Z (ohm) 523.1± 61.0 (372.0, 729.0) 663.7± 79.7 (506.0, 856.5) **

H2/Z (cm2/ohm) 57.3± 8.2 (38.7, 81.8) 39.5± 5.2 (30.1, 51.8) **

SAD (cm) 19.2± 2.6 (14.8, 29.8) 18.5± 2.8 (14.1, 30.1) *

TAD (cm) 29.8± 3.7 (25.6, 37.7) 29.6± 3.9 (22.5, 40.6)

Validation group (n= 174)

Male (n= 107) Female (n= 67) P

Age (years) 37.1± 14.9 (20.0, 61.1) 42.4± 16.8 (20.3, 84.8) **

Height (cm) 172.6± 8.0 (148.0, 195.0) 159.9± 6.7 (143.3, 176.0) **

Weight (kg) 77.8± 13.6 (43.2, 106.7) 63.8± 11.0 (43.2, 109.5) **

BMI (kg/m2) 26.0± 3.6 (19.2, 37.9) 25.1± 3.6 (18.2, 37.9) *

ACSACT (cm2) 483.0± 109.7 (294.3, 820.5) 432.1± 95.3 (280.4, 6,952) **

VFACT (cm2) 65.2± 46.6 (17.2, 194.4) 49.6± 31.7 (17.3, 182.1) **

SFACT (cm2) 102.1± 66.1 (12.0, 349.3) 135.4± 66.4 (30.8, 342.9) **

WC (cm) 82.7± 10.3 (64.0, 124.0) 79.1± 1.8 (56.0, 120.0) *

HC (cm) 98.8± 7.9 (62.0, 125.0) 96.3± 8.3 (62.1, 128.8)

WHR 0.83± 0.06 (0.71, 1.22) 0.81± 0.06 (0.64, 1.10)

Z (ohm) 528.2± 59.6 (411.3, 554.7) 668.1± 83.7 (496.6, 892.3) **

h2/Z (cm2/ohm) 57.3± 8.3 (32.5, 66.0) 39.0± 6.3 (27.2, 58.6) **

SAD (cm) 19.2± 2.7 (13.8, 26.5) 18.3± 2.8 (13.9, 24.9) *

TAD (cm) 29.7± 3.1 (25.3, 36.7) 29.7± 3.7 (23.7, 39.3)

WHR,Waist-hip ratio; SAD, Sagittal abdominal diameter; ACSA, abdominal cross-sectional area; BMI, Body mass index; SFA, subcutaneous fat area; VFA, visceral fat area; h, height; TAD,

Transvers abdominal diameter; *p < 0.05; **p < 0.001.

results have been inconsistent across studies, ranging from

0.23 to 0.92 for the correlation of SFA with anthropometric

measures (28, 29). This discrepancy may be due to the different

characteristics of subjects in different age groups, ethnic groups

or in different studies. In the stepwise regression analysis used

in this study, SAD, gender, weight, bioimpedance index, and

height were obtained sequentially as the predictor variables of

SFACT. However, age,WC,HC, BMI, and TDAwere not selected

as predictor variables in the SFA estimation equation in the

stepwise regression analysis. SAD was the estimated variable

that correlated most with the response variable “SFA” in this

study, followed by WC, BMI, and HC. In fact, SAD was the

first variable to be selected in stepwise regression analysis, which

has the highest correlation with SFACT and is also the most

explanatory of SFA among all predictor variables. WC, BMI,

and HC had high collinearity with SAD, and the correlation

coefficients were 0.825, 0.821, 0.668, respectively, but were

not selected in the estimation model. This study reported a

correlation coefficient of 0.78 between SAD and SFA, regardless

of gender, which is similar to previous studies showing that the

correlation coefficients between SAD and SFA were 0.66–0.78

and 0.72–0.76 inmale and female, respectively (30–32). SAD acts
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TABLE 2 Multiple regression analysis of sagittal abdominal diameter (SAD) measured with bioelectrical impedance measures as predictor variable

and SFACT as response variable (Modeling group).

Cumulative dependent variable used in model (n= 346)

SAD + Sex +W + h2/Z + h Intercept SEE r
2 ACI

2.08± 0.09 (1.00)** – – – – −277.17± 17.10** 44.12 0.612 854

2.26± 0.07 (1.03)** −57.26± 3.86 (1.03)** – – – −276.83± 12.64** 34.40 0.764 832

1.82± 0.09 (2.17)** −72.31± 4.38 (1.47)** 1.39± 0.22 (2.82)** – – −277.82± 12.65** 32.62 0.788 812

1.39± 0.9 (2.75)** −36.69± 5.44 (2.86)** 3.82± 0.32 (4.60)** −3.67± 0.39 (4.70)** – −199.48± 14.02** 29.08 0.831 801

1.09± 0.11 (3.88)** −29.90± 5.43 (3.06)** 4.71± 0.36 (4.81)** −3.63± 0.37 (4.71)** −1.50± 0.30 (3.11)** 43.89± 50.69 28.10 0.842 798

Regression coefficient estimate ± SEE (VIF, variance inflation factor); r2 , determination coefficient; SAD, sagittal abdominal diameter; SEE, standard estimate error; h2/Z, bioimpedance

index; h, height; * , P < 0.05; ** , P < 0.001; r2 , coefficient of determinations; Sex (female= 0, male= 1); W, weight; AIC, Akaike’s information criteria.

FIGURE 2

(A,B) Correlation analysis (top) and di�erence analysis (bottom)

of SFA in the MG on SFACT, bioimpedance and SAD. The

di�erence (calculated SFACT-SFABIA+SAD on Bland-Altman) is the

mean of the corresponding measurements of SFA on CT and

BIA + SAD (y = 12.07 − 0.029 x, p = 0.103). Blue circles

represent males and red circles represent females.

as an indicator for estimating abdominal obesity and is highly

correlated with cardio metabolic risk factors, anthropometric

parameters and body fat estimates (33).

The bioimpedance index has good power and correlation

with the body’s fat-free mass or lean mass or body fluids

(34). In the present study, the power or correlation of the

bioimpedance index to SFACT was lower than that of many

FIGURE 3

(A,B) Correlation analysis (top) and di�erence analysis (bottom)

of SFA in the validation group on SFACT, bioimpedance and SAD.

The di�erence (calculated SFACT-SFABIA+SAD on Bland-Altman) is

the mean of the corresponding measurements of SFA on CT and

BIA + SAD (y = 13.33 − 0.035, p = 0.193). Blue circles represent

males and red circles represent females.

anthropometric variables. The power of the bioimpedance index

for total body fat mass was also not high. The impedance

measurement used in this study was a standing whole-body

measurement mode. The dual-impedance method (35), which

directly measures abdominal impedance, should theoretically

increase the correlation with SFA, and may improve the

measurement accuracy of BIA in SFA. VFA estimate has

Frontiers inNutrition 06 frontiersin.org

https://doi.org/10.3389/fnut.2022.952929
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org


Lai et al. 10.3389/fnut.2022.952929

FIGURE 4

SFA-dependent bias of SFABIA+SAD compared with SFACT in (A)

total (n = 520), BMI < 25 kg/m2, n =154; 25 kg/m2 ≤ BMI > 30

kg/m2, n = 275; BMI > 30 kg/m2, n = 104 (B)male (n = 310), BMI

< 25 kg/m2, n = 67; 25 kg/m2 ≤ BMI > 30 kg/m2, n = 180; BMI

> 30 kg/m2, n = 62 and (C) female (n = 210), BMI < 25 kg/m2, n

= 86; 25 kg/m2 ≤ BMI > 30 kg/m2, n = 96; BMI > 30 kg/m2, n =

22. Data are presented as the mean di�erence ± SD. Means with

symbol are significantly di�erent, p < 0.05(*), p < 0.01(**).

been provided by some of the BIA models using abdominal

dual BIA or segmental BIA methods. The Inbody 720/770

model measures impedance of five segments of the body and

VFA estimate is derived from a regression analysis using the

segmental impedance. In contrast, a DUALSCAN HDS-2000

(Omron Healthcare Co., Kyoto, Japan), an abdominal dual BIA,

provides a direct measurement of VFA. For dual abdominal BIA,

electric current is applied to the limb electrodes for calculating

fat-free mass and to the eight abdominal surface electrodes for

calculating subcutaneous fat thickness with subject in a supine

position (36). Compared to the dual abdominal BIA method,

this study provided a more convenient way to measure SFA with

subjects in a standing position. Furthermore, this study showed

that SAD was highly correlated with SFA and can be used to

predict VFA.

Potential variables for model fitting were age, sex, W, BMI,

WC, HC, TAD, SAD and h2/Z in this study. TAD, WC, HC, age

and BMIwere excluded from themodel during variable selection

process. Finally, variables selected for the best regression model

for estimating SFABIA included SAD, Sex, W, h2/Z. Age, sex, W,

BMI, WC, HC, TAD and SAD have been shown to be correlated

with SFA by previous studies. This study further identified h2/Z

as a negatively correlated variable of the SFABIA estimation

equation. The existing research literature rarely explored the

relationship between SFA and h2/Z, except for the DUALSCAN

HDS- 2000 study (35). The above findings are also another

contribution of this study.

In the SFA estimation model of the present study, the

estimated variable that best reflected SFA was SAD, while the

traditional measurement of SAD was measured with calipers

(32). However, with the substantial increase in computing

power, artificial intelligence and image processing power, 3-

dimensional optical body scanner (3DO) could be used in

this study to replace CT in future applications to obtain

accurate anthropometric parameters. 3DO provides a fast,

widely integrated method for automated body composition

estimation (37, 38). Therefore, in the future, the standing BIA

measurementmodel combinedwith the standing 3D image body

scanner could be used to integrate the predictor variables such

as bioimpedance index and anthropometric measurements. We

would expect this quick, automatic method to be widely used in

SFA estimation.

In the present study, the standing position was used to

measure the impedance of the whole body. Compared with

the traditional supine impedance measurement, the impedance

value obtained for the same measurement path or part was

significantly different. The gravity factor of the standing

impedance measurement mode affects the distribution of water

in the human body, which in turn affects the impedance

value of the measurement site. An average difference of

about 10 ohms is found in the standing body or right hand

to foot impedance values relative to the supine impedance.

Standing impedance measurements decrease with time as

the standing measurement time increases (39). Compared

with traditional supine impedance measurement, standing

bioimpedance measurement still has its limitations.

Among the existing anthropometric methods for SFA, the

established measurement mode may have a good correlation

coefficient, but the number of people who established the model

was either too small or cross-validation was not performed

(11). Therefore, the application value of related measurement

methods is limited. In this study, 520 subjects were used

in the MG (346) and the VG (174), and cross-validation

was performed. Statistical indicators such as correlation, SEE,
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and LOA in MG or VG all showed that the SFA estimation

model established in this study had a certain reference value.

In addition; this study specifically explored the estimation

error in different genders and different obesity levels, possibly

making the results of this study more valuable than those from

similar studies.

In this study, we used random sampling instead of stratified

sampling to divided subjects into two groups. Since our

study sample was homogeneous, our random sampling yielded

homogeneous samples. In addition, studies used the same tools

and methods and were controlled. We also run a Levene’s

test to test whether two groups have equal variances for BMI,

showing a p-value of < 0.01, suggesting equal variances for two

groups. Therefore, homogeneity of the data can be ensured in

both cross-validation or BMI groupings. BMI was categorized

according to theWHO BMI Classification: BMI≤ 18.5 kg/m2 as

underweight, between 18.5 and 24.9 kg/m2 as normal, between

25 and 29.9 kg/m2 as overweight and≥30 kg/m2 as obesity (40).

AIC is a penalized likelihood, balanced between model fit and

the number of estimated variables (41). AIC has been applied to

evaluate the performance of the series of estimation equations

in this study. NHS continuing healthcare checklist is a screening

tool that can be used to help researchers or medical personnel

understand the needs of subjects or patients for medical care.

After completing the checklist, the health status of the subjects

can be clearly understood. It can be used to determine whether

the volunteer can be accepted in this study. In this study, some

subjects who did not meet the acceptance criteria need to be

excluded, or those who met the research purpose and health

conditions. The recruitment of the subjects belongs to the non-

random purposive sampling method.

The cross-validation of this study was to use an independent

sample separated from the constructed sample of estimation

equations to verify the prediction equation. In theory, cross-

validation is performed by independent samples consistent with

the applicable conditions of the estimation equation. Therefore,

in order to meet this condition, all the subjects were randomly

divided into 2/3 and 1/3 as the model establishment group and

the validation group for cross-validation (42, 43). In addition,

we could also apply the k-fold or leave-one-out method to BIA

for cross-validation of body composition estimation equations

(44, 45). The Least absolute shrinkage and selection operator

(LASSO) developed by Tibshirani in 1996 can increase the

preset accuracy and interpretability of statistical models (46).

Compared with the stepwise regression analysis method used in

this study, each has its own advantages in different application

conditions (47). Therefore, in order to improve the performance

of the estimation model established in the future, LASSO is one

of the statistical suitable methods that can be selected.

This study has a few limitations, first that it included only

Asian ethnic groups in Taiwan, which may limit generalization

to other populations or ethnic groups; whether the results of this

study are applicable to other ethnic groups needs to be further

explored. In addition, only adults were selected as subjects, and

the hydration status of children and adolescents differs from that

of adults. Therefore, the SFA estimationmodel established in this

study is not applicable to subjects under the age of 20. Because

of the limitations of funding and manpower, this study cannot

conduct research with a large, and multiple sampling method

in different medical fields. Therefore, it cannot fully solve the

problem of external validity, which is the limitation of this study.

To increase the adequacy of cross-validation, similar studies may

consider applying LASSO for model selection, or using k-fold or

leave-one-out method in future studies.
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Compatibility of different methods for the measurement of visceral fat in
different body mass index strata. Diagn Interv Radiol. (2010) 16:99–105.
doi: 10.4261/1305-3825.DIR.2749-09.1

11. Bonora E, Micciolo R, Ghiatas AA, Lancaster JL, Alyassin A, Muggeo
M, et al. Is it possible to derive a reliable estimate of human visceral
and subcutaneous abdominal adipose tissue from simple anthropometric
measurements?Metabolism. (1995) 44:1617–25.

12. Janssen I, Heymsfield SB, Allison DB, Kotler DP, Ross R. Body mass
index and waist circumference independently contribute to the prediction of
nonabdominal, abdominal subcutaneous, and visceral fat. Am J Clin Nutr. (2002)
75:683–8. doi: 10.1093/ajcn/75.4.683

13. Lane JT, Mack-Shipman LR, Anderson JC, Moore TE, Erickson JM, Ford
TC, et al. Comparison of CT and dual-energy DEXA using a modified trunk
compartment in the measurement of abdominal fat. Endocrine. (2005) 27:295–
9. doi: 10.1385/ENDO:27:3:295

14. Klopfenstein BJ, Kim MS, Krisky CM, Szumowski J, Rooney WD,
Purnell JQ. Comparison of 3 T MRI and CT for the measurement of visceral
and subcutaneous adipose tissue in humans. Br J Radiol. (2012) 85:e826–
30. doi: 10.1259/bjr/57987644

15. Seidell JC, Bakker CJ, van der Kooy K. Imaging techniques for measuring
adipose-tissue distribution–a comparison between computed tomography and
1.5-T magnetic resonance. Am J Clin Nutr. (1990) 51:953–7.

16. Abate N, Burns D, Peshock RM, Garg A, Grundy SM. Estimation of adipose
tissue mass by magnetic resonance imaging: validation against dissection in human
cadavers. J Lipid Res. (1994) 35:1490–6. doi: 10.1016/S0022-2275(20)40090-2

17. Ross R, Léger L, Guardo R, De Guise J, Pike BG. Adipose tissue volume
measured by magnetic resonance imaging and computerized tomography in rats. J
Appl Physiol 1985. (1991). 70:2164–72. doi: 10.1152/jappl.1991.70.5.2164

18. Lee SJ, Liu J, Yao J, Kanarek A, Summers RM, et al. Fully automated
segmentation and quantification of visceral and subcutaneous fat at abdominal

CT: application to a longitudinal adult screening cohort. Br J Radiol. (2018)
91:0189. doi: 10.1259/bjr.20170968

19. Hui SCN, Zhang T, Shi L, Wang D, Ip CB, Chu WCW. Automated
segmentation of abdominal subcutaneous adipose tissue in obese adolescent in
MRI.Magn Reson Imag. (2018) 45:97–104. doi: 10.1016/j.mri.2017.09.016

20. Kyle UG, Bosaeus I, De Lorenzo AD, Deurenberg P, Elia M, Gómez JM, et
al. Bioelectrical impedance analysis–part I: review of principles and methods. Clin
Nutr. (2004) 23:1226–43. doi: 10.1016/j.clnu.2004.06.004

21. Kyle UG, Bosaeus I, De Lorenzo AD, Deurenberg P, Elia M, Manuel Gómez
J, et al. Bioelectrical impedance analysis-part II: utilization in clinical practice. Clin
Nutr. (2004) 23:1430–53. doi: 10.1016/j.clnu.2004.09.012

22. RyoM, Maeda K, Onda T, KatashimaM, Okumiya A, NishidaM, et al. A new
simple method for the measurement of visceral fat accumulation by bioelectrical
impedance. Diabetes Care. (2005) 28:451–3. doi: 10.2337/diacare.28.2.451

23. Yoneda M, Tasaki H, Tsuchiya N, Nakajima H, Shiga T. A study of
bioelectrical impedance analysis methods for practical visceral fat estimation. In:
IEEE International Conference on Granular Computing. San Jose, CA (2007).

24. Available online at: https://www.gov.uk/government/publications/nhs-
continuing-healthcare-checklist (accessed May 15, 2022).

25. Clark M, Lucett S, Kirkendal DT. NASM’s Essentals of Sports Performance
Training. Philadelphia: Williams &Wilkins (2010).

26. Faul F, Erdfelder E, Buchner A, Lang AG. Statistical power analyses using
G∗Power 3.1: test for correlation and regression analyses. Behav Res Methods.
(2009) 41:1149–60. doi: 10.3758/BRM.41.4.1149

27. Ping Z, Pei X, Xia P, Chen Y, Guo R, Hu C, et al. Anthropometric indices
as surrogates for estimating abdominal visceral and subcutaneous adipose tissue:
a meta-analysis with 16,129 participants. Diabetes Res Clin Pract. (2018) 143:310–
9. doi: 10.1016/j.diabres.2018.08.005

28. Edwards LA, Bugaresti JM, Buchholz AC. Visceral adipose tissue and the ratio
of visceral to subcutaneous adipose tissue are greater in adults with than in those
without spinal cord injury, despite matching waist circumferences. Am J Clin Nutr.
(2008) 87:600–7. doi: 10.1093/ajcn/87.3.600

29. Li HX, Zhang F, Zhao D, Xin Z, Guo SQ,Wang SM, et al. Neck circumference
as a measure of neck fat and abdominal visceral fat in Chinese adults. BMC Public
Health. (2014) 14:311. doi: 10.1186/1471-2458-14-311

30. Zamboni M, Turcato E, Armillini F, Kahn HS, Zivelonghi A, Santana H, et
al. Sagittal abdominal diameter as a practical predictor of visceral fat. Int J Obes.
(1998) 22:655–60. doi: 10.1038/sj.ijo.0800643

31. Yim JY, Kim D, Lim SH, Park MJ, Choi SH, Lee CH, et al. Sagittal abdominal
diameter is a strong anthropometric measure of visceral adipose tissue in the Asian
general population. Diabetes Care. (2010) 33:2665–70. doi: 10.2337/dc10-0606

32. Sampaio LR, Simões EJ, Assis AM, Ramos LR. Validity and reliability of
the sagittal abdominal diameter as a predictor of visceral abdominal fat. Arq Bras
Endocrinol Metabol. (2007) 51:980–6. doi: 10.1590/S0004-27302007000600013

33. Pimental GD, Portero-McLellan KC, Maesta N, Corrente JE, Burini
RC. Accuracy of sagittal abdominal diameter as predictor of abdominal fat
among Brazilian adults: a comparation with waist circumference. Nutr Hosp.
(2010) 25:656–61.

34. Kushner RF, Schoeller DA. Estimation of total body water by bioelectrical
impedance analysis. Am J Clin Nutr. (1986) 44:417–24. doi: 10.1093/ajcn/44.3.417

35. Shiga TOY, Kanai H, Hirata M, Hosoda K, Nakao. A simple measurement
method of visceral fat accumulation by bioelectrical impedance analysis. ICEBI
2007, IFMBE Proceedings. Beijing (2007).

36. Park KS, Lee DH, Lee J, Kim YJ, Jung KY, Kim KM, et al. Comparison
between two methods of bioelectrical impedance analyses for accuracy in
measuring abdominal visceral fat area. J Diabetes Complicat. (2016) 30:343–9.
doi: 10.1016/j.jdiacomp.2015.10.014

Frontiers inNutrition 09 frontiersin.org

https://doi.org/10.3389/fnut.2022.952929
https://doi.org/10.1038/35007508
https://doi.org/10.1371/journal.pmed.1001673
https://doi.org/10.1007/s10334-005-0104-x
https://doi.org/10.1586/14779072.6.3.343
https://doi.org/10.1042/BST0360935
https://doi.org/10.1056/NEJMra1011035
https://doi.org/10.1016/j.bbadis.2013.05.006
https://doi.org/10.2337/diacare.14.12.1132
https://doi.org/10.1016/S0025-7125(16)30695-2
https://doi.org/10.4261/1305-3825.DIR.2749-09.1
https://doi.org/10.1093/ajcn/75.4.683
https://doi.org/10.1385/ENDO:27:3:295
https://doi.org/10.1259/bjr/57987644
https://doi.org/10.1016/S0022-2275(20)40090-2
https://doi.org/10.1152/jappl.1991.70.5.2164
https://doi.org/10.1259/bjr.20170968
https://doi.org/10.1016/j.mri.2017.09.016
https://doi.org/10.1016/j.clnu.2004.06.004
https://doi.org/10.1016/j.clnu.2004.09.012
https://doi.org/10.2337/diacare.28.2.451
https://www.gov.uk/government/publications/nhs-continuing-healthcare-checklist
https://www.gov.uk/government/publications/nhs-continuing-healthcare-checklist
https://doi.org/10.3758/BRM.41.4.1149
https://doi.org/10.1016/j.diabres.2018.08.005
https://doi.org/10.1093/ajcn/87.3.600
https://doi.org/10.1186/1471-2458-14-311
https://doi.org/10.1038/sj.ijo.0800643
https://doi.org/10.2337/dc10-0606
https://doi.org/10.1590/S0004-27302007000600013
https://doi.org/10.1093/ajcn/44.3.417
https://doi.org/10.1016/j.jdiacomp.2015.10.014
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org


Lai et al. 10.3389/fnut.2022.952929

37. Bennett JP, Liu YE, Quon BK, Kelly NN, Wong MC, Kennedy SF, et al.
Assessment of clinical measures of total and regional body composition from
a commercial 3-dimensional optical body scanner. Clin Nutr. (2022) 41:211–
8. doi: 10.1016/j.clnu.2021.11.031

38. Harty PS, Sieglinger B, Heymsfield SB, Shepherd JA, Bruner D, Stratton MT,
et al. Novel body fat estimation using machine learning and 3-dimensional optical
imaging. Eur J Clin Nutr. (2020) 74:842–5. doi: 10.1038/s41430-020-0603-x

39. Rush EC, Crowley J, Freitas IF, Luke A. Validity of hand-to-foot measurement
of bioimpedance: standing compared with lying position. Obesity. (2006) 14:252–
7. doi: 10.1038/oby.2006.32

40. A Healthy Lifestyle - WHO Recommendations. Available online at: https://
www.ho.int//europe/news-room/fact-sheets/item/a-healthy-lifestyle---who-
recommendations (accessed May 15, 2022).

41. Akaike H. A new look at the statistical model identification. IEEE Transact
Autom Control. (1974) 19:716–23. doi: 10.1109/TAC.1974.1100705

42. Sun SS, Chumlea WC, Heymsfield SB, Lukaski HC, Schoeller D, Friedl
K, et al. Development of bioelectrical impedance analysis prediction equations
for body composition with the use of a multicomponent model for use in

epidemiologic surveys. Am J Clin Nutr. (2003) 77:331–40. doi: 10.1093/ajcn/77.
2.331

43. Sardinha LB, Correia IR, Magalhaes JP, Judice PB, Silva AM, Hetherington-
Rauth M. Development and validation of BIA prediction equations of upper
and lower limb lean soft tissue in athletes. Eur J Clin Nutr. (2020) 74:1646–
52. doi: 10.1038/s41430-020-0666-8

44. Kæstel P, SKov SR, Christensen Dl, Girma T, Wells JCK, Friis H, et al.
Calibration of bioelectrical impedance analysis for body composition assessment in
Ethiopian infants using air-displacement plethysmography. Eur J Clin Nutr. (2015)
69:1099–4. doi: 10.1038/ejcn.2015.51

45. Sen B. Development of prediction equations for body composition in Indian
children using bioelectrical impedance analysis. Coll Antropol. (2016) 40:253–60.

46. Tibshirani R. The LASSO method for variable
selection in the cox model. Stat Med. (1997) 16:385–
95. doi: 10.1002/(SICI)1097-0258(19970228)16:4<;385::AID-SIM380>3.0.CO;2-3

47. Hastie T, Tibshirani R, Tibshirani R. Best subset, forward stepwise or lasso?
Analysis and recommendations based on extensive comparisons. Stat Sci. (2020)
35:579–92. doi: 10.1214/19-STS733

Frontiers inNutrition 10 frontiersin.org

https://doi.org/10.3389/fnut.2022.952929
https://doi.org/10.1016/j.clnu.2021.11.031
https://doi.org/10.1038/s41430-020-0603-x
https://doi.org/10.1038/oby.2006.32
https://www.ho.int//europe/news-room/fact-sheets/item/a-healthy-lifestyle---who-recommendations
https://www.ho.int//europe/news-room/fact-sheets/item/a-healthy-lifestyle---who-recommendations
https://www.ho.int//europe/news-room/fact-sheets/item/a-healthy-lifestyle---who-recommendations
https://doi.org/10.1109/TAC.1974.1100705
https://doi.org/10.1093/ajcn/77.2.331
https://doi.org/10.1038/s41430-020-0666-8
https://doi.org/10.1038/ejcn.2015.51
https://doi.org/10.1002/(SICI)1097-0258(19970228)16:4$<$;385::AID-SIM380$>$3.0.CO;2-3
https://doi.org/10.1214/19-STS733
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

	Bioimpedance analysis combined with sagittal abdominal diameter for abdominal subcutaneous fat measurement
	Introduction
	Subjects and methods
	Study design and subjects
	Ethical considerations
	Anthropometry
	Computerized tomography
	Bioelectrical impedance
	Statistical analysis

	Results
	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


