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ABSTRACT 

 

Doubly indirect methods of assessing body composition are commonly used in laboratory 

and practical settings. The purpose of this dissertation was to expand upon the methodological 

discrepancies associated with various techniques, and to provide improved equations to 

overcome these limitations. A series of three studies was conducted to 1) improve the estimation 

of underwater residual lung volume (RLV), 2) systematically review and quantify the error 

associated with single-frequency bioimpedance analysis (SFBIA) for the determination of total 

body water (TBW), and 3) develop a novel equation for predicting percent body fat (%BF) from 

skinfolds using a criterion multi-compartment model. The first study developed an equation for 

the prediction of underwater RLV in healthy adults using age and height as predictor variables. 

The new equation produced superior validity statistics upon cross-validation compared to four 

existing equations, indicating that it may be used by practitioners to accurately estimate 

underwater RLV during hydrostatic weighing. The second study systematically reviewed and 

meta-analyzed 264 effects from 51 original studies designed to compare SFBIA to criterion 

dilution methods for TBW estimation. Although a non-significant overall effect was identified, 

there was significant variability associated with SFBIA methodology (i.e., frequency and 

resistivity index) and sample sex (% female). Moderator analyses indicated that SFBIA 

procedures utilizing Ht2/R at 100 kHz produced the most accurate estimate of TBW when 

compared to isotope dilution techniques. The third study developed a skinfold-based equation for 

the prediction of five-compartment model %BF in a sample of healthy adults. The new equation 
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outperformed selected existing equations when cross-validated, indicating its potential utility for 

practitioners concerned with obtaining accurate estimates of %BF in the general population.  
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CHAPTER 1 

INTRODUCTION 

The measurement of body composition is of great importance to the health and medical 

sciences. Excess adiposity, commonly expressed as percent body fat (%BF), is associated with 

increased risk for various metabolic disorders (1-4), as well as some cancers (5). Additionally, 

high levels of body fat have been shown to impede physical performance in various sports (6-

10). Further, changes in %BF are often used to monitor the efficacy of training and nutrition 

interventions in clinical, research, and athletic settings.  

Numerous techniques have been developed for quantifying %BF in humans, and include 

direct, indirect, and doubly indirect methods (11). Direct methods, such as the cadaver studies 

discussed in Brozek et al. (12), require direct measurement of fat tissue and are impractical for in 

vivo studies. Accordingly, the preferred methods commonly utilized in laboratory and field 

settings are categorized as either indirect or doubly indirect. Laboratory techniques such as 

hydrodensitometry, air displacement plethysmography (ADP), and dual energy X-ray 

absorptiometry (DXA) are indirect, as they determine %BF by first measuring a specific property 

of the body (i.e., volume or density) and then estimating the ratio of fat to fat-free mass (FFM) 

based on that property (13-15). Doubly indirect methods such as skinfold thickness, 

anthropometric measurements, and bioimpedance analysis (BIA) include an additional degree of 

separation and are based on population-specific regression equations derived from indirect 

methods (16-18).
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The latter category is particularly prevalent in the exercise sciences because they allow 

practitioners to estimate variables of interest when more sophisticated laboratory techniques are 

unavailable. However, the equations used for body composition assessment are numerous and 

varied, and many were developed using samples or testing conditions different from those in 

which they are applied today. For example, the criterion method of body density, 

hydrodensitometry, requires a measure of participant residual lung volume (RLV) to accurately 

determine body volume during water submersion (12). While it is preferable to measure RLV 

during the underwater weighing procedure (15), equipment limitations and participant 

restrictions often lead to the use of RLV prediction equations (19). Although these are simple to 

use and typically require few variables, the coefficients in the equations were derived from dry 

on-land measures of RLV (20-22) and thus may not accurately reflect underwater RLV (19). 

Thus, errors in the estimation of RLV may affect the subsequent calculations of body volume, 

density, and %BF. 

 In addition to errors born of methodological discrepancies between equation development 

and application, there are issues underlying the actual direct techniques on which many equations 

are based. Previously mentioned indirect methods including hydrodensitometry, ADP, and DXA 

are based on two-compartment (2C) models of body composition, which assume body mass is 

comprised of fat mass and fat-free mass (FFM), and that each compartment has a constant 

density (15). Further, 2C models assume that the hydration of FFM is constant, although this has 

been shown to vary greatly across individuals (23). Because common equations for estimating 

%BF from skinfolds are based on the 2C model (16, 17, 24), they are susceptible to errors 

incurred from individual variability in protein content, mineral content, and total body water 

(TBW) volume.  
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Multi-compartment models expand on the 2C approach by measuring additional 

individual compartments, thereby reducing the number of assumptions required of the model. 

The three-compartment (3C) model accounts for much of the unaccounted variability of the 2C 

model by including a measure of total body water (TBW), acknowledged to be the largest 

individual compartment (15), though it still assumes constant densities of protein and mineral. 

Estimates of TBW for the 3C models are often made using the single-frequency BIA (SFBIA) 

technique because it is considerably less expensive, easier to administer, and less time-

consuming than the criterion chemical dilution methods. Unfortunately, there is a large amount 

of variability in SFBIA methodology, with discrepancies across studies regarding SFBIA device, 

electrode arrangement, current frequency, prediction equation, and reference method (25, 26). 

The degree to which these inter-study differences affect TBW determination has yet to be 

examined. 

Limitations of the 3C model were addressed by Selinger (27), who took advantage of the 

newly developed single-photon absorptiometry technique to quantify mineral content and 

develop a four-compartment (4C) model, which was later refined as X-ray technology improved 

(28). Due to the disparate densities of osseous and non-osseous mineral (29), Wang et al. (30) 

further separated the mineral compartment to yield a five-compartment (5C) model. Despite the 

recognition that multi-compartment models produce a more comprehensive assessment of body 

composition than their predecessors (31-34), they are seldom used as the reference method 

against which doubly indirect methods are developed. For instance, the most ubiquitous skinfold 

equations in use today are those originally developed against 2C-derived hydrodensitometry (16, 

17, 24). In light of the limitations of the 2C model already discussed, it is important that less 
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direct methods of %BF determination be derived from the most accurate criterion measures 

available.   

Working to address the issues outlined above, the purpose of this dissertation was to 

critically examine existing techniques and develop new equations for determining various 

components of body composition. The specific aims of each study were as follows: 

Study 1: to develop and cross-validate an equation for predicting underwater RLV from 

anthropometric variables in healthy men and women, and to compare the new equation to 

existing equations. We hypothesized that the new prediction equation would perform better than 

existing equations when cross-validated against measured underwater RLV, indicated by a large 

intraclass correlation coefficient, small mean bias and standard error, and narrow limits of 

agreement. 

Study 2: to systematically review and meta-analyze the available literature regarding 

validation of SFBIA for estimating TBW in comparison with isotope dilution techniques, and to 

identify potential moderating variables associated with the error in TBW estimation. We 

hypothesized that there would be significant error in the accuracy of SFBIA attributable to 

between-study differences in device, electrode placement, and criterion method.  

Study 3: to develop and cross-validate an equation for predicting 5C model %BF in 

healthy men and women using skinfolds and anthropometric variables, and to compare the new 

equation to existing equations. We hypothesized that the new model would outperform existing 

equations upon cross-validation against the criterion 5C model, indicated by a large intraclass 

correlation coefficient, small mean bias and standard error, and narrow limits of agreement. 
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CHAPTER 2 

DEVELOPMENT AND CROSS-VALIDATION OF AN EQUATION  

TO PREDICT UNDERWATER RESIDUAL LUNG VOLUME  

IN HEALTHY MEN AND WOMEN 

ABSTRACT 

Researchers commonly use regression equations to predict residual lung volume (RLV) 

during underwater weighing when its measurement is not practical. However, the equations 

currently available were derived from on-land measures of RLV and do not account for changes 

in lung capacity during water immersion, and thus may lead to inaccuracies in subsequent body 

composition assessment. The purpose of this study was to 1) develop a novel equation for the 

prediction of RLV during water immersion, and 2) cross-validate the new equation and compare 

it to existing RLV prediction equations. A sample of 175 healthy adults were recruited to 

complete RLV measurement while completely submerged in water. The sample was randomly 

divided into a development cohort (n = 131) and cross-validation cohort (n = 44). Regression 

analysis in the development cohort resulted in a significant (p < 0.001; R2 = 0.54; SEE = 0.25) 

equation for predicting RLV from age and height: RLV = -3.419 + 0.026 × Height (cm) + 0.019 

× Age (y). In the cross-validation cohort, repeated measures ANOVA revealed that the existing 

equations produced significantly different mean values from measured RLV (all p < 0.001), 

while the new equation did not. Further, Bland-Altman analysis indicated that the new equation 

produced the smallest mean bias and limits of agreement (0.07 ± 0.50 L) when compared to 

existing equations, as well as the lowest SEE. The results of this study suggest that the
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new equation is more accurate than existing equations for predicting underwater RLV, and it 

should be used during hydrostatic weighing when RLV measurement is not possible. 

INTRODUCTION 

The long-standing gold standard for body composition assessment is hydrostatic 

weighing, a technique for determining body volume based on the displacement of water (1). A 

potential source of error in hydrostatic weighing is the volume of residual air within the lungs 

and gastrointestinal tract, which increases corporeal buoyancy and results in less water 

displacement, thus artificially decreasing body density. While the amount of air in the 

gastrointestinal tract is considered negligible (~0.1 liters) (1), the volume of residual air in the 

lungs is much larger (generally 1.0 to 2.0 liters) and should be measured and removed from the 

total body volume (2).  

Residual lung volume (RLV) can be determined either by direct measurement or 

estimation based on variables including age and height (3). The most common direct 

measurement is the oxygen dilution method, which measures the change in concentration of an 

inert gas within the pulmonary-spirometer system during a period of rebreathing following 

maximal exhalation (4). This measurement can be done either on land or underwater during the 

hydrostatic weighing procedure, though controversy exists as to which is best (5). Simultaneous 

hydrostatic weighing and RLV measurement is often cited to be the gold standard for body 

composition assessment (3, 6). However, research suggests that water immersion may affect lung 

volumes, with several authors reporting significant changes in RLV during submersion compared 

to on-land measurements (7-11).  

Various equations for predicting RLV have been described in the literature, including 

those by Miller et al. (12), Goldman and Becklake (13), Paoletti et al., and Grimby and 
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Soderholm (14). These particular models use variables including height, weight, and age to 

predict RLV. While the use of these equations for the densitometric analysis of body 

composition provide convenient alternatives to direct measurement of RLV, investigations into 

their validity found that they may introduce additional error when compared to chemical dilution 

techniques (3, 15, 16). Further, these equations are used to estimate underwater-RLV during 

hydrostatic weighing, despite being derived from regression analyses using on-land RLV (12, 13, 

17, 18). Though the potential effect of water immersion on RLV may be of consequence, it is 

entirely discounted by existing estimation equations. Furthermore, it is unknown whether this 

effect contributes to inaccuracies in underwater RLV prediction (6, 8, 19). 

Despite the limitations of current RLV prediction equations, estimation is cost-effective 

and limits participant burden. For example, RLV measurement equipment is expensive and 

requires routine maintenance and calibration. Additionally, underwater measurement requires a 

great deal of subject cooperation and comfortability. Data collection can be compromised, 

slowed or negated in the event a subject becomes panicked while underwater and floods the 

respiratory tubing. Developing a valid equation for predicting underwater RLV would enable 

researchers to expedite body composition measurements when testing large groups of subjects, 

and importantly, to accommodate subjects who may be uncomfortable or unable to perform RLV 

testing underwater. Therefore, the purpose of this study was to develop an equation for 

predicting underwater RLV in healthy adults. Further, the new model was cross-validated in a 

separate cohort against measured underwater RLV, as well as compared to existing equations 

from Miller et al.(12), Goldman and Becklake (13), Paoletti et al. (20), and Grimby and 

Soderholm (14). We hypothesized that the new equation would produce a smaller mean 
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difference, tighter limits of agreement, and a smaller standard error than the existing equations 

when compared to the criterion. 

METHODS 

Participants 

The sample consisted of healthy, adult volunteers who had been recruited from the local 

community and University for a previous study (3). All participants provided written informed 

consent prior to participation. Participants with any cardiac, pulmonary, or metabolic conditions 

were excluded. Women who were pregnant, pregnant within the previous 12 months, or currently 

lactating were also excluded. The testing protocol, recruitment flyers, and consent forms were 

reviewed and approved by the University’s institutional review board. The final sample consisted 

of 175 participants, which was randomly divided into a development cohort (75% of the total 

sample, n = 131, 49.6% female) and a cross-validation cohort (25% of the total sample, n = 44, 

50.0% female) using the IBM SPSS software package (Version 25.0, IBM, Somers, NY, USA).  

Power analyses were conducted using G*Power (version 3.1.9.4, Universität Kiel, 

Germany) to confirm that adequate statistical power was achieved during 1) regression analysis 

for model development and 2) cross-validation of the new model. For model development, the 

large effect size (f 2 = 1.188) from multiple linear regression using 131 participants and 2 

predictor variables, with α level of 0.05, resulted in an achieved power (1 – β) level of 1.000. For 

cross-validation, the large effect size (f = 1.612) from the repeated measures ANOVA of 44 

participants and 5 comparisons, with α level of 0.05, resulted in an achieved power (1 – β) level 

of 1.000.  
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Procedures 

Testing occurred during a single session at the University’s Exercise Physiology 

Laboratory. Participants were instructed to adhere to the following pre-testing guidelines: abstain 

from alcohol and exercise for 24 hours; abstain from food and caffeine for 8 to 12 hours; abstain 

from drinking water for  2 hours. Participants wore loose-fitting athletic attire for 

anthropometric measurements and changed into tight-fitting or compression-type clothing for the 

underwater measurements. Standing height was measured to the nearest 0.1 centimeter using a 

stadiometer (SECA 213, Seca Ltd., Hamburg, Germany) and body mass was measured to the 

nearest 0.1 kilogram using a digital scale (Tanita BWB-800, Tanita Corporation, Tokyo, Japan).  

Calibration and setup of the residual lung volume equipment 

A nitrogen analyzer (“VacuMed”; Model 17750A, VacuMed, Ventura, CA, USA) was 

used to measure RLV. The VacuMed system pulls expired air into a high-voltage ionization 

chamber and uses a photodiode to measure the light emitted from the ionized gas, which is 

proportional to the nitrogen concentration (21). The change in nitrogen concentration during the 

rebreathing procedure is used to calculate RLV using the method described by Wilmore et al. 

(22). The VacuMed system was calibrated to the low (0%) and high (80%) ends of the expected 

nitrogen concentration range according to the manufacturer’s instructions prior to each use.  

The rebreathing procedure uses a five or six-liter anesthesia bag fitted to the bottom of a 

“T”-shaped three-way valve. An anti-microbial spirometer filter (Pulmogard #3421, VacuMed, 

Ventura, CA, USA) was attached to one end of the three-way valve to serve as a mouthpiece for 

the participant, with the opposite end left open to the room air. A two-way stopcock attached to 

the “T”-valve allows the subject to breathe either room air (stopcock closed) or air within the bag 

(stopcock open). Once assembled and ready for measurement, the bag will be evacuated, flushed 
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with 0.5 liters of oxygen, and then filled with 5 liters of 100% oxygen. Two bags will be filled 

per subject, and additional ones may be assembled if needed.  

Underwater residual lung volume measurement  

Underwater measurement was carried out in a 500-gallon heated water tank. Participants 

sat in a nylon seat harness which was suspended from an aluminum frame mounted around the 

tank. The three-way valve was attached to the side of the tank in order to be used without any 

subject handling. The mouthpiece was attached to a length of corrugated hose to allow the 

subject to breathe through the apparatus while completely submerged. The dead space from the 

tube was accounted for in the RLV calculation. Participants completed a maximal exhalation 

through the mouthpiece during submersion. After reaching maximal exhalation, the two-way 

valve was switched to allow rebreathing from the oxygen-filled bag. Participants were instructed 

to sit up during the rebreathing procedure and take deep breaths to adequately mix the lung air 

with the bag air until equilibration of pulmonary nitrogen. The procedure was repeated until two 

measures within 200 ml were obtained. The average of the two smallest measures was used as 

the criterion RLV. 

Statistical analyses 

Data were managed using Microsoft Excel for Windows (Microsoft Corporation, 

Redmond, WA, USA). Statistical analyses were completed using SPSS version 25 for Windows 

(IBM, Somers, NY, USA) and R (R Foundation for Statistical Computing, Vienna,  

Austria). Hierarchical multiple regression analysis was performed in the development cohort to 

predict criterion RLV. Independent variables of interest for developing the model were 

participant age, height, sex, and weight, as they have been shown to correlate significantly with 

on-land RLV (12, 13, 17, 20). Standard assumptions for regression analysis were assessed prior 
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to analysis: 1) linearity between the predictors and the outcome variable, assessed by visual 

examination of scatterplots and by significant (p < 0.05) bivariate correlations; 2) independence 

of error terms, indicated by a Durbin-Watson statistic between 1.0 and 3.0 (23, 24); 3) equality of 

error variance, assessed by visual examination of scatterplots of the standardized predicted 

values and residuals for homoscedasticity (24); 4) normal distribution of errors, assessed by 

visual inspection of histograms and normal Q-Q plots of standardized residuals and by the 

Shapiro-Wilk test (p > 0.05 indicates no significant departure from normality) (24, 25); 5) 

multicollinearity of independent variables, defined as a variance inflation factor (VIF) > 10.0 

(26).  

Within the cross-validation sample, new model performance was compared to criterion 

RLV as well as RLV predicted from equations by Miller et al. (12), Goldman and Becklake (13), 

Paoletti et al. (20), and Grimby and Soderholm (14). Mean differences were tested for 

significance using repeated measures ANOVA with simple planned contrasts and quantified 

using Cohen’s d effect size. Agreement was examined using the Bland-Altman method for 

calculating limits of agreement (27), Pearson’s product-moment correlation coefficient, standard 

error of the estimate (SEE), and total error (TE). Data are presented as mean ± standard deviation 

(M ± SD) unless otherwise specified. Statistical significance was accepted at p < 0.05. 

RESULTS 

Physical characteristics of the participants in the development and cross-validation 

cohorts are presented in Table 1. There were no significant differences in age, height, weight, 

BMI, or RLV between the development and cross-validation groups. On average men were 

taller, heavier, and had a larger RLV than women in both groups.  
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All assumptions for multiple regression were satisfied: a Durbin-Watson statistic of 1.849 

suggests independence of error terms; homoscedasticity of standardized residuals versus 

predicted values suggests equality of error variance; normality of standardized residuals was 

observed graphically and statistically, W(131) = 0.993, p = 0.731. Additionally, the hypothesized 

predictor variables height (r = 0.692), weight (r = 0.435), age (r = 0.293), and sex (r = 0.539) 

were significantly (all p < 0.001) correlated with the outcome variable. Multicollinearity was not 

indicated in the model (VIF = 1.004).  

Underwater RLV was regressed on height, weight, age, and sex using multiple linear 

regression. Sex and weight were not significant predictors of RLV when included in the model 

with height and age (all p > 0.05). The final model regressing RLV on age and height was 

statistically significant, F(2, 128) = 75.373, p < 0.001, and was defined by the following 

equation: RLV = -3.419 + (0.026 × height) + (0.019 × age), where RLV is in liters, height is in 

centimeters, and age is in years. Regression statistics are presented in Table 2.  

Cross-validation of RLV prediction equations against measured RLV was performed 

using repeated measures ANOVA with simple contrasts. Standardized residuals for all RLV 

values were normally distributed according to visual inspection of histograms, Q-Q plots, and 

Kolmogorov-Smirnov test of normality (all p > 0.05). Mauchly’s test indicated a violation of 

sphericity, χ2(14) = 190.640, p < 0.001, therefore degrees of freedom were corrected using the 

Greenhouse-Geisser estimate (ε = 0.353). The corrected repeated measures ANOVA was 

statistically significant, F(1.766, 75.924) = 111.616, p < 0.001. Simple contrasts revealed that the 

previously published equations produced mean values that were different than measured RLV 

(all p < 0.001). The mean value from the newly developed equation was not different from 

measured RLV (p = 0.08).  
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Pearson correlations between predicted values and the criterion were significant for all 

equations (all p < 0.001) and ranged from 0.52 to 0.76. Cohen’s d statistic ranged from small to 

large, with the new equation producing the smallest standardized mean difference. The SEE was 

less than 0.30 liters for all equations. Bland-Altman plots (Figure 1) show comparable limits of 

agreement (± 1.96 SD of the bias) for all equations, ranging from 0.50 to 0.63 liters. 

Additionally, proportional bias was indicated by significantly (all p < 0.001) large and negative 

trends between the mean and difference of RLV values (r values ranging from -0.51 to -0.72). 

Comparison statistics between predicted and measured RLV are presented in Table 3.   

DISCUSSION 

The purpose of this study was to develop and cross-validate a novel equation for the 

prediction of underwater RLV in healthy adults. In agreement with our hypothesis, the final 

regression equation explained over half the variability in underwater RLV using age and height 

as predictors. The new equation also provided acceptable individual estimates of RLV during the 

cross-validation procedure, as evidenced by the high r value, low effect size, low SEE and TE, 

small mean difference, and narrow limits of agreement. Finally, the new equation produced 

better overall agreement with underwater RLV than the selected equations; Miller et al. (12) and 

Grimby and Soderholm (14) produced underestimated mean values of RLV, while Goldman and 

Becklake (13) and Paoletti et al. (20) both overestimated RLV. These findings suggest that the 

equation described in this study may provide greater accuracy in the estimation of RLV during 

water immersion than previously derived equations. 

The equations previously described are commonly used to estimate underwater RLV 

during hydrostatic weighing, despite being developed using on-land RLV (12-14, 20). While 

suitable for on-land measures, their application to underwater RLV is predicated on the 



 

17 
 

assumption that lung volumes remain unchanged while underwater. However, decreases in RLV 

ranging from 4.2% to 19.7% have been reported during immersion (6, 7, 9-11, 19, 28), and are 

due to compression of the thoracic wall and diaphragm during inspiratory muscle relaxation (7, 

11, 19). Considering the impact RLV measurement can have on body volume and subsequent 

percent body fat estimations (3, 16), it is necessary to account for the effect of submersion when 

developing equations for the prediction of underwater RLV. Despite the potential impact of 

submersion on RLV, the equation developed in this study is the first to be derived from 

underwater RLV rather than on-land measures. Accordingly, the explained variance of our 

equation is larger, and the SEE is lower than those previously reported in similar samples (12-14, 

17, 20, 29).  

Although derived from a different criterion RLV, the significance of age and height as 

predictor variables in our regression model supports previous research. Goldman and Becklake 

(13) described sex-specific equations to predict RLV from age and height in a sample of 94 

healthy men (R2 = 0.41) and women (R2 = 0.30) at altitude using age and height. During cross-

validation in our study, the Goldman and Becklake equations overestimated underwater RLV by 

an average of 0.26 L and produced limits of agreement of ±0.61 L. This overestimation is in line 

with research by Nickerson et al. (3), who reported the Goldman and Becklake equation 

overestimated underwater RLV by an average of 0.23 L. The authors further demonstrated that 

the error in RLV associated with the Goldman and Becklake equations resulted in 2.0% and 

1.5% underestimations of percent body fat from underwater weighing and 4-compartment   

models, respectively (3). The overestimations in RLV associated with these equations may in 

part be due to the methods used to determine RLV, which were different from those reported in 

the current study. Rather than use a dilution technique, Goldman and Becklake calculated RLV 
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as the difference between functional residual capacity and expiratory reserve volume, which 

were measured using a closed-circuit, constant-volume technique (30, 31). 

Similarly, Grimby and Soderholm (14) developed sex-specific equations to predict RLV 

in a sample of 210 healthy men and women. The female-specific equation used age and height as 

the predictor variables and had a SEE of 0.32 L (14). Further, the coefficients and intercept of the 

female-specific equation were nearly identical to the male-specific equations of Goldman and 

Becklake (13) and the equation developed in the current study. Additionally, Grimby and 

Soderholm (14) found that weight was a significant predictor of RLV in the male cohort and 

included it in the final model (SEE = 0.38 L). Paoletti et al. (20) reported a similar finding in a 

sample of 279 healthy women aged 18 to 64 y and described an equation which included weight 

as a predictor with a similar SEE as Grimby and Soderholm’s male-specific equation, though the 

R2 value was less than 0.20. However, Paoletti et al.(20) did not find weight  to be significant in 

the prediction of RLV in men. The inclusion of weight in these equations did not improve their 

accuracy in our cross-validation cohort. The equations from Paoletti et al.(20) overestimated 

underwater RLV by 0.36 L on average, while Grimby and Soderholm (14) underestimated by 

0.17 L. The latter equation also produced the widest limits of agreement (±0.63 L) compared to 

the other equations.  

Although the significance of weight as a predictor of RLV reported by the previous 

studies (14, 20) is in conflict with the present findings, the discrepancy may be in part due to the 

body composition of the participants. When comparing RLV prediction between normal weight 

and overweight men and women, Miller et al.(12) observed that in addition to age and height, 

weight was a significant predictor in the overweight groups only. The authors further reported 

that when data from the normal weight and overweight groups were combined, the mean percent 
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body fat for the sample increased to 30.6% and caused weight to become significant in the 

regression model (12). They went on to note that previous studies that had identified weight as 

significant for the prediction of RLV were carried out in samples of predominantly overweight 

men (29) and women (32), even if the sample was not explicitly classified as overweight. The 

final equations reported by Miller et al.(12) were weight-specific (overweight and normal 

weight), and produced R2 values larger than previously published equations, though the SEE was 

comparable. Further, the normal weight equation compared better to our new model than the 

others, underestimating underwater RLV by 0.16 L. Because our cross-validation cohort was not 

overweight, the inclusion of weight in the prediction of RLV may have contributed to the errors 

associated with those equations (14, 20).  

Another discrepancy between the current and previous studies was that of participant sex. 

While our analysis found that sex was not significant for predicting RLV, the equations from 

Goldman and Becklake (13), Paoletti et al. (20), and Grimby and Soderholm (14) are sex-

specific. The derivation of sex-specific equations implies that RLV varies differently between 

men and women, hence the need for separate equations. However, none of these studies reported 

statistically significant findings when comparing men and women or including sex as a predictor 

variable in a regression analysis. Our findings are supported by Miller et al. (12), who examined 

sex as a potential predictor in groups of overweight and normal weight adults and found it was 

not significant. Additionally, the sex-specific equations did not provide better agreement than the 

new equation or that of Miller et al. (12). Based on results from our analysis as well as the 

investigation by Miller et al. (12), we speculate that sex differences in RLV are likely due to 

differences in height, as women are on average shorter than men and thus have proportionally 

smaller lung capacities.  
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This study is not without limitations. In terms of random sampling, we were limited to 

members of the local university and surrounding area, which led to a disproportionate number of 

white participants. This may limit the generalizability of the equation described here, as 

discrepancies in lung volumes between those of Caucasian and African American descent have 

been reported previously (33-35). Further, the age range of participants reported in the current 

study (18 to 37 years) is markedly smaller than the age ranges used to develop previous 

equations, which generally span 18 to 72 years (12-14, 20). This truncated age range may further 

limit applicability of the new equation. A final consideration is the method used to determine 

RLV during the development of each of the studies. Both the current study and Miller et al. (12) 

utilized the oxygen dilution technique described by Wilmore (4), while the other studies 

calculated RLV from functional residual capacity (13, 14, 20). This discrepancy between 

measurement techniques may have an impact on the validity of the equations and thus, create 

additional variability between equations.  

CONCLUSION 

The equation developed in this study was able to predict underwater RLV from age and 

height in a sample of healthy adults with greater explained variance and lower error than 

previously developed equations. When compared to measured RLV, the new equation 

outperformed previously published equations, resulting in a small mean difference and narrow 

limits of agreement. This study also suggests that sex-specific equations may not be necessary in 

the prediction of RLV, though additional work in this area is needed. Further, the finding to 

exclude weight as a predictor variable supports previous findings that weight may only become 

influential in groups with large amounts of adiposity; however, our sample was non-obese, and 

we did not explicitly test this hypothesis. Overall, our findings suggest that the new equation 
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presented here may be appropriate for the prediction of underwater RLV during hydrostatic 

weighing procedures when measurement is not feasible. Due to the sampling limitations 

previously discussed, we recommend limiting its use to healthy, normal weight adults under the 

age of 40 years, and employing caution when applying it to other demographics.  
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Table 1. Descriptive characteristics of participants  

Variable 
Total 

(n = 175) 

Development 

(n = 131) 

Cross-validation 

(n = 44) 

Age (y)   22 ± 5   22 ± 5   21 ± 5 

Height (cm) 171.6 ± 9.5 171.5 ± 9.6 171.7 ± 9.2 

Weight (kg)    72.3 ± 15.8     72.8 ± 16.6     70.5 ± 12.9 

BMI (kg∙m-2)  24.4 ± 4.5   24.6 ± 4.8   23.8 ± 3.4 

RLV (L)    1.47 ± 0.38     1.50 ± 0.37     1.38 ± 0.38 

Caucasian/white (%) 82.3 79.4 90.9 

Female (%) 49.7 49.6 50.0 

BMI, body mass index; cm, centimeter; kg, kilogram; L, liter; m, meters; RLV, underwater 

residual lung volume as determined by oxygen dilution; y, years. 
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Table 2. Prediction of underwater RLV (n = 131) 

 Model coefficients  

Model Constant 
Height 

(cm) 

Age 

(y) 

Weight 

(kg) 
Sex 

F change 

(p value) 

Adjusted 

R2 
SEE 

1 -3.116* 0.027* --- --- --- < 0.001 0.475 0.270 

2 -3.419* 0.026* 0.019* --- --- < 0.001 0.534 0.254 

3 -3.511* 0.027* 0.020* -0.001 ---    0.624 0.531 0.255 

4 -3.030* 0.024* 0.021* -0.002 0.102    0.123 0.536 0.254 

Adjusted R2, coefficient of determination adjusted for multiple predictors; cm, centimeters; F 

change, p-value of change in F-statistic; kg, kilograms; RLV, residual lung volume; SEE, standard 

error of the estimate; y, years. 
* significant at p < 0.001. 
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Table 3. Comparison statistics between criterion and predicted RLV (n = 44) 

      Limits of agreement 

 Mean ± SD 

(L) 
r d SEE TE 

Bias ± 

1.96 SD 
Lower Upper Trend 

Criterion RLV 1.38 ± 0.38         

Cicone et al. 1.45 ± 0.25 0.73**   0.22 0.17 0.26  0.07 ± 0.50 -0.43 0.57 -0.51*** 

Miller et al.  1.22 ± 0.21* 0.71** -0.53 0.19 0.31 -0.16 ± 0.53 -0.69 0.37 -0.65*** 

Goldman and Becklake  1.64 ± 0.20* 0.56**   0.86 0.26 0.40  0.26 ± 0.61 -0.35 0.87 -0.63*** 

Paoletti et al.  1.74 ± 0.21* 0.76**   1.17 0.17 0.44  0.36 ± 0.50 -0.14 0.86 -0.67*** 

Grimby and Soderholm  1.21 ± 0.17* 0.52** -0.58 0.28 0.36 -0.17 ± 0.63 -0.80 0.46 -0.72*** 

Bias, mean difference between predicted and criterion; d, Cohen’s standardized mean difference; L, liters; r, Pearson’s 

product-moment correlation coefficient; RLV, residual lung volume; SD, standard deviation; SEE, standard error of the 

estimate; TE, total error; trend, correlation (expressed as Pearson’s r) between the bias and average.  

*different from criterion (p < 0.001).  

**significant correlation (p < 0.001).  

***trend is significant (p < 0.001). 
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Figure 1. Bland-Altman plots of measured versus predicted RLV (n = 44). Dark center line represents mean 

bias. Light dotted outer lines represent limits of agreement (bias ± 1.96 SD of bias). RLV, residual lung 

volume. 
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CHAPTER 3 

ESTIMATION OF TOTAL BODY WATER USING SINGLE FREQUENCY 

BIOELECTRICAL IMPEDANCE ANALYSIS: A SYSTEMATIC  

REVIEW AND META-ANALYSIS 

ABSTRACT 

Single frequency bioimpedance analysis (SFBIA) is a simple and non-invasive alternative 

to criterion chemical dilution techniques for assessing total body water (TBW). However, the 

impact of the various methodological considerations associated with SFBIA are unknown. The 

purpose of this study was to systematically review and meta-analyze the available literature 

regarding the validation of SFBIA for TBW determination. Electronic database searches were 

carried out to identify potentially relevant reports. Multi-level random-effects models were used 

to generate an overall standardized mean difference (SMD) effect size and identify potential 

moderators from the final sample of included study effects. The systematic search of five 

databases resulted in the identification of 264 effects from 51 original studies for quantitative 

analysis. The overall SMD indicated a small difference between SFBIA and criterion dilution 

methods (SMD = 0.02, p = 0.823) and a large degree of heterogeneity between effects (I2 = 

95.8%). Moderator analysis revealed that error in SFBIA estimation of TBW was primarily 

influenced the selection of frequency and index (β = -1.10, p < 0.0001) used to predict TBW, as 

well as the proportion of women in study samples (β = -0.002, p < 0.0001). Use of resistance 

index (Ht2/R) produced less error than impedance index (Ht2/Z) across all reported frequencies, 

with Ht2/R at 100 kHz producing the smallest overall SMD. The results presented in this study 

suggest that SFBIA provides accurate estimates of TBW compared to criterion dilution 
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techniques. However, care should be taken to use appropriate SFBIA parameters to minimize 

error in the estimate.  

INTRODUCTION 

  Accurate assessment of total body water (TBW) is critical for monitoring various aspects 

of physical health and performance. For instance, a decrease in body mass from water loss as 

little as 1-4% can cause decline in cognitive function (1), mood (2), exercise performance (3), 

and occupational work capacity (4). Thus, TBW is an important metric for athletic monitoring. 

Furthermore, it is an important consideration in body composition assessment. Multi-

compartment body fat techniques that include TBW are more accurate than standard two-

compartment models (e.g., hydrostatic weighing, skinfolds) that are based on assumed constant 

values for FFM hydration and density (5-11). Additionally, TBW assessment is an important 

consideration when monitoring patients with a metabolic condition that affects fluid status, such 

as hemodialysis (12, 13), peritoneal dialysis (14, 15), chronic kidney disease (16), cachexia (17), 

and lymphedema (18, 19). Last, tracking TBW is essential during nutritional interventions to 

prevent undesirable decreases in FFM with weight loss.  

Despite the importance of TBW assessment, such measurement techniques have 

primarily been limited to laboratory settings. The “gold standard” biochemical methods include 

dilution of isotopic tracers such as deuterium oxide, tritium dilution, and oxygen-18 (20-22). 

Administration of the dilution methods requires considerable cooperation from the participants, 

including multiple urine or blood samples and time commitments of up to six hours (22). 

Furthermore, each method is relatively expensive and requires a skilled technician to initiate the 

isotope measurement, collect and store each specimen, and perform the chemical analysis (23). 
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These inconveniences often preclude the widespread utility of dilution techniques in clinical and 

practical settings. 

A safe, non-invasive, and inexpensive alternative is bioelectrical impedance analysis 

(BIA) (24-26). This technique is based on the inverse relationship between TBW and electrical 

resistance (27). The most common BIA technology, single-frequency BIA (SFBIA), passes a 

current at 50 kHz through the body via surface electrodes attached to various contact points that 

serve as electrical poles. The rate of the current, along with descriptive characteristics, is used to 

estimate TBW using general or population-specific regression equations (27, 28). This technique 

is user independent and requires minimal time, making it suitable for assessing large groups and 

reporting of results quickly (i.e., within a few minutes). Though SFBIA may not be considered as 

sophisticated as dilution techniques or more advanced bioimpedance spectrometry methods, it 

remains prominent due to its low cost, ease of administration, and availability (27, 28).  

There are important distinctions in SFBIA methods that are commercially available, 

namely the direction of the current and the locations and number of contact points. For instance, 

the direction of the current may pass from two poles (i.e., bipolar) that are placed either at both 

hands, at both feet, or from hand to foot. These differences may result in errors of up to 70 ohms 

in resistance values due to the discrepancies regarding electrode placement (25, 29). 

Additionally, the number of contact points affects the accuracy of SFBIA devices, as bipolar 

devices may be less accurate than tetrapolar devices that pass the current between both hands 

and both feet (25, 30, 31).  

Independent of the SFBIA device, the chemical dilution method used as the criterion 

variable may also affect the outcome of TBW measurements. Although deuterium oxide is the 

most commonly reported chemical dilution method, others have been used with varying results. 
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For example, Schoeller et al. (22) reported differences in TBW as large as 3% between 

deuterium oxide and oxygen-18 dilution techniques. Further, there are a large number of BIA 

devices from different manufacturers that are used to validate the SFBIA procedure (28). It is not 

known if there are specific differences in estimation error across the various types of available 

devices. In sum, SFBIA may be a valid method for predicting TBW; however, there are several 

important device and methodological considerations—SFBIA model, electrode placement, 

frequency of current, criterion dilution technique—that could impact the validity and reliability 

of measures obtained via SFBIA. No study to date has investigated whether the aforementioned 

discrepancies associated with SFBIA influence TBW estimations, and if so, to what extent.  

Therefore, a comprehensive review and synthesis of the SFBIA literature is needed to 

systematically explore these device and methodological considerations. Aggregate-level meta-

analysis techniques will allow for the exploration of potential moderating factors at the study 

level (i.e., sample characteristics, bioimpedance procedures, criterion dilution techniques), and 

will enable the provision of recommendations to be used by researchers and clinicians alike. The 

purpose of this study was to 1) systematically review and meta-analyze the available literature 

regarding the accuracy of SFBIA for the estimation of TBW, 2) identify potential moderators 

that explain error in the estimation of TBW, and 3) identify best practices for using SFBIA for 

the estimation of TBW in clinical and research settings.  

METHODS 

Procedures 

Search strategy 

This study fully satisfies the criteria implied by the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) Statement (32, 33) and the Assessment of 
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Multiple Systematic Reviews (AMSTAR) Methodological Quality Tool (34, 35). The electronic 

database search included PubMed, CINAHL Plus with Full Text, Web of Science, and Scopus. 

Additionally, the ProQuest database was searched for theses and dissertations related to the 

validity of SFBIA. Databases were searched from inception until December 2019 using key 

terms related to bioelectrical impedance, validity, total body water, and isotope tracer. Hand-

searching and cross-referencing was also performed using the reference lists of included studies 

to supplement electronic database searches. Included studies were required to meet the following 

a priori criteria: i) peer-reviewed, ii) full-text article available in English, iii) involved human 

participants, iv) compared TBW values from SFBIA to chemical dilution, v) reported sufficient 

information so that the standardized mean difference (SMD) effect size and its components could 

be calculated, vi) reported the specific type of bioimpedance analysis procedures used.  

Assessment of study quality  

 Methodological study quality (SQ) was assessed using the scoring system for BIA 

validation studies proposed by Gonzalez et al. (36). The scoring system allows up to 400 points 

and consists of weighted questions regarding study design, procedures, statistical analysis, and 

technique standardization. Assessment of SQ was carried out in duplicate by two independent 

coders (ZSC and second coder, CJH). Discrepancies between SQ results were resolved by 

discussion between the two coders. Total SQ (expressed as a percentage of items satisfied of the 

total points possible) was included in the moderator analysis to identify the impact of SQ on 

error in TBW estimation. The SFBIA SQ survey utilized for this study is provided in 

Supplemental Digital Content (SDC) 1. 
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Study outcomes, effect size calculation, and heterogeneity 

 The within-subject standardized mean difference (SMD) effect size was used to quantify 

the accuracy of SFBIA compared to isotope dilution techniques for determining TBW (38). The 

SMD was defined as the mean difference between SFBIA and criterion TBW divided by the 

standard deviation (SD) of the mean difference, adjusted for small sample bias (37, 38). Multiple 

effects from a single study were disaggregated and analyzed separately (39). A multi-level 

random-effects model with maximum likelihood estimation was used to generate an overall 

SMD and 95% confidence intervals. The multi-level model was used to account for effects 

nested within studies (40, 41). A positive effect indicates that SFBIA overestimated TBW and 

the magnitude of the effect size were qualified as small (≤ 0.20), medium (0.50), and large (≥ 

0.80) (42). Effect size heterogeneity was identified using Cochran’s Q statistic (43) and 

quantified with the I2 statistic (44, 45).  

Moderator analysis  

 In the presence of significant heterogeneity, pre-selected study-level moderators were 

evaluated to identify potential sources of variability across effect sizes. Potential study-level 

moderators included SFBIA device and procedure information (model, electrode arrangement, 

side of the body, frequency of current, index), isotope tracer used for chemical dilution technique 

(deuterium oxide, oxygen-18, tritium), sampling medium used for dilution technique (blood, 

urine, saliva, respiration), sample characteristics (sex [% female], age, height, weight, body mass 

index [BMI], and health status), and total SQ (expressed as a percentage of items satisfied). 

Health status of participants was dichotomized into “healthy” and “unhealthy”, with effects from 

studies using participants suffering from chronic illness (e.g., COPD, HIV/AIDS, cancer, 

cerebral palsy) collapsed into the “unhealthy” category. Similarly, frequency was split into 3 
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categories: 50 kHz, 100 kHz, and “other”. The latter category was comprised of uncommon 

frequencies including 5, 400, and 1000 kHz. Additionally, the interaction between frequency and 

index was examined. See SDC 2a and 2b for more information regarding study-level moderators. 

Individual moderators were examined using a multi-level random-effects model with maximum 

likelihood estimation. Significant and trending (p < 0.10) moderators were incorporated into a 

multi-level multiple-moderator model to identify significant relationships between variables, and 

to determine the proportion of unique variance attributable to study-level moderators. An 

adjusted pseudo-R2 (46) was calculated to estimate the amount of heterogeneity accounted for by 

the final model. The number of moderators included in the model was limited to 26 (one per 

every ten effects) to avoid overfitting (47). 

Potential bias 

 Potential reporting biases were identified by visual examination of a funnel plot for 

asymmetries (48) and confirmed using rank correlation (49) and regression tests (50). Outlying  

individual effects (i.e., studentized residual ≥ |3.0|) were identified using procedures described by 

Viechtbauer and Cheung (51). Because results from meta-analyses may be unduly impacted by 

extreme values (40, 52, 53), a sensitivity analysis was performed in order to gauge the effect of 

potential outliers on the overall SMD. 

Statistical analysis  

 Data were managed using Excel for Windows (Microsoft Corporation, Redmond, WA, 

USA). Examination of effect size distribution, meta-regression, model comparison statistics, and 

plot construction were completing using the ‘metafor’ package (54) in R (version 3.6.3, R 

Foundation for Statistical Computing, Vienna, Austria). Aggregate-level descriptive 

characteristics are presented as mean ± SD unless otherwise stated. SMD effect size estimates 
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are reported as mean (95% confidence intervals). Standardized β coefficients, 95% confidence 

intervals, and p values are reported for moderators included in the multi-level regression models. 

Statistical significance for analyses was accepted at p < 0.05.   

RESULTS 

Study selection  

Our systematic search of 5 databases yielded 2,050 potentially relevant records for 

review. Systematic screening of the records ultimately resulted in 51 original studies being 

identified for inclusion (55-105). Extraction of multiple effects from studies with > 1 comparison 

yielded a total of 264 effects. A detailed description of the search, screening, and identification 

of relevant records is shown in Figure 1.  

Study and participant characteristics 

On average, studies included 82 ± 197 participants and yielded 5 ± 5 (range 1 to 23) 

effects. Aggregate-level data from 21,556 predominantly healthy (i.e., free from metabolic, 

pulmonary, and cardiovascular disease) (68.2%) participants (54.5% female, 29.0 ± 18.8 years, 

22.7 ± 4.5 kg∙m-2) across 51 studies were included in the final analysis. Race/ethnicity of 

participants was infrequently reported (38.4% of total effects), so it was excluded from the 

quantitative analysis. A majority of studies reported mean bias (97.0%) and SD of the bias 

(73.1%), while others reported mean values, limits of agreement, t-statistics, or SEM values. 

Reported mean TBW values were 30.5 ± 12.0 L (predicted from SFBIA) and 30.5 ± 10.9 L 

(determined by chemical dilution). Average mean bias between predicted and criterion TBW was 

0.1 ± 2.5 L (Table 1).  

The most utilized SFBIA devices for the prediction of TBW were the RJL Model BIA 

101 (28.0%), the Xitron Technologies Models 4000 and 4000B (23.5%), and the Bodystat 
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Quadscan 4000 (20.5%). A total of 12 different manufacturers and 21 SFBIA models were 

represented across our sample of studies. SFBIA procedures applying 50 kHz (90.5%) to the 

right side of the body (46.2%) utilizing a hand-to-foot (92.4%) electrode arrangement were most 

commonly reported. The predominant criterion technique for determination of TBW was D2O 

dilution (95.1%), and most studies reported using salivary analysis for sampling (53.4%). See 

SDC 3 for procedural details of the included studies.  

Assessment of study quality  

The studies included in our analysis achieved a moderate (71.6 ± 9.7%) quality, with 

scores ranging from 40.4 to 85.5%. Items least likely to be satisfied included those related to 

sample bias (SQ8, 13.7%), adherence to pre-testing exercise guidelines (SQ11, 21.6%), and 

SFBIA test-retest reliability (SQ16, 33.3%). Regarding SFBIA and dilution technique 

standardization, only six of the 21 total items were reported in 50% or more of the studies. 

Overall and itemized SQ scores are provided in SDC 4. 

Accuracy of SFBIA for estimating TBW 

 The cumulative results from 264 effects extracted from 51 original studies published 

between 1986 and 2019 revealed that SFBIA accurately estimated TBW when compared to 

isotope dilution techniques (SMD = 0.02, 95% CI: -0.17 to 0.18) (Figure 2). However, the mean 

SMD lacked homogeneity (Cochran’s Q17 = 9240.3, p < 0.001, I2 = 95.8%, 95% CI: 93.8 to 

97.3%), indicating a large degree of between-study variability. Moderator analyses were 

conducted to identify potential sources of error in effect size. 

Moderator analysis  

Pre-planned subgroup comparisons were used to examine categorical moderators and 

revealed a significant (p < 0.001) interaction between frequency and index (Table 2). Impedance 
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index (i.e., Ht2/Z) produced significant moderate to large errors in TBW estimation at 50 kHz (k 

= 57, SMD = -0.82, p < 0.001), 100 kHz (k = 12, SMD = 0.68, p < 0.001), and other reported 

frequencies (k = 1, SMD = 1.82, p < 0.001). Resistance index (i.e., Ht2/R) exhibited small error at 

50 kHz (k = 174, SMD = 0.40, p < 0.001) only. The effects of frequency and index are displayed 

in Figure 3. Prediction equations that included anthropometric measures were more accurate (k = 

194, SMD = 0.12, p = 0.19) than those that only used resistivity index (k = 61, SMD = -0.37, p < 

0.001). When equations were categorized by sex-specificity, neither group produced significant 

error in TBW estimation (all p > 0.05). Regarding criterion methodology, SFBIA significantly 

underestimated TBW determined via oxygen-18 dilution (k = 8, SMD = -0.60, p = 0.007) while 

comparisons with D2O and tritium dilution produced small (p > 0.10) error. See Table 3 for a 

detailed summary of subgroup comparisons. Univariate meta-regressions were used to examine 

the potential moderating effects of continuous variables (Table 4). Results indicated that error in 

TBW estimation increased proportionally with sample height (β = 0.011, p < 0.001) and weight 

(β = 0.012, p < 0.001), while an inverse relationship was observed with increasing proportion of 

females in the sample (β = -0.002, p < 0.001). When significant subgroup and univariate 

moderators were combined into a single, multi-level multiple-moderator model, frequency and 

resistivity index were shown to exert the most influence on error in TBW estimation (β = -1.10, p 

< 0.001). Proportion of females in the sample also had a small effect (β = -0.002, p < 0.001). The 

full model accounted for approximately 63.3% of the between-study variability in effect size (p < 

0.001). 

Assessment of publication bias 

 Examination of the funnel plot (Figure 4) revealed a wide spread of study-level effects. 

Nine potential outliers with residual magnitudes ≥ 3.0 were identified from the 264 effects 
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(3.4%). The outliers were from 6 studies with very homogeneous samples of participants, 

including ill and healthy children (58, 59, 73), African women (66, 84), and elderly adults (98). 

All but one (98) study used Ht2/Z to predict TBW, one study used 100 kHz (58), and the rest 

used a hand-to-foot configuration at 50 kHz. Despite the range of effect sizes and the potential 

outliers, an approximately symmetrical distribution of effects was observed and confirmed using 

rank correlation (Kendall’s τ = -0.060, p = 0.15) and regression (z = -1.88, p = 0.06) tests. A 

sensitivity analysis in which the 9 outlying effects were removed produced a similarly small 

overall effect size (SMD = 0.01, 95% CI: -0.17 to 0.18, p = 0.95) with a large degree of 

heterogeneity (I2 = 96.5). Additionally, the distribution of effect sizes remained symmetrical in 

the reduced funnel plot (Figure 5) according to visual inspection as well as Begg’s and Egger’s 

tests (all p > 0.05).  

DISCUSSION 

 The primary aim of this systematic review and meta-analysis was to examine the 

accuracy of SFBIA-derived estimations of TBW compared to criterion isotope dilution 

techniques, and to identify sources of variability in the observed error. The cumulative results 

from 264 effects extracted from 51 original studies indicate that SFBIA provides accurate 

estimates of TBW when compared to isotope dilution techniques. However, there was a large 

degree of heterogeneity in the degree of estimation error associated with SFBIA procedures (i.e., 

frequency and resistivity index), prediction equations, and participant characteristics. Other 

factors related to TBW assessment methodology including device, electrode arrangement, body 

side of the measurement, isotope tracer, and sampling medium did not modulate the overall 

effect size. Further, methodological SQ, publication year, participant health status, age, weight, 

and BMI did not impact the accuracy of SFBIA. 
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 The primary factors associated with error in TBW estimation using SFBIA were  

frequency and resistivity index. Regarding frequency, 50 kHz was the most commonly used with 

SFBIA techniques (90.5% of the total effects). The use of 50 kHz is predicated on the 

assumption that electrical currents move through both intra- and extracellular fluid at lower 

frequencies, thereby providing an estimate of TBW (28). This assertion has been challenged, 

however, primarily by the allegation that 50 kHz is too low to completely penetrate cell 

membranes and thus does not adequately capture intracellular fluid volume (106). Although the 

use of 100 kHz is sometimes used to combat this issue (107-110), the same criticisms are often 

applied (20, 108, 111). Despite these limitations, the results of our aggregate-level analysis 

indicated that overall SMD was not independently affected by measures at either 50 or 100 kHz. 

Other reported frequencies were associated with significant error, however. These included 

SFBIA at 5 kHz, which is typically used to capture extracellular fluid volumes (100, 110, 112); 

400 kHz, the rationale for which was not explicitly provided (100); and 1000 kHz, which has 

been shown to perform better than 50 kHz in HIV-positive patients (86). These frequencies were 

grouped into a single category due to lack of statistical power (only 8 effects reported in total).  

  Both resistivity indexes significantly modulated the overall SMD. Estimations of TBW 

using Ht2/R produced overestimations compared to dilution techniques, while Ht2/Z generally 

underestimated TBW. This finding is particularly interesting because it suggests that resistance 

and impedance values may not be interchangeable as commonly reported (25, 26, 113). 

Determination of fluid volumes via BIA is based upon the relationship between impedance and 

resistance, defined as Z2 = R2 + Xc2, where Z is impedance, R is resistance, and Xc is reactance. 

Because the magnitude of reactance is very small at low frequencies (i.e., 50 kHz), it is generally 

considered negligible in practice (114, 115). Theoretically, this means that impedance and 
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resistance values are equivalent at low frequencies and thus can be used interchangeably. 

Although this rationale has been used to justify substitution of one value for another when using 

previously developed equations (59, 92, 116), there is a lack of empirical evidence demonstrating 

that Ht2/R and Ht2/Z can be swapped without consequence. Considering the findings of the 

present meta-analysis, we suggest that resistivity indexes be considered separate entities, and that 

authors use the original variables reported when using SFBIA prediction equations.   

Examination of the interaction between frequency and resistivity indexes revealed that 

Ht2/R outperformed Ht2/Z across all reported frequencies. Notably, Ht2/Z produced moderate 

effects at 50 and 100 kHz, while Ht2/R produced small to moderate effects. Overall, the least 

error was observed when Ht2/R was used in combination with 100 kHz. While improved 

accuracy of 100 kHz over 50 kHz when using Ht2/R has been reported (110, 117), other authors 

have suggested that the use of 100 kHz offers no practical improvement over 50 kHz (108). 

Further, the previously discussed assertions that both frequencies are too low for fully 

encapsulating intracellular fluid volume seem to imply that the use of either is inadequate for 

assessment of TBW. Based on the results presented here, there appears to be increased accuracy 

when using Ht2/R rather than Ht2/Z, and 100 kHz rather than 50 kHz. From a practical 

standpoint, attention should be given to equations that utilize these particular parameters, 

although there are other considerations to be made regarding equation selection. 

Across our sample of effects, more than 70 equations were used to predict TBW from 

SFBIA. Our analysis demonstrated that univariate equations (i.e., resistivity index is the sole 

predictor of TBW) contributed small but significant error to the overall SMD, while those that 

included other variables did not. This was not unexpected, as researchers frequently report that 

additional measures, especially weight, improve validity statistics when developing SFBIA 
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equations (63, 76, 98, 99, 108, 118-123). Theoretically, variables such as weight, age, and sex 

may help control for differences in body build, adiposity, and distribution of body water between 

the extra- and intracellular compartments (108). However, the inclusion of other variables for 

prediction of TBW, specifically weight, is not without its critics. For example, it has been 

suggested that a measure of body volume rather than weight be used in obese subjects, because 

the former more closely approximates the biophysical model on which BIA is based (63, 107). 

Additionally, rapid weight loss during caloric restriction may produce spurious results regarding 

fat-free mass change during nutritional interventions, while a measure of body volume reflects 

changes in adiposity without being directly related to fat-free mass (63). When entered into the 

multiple-moderator model, the effect of equation type was inconsequential, suggesting that other 

aspects of SFBIA methodology (i.e., frequency and index) were likely contributing to differences 

between equations.  

The selection of isotope tracer used for criterion TBW determination was a source of 

error independent of other factors, though this effect was attenuated when combined with other 

factors. Of the 3 tracers reported in the reviewed studies, the use of oxygen-18 was associated 

with significant underestimation of TBW. This supports earlier work by Scholler et al. (22), who 

reported that oxygen-18 produced 3.0% lower TBW than D2O. The authors suggested that 

oxygen-18 may yield more accurate estimates of TBW than deuterated or tritiated water because 

less exchange with nonaqueous body compartments (i.e., proteins and carbohydrates) occurs 

(22), a phenomenon to which the former isotopes are especially prone (124-126). Additionally, 

oxygen-18 is non-toxic, nonradioactive, and can be measured via expired CO2 (22), making it a 

more appropriate tracer than D2O or tritium for use with special populations including pregnant 

women, young children (75), older adults (98), and chronically ill persons (91). Despite the 
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proposed benefits, only 3.1% of the effects reviewed in the present study reported using oxygen-

18 for SFBIA validation, while the vast majority (95.3%) used D2O.  

Sample characteristics including sex (β = -0.002), height (β = 0.004), and weight (β = 

0.005) produced similarly small effects on TBW error in the multiple-moderator model, while 

only sex (expressed as the percentage of female participants within the sample) remained 

influential. Although this result implies error between SFBIA and criterion TBW values decrease 

as the proportion of women in a sample increases, the magnitude of the coefficient suggests that 

the effect is trivial. Additionally, subgroup comparison of equations categorized by sex-

specificity showed that the inclusion of sex did not moderate the overall SMD, which indicates 

that differences between men and women may be accounted for by anthropometric variables. 

Differences in estimation error between men and women have been demonstrated in studies 

comparing BIS to criterion dilution techniques, with several authors reporting smaller error in 

women than men when comparing BIS to criterion methods (23, 127, 128).  

There were a number of unexpected results that emerged from this meta-analysis. For 

instance, subgroup comparisons indicated that error in TBW estimation was similar across 

electrode arrangement (i.e., hand to foot versus foot to foot), body side used for measurement, 

and SFBIA device. Regarding criterion TBW measures, the sampling medium did not contribute 

to error in overall SMD, although differences between methods has been reported (129). 

Participant characteristics including health status, age, and BMI were also inconsequential. The 

lack of effect of health status is especially interesting, as researchers often note that the presence 

of disease may alter hydration status and thus impact TBW estimates (74, 130, 131). It is 

possible that the sum of positive and negative errors associated with different conditions 

produced a “washout” effect when categorized together and compared against effects with 
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healthy participants. Due to the variability in disease conditions represented in the selected 

studies, however, it was not possible to fractionate the subgroup into smaller categories.  

This systematic review and meta-analysis is not without limitations. The search strategy 

was broad and inclusive, so as to capture as much of the desired literature as possible. However, 

variations in search terms or use of another database may have produced different results. 

Additionally, the initial records returned from the electronic search (n = 2,050) were screened for 

relevance using the built-in filters associated with each database before being imported into a 

citation manager for title/abstract review. It is entirely possible that different screening 

procedures may have resulted in different records. There were also methodological limitations 

imposed by the available data. For instance, the pre-identified moderators were often either 

highly homogeneous (i.e., > 90% of the total effects used the same frequency, isotope tracer, and 

electrode arrangement) or highly heterogeneous (i.e., > 70 different equations, > 20 different 

models) across the effects, making certain subgroup comparisons statistically unviable and thus 

limiting our ability to explore potential interactions. In the latter case, the decision was made to 

collapse certain factor levels in order to allow for meaningful statistical comparisons, which may 

potentially obscure large effects or create a “washout” effect as previously discussed. Despite 

these limitations, we feel confident that the results presented here accurately reflect the current 

body of literature. 

CONCLUSION 

Although another meta-analysis evaluating the accuracy of SFBIA, MFBIA, and BIS 

techniques has been published (132), the scope of the paper was extremely limited (n = 16 

studies) and the authors did not report homogeneity of effect size, conduct moderator analyses, 

or assess potential publication bias. To our knowledge, this is the first comprehensive systematic 
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review and meta-analysis evaluating the accuracy of the SFBIA technique for estimation of 

TBW. Our search strategy allowed for the inclusion of wide ranges of age, body composition, 

health condition, race and ethnicity, and measurement techniques. Additionally, the literature 

search was not restricted by SFBIA or criterion methodology. The multi-level approach to meta-

analysis permitted the calculation of an overall weighted mean effect size while accounting for 

nesting of effects within studies and yielded a small SMD across all 255 effects. Moderator 

analyses showed that error in SFBIA estimation of TBW was primarily affected by frequency, 

resistivity index, and equation. Specifically, the use of Ht2/R at 100 kHz produced the least error 

in TBW estimation, while Ht2/Z resulted in statistically significant error across all frequencies. 

Additionally, equations that included a measure of weight or some other anthropometric variable 

generally outperformed equations based solely on resistivity index. Overall, these findings 

indicate that SFBIA is a valid method for estimating TBW. However, care should be taken to 

ensure the parameters discussed in this report are utilized in order to minimize the potential error 

associated with TBW estimation.  
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Table 1. Summary statistics of the aggregate sample (n = 21,556) from 51 

studies  

Variable Mean ± SD       Range 

Sample size      82 ± 197        6 to 1,170 

Number of effects        5 ± 5       1 to 23 

Age (y)      29 ± 19    0.0 to 81.8 

Height (cm) 156.4 ± 26.4   41.0 to 185.0 

Weight (kg)   56.5 ± 20.3     1.6 to 128.2 

BMI (kg∙m-2)   22.7 ± 4.5     9.5 to 50.2 

Sex (% female)   54.5 ± 38.6     0.0 to 100.0 

SFBIA TBW (L)   30.5 ± 12.0     4.9 to 49.5 

Criterion TBW (L)   30.5 ± 10.9     1.3 to 51.2 

Bias (SFBIA – Criterion) (L)     0.1 ± 2.5  -14.3 to 8.6 

SFBIA, single frequency bioimpedance analysis; TBW, total body water. 
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Table 2. Effect of frequency and resistivity index on the accuracy of SFBIA   

Index Frequency (kHz) SMD (95% CI) p value  

Ht2/Z 50 -0.821 (-1.035 to -0.607) < 0.001 

Ht2/Z 100  0.676 (0.407 to 0.946) < 0.001 

Ht2/Z Other   1.818 (1.167 to 2.470) < 0.001 

Ht2/R 50  0.397 (0.185 to 0.609) < 0.001 

Ht2/R 100  0.102 (-0.146 to 0.350)    0.42 

Ht2/R Other  0.237 (-0.213 to 0.687)    0.30 

CI, confidence interval; Ht, height; kHz, kilohertz; R, resistance; SE, standard 

error; SFBIA, single-frequency bioelectrical impedance analysis; SMD, 

standardized mean difference; TBW, total body water; Z, impedance. 
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Table 3. Summary of subgroup analyses  

Moderator      k (%) SMD (95% CI) p value 

SFBIA device    

Model BIA 101   74 (28.0)  0.185 (-0.090 to 0.460)    0.19 

Quadscan 4000   54 (20.5)  0.167 (-0.347 to 0.681)    0.53 

Xitron 4000/B   62 (23.5) -0.174 (-0.630 to 0.282)    0.45 

Other   74 (28.0) -0.042 (-0.276 to 0.191)    0.72 

Frequency (kHz)    

50 239 (90.5)  0.002 (-0.176 to 0.180)    0.98 

100   20 (7.6)  0.185 (-0.018 to 0.388)    0.07 

Other     5 (1.9)  0.547 (0.171 to 0.922)    0.004 

Resistance index    

Ht2/Z   78 (29.5) -0.716 (-0.929 to -0.504) < 0.001 

Ht2/R 186 (70.5)  0.433 (0.222 to 0.644) < 0.001 

Electrode arrangement    

Hand-to-foot 244 (92.4)  0.030 (-0.157 to 0.217)    0.75 

Foot-to-foot   20 (7.6) -0.071 (-0.635 to 0.494)    0.81 

Side of the body    

Right 122 (46.2) -0.161 (-0.402 to 0.079)    0.19 

Left   41 (15.5)  0.150 (-0.219 to 0.520)    0.43 

Other 101 (38.3)  0.218 (-0.034 to 0.470)    0.09 

Equation variables    

Index only   65 (24.6) -0.365 (-0.550 to -0.180) < 0.001 

Anthropometric 199 (75.4)  0.122 (-0.061 to 0.304)    0.19 

Equation type (biological sex)    

Not sex-specific 166 (62.9)  0.090 (-0.086 to 0.267)    0.32 

Sex-specific   98 (37.1) -0.108 (-0.286 to 0.071)    0.24 

Criterion TBW isotope tracer    

Deuterium oxide 251 (95.1)  0.062 (-0.124 to 0.248)    0.51 

Tritium     4 (1.5) -0.313 (-1.583 to 0.956)    0.63 

Oxygen-18     9 (3.4) -0.595 (-1.027 to -0.164)    0.01 

Criterion TBW fluid sample    

Blood   49 (18.6) -0.114 (-0.503 to 0.276)    0.57 

Urine   72 (27.3) -0.171 (-0.436 to 0.095)    0.21 

Saliva 141 (53.4)  0.244 (-0.007 to 0.496)    0.06 

Respiratory     2 (0.8)  0.224 (-1.029 to 1.476)    0.73 

Health status of participants    

Healthy 187 (70.8) -0.014 (-0.197 to 0.170)    0.88 

Unhealthy   77 (29.2)  0.077 (-0.119 to 0.273)    0.44 

%, proportion of total effects; CI, confidence interval; Ht, height; kHz, kilohertz; k, number of effects; R, 

resistance; SFBIA, single-frequency bioelectrical impedance analysis; SMD, standardized mean difference 

effect size; TBW, total body water; Z, impedance. 
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Table 4. Summary of univariate multi-level meta-regression  

Moderator          β (95% CI) p value  

Publication year  0.002 (-0.017 to 0.021)    0.83 

Study quality (%) -0.001 (-0.019 to 0.017)    0.90 

Age  0.003 (-0.004 to 0.011)    0.40 

Sex (% female) -0.002 (-0.003 to -0.002) < 0.001 

Height  0.011 (0.008 to 0.015) < 0.001 

Weight  0.013 (0.008 to 0.017) < 0.001 

Body mass index -0.005 (-0.032 to 0.021)    0.69 

β, standardized beta; CI, confidence interval. 
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Figure 1. PRISMA flowchart of study selection. k, number of effects; MFBIA, multi-

frequency bioimpedance analysis; n, number of studies; SMD, standardized mean difference 

effect size; TBW, total body water. 
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Figure 2. Forest plot of individual effect sizes (k = 264). Effect sizes are displayed in 

ascending order. Values to the left of the zero indicate an underestimation of total body water 

by single frequency bioelectrical impedance analysis compared to criterion isotope dilution; 

values to the right indicate overestimation. The mean effect size (0.02, 95% CI: -0.16 to 0.20, 

p = 0.82) is indicated by the polygon at the base of the vertical dotted line. 
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Figure 3. The effect of frequency and index on the accuracy of SFBIA. R, resistance; SFBIA, 

single-frequency bioimpedance analysis; kHz, kilohertz; Z, impedance. 
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Figure 4. Funnel plot of SMD versus standard error (k = 264). SMD, standardized mean 

difference. Inner, middle, and outer dashed lines represent 90, 95, and 99% confidence 

intervals, respectively.  
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Figure 5. Reduced funnel plot with outliers removed (k = 255). Inner, middle, and outer dashed 

lines represent 90, 95, and 99% confidence intervals, respectively. 
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SDC 1. Study quality for BIA validation research 

A. STUDY DESIGN ANSWER SCORE 

1. What type of study design was used? 

- Case report 

- Uncontrolled experiment 

- Cohort or case control study 

- Not clear 

  

  

  
  

 
5 
30 
40 
0 

2. Were the inclusion criteria clarified? Yes   No   NC   30 

3. Were the exclusion criteria clarified? Yes   No   NC   30 

 

B. SUBJECTS ANSWER SCORE 

4. Was the source of the study group described? Yes   No    NC   20 

5. Was there a description of the demographic characteristics of the subjects? 

(ethnicity, gender, age) 
Yes   No    NC   20 

6. Was there a description of the clinical characteristics of the subjects? 
(normal or type of 
disease and severity) 

Yes   No   NC   20 

7. Was the study group free of patients with co-morbid conditions? Yes   No   NC   20 

8. Was the sample selected in a way that avoids bias? Yes   No   NC   20 

 

C. PROCEDURES ANSWER SCORE 

9. Was the weight measured to the nearest 0.1 Kg (1-5 g in children less than 
3 years)? 

Yes   No   NC   0.7 

10. Did the subjects fast overnight or for 8 h before the test? ( 3 hr before in 
children < years) Yes   No   NC   5 

11. Did the subjects avoid strenuous exercise for 8 h before the test? Yes   No   NC   3.7 

12. Was the diagnostic BIA performed in a Standardized manner? [See 
questionnaire, page 2]    Insert subtotal here  →   

13. Was the Gold Standard (GS) performed in a Standardized manner? [See 
questionnaire, page 3]    Insert subtotal here  →  

14. Were BIA and GS test done at the same time and in similar conditions? Yes   No   NC   1 

15. Was the GS performed on all subjects? Yes   No   NC   0.5 

16. Was a test of BIA reproducibility carried out? Yes   No   NC   2.8 

17. Was non-random exclusion of patients avoided? Yes   No   NC   0.3 

18. Was the hydration status likely to have remained the same 

during the whole measurement period? 
Yes   No   NC   6 

 

D. STATISTICAL ANALYSIS ANSWER SCORE 

19. Was/were the algorithm(s) to calculate the water volumes given? Yes   No  NC   15 

20. Were all results included in the analysis? Yes   No   NC   15 

21. What was the primary statistical analysis used? 
Non parametric 

Correlation/regression 

Bland/Altman analysis 

30 
50 
70 
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If there is reference to another study this should be evaluated with the same 

questionnaire 
 

Question Answer Score 

1. Was the bladder emptied before the test? Yes   No   NC   1.8 

2. Was the menstrual cycle considered or not applicable? Yes   No   NA   2.1 

3. Was a non-conductive surface used for the test Yes   No   NC   1.1 

4. Was the skin cleaned with alcohol? Yes   No   NC   1.0 

5. Was the environment or skin temperature noted? Yes   No   NC   13.1 

6. Were metallic objects removed from the patients? Yes   No   NC   1.1 

7. Was the patient position and time in that position recorded? Yes   No   NC   5.9 

8. Was the height measured to the nearest 0.5 cm? 

(0.1 cm in children under 3 years) 
Yes   No   NC   0.6 

9. Was the abduction of limbs described? Yes   No   NC   4.8 

10. Was the electrode position described? 

(In children under 3 yr. the minimal distance between the 

sense3 and voltage electrodes should be 3cm) 

Yes   No   NC   3.7 

11. Were the brand or type and size of electrodes stated? Yes   No   NC   0.7 

12. Did the study state the side of the body on which measurements 

were taken? 
Yes   No   NC   4.1 

  SUBTOTAL (40 points possible)  

Enter subtotal into C-12 Score column in page 1 table 
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If there is reference to another study this should be evaluated with the same 

questionnaire 
 

Question Answer Score 

1. Were drinks avoided for several hrs before the test? Yes   No   NC   4.4 

2. Were baseline physiologic samples taken before the dose of tracer? Yes   No   NC   4.4 

3. Did each patient take the complete dose? 
(The container used for the dose should be washed with water and this should 

be administered to the subject) 
Yes   No   NC   4.4 

4. Was the reported period of equilibration adequate? 
TBW: 3-4 h 
ECW: 3-4 h 

If ECW expanded TBW: 4-5 h 
If ECW expanded ECW: 5-6 h 

Yes   No   NC   4.4 

5. Were the samples stored in airtight tubes? Yes   No   NC   4.4 

6. Was the measurement procedure the same for all subjects? Yes   No   NC   4.4 

7. Was eating or drinking avoided during the equilibration period? Yes   No   NC   4.4 

8. If the back-extrapolation method was used were foods avoided for 1 hr 
after the dose or not applicable? Yes   No   NA   4.4 

9. If urine was sampled for TBW was the 1st specimen discarded and then two 
samples collected after the dose or it was not applicable? 

Yes   No   NA   4.4 

  SUBTOTAL (40 points possible)  

 

NC: Not clear 

NA: Not applicable 

 

 

Enter subtotal into the C-13 Score column in page 1 table 
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SDC 2a. Description of categorical moderators  

Moderator Levels Description 

SFBIA device Model BIA 101 Model of SFBIA device used to measure TBW and 

impedance values.  Quadscan 4000 

 Xitron 4000/B 

 Other 

Frequency (kHz) 50 Current frequency used to measure bioelectrical impedance. 

 100  

 Other (5, 400, and 1000)  

Index Ht2/Z Resistivity index. BIA parameter used to predict TBW. Z = 

impedance, R = resistance.  Ht2/R 

Electrode arrangement Hand-to-foot Refers to placement of electrodes on the limbs. 

 Foot-to-foot  

Side of the body Right Side of the body electrodes are placed for measurement. NA 

for foot-to-foot SFBIA.  Left 

 Other  

Equation type Index only Variables in regression equation to predict TBW. 

 Anthropometric variables  

Equation type – sex Not sex-specific Identifies if regression equation used is sex-specific or 

accounts for sex.  Sex-specific 

Criterion TBW isotope tracer Deuterium oxide Isotope tracer used to determine criterion TBW. 

 Tritium  

 Oxygen-18  

Criterion TBW fluid sample Blood Fluid medium in which criterion TBW was measured. 

 Urine  

 Saliva  

 Respiratory  

Health status of participants Healthy Identifies whether sample was comprised of healthy or 

unhealthy participants. “Unhealthy” category included 

effects derived from samples of participants suffering from 

chronic disease including COPD, HIV/AIDS, and cancer. 
 

Unhealthy 
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SDC 2b. Description of continuous moderators  

Moderator Description 

Publication year Study year of publication. 

Study quality (%) Total study quality expressed as a percentage. 

Age Mean sample age (year). 

Sex (% female) Proportion of females in sample. 

Height Mean sample height (cm). 

Weight Mean sample weight (kg). 

Body mass index Mean sample body mass index (kg∙m-2). 
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SDC 3. Summaries of the 51 studies included in the quantitative analysis 

Author Year k Sample description Country n % female 
Electrode 

arrangement 
SFBIA device Isotope  

Aglago et al. 2013 10 Healthy North-African adults Morocco 250 77.6 Hand to foot 
Bodystat 

Quadscan 4000 
D2O 

Al-Bachir and 

Othman 
2016 1 Young Syrian adults Syria 215 0.0 Hand to foot 

Bodystat 

Quadscan 4000 
D2O 

Bauer et al. 2005 3 Adults with cancer cachexia Australia 7 28.6 Foot to foot 
Tanita Model 

300GS 
D2O 

Beertema et al. 2000 4 
Children with various 

diseases 
Netherlands 38 39.5 Hand to foot 

Xitron Hydra 

ECF/ICF Model 

4200 

D2O 

Bell et al. 2013 6 
Young children with cerebral 

palsy 
Australia 55 30.9 Foot to foot 

Bodystat 

1500MDD 
D2O 

Bell et al. 1998 1 Apparently healthy adults Australia 57 49.1 Foot to foot 
Tanita Model 

TBF 305 
D2O 

Ben Jemaa et al. 2019 7 Healthy Tunisian children Tunisia 134 45.5 Foot to foot 
Tanita Model 

TBF 401A 
D2O 

Danford et al. 1992 7 Healthy children United States 37 51.4 Hand to foot 
RJL Model BIA-

101 
D2O 

De Lorenzo et al. 1999 2 Obese adult women Italy 55 100.0 Hand to foot 
Xitron Model 

4000 B 
D2O 

Diouf et al. 2018 1 Healthy Senegalese children Senegal 151 51.0 Hand to foot 
Xitron Model 

4000 B 
D2O 

Diouf et al. 2009 10 HIV-infected African adults Senegal 34 58.8 Hand to foot 
Xitron Model 

4000 B 
D2O 
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Dioum et al. 2005 23 Healthy African women Senegal 36 100.0 Hand to foot 
Xitron Model 

4000 B 
D2O 

El Harchaoui et al. 2018 10 Healthy Moroccan children  Morocco 247 50.6 Hand to foot 
Bodystat 

Quadscan 4000 
D2O 

Fjeld et al. 1990 2 
Healthy and protein-energy 

malnourished children 
Peru 65 NR Hand to foot 

RJL Model BIA-

101 
D2O 

Gregory et al. 1991 2 
Children with growth 

disorders 
England 34 17.6 Hand to foot 

Holtain 

bioimpedance 

analyzer 

D2O 

Haas et al. 2012 2 Healthy adults Germany 52 50.0 Hand to foot 
BIACorpus RX 

4000 
D2O 

Haroun et al. 2010 8 
Healthy adolescents of 

various ethnicities 
England 382 45.8 Foot to foot Tanita TBF-300 D2O 

Hastuti et al. 2016 1 Healthy Indonesian men Indonesia 292 0.0 Hand to foot 
ImpediMed Imp 

DF50 
D2O 

Horlick et al. 2002 8 
Healthy and HIV-positive 

children and adolescents 
United States 1291 48.6 Hand to foot 

RJL Model BIA-

101 
D2O 

Isenring et al. 2004 1 Adults receiving radiotherapy Australia 27 14.8 Foot to foot 

Tanita Models 

TBF 300GS and 

410 

D2O 

Kushner et al. 1992 8 
Healthy neonates, children, 

and adults 
United States 59 27.1 Hand to foot 

RJL Model BIA-

101 

18-O, 

D2O 

Kushner and 

Schoeller 
1986 4 

Adults with various health 

conditions 
United States 18 66.7 Hand to foot 

RJL Model BIA-

101 
D2O 

Liu et al. 2011 1 Healthy Asian children 

China, Lebanon, 

Malaysia, 

Philippines, 

Thailand 

948 48.1 Hand to foot 
ImpediMed Imp 

DF50 
D2O 
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Lukaski and 

Bolonchuk 
1988 2 Healthy adults United States 110 53.6 Hand to foot 

RJL Model BIA-

101 
D2O 

Masuda and Komiya 2004 2 Healthy Japanese children Japan 70 44.3 Hand to foot 
Toyo Physical 

TP-95K 
D2O 

Matias et al. 2016 21 
Elite and recreational adult 

athletes 
Portugal 212 26.9 Hand to foot 

RJL Model BIA-

101 
D2O 

Matias et al. 2016 7 Adult athletes Portugal 208 33.7 Hand to foot 
RJL Model BIA-

101 
D2O 

Medoua et al. 2008 12 
Cameroonian HIV-positive 

adults 
Cameroon 56 66.1 Hand to foot 

Bodystat 

Quadscan 4000 
D2O 

Medoua et al. 2015 9 Cameroonian dialysis patients Cameroon 40 30.0 Hand to foot 
Bodystat 

Quadscan 4000 
D2O 

Medoua et al. 2011 12 
Cameroonian lactating 

women 
Cameroon 44 100.0 Hand to foot 

Bodystat 

Quadscan 4000 
D2O 

Patel et al. 1994 2 Healthy adults United States 15 46.7 Hand to foot 
RJL Model BIA-

101 
D2O 

Paton et al. 1998 1 HIV-positive men England 33 0.0 Hand to foot 
Uniquest SEAC 

SFB3 
D2O 

Puiman et al. 2004 1 Children with cystic fibrosis Australia 56 55.4 Hand to foot 
Bodystat 1500 

analyser 
D2O 

Rallison et al. 1993 2 
Healthy adults and adults 

undergoing CAPD 
United States 17 41.2 Hand to foot 

RJL Model BIA-

101 
D2O 

Resende et al. 2013 1 Obese adolescents Brazil 55 47.3 Hand to foot Bodystat 1500 D2O 
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Richards et al. 2003 2 
Healthy adults and adults 

with cystic fibrosis 
Australia 78 59.0 Hand to foot Bodystat 1500 D2O 

Ritz 2001 2 
Older adults with various 

diseases 
France 169 64.5 Hand to foot 

Spengler 

Analycor-3 
D2O 

Scalfi et al. 1997 12 
Healthy women and women 

with anorexia 
Italy 46 100.0 Hand to foot 

Dietosystem 

Human-IM Scan 
D2O 

Sen et al. 2010 3 
Healthy young Indian 

children 
India 86 48.8 Hand to foot 

Xitron Model 

4000 B 
D2O 

Seoane et al. 2015 4 
Adults on growth hormone 

replacement therapy 
Sweden 94 40.4 Hand to foot 

Fresenius Body 

Scout 

Spectrometer 

Tritiu

m 

Shaikh et al. 2002 1 Poor, young Indian children India 10 30.0 Hand to foot 
Xitron Model 

4000 B 
D2O 

Sluys et al. 1993 1 Adults with AIDS Netherlands 11 9.1 Hand to foot 
RJL Model BIA-

101 
D2O 

Strain et al. 2008 1 Obese adults Netherlands 42 65.0 Foot to foot Tanita 310 D2O 

Vache et al. 1998 3 Healthy older adults France 58 53.4 Hand to foot 
Eugedia 

ANALYCOR-3 
18-O  

Van Loan and 

Mayclin 
1987 2 Healthy adults United States 188 34.6 Hand to foot 

RJL Model BIA-

101 
D2O 

van Marken 

Lichtenbelt et al. 
1994 8 Healthy adults Netherlands 29 51.7 Hand to foot 

Xitron Model 

4000 
D2O 

Visser et al. 1995 14 Healthy older adults Netherlands 117 69.2 Hand to foot 
Xitron Model 

4000  
D2O 
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Wickramasinghe et 

al. 
2008 6 Healthy Sri Lankan children Sri Lanka 94 43.6 Hand to foot Bodystat D2O 

Widen et al. 2014 1 Bariatric surgery candidates United States 50 72.0 Hand to foot Tanita TBF-310 D2O 

Woodrow et al. 1996 4 
Healthy adults and adults 

with renal failure 
England 96 51.0 Hand to foot 

RJL Model BIA-

101 and Holtain 

BIA 

D2O 

Zillikens et al. 1992 6 Adults with cirrhosis Netherlands 27 44.4 Hand to foot 
RJL Model BIA-

101 
D2O 

               D2O, deuterium oxide; k, number of individual effects extracted from the study; n, study sample size; SFBIA, single frequency bioelectrical impedance analysis. 
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SDC 4. Itemized and total study quality scores for included studies 

   Design Subjects 

Author Year SQ 1 2 3 4 5 6 7 8 

Aglago et al. 2013 312.3 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Al-Bachir and Othman 2016 287.8 30.0 0.0 30.0 20.0 20.0 20.0 20.0 0.0 

Bauer et al. 2005 227.6 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Beertema et al. 2000 245.9 30.0 0.0 0.0 20.0 20.0 20.0 20.0 0.0 

Bell (KL) et al. 2013 308.5 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Bell (NA) et al. 1998 161.4 30.0 0.0 0.0 0.0 20.0 0.0 0.0 0.0 

Ben Jemaa et al. 2019 297.8 30.0 0.0 30.0 20.0 20.0 20.0 20.0 20.0 

Danford et al. 1992 220.1 30.0 0.0 0.0 0.0 20.0 20.0 20.0 20.0 

De Lorenzo et al. 1999 231.6 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Diouf et al. 2018 296.3 30.0 30.0 0.0 20.0 20.0 20.0 20.0 20.0 

Diouf et al. 2009 318.3 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Dioum et al. 2005 342.0 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

El Harchaoui et al. 2018 318.4 30.0 30.0 0.0 20.0 20.0 20.0 20.0 20.0 

Fjeld et al. 1990 305.4 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Gregory et al. 1991 260.7 30.0 30.0 0.0 20.0 20.0 20.0 0.0 0.0 

Haas et al. 2012 259.6 30.0 0.0 0.0 20.0 0.0 20.0 20.0 0.0 

Haroun et al. 2010 234.5 30.0 30.0 0.0 20.0 20.0 0.0 0.0 0.0 

Hastuti et al. 2016 312.3 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Horlick et al. 2002 293.2 30.0 30.0 30.0 20.0 0.0 20.0 20.0 20.0 

Isenring et al. 2004 263.5 30.0 30.0 30.0 0.0 20.0 20.0 20.0 0.0 

Kushner et al. 1992 224.4 30.0 0.0 0.0 20.0 20.0 0.0 0.0 20.0 

Kushner and Schoeller 1986 195.5 30.0 0.0 0.0 0.0 0.0 20.0 0.0 0.0 

Liu et al. 2011 300.9 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Lukaski and Bolonchuk 1988 231.5 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Masuda and Komiya 2004 247.0 30.0 0.0 0.0 20.0 20.0 20.0 20.0 0.0 

Matias et al. 2016 267.7 30.0 30.0 0.0 0.0 20.0 20.0 20.0 0.0 

Matias et al. 2016 267.7 30.0 30.0 0.0 0.0 20.0 20.0 20.0 0.0 

Medoua et al. 2008 310.4 30.0 30.0 0.0 20.0 20.0 20.0 20.0 0.0 

Medoua et al. 2015 292.0 30.0 30.0 0.0 20.0 20.0 20.0 20.0 0.0 

Medoua et al. 2011 326.1 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Patel et al. 1994 334.2 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Paton et al. 1998 272.6 30.0 30.0 0.0 0.0 20.0 20.0 20.0 0.0 

Puiman et al. 2004 253.9 30.0 30.0 0.0 20.0 20.0 20.0 20.0 0.0 

Rallison et al. 1993 261.5 30.0 0.0 0.0 20.0 20.0 20.0 20.0 0.0 

Resende et al. 2013 323.1 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Richards et al. 2003 238.9 30.0 0.0 0.0 20.0 20.0 20.0 20.0 0.0 

Ritz 2001 319.1 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Scalfi et al. 1997 286.1 30.0 30.0 30.0 20.0 20.0 20.0 0.0 0.0 

Sen et al. 2010 292.8 30.0 30.0 0.0 20.0 20.0 20.0 20.0 0.0 

Seoane et al. 2015 216.3 30.0 0.0 0.0 20.0 20.0 20.0 0.0 0.0 

Shaikh et al. 2002 245.9 30.0 0.0 0.0 20.0 20.0 20.0 0.0 0.0 

Sluys et al. 1993 220.7 30.0 0.0 0.0 20.0 20.0 20.0 20.0 0.0 

Strain et al. 2008 283.5 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Vache et al. 1998 237.3 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Van Loan and Mayclin 1987 283.1 30.0 30.0 30.0 0.0 20.0 20.0 20.0 0.0 

van Marken Lichtenbelt et al. 1994 237.3 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Visser et al. 1995 320.0 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 
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Wickramasinghe et al. 2008 314.4 30.0 30.0 30.0 20.0 20.0 20.0 20.0 20.0 

Widen et al. 2014 286.3 30.0 30.0 30.0 20.0 20.0 20.0 20.0 0.0 

Woodrow et al. 1996 210.4 30.0 0.0 0.0 0.0 20.0 20.0 20.0 0.0 

Zillikens et al. 1992 278.3 30.0 30.0 0.0 20.0 20.0 20.0 20.0 0.0 
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SDC 4. Itemized and total study quality scores for included studies 

   Procedures 

Author Year SQ 9 10 11 12 13 14 15 16 17 18 

Aglago et al. 2013 312.3 0.7 0.0 0.0 16.2 17.6 1.0 0.5 0.0 0.3 6.0 

Al-Bachir and Othman 2016 287.8 0.7 5.0 0.0 20.1 26.4 1.0 0.5 2.8 0.3 6.0 

Bauer et al. 2005 227.6 0.7 5.0 0.0 6.5 17.6 1.0 0.5 0.0 0.3 6.0 

Beertema et al. 2000 245.9 0.7 0.0 0.0 16.0 26.4 1.0 0.5 0.0 0.3 6.0 

Bell (KL) et al. 2013 308.5 0.7 0.0 0.0 14.3 13.2 1.0 0.5 2.8 0.0 6.0 

Bell (NA) et al. 1998 161.4 0.7 0.0 0.0 4.7 13.2 1.0 0.5 0.0 0.3 6.0 

Ben Jemaa et al. 2019 297.8 0.7 0.0 0.0 16.1 13.2 1.0 0.5 0.0 0.3 6.0 

Danford et al. 1992 220.1 0.7 0.0 0.0 8.4 13.2 1.0 0.5 0.0 0.3 6.0 

De Lorenzo et al. 1999 231.6 0.7 5.0 0.0 6.1 22.0 1.0 0.5 0.0 0.3 6.0 

Diouf et al. 2018 296.3 0.7 0.0 0.0 10.2 17.6 1.0 0.5 0.0 0.3 6.0 

Diouf et al. 2009 318.3 0.7 0.0 0.0 15.0 22.0 1.0 0.5 2.8 0.3 6.0 

Dioum et al. 2005 342.0 0.7 5.0 3.7 37.2 17.6 1.0 0.5 0.0 0.3 6.0 

El Harchaoui et al. 2018 318.4 0.7 5.0 0.0 14.1 30.8 1.0 0.5 0.0 0.3 6.0 

Fjeld et al. 1990 305.4 0.7 0.0 0.0 15.3 17.6 1.0 0.5 0.0 0.3 0.0 

Gregory et al. 1991 260.7 0.7 5.0 0.0 8.4 22.0 1.0 0.5 2.8 0.3 0.0 

Haas et al. 2012 259.6 0.7 5.0 3.7 22.6 30.8 0.0 0.5 0.0 0.3 6.0 

Haroun et al. 2010 234.5 0.7 0.0 0.0 8.4 17.6 1.0 0.5 0.0 0.3 6.0 

Hastuti et al. 2016 312.3 0.7 5.0 3.7 20.7 4.4 1.0 0.5 0.0 0.3 6.0 

Horlick et al. 2002 293.2 0.7 0.0 0.0 9.1 8.8 1.0 0.5 2.8 0.3 0.0 

Isenring et al. 2004 263.5 0.7 0.0 0.0 8.4 17.6 1.0 0.5 0.0 0.3 0.0 

Kushner et al. 1992 224.4 0.7 5.0 0.0 6.5 17.6 1.0 0.5 2.8 0.3 0.0 

Kushner and Schoeller 1986 195.5 0.7 5.0 0.0 13.2 22.0 1.0 0.5 2.8 0.3 0.0 

Liu et al. 2011 300.9 0.7 5.0 3.7 6.5 13.2 1.0 0.5 0.0 0.3 0.0 

Lukaski and Bolonchuk 1988 231.5 0.7 5.0 0.0 12.0 22.0 1.0 0.5 0.0 0.3 0.0 

Masuda and Komiya 2004 247.0 0.7 5.0 0.0 11.9 17.6 1.0 0.5 0.0 0.3 0.0 

Matias et al. 2016 267.7 0.7 5.0 3.7 16.1 17.6 1.0 0.5 2.8 0.3 0.0 

Matias et al. 2016 267.7 0.7 5.0 3.7 16.1 17.6 1.0 0.5 2.8 0.3 0.0 

Medoua et al. 2008 310.4 0.7 0.0 3.7 36.2 22.0 1.0 0.5 0.0 0.3 6.0 

Medoua et al. 2015 292.0 0.7 0.0 0.0 21.5 22.0 1.0 0.5 0.0 0.3 6.0 

Medoua et al. 2011 326.1 0.7 0.0 0.0 34.4 13.2 1.0 0.5 0.0 0.3 6.0 

Patel et al. 1994 334.2 0.7 5.0 3.7 17.8 26.4 1.0 0.5 2.8 0.3 6.0 

Paton et al. 1998 272.6 0.7 5.0 3.7 15.0 26.4 1.0 0.5 0.0 0.3 0.0 

Puiman et al. 2004 253.9 0.7 0.0 0.0 13.2 13.2 1.0 0.5 0.0 0.3 0.0 

Rallison et al. 1993 261.5 0.7 5.0 0.0 13.2 22.0 1.0 0.5 2.8 0.3 6.0 

Resende et al. 2013 323.1 0.7 5.0 0.0 13.2 26.4 1.0 0.5 0.0 0.3 6.0 

Richards et al. 2003 238.9 0.7 0.0 0.0 13.2 13.2 1.0 0.5 0.0 0.3 0.0 

Ritz 2001 319.1 0.7 5.0 0.0 16.8 22.0 1.0 0.5 2.8 0.3 0.0 

Scalfi et al. 1997 286.1 0.7 5.0 0.0 8.2 17.6 1.0 0.5 2.8 0.3 0.0 

Sen et al. 2010 292.8 0.7 0.0 3.7 14.2 26.4 1.0 0.5 0.0 0.3 6.0 

Seoane et al. 2015 216.3 0.7 5.0 0.0 10.0 8.8 1.0 0.5 0.0 0.3 0.0 

Shaikh et al. 2002 245.9 0.7 5.0 0.0 16.0 26.4 1.0 0.5 0.0 0.3 6.0 

Sluys et al. 1993 220.7 0.7 5.0 0.0 0.6 17.6 1.0 0.5 0.0 0.3 0.0 

Strain et al. 2008 283.5 0.0 5.0 0.0 8.5 13.2 1.0 0.5 0.0 0.3 0.0 

Vache et al. 1998 237.3 0.7 5.0 0.0 15.0 22.0 1.0 0.5 2.8 0.3 0.0 

Van Loan and Mayclin 1987 283.1 0.7 0.0 0.0 10.2 17.6 1.0 0.5 2.8 0.3 0.0 

van Marken Lichtenbelt et al. 1994 237.3 0.7 5.0 0.0 15.0 22.0 1.0 0.5 2.8 0.3 0.0 

Visser et al. 1995 320.0 0.7 5.0 0.0 16.1 17.6 1.0 0.5 2.8 0.3 6.0 
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Wickramasinghe et al. 2008 314.4 0.7 0.0 3.7 0.6 17.6 1.0 0.5 0.0 0.3 0.0 

Widen et al. 2014 286.3 0.7 0.0 0.0 0.6 13.2 1.0 0.5 0.0 0.3 0.0 

Woodrow et al. 1996 210.4 0.7 0.0 0.0 4.7 13.2 1.0 0.5 0.0 0.3 0.0 

Zillikens et al. 1992 278.3 0.7 5.0 0.0 13.2 17.6 1.0 0.5 0.0 0.3 0.0 
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SDC 4. Itemized and total study quality scores for included studies 

   Statistics 

Author Year SQ 19 20 21 

Aglago et al. 2013 312.3 15.0 15.0 70.0 

Al-Bachir and Othman 2016 287.8 0.0 15.0 70.0 

Bauer et al. 2005 227.6 15.0 15.0 70.0 

Beertema et al. 2000 245.9 15.0 0.0 70.0 

Bell (KL) et al. 2013 308.5 15.0 15.0 70.0 

Bell (NA) et al. 1998 161.4 0.0 15.0 70.0 

Ben Jemaa et al. 2019 297.8 15.0 15.0 70.0 

Danford et al. 1992 220.1 15.0 15.0 50.0 

De Lorenzo et al. 1999 231.6 15.0 15.0 70.0 

Diouf et al. 2018 296.3 15.0 15.0 70.0 

Diouf et al. 2009 318.3 15.0 15.0 70.0 

Dioum et al. 2005 342.0 15.0 15.0 70.0 

El Harchaoui et al. 2018 318.4 15.0 15.0 70.0 

Fjeld et al. 1990 305.4 15.0 15.0 70.0 

Gregory et al. 1991 260.7 15.0 15.0 70.0 

Haas et al. 2012 259.6 15.0 15.0 70.0 

Haroun et al. 2010 234.5 15.0 15.0 70.0 

Hastuti et al. 2016 312.3 15.0 15.0 70.0 

Horlick et al. 2002 293.2 15.0 15.0 70.0 

Isenring et al. 2004 263.5 0.0 15.0 70.0 

Kushner et al. 1992 224.4 15.0 15.0 70.0 

Kushner and Schoeller 1986 195.5 15.0 15.0 70.0 

Liu et al. 2011 300.9 15.0 15.0 70.0 

Lukaski and Bolonchuk 1988 231.5 15.0 15.0 70.0 

Masuda and Komiya 2004 247.0 15.0 15.0 70.0 

Matias et al. 2016 267.7 15.0 15.0 70.0 

Matias et al. 2016 267.7 15.0 15.0 70.0 

Medoua et al. 2008 310.4 15.0 15.0 70.0 

Medoua et al. 2015 292.0 15.0 15.0 70.0 

Medoua et al. 2011 326.1 15.0 15.0 70.0 

Patel et al. 1994 334.2 15.0 15.0 70.0 

Paton et al. 1998 272.6 15.0 15.0 70.0 

Puiman et al. 2004 253.9 0.0 15.0 70.0 

Rallison et al. 1993 261.5 15.0 15.0 70.0 

Resende et al. 2013 323.1 15.0 15.0 70.0 

Richards et al. 2003 238.9 15.0 15.0 70.0 

Ritz 2001 319.1 15.0 15.0 70.0 

Scalfi et al. 1997 286.1 15.0 15.0 70.0 

Sen et al. 2010 292.8 15.0 15.0 70.0 

Seoane et al. 2015 216.3 15.0 15.0 70.0 

Shaikh et al. 2002 245.9 15.0 15.0 70.0 

Sluys et al. 1993 220.7 0.0 15.0 70.0 

Strain et al. 2008 283.5 0.0 15.0 70.0 

Vache et al. 1998 237.3 15.0 15.0 70.0 

Van Loan and Mayclin 1987 283.1 15.0 15.0 70.0 

van Marken Lichtenbelt et al. 1994 237.3 15.0 15.0 70.0 

Visser et al. 1995 320.0 15.0 15.0 70.0 
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Wickramasinghe et al. 2008 314.4 15.0 15.0 70.0 

Widen et al. 2014 286.3 15.0 15.0 70.0 

Woodrow et al. 1996 210.4 15.0 15.0 70.0 

Zillikens et al. 1992 278.3 15.0 15.0 70.0 
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SDC 4. Itemized and total study quality scores for included studies 

   SFBIA standardization procedures 

Author Year SQ 1 2 3 4 5 6 7 8 9 10 11 12 

Aglago et al. 2013 312.3 1.8 2.1 1.1 1.0 0.0 1.1 0.0 0.6 4.8 3.7 0.0 0.0 

Al-Bachir and Othman 2016 287.8 0.0 0.0 0.0 1.0 0.0 0.0 5.9 0.6 4.8 3.7 0.0 4.1 

Bauer et al. 2005 227.6 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Beertema et al. 2000 245.9 1.8 0.0 0.0 1.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Bell (KL) et al. 2013 308.5 0.0 0.0 0.0 0.0 0.0 1.1 0.0 0.6 4.8 3.7 0.0 4.1 

Bell (NA) et al. 1998 161.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Ben Jemaa et al. 2019 297.8 1.8 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.0 4.1 

Danford et al. 1992 220.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

De Lorenzo et al. 1999 231.6 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 0.0 

Diouf et al. 2018 296.3 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

Diouf et al. 2009 318.3 0.0 0.0 0.0 0.0 0.0 0.0 5.9 0.6 4.8 3.7 0.0 0.0 

Dioum et al. 2005 342.0 1.8 0.0 1.1 1.0 13.1 1.1 5.9 0.6 4.8 3.7 0.0 4.1 

El Harchaoui et al. 2018 318.4 1.8 0.0 1.1 1.0 0.0 1.1 0.0 0.6 4.8 3.7 0.0 0.0 

Fjeld et al. 1990 305.4 0.0 0.0 0.0 1.0 0.0 1.1 0.0 0.6 4.8 3.7 0.0 4.1 

Gregory et al. 1991 260.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

Haas et al. 2012 259.6 1.8 0.0 0.0 1.0 0.0 0.0 5.9 0.6 4.8 3.7 0.7 4.1 

Haroun et al. 2010 234.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

Hastuti et al. 2016 312.3 1.8 0.0 1.1 0.0 13.1 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Horlick et al. 2002 293.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.7 4.1 

Isenring et al. 2004 263.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

Kushner et al. 1992 224.4 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Kushner and Schoeller 1986 195.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Liu et al. 2011 300.9 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Lukaski and Bolonchuk 1988 231.5 1.8 0.0 1.1 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.7 4.1 

Masuda and Komiya 2004 247.0 1.8 0.0 0.0 1.0 0.0 0.0 0.0 0.6 0.0 3.7 0.7 4.1 

Matias et al. 2016 267.7 1.8 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.0 4.1 

Matias et al. 2016 267.7 1.8 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.0 4.1 

Medoua et al. 2008 310.4 1.8 0.0 1.1 0.0 13.1 1.1 5.9 0.6 4.8 3.7 0.0 4.1 

Medoua et al. 2015 292.0 0.0 0.0 0.0 0.0 13.1 0.0 0.0 0.6 0.0 3.7 0.0 4.1 

Medoua et al. 2011 326.1 0.0 0.0 1.1 0.0 13.1 1.1 5.9 0.6 4.8 3.7 0.0 4.1 

Patel et al. 1994 334.2 1.8 0.0 1.1 1.0 0.0 0.0 0.0 0.6 4.8 3.7 0.7 4.1 

Paton et al. 1998 272.6 0.0 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.7 4.1 

Puiman et al. 2004 253.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Rallison et al. 1993 261.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Resende et al. 2013 323.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Richards et al. 2003 238.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Ritz 2001 319.1 1.8 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.7 4.1 

Scalfi et al. 1997 286.1 1.8 2.1 0.0 0.0 0.0 0.0 0.0 0.6 0.0 3.7 0.0 0.0 

Sen et al. 2010 292.8 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Seoane et al. 2015 216.3 0.0 0.0 0.0 0.0 0.0 0.0 5.9 0.0 0.0 0.0 0.0 4.1 

Shaikh et al. 2002 245.9 1.8 0.0 0.0 1.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 

Sluys et al. 1993 220.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 

Strain et al. 2008 283.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.7 0.7 4.1 

Vache et al. 1998 237.3 0.0 0.0 0.0 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.7 4.1 

Van Loan and Mayclin 1987 283.1 0.0 0.0 1.1 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 0.0 

van Marken Lichtenbelt et al. 1994 237.3 0.0 0.0 1.1 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.7 4.1 

Visser et al. 1995 320.0 0.0 0.0 1.1 0.0 0.0 0.0 5.9 0.6 0.0 3.7 0.7 4.1 
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Wickramasinghe et al. 2008 314.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 

Widen et al. 2014 286.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 

Woodrow et al. 1996 210.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 4.1 

Zillikens et al. 1992 278.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 4.8 3.7 0.0 4.1 
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SDC 4. Itemized and total study quality scores for included studies 
   Dilution technique standardization 

Author Year SQ 1 2 3 4 5 6 7 8 9 

Aglago et al. 2013 312.3 0.0 4.4 4.4 4.4 0.0 4.4 0.0 0.0 0.0 

Al-Bachir and Othman 2016 287.8 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Bauer et al. 2005 227.6 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Beertema et al. 2000 245.9 4.4 4.4 4.4 4.4 4.4 4.4 0.0 0.0 0.0 

Bell (KL) et al. 2013 308.5 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Bell (NA) et al. 1998 161.4 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Ben Jemaa et al. 2019 297.8 0.0 4.4 4.4 0.0 0.0 4.4 0.0 0.0 0.0 

Danford et al. 1992 220.1 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

De Lorenzo et al. 1999 231.6 4.4 4.4 4.4 4.4 0.0 4.4 0.0 0.0 0.0 

Diouf et al. 2018 296.3 0.0 4.4 4.4 4.4 0.0 4.4 0.0 0.0 0.0 

Diouf et al. 2009 318.3 0.0 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Dioum et al. 2005 342.0 4.4 4.4 4.4 0.0 0.0 4.4 0.0 0.0 0.0 

El Harchaoui et al. 2018 318.4 4.4 4.4 4.4 4.4 4.4 4.4 4.4 0.0 0.0 

Fjeld et al. 1990 305.4 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 4.4 

Gregory et al. 1991 260.7 4.4 4.4 0.0 4.4 4.4 4.4 0.0 0.0 0.0 

Haas et al. 2012 259.6 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 4.4 

Haroun et al. 2010 234.5 0.0 4.4 0.0 4.4 4.4 4.4 0.0 0.0 0.0 

Hastuti et al. 2016 312.3 4.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Horlick et al. 2002 293.2 0.0 4.4 0.0 0.0 0.0 4.4 0.0 0.0 0.0 

Isenring et al. 2004 263.5 0.0 4.4 0.0 4.4 4.4 4.4 0.0 0.0 0.0 

Kushner et al. 1992 224.4 4.4 4.4 0.0 4.4 0.0 0.0 0.0 0.0 4.4 

Kushner and Schoeller 1986 195.5 4.4 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

Liu et al. 2011 300.9 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Lukaski and Bolonchuk 1988 231.5 4.4 4.4 4.4 4.4 0.0 4.4 0.0 0.0 0.0 

Masuda and Komiya 2004 247.0 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Matias et al. 2016 267.7 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Matias et al. 2016 267.7 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Medoua et al. 2008 310.4 4.4 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

Medoua et al. 2015 292.0 4.4 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

Medoua et al. 2011 326.1 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Patel et al. 1994 334.2 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Paton et al. 1998 272.6 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Puiman et al. 2004 253.9 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Rallison et al. 1993 261.5 4.4 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

Resende et al. 2013 323.1 4.4 4.4 0.0 4.4 4.4 4.4 4.4 0.0 0.0 

Richards et al. 2003 238.9 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Ritz 2001 319.1 4.4 4.4 0.0 4.4 4.4 4.4 0.0 0.0 0.0 

Scalfi et al. 1997 286.1 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Sen et al. 2010 292.8 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Seoane et al. 2015 216.3 4.4 0.0 0.0 0.0 0.0 4.4 0.0 0.0 0.0 

Shaikh et al. 2002 245.9 4.4 4.4 4.4 4.4 0.0 4.4 4.4 0.0 0.0 

Sluys et al. 1993 220.7 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Strain et al. 2008 283.5 4.4 0.0 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Vache et al. 1998 237.3 4.4 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

Van Loan and Mayclin 1987 283.1 0.0 4.4 0.0 4.4 0.0 4.4 4.4 0.0 0.0 

van Marken Lichtenbelt et al. 1994 237.3 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 4.4 

Visser et al. 1995 320.0 4.4 0.0 0.0 4.4 0.0 4.4 4.4 0.0 0.0 
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Wickramasinghe et al. 2008 314.4 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Widen et al. 2014 286.3 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Woodrow et al. 1996 210.4 0.0 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 

Zillikens et al. 1992 278.3 4.4 4.4 0.0 4.4 0.0 4.4 0.0 0.0 0.0 
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CHAPTER 4 

GENERALIZED EQUATIONS FOR PREDICTING PERCENT BODY  

FAT FROM ANTHROPOMETRIC MEASURES USING A  

CRITERION FIVE-COMPARTMENT MODEL 

ABSTRACT 

 Skinfold-based prediction equations are commonly used to estimate percent body fat 

(%BF) when laboratory methods are impractical or not available. However, most equations are 

derived from two-compartment models, which assume constant hydration of fat-free mass. The 

purpose of this study was to develop and cross-validate a skinfold-based equation for the 

prediction of %BF, using a five-compartment (5C) model as the criterion measure. A sample of 

357 healthy adults completed body composition measurements which allowed for calculation of 

5C %BF (i.e., hydrostatic weighing, dual-energy X-ray absorptiometry, and bioimpedance 

spectroscopy) as well as skinfolds and waist circumference measurements. The sample was 

randomly divided into a development cohort (n = 279) and a cross-validation cohort (n = 78). 

Regression analysis in the development group produced a significant equation (p < 0.001, 

adjusted R2 = 0.775, SEE = 4.01) using sum of 3 skinfolds (midaxillary, subscapular, and thigh), 

sex, age, waist circumference, body mass index (BMI), and the interaction term sex*age. The 

new equation cross-validated well against the criterion 5C %BF when compared to other 

skinfold-based equations, producing a large intraclass correlation coefficient (ICC = 0.90), small 

bias and limits of agreement (0.42 ± 8.60%), and small measures of error (SEE = 2.48). The new 

equation improved on previous skinfold-based equations developed using other criterion 

methods and provided acceptable individual estimates of %BF in our sample of healthy adults.  
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INTRODUCTION 

The assessment of body composition, specifically percent body fat (%BF), is of great 

importance to the health and medical sciences. Excess adiposity is associated with increased risk 

for metabolic disorders such as type 2 diabetes, hypertension, dyslipidemia, and non-alcoholic 

fatty liver disease (1-4). Additionally, %BF has been linked to several cancers, including 

esophageal, pancreatic, colorectal, postmenopausal breast, endometrial, renal, and gallbladder 

cancers (5). High levels of body fat have also been shown to impede performance in sports 

including soccer (6, 7), hockey (8), basketball (9) and Australian rules football (10). Further, 

changes in %BF are often used to monitor the efficacy of training and nutrition interventions in 

clinical, research, and athletic settings.  

Anthropometric methods are often used to determine body composition when more 

advanced laboratory methods are unavailable (11, 12). Most prevalent is the use of skinfold-

based regression equations, which allow for the estimation of body density based on the 

thickness of the skinfold measurements. These equations are often used in conjunction with two-

compartment (2C) models, which calculate %BF from body density (13, 14). However, 2C 

models of body composition assume that the density of fat mass (FM, 0.9007 g∙cm-3) and fat-free 

mass (FFM, 1.1000 g∙cm-3) are constant. Although the composition of FM is relatively consistent 

across sex, age, and nutrition status (15), large inter-individual variation in the make-up of FFM 

has been observed in healthy and athletic populations (16, 17). This variation is due to the unique 

composition of the tissue, which is comprised of water, protein, and mineral (13). 

In an effort to account for the individual variability of FFM, multi-compartment models 

that estimate body water, protein, and mineral content have been developed. The inclusion of 

these subdivisions of FFM allow multi-compartment models to better explain FFM variability 
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and thus more precisely quantify %BF. Models have been developed that include estimates of 

three (13), four (18, 19), and five (18) compartments. Although the former 2 include measures of 

total body water (TBW) and bone mineral content in addition to body density, the five-

compartment (5C) distinguishes between osseous and non-osseous mineral content. Because the 

density of non-osseous mineral is greater than fat, water, protein, and bone mineral (20), 

variation in this particular tissue may contribute substantially to measurement errors when 

estimating body density (18).  

Considering the widespread use of skinfold-based measurement techniques, accurate 

equations based on the most precise measure of %BF should be available for use in the general 

population. A skinfold equation based on a 5C model would improve upon previous equations by 

accounting for more variability in FFM, thus yielding more accurate estimates of %BF. 

Accordingly, the purpose of this study was to develop an equation for the prediction of %BF 

from skinfolds and anthropometric measures in healthy men and women, using the 5C %BF as 

the criterion (%BF5C). Additionally, we sought to compare the new equation to existing 

equations from Jackson and Pollock (21, 22), Evans et al. (23), and Peterson et al. (24). We 

hypothesized that the new equation would outperform the existing equations when cross-

validated against the 5C model, indicated by a smaller mean difference, narrower limits of 

agreement, and lower standard error. 

METHODS 

Participants 

 The sample consisted of healthy adult volunteers which had been recruited for 2 separate 

body composition studies. All participants provided written informed consent prior to 

participation in the study. Participants with any cardiac, pulmonary, or metabolic conditions 



 

90 
 

were excluded, as were women who were pregnant, pregnant within the previous 12 months, or 

currently lactating. The testing protocol, recruitment flyers, and consent forms were reviewed 

and approved by the University’s institutional review board. The final sample consisted of 357 

participants, which was randomly divided into a development cohort (78% of the total sample, n 

= 279, 55.4% female) and a cross-validation cohort (22% of the total sample, n = 78, 41.0% 

female) using the IBM SPSS software package (Version 25.0, IBM, Somers, NY, USA). 

Power analyses were conducted using G*Power (version 3.1.9.4, Universität Kiel, 

Germany) to confirm that adequate statistical power was achieved during regression and cross-

validation procedures. For model development, the large effect size (f 2 = 3.27) from multiple 

linear regression using 279 participants and 6 predictor variables, with α level of 0.05, resulted in 

an achieved power (1 – β) of 1.000. For cross-validation, the large effect size (f = 0.70) from the 

repeated measures ANOVA of 78 participants and 5 comparisons, with α level of 0.05, resulted 

in an achieved power (1 – β) of 1.000. 

Testing protocol 

 Testing occurred during a single visit to the University’s Exercise Physiology Laboratory. 

Participants were instructed to adhere to the following pre-testing guidelines: abstain from 

alcohol and exercise for 24 hours; abstain from food and caffeine for 8 to 12 hours; abstain from 

drinking water for 2 hours. Hydration was assessed via urine specific gravity (USG) using a 

refractometer (Atago SUR-NE, Atago Corp Ltd., Tokyo, Japan) to ensure adequate hydration 

prior to testing; USG values <1.030 were required for participation (25). Participants exceeding 

this threshold were asked to reschedule their testing time for another day. Shoes, jewelry, and 

any metallic objects were removed prior to body composition assessments.  
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Anthropometrics and skinfolds 

Standing height was measured to the nearest 0.1 centimeter using a stadiometer (SECA 

213, Seca Ltd., Hamburg, Germany). Body mass (BM) was measured to the nearest 0.1 kg using 

a digital scale (Tanita BWB-800, Tanita Corporation, Tokyo, Japan). Skinfold thicknesses were 

measured using a calibrated Lange caliper (Beta Technology Incorporated, Cambridge, 

Massachusetts, USA) at 7 sites (chest, midaxillary, subscapular, triceps, suprailiac, abdominal, 

and thigh) as described by Jackson and Pollock (26). Skinfolds were taken in duplicate on the 

right side of the body, with a third measurement taken if measures varied more than 2 mm (27). 

The average of the 2 measures was calculated for each site and recorded to the nearest 0.5 mm. 

Waist circumference (just above the umbilicus) was measured in duplicate using a spring-loaded 

measuring tape, with a third measurement taken if the second was not within 5 mm of the first 

(27). The average of the 2 circumferences was calculated and recorded to the nearest 0.5 cm. 

Body composition measurement 

Body volume 

 Body volume was determined using hydrostatic weighing and residual lung volume as 

described previously (16, 24, 28). Hydrostatic weighing was performed by placing participants 

on a nylon seat harness in a submersion tank with water heated to approximately body 

temperature. The harness was suspended from a 15-kg scale (Chatillon, Largo, FL, USA). Five 

to ten trials were performed, and the mean of the 3 heaviest values were used to calculate body 

volume. All underwater weights were recorded to the nearest 0.025 kg.  

Pulmonary nitrogen concentrations were measured using closed-circuit spirometry. Raw 

nitrogen concentrations following a maximal exhalation and after a rebreathing period were 

determined using either a metabolic cart (ParvoMedics TrueOne 2400, Sandy, UT, USA) or a 
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nitrogen analyzer (VacuMed, Ventura, CA, USA). Residual lung volume was calculated using 

the technique described by Wilmore (29). A minimum of 2 trials were performed, and the 

average of 2 trials within 0.2 liters was used in the calculation of body volume. Agreement 

analysis in a sample of 34 participants demonstrated that the use of either system for the 

determination of residual lung volume did not impact within-subject body volume (ICC = 1.00, p 

< 0.001; bias ± 95% limits of agreement, 0.36 ± 0.52 L). 

Body volume was calculated using the following equation described by Goldman and 

Buskirk (30): 

𝐵𝑜𝑑𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 = [[
(𝑀𝑏𝑜𝑑𝑦 − 𝑀𝑈𝑊)

(𝐷𝑤𝑎𝑡𝑒𝑟)
] − (𝑉𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 + 𝑉𝐺𝐼)] 

where body volume is in liters, MUW and Mbody are underwater weight and body weight, 

respectively, in kilograms, Dwater is the density of water, Vresidual is residual lung volume in liters, 

and VGI is the volume of air assumed to be in the gastrointestinal tract (approximately 0.1 liters) 

(31).  

Total body water 

 TBW was determined using whole-body bioimpedance spectroscopy (BIS; Imp™ SFB7, 

ImpediMed Ltd., Brisbane, Australia). Participants were instructed to lie supine on a padded 

gurney with arms angled approximately 30 degrees to the torso with legs shoulder-width apart. 

Prior to electrode placement, excess hair was removed from the electrode sites. Dual-tab 

electrodes were placed on the back of the right wrist and top of the right ankle after being 

cleaned with alcohol (32). TBW was determined using the right-side whole-body configuration 

outlined by the manufacturer. The average of the 2 measurements to the nearest 0.1 liter were 

used in the body composition calculations.  
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Total body bone mineral and total body soft tissue mineral 

 Bone mineral content (BMC) was measured using dual-energy X-ray absorptiometry 

(DXA). The DXA was calibrated according to manufacturer guidelines prior to each use using a 

standardized calibration block (GE Lunar Prodigy; Software version 14.10.022; GE Lunar 

Corporation, Madison, WI, USA). Participants were positioned supine on the DXA platform with 

arms held at the sides and feet secured with Velcro straps around the ankles to prevent 

movement. BMC provided by the DXA was converted to total body bone mineral (MO) and total 

body soft tissue mineral (MS) using the following equations (18, 28): 

𝑀𝑂  = 𝐵𝑀𝐶 × 1.0436 

𝑀𝑆  = [0.882 × (12.9 ∗ 𝑇𝐵𝑊) + 37.9]/1000 

where BMC, MO, and MS are measured in kilograms and TBW is in liters. 

Calculation of percent body fat 

The criterion 5C model %BF (%BF5C) was determined by calculating fat mass using the 

5C model described by Wang et al. (18) and then dividing by total body mass. Additionally, 

several existing skinfold-based equations were used to predict %BF for comparison within the 

cross-validation cohort. Body density equations by Jackson and Pollock (21, 22), converted to 

%BF using the Siri equation (13), were selected due to their common use in research and 

practice. Equations by Evans et al. (23) and Peterson et al. (24) were also selected, since they 

were developed more recently using multi-compartment models as the criterion and included 

both men and women. Outcomes from these equations are referred to as %BFJP, %BFEvans, and 

%BFPeterson. Equations are described in detail in Table 1.  
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Selection of predictor variables for inclusion in the model 

The potential independent variables in this model were the sum of 7 skinfolds, sum of 3 

skinfolds, age, sex, body mass index (BMI), and waist circumference. Skinfolds were selected as 

the primary independent variable due to the well-documented association with body density and 

subcutaneous body fat (21-23, 33-36). Additionally, three-site skinfold tests are considerably 

quicker to perform and have been shown to produce comparable results to seven-site tests (21-

23, 36). Age, sex, BMI, and waist circumferences were also selected as these have been shown to 

significantly relate to variation in %BF (37-40). Additionally, interaction terms between sex and 

age (sex*age) and sex and waist circumference (sex*waist) were examined using one-way 

ANOVA and interaction plots, as differences in fat distribution have been shown to change with 

age and vary between sexes (34, 41-43).  

Statistical analysis 

Data were managed using Microsoft Excel for Windows (Microsoft Corporation, 

Redmond, WA, USA). Statistical analyses were completed using SPSS for Windows (Version 

25.0, IBM, Somers, NY, USA) and R (R Foundation for Statistical Computing, Vienna, Austria). 

Significance for all statistical tests was accepted at p < 0.05. Data are presented as mean ± 

standard deviation (M ± SD) unless otherwise specified. 

Model development 

Standard assumptions for regression analysis were checked prior to building the model: 

1) Linearity between the predictors and the outcome variable, assessed by visual examination of 

scatterplots for a linear relationship and by significant (p < 0.05) bivariate correlations; 2) 

Independence of error terms, indicated by a Durbin-Watson statistic between 1.0 and 3.0 (44, 

45); 3) Equality of error variance, assessed by visual examination of scatterplots of the 
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standardized predicted values and residuals for homoscedasticity (44); 4) Normal distribution of 

errors, assessed by visual inspection of histograms and normal Q-Q plots of standardized 

residuals and by the Shapiro-Wilk test (p > 0.05 indicates no significant departure from 

normality) (44, 46). Multicollinearity, defined as a variance inflation factor (VIF) > 10.0 (47), 

was also assessed during the model-building process. 

The base model regressed %BF5C on the sum of skinfolds. Bivariate correlational 

analyses were used to determine which skinfold variable, i.e., individual skinfold measurements, 

seven-site skinfold sum, three-site skinfold terms reported in Jackson and Pollock (21, 22), or 

novel three-site skinfold terms (developed in the current study), exhibited the strongest 

association with the outcome variable of interest, %BF5C, based on Pearson’s product-moment 

correlation coefficient (r). Novel three-site skinfold terms were generated from combinations of 

individual skinfold sites, selected based on the magnitude of the correlation coefficients. Linear 

regression analysis to predict %BF5C from seven-site and the various three-site skinfold terms 

were compared using explained variance. The model with the largest R2 effect size served as the 

base model.  

Participant characteristics including age, sex, BMI, and waist circumference, as well as 

the interaction terms, were added to the model using a hierarchical variable selection procedure 

(48-50) based on previous prediction models. Age and sex were added first, as they have been 

consistently shown to impact body composition and are included in most existing models (21, 

22, 24, 34, 36, 38). Waist circumference and BMI were added next, as they have been used to 

improve the predictive ability of equations using only skinfolds (24, 36). The last variables added 

to the model were the interaction terms, added one at a time in order of the highest correlation 
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coefficient with %BF5C. Model fit was assessed using adjusted R2 change. Non-significant 

variables and those that introduced multicollinearity (VIF > 10.0) were removed from the model.  

Cross-validation of the new model 

Within the cross-validation cohort, new model (%BFNew) performance, as well as %BFJP, 

%BFEvans, and %BFPeterson were compared to the criterion %BF5C. Mean differences between 

predicted and criterion %BF were assessed using repeated measures ANOVA with simple 

planned contrasts and quantified using Cohen’s d effect size. Agreement between predicted and 

criterion %BF was examined using the Bland-Altman method for calculating limits of agreement 

(51), the intraclass correlation coefficient (52, 53), and the standard error of the estimate.  

RESULTS 

 Descriptive statistics are provided for our total sample, the development cohort, and the 

cross-validation cohort in Table 2. There were no differences in age, BMI, or %BF5C between 

groups. Participants in the cross-validation group were taller and heavier than in the 

developmental group, likely due to a greater proportion of men. Skewness and kurtosis values 

were < |2.0| for all body composition metrics of interest (all skinfolds, waist circumference, BMI, 

%BF5C), indicating a normal distribution of variables.  

Model development 

All assumptions for multiple linear regression were satisfied. A Durbin-Watson statistic 

of 1.420 suggests independence of error terms; homoscedasticity of standardized residuals versus 

predicted values suggests equality of error variance; normality of standardized residuals was 

observed graphically and statistically (W(279) = 0.990, p = 0.06). Multicollinearity was not 

indicated in the model (VIF < 10 for all variables). Additionally, all hypothesized predictor 

variables were significantly (all p < 0.001) correlated with the outcome variable. The strongest 
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combination of skinfolds observed in our sample was the sum of the thigh, triceps, and 

midaxillary sites (SSnew). Individually, these 3 sites had the largest associations with %BF5C (r 

values between 0.69 and 0.79). When summed, they produced a larger correlation coefficient 

with %BF5C than the other sum of skinfolds terms so it was included in the development of the 

new model. Bivariate correlations of potential predictor variables are presented in Table 3.  

The interaction term sex*age was significant (p < 0.05), with older men displaying larger 

%BF5C values than younger men (mean difference, 5.5% BF), while older and younger women 

displayed similar values (mean difference, 0.1% BF). The term sex*waist did not impact the 

model (p = 0.16), indicating that the association between waist circumference and %BF5C was 

consistent between men and women. Only the term sex*age was included in the model. 

 Initial regression analysis showed that SSnew explained 68.7% of the variance in %BF5C in 

the development group, which was greater than the other skinfold terms (R2 values between 0.59 

and 0.65). The addition of sex and age (p < 0.001) increased explained variance to 74.5%, while 

waist and BMI brought it to 76.6%. The interaction term sex*age further increased the explained 

variance of the model to 77.5%. The complete model resulted in F(6, 278) = 160.645, p < 0.001, 

adjusted R2 = 0.775, SEE = 4.0, and is presented in Table 4 with regression statistics from the 

model building process. The final equation, along with simplified equations for men and women 

separately, are presented in Table 5.  

Cross-validation and equation comparison 

Standardized residuals for all %BF values were normally distributed according to visual 

inspection of histograms, Q-Q plots, and the Shapiro-Wilk test of normality (all p > 0.05). 

Mauchly’s test indicated a violation of sphericity, χ2(9) = 154.642, p < 0.001, therefore degrees 

of freedom were corrected using the Greenhouse-Geisser estimate (ε = 0.536). There was an 
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omnibus effect based on the corrected repeated measures ANOVA, F(2.144, 165.058) = 38.370, 

p < 0.001. Simple contrasts revealed that %BFPeterson overestimated %BF5C by 4.2% BF (p < 

0.001). Mean values from %BFNew, %BFJP, and %BFEvans were not different from %BF5C (all p > 

0.05). 

Intraclass correlation coefficients were comparably strong for all equations, ranging from 

0.87 to 0.90 (all p < 0.001). Cohen’s d effect size ranged from small to large, with %BFEvans 

producing the smallest standardized mean difference (d = -0.01) and %BFPeterson producing the 

largest (d = 0.62). %BFNew produced the smallest SEE (2.5% BF) and TE (4.4), while the largest 

SEE (3.6% BF) and TE (6.4) values were produced by %BFJP and %BFPeterson, respectively. 

Limits of agreement (± 1.96 SD of the bias; Figure 1) ranged from ±8.6 (%BFNew) to ±11.4% BF 

(%BFJP). Additionally, %BFJP demonstrated proportional bias as indicated by a positive trend (r 

= 0.29, p < 0.001) between the bias and average %BF values. Cross-validation and comparison 

statistics are presented in Table 6. 

DISCUSSION 

 The purpose of this study was to develop and cross-validate a skinfold-based prediction 

equation for %BF based on a criterion 5C model in a sample of healthy adults. The new equation 

was based on the sum of 3 skinfolds (midaxillary, subscapular, and thigh), sex, waist 

circumference, age, and BMI, and explained a significant amount of the variability observed in 

%BF5C. All equations were strongly associated with %BF5C during cross-validation (ICCs ≥ 

0.87). When compared to the criterion, %BFEvans produced the smallest mean bias, while 

%BFPeterson produced the largest (4.2% BF). The largest estimates of mean and individual error 

were produced by %BFJP, which also displayed a tendency to overestimate %BF at higher levels 

of adiposity. Overall, %BFNew produced the smallest estimates of error and the narrowest limits 
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of agreement when compared to the criterion. Notably, the new equation presented in this study 

produced a lower SEE than reported by other authors, who have shown classic 2C-based skinfold 

equations (21, 22, 33, 34) to produce SEE values ranging from 3.5 to 5.0% BF (23, 54). These 

findings suggest that %BFNew may provide greater accuracy in individual estimates of 5C model 

%BF than other equations. 

  The present study builds upon previous research aimed at developing anthropometric-

based equations for the prediction of %BF. The equations of Jackson and Pollock (21, 22) were 

developed to predict body density using a 2C model (hydrodensitometry) as the criterion method. 

While this technique allows for the determination of body volume, the assumption of constant 

FFM density is a significant source of error in the estimation of %BF (13, 28). For example, 

Withers et al. (19) reported that %BFJP significantly underestimated 4C model %BF in a sample 

of men and women, independent of training status. Similar findings have been reported in 

samples of college-age adults, with %BFJP underestimating criterion %BF from 4C (55) and 3C 

(56) models by 4.8 %BF and 5.0 %BF, respectively. Peterson et al. (24) also found %BFJP to 

underestimate 4C %BF in healthy women by 6.6% BF. These results are similar to the present 

study, though the mean difference observed in our sample was lower than that reported by 

others. Additionally, the SEE and TE of %BFJP produced during cross-validation in our cohort 

was similar to those reported by Esco et al. (56) when comparing %BFJP to a criterion 3C model. 

The discrepancies observed in the present study and others suggest that equations developed 

from hydrodensitometry may not adequately account for inter-individual variability in FFM, thus 

leading to error when compared to multi-compartment methods. 

As well as improving upon the 2C-based equations of Jackson and Pollock, %BFNew 

produced less overall and individual error than other equations developed from a multi-



 

100 
 

compartment criterion. The discrepancy in validity statistics between %BFNew and these other 

equations may be due to the fact that the 5C model used in the present study accounts for soft 

tissue mineral, which is more dense than fat, protein, water, and bone mineral and thus may 

significantly alter estimates of %BF when compared to 4C models (18, 20). Although the 

inclusion of soft tissue mineral is based on a physiological sound rationale, practical research 

comparing 5C and 4C model estimates of %BF is limited. In one investigation, Moon et al. (16) 

demonstrated near-identical results between %BF values from the 4C and 5C models proposed 

by Wang et al. (18). However, this study was limited to a small sample of 29 female collegiate 

athletes with similar physical characteristics and may not be representative of the actual 

differences between the 2 models. Future research should compare %BF from 4C and 5C models 

in larger, more heterogeneous samples of participants. 

Differences in cross-validation performance are also likely due to methodological 

differences between the present study and those in which the other equations were developed. 

For example, %BFPeterson was developed in a sample of 681 healthy, white adults aged 18 to 55 

years using a 4C model as the criterion (24). The sex-specific equation reported by the authors 

explained 61.2% and 69.9% of the variance observed in 4C %BF in men and women, 

respectively, and produced a small mean difference (< 0.2% BF) during cross-validation (24). 

Although their sample was similar to ours in terms of age, height, and weight, %BFPeterson 

produced the largest mean difference (4.2% BF) and TE (6.37) when cross-validated in our 

sample. Nickerson et al. (55) observed a similarly large mean difference, reporting that 

%BFPeterson underestimated criterion 4C %BF by 3.1% BF. This error may be attributed to the 

criterion 4C model used in the development of %BFPeterson, which was originally developed in a 

sample of 10 male soldiers ranging in age from 19 to 24 years (57). This specificity in the 
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criterion 4C model of Peterson et al. likely limits its applicability to a more general population, 

such as that in our own sample. The criterion model used in the present study was derived from a 

sample of 156 healthy adults ranging in age from 25 to 74 years and included BMI values 

ranging from 21.7 to 50.1 kg∙m-2 (18).  

Compared to %BFPeterson, Evans et al. (23) used a more general 4C model (58) to develop 

their equation in a sample of 132 collegiate athletes. Further, the authors expanded on the 

anthropometric approach to predicting multi-compartment %BF by including sex and race as 

independent variables. The authors cross-validated the equation and found that %BFEvans resulted 

in a strong correlation (r = 0.85) between criterion and predicted %BF, with a nonsignificant 

slope and intercept when compared to the line of identity (23). The equation was also cross-

validated in Moon et al. (59), who found %BFEvans to accurately predict 4C %BF with minimal 

error. Similarly, %BFEvans produced a small mean difference when compared to our criterion 5C. 

However, the limits of agreement were wider than %BFNew and %BFPeterson and SEE and TE were 

larger than %BFNew. The error associated with %BFEvans observed in our sample is likely due to 

differences in sample demographics. Their sample consisted of college athletes who were 

considerably younger (20.8 ± 2.3 years) and leaner (14.6 ± 6.5% BF) than our own sample, 

which would limit the ability of their equation to accurately predict higher %BF. Especially 

given that our regression analysis found an interaction between sex and age, %BFEvans may be 

particularly prone to error when predicting %BF in older men.   

Although not the explicit purpose of the present study, the interaction effect observed 

between sex and age clearly showed that %BF increased with age in the men, while there were 

no differences observed in the women. These findings are similar to those noted by van Der 

Ploeg et al. (36), who noted that the sum of skinfolds was associated with a higher %BF in older 
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men than younger men. These observations suggest that body composition status changes as age 

increases and may be the result of alterations in adipose tissue storage, an increase in skinfold 

compressibility, or a decrease in skin thickness (36). There could also be hormonal changes 

associated with age in men that impact body composition more than women, as longitudinal 

studies have shown that men tend to exhibit unfavorable changes in body composition (i.e., 

decreases in fat-free mass and increases in fat mass) than women over time (60, 61). This 

presents unique challenges for the measurement of subcutaneous body fat in older adults and is a 

topic that should be explored thoroughly in the future.  

There are several limitations that should be considered before implementation of the 

equation described in this study. Most notably, the sample used in this study was generated by 

combining participants from an older project with the current study. This may lead to 

measurement error between the 2 groups of participants, as different investigators were involved 

in the 2 projects. Further, the use of BIS rather than chemical dilution may result in errors in 

estimation of TBW. Although the BIS device used in this study has been validated against the 

deuterium oxide dilution technique in healthy adults, the authors reported limits of agreement of 

approximately ± 6 L (62). Finally, our sample was predominantly college-age and Caucasian, 

which may limit generalizability of the equation. Although our age range is comparable to those 

reported by other researchers (24, 36), the majority of our participants were under the age of 26 

and so our results may be skewed towards that age group, which is particularly important to 

consider in light of the interaction effect between sex and age described earlier.  

CONCLUSION 

 This study provides researchers and practitioners with a simple equation for predicting 

5C model %BF using simple skinfold and anthropometric measures. The new equation cross-
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validated well against the criterion, providing a small mean difference, smaller estimates of error, 

and narrower limits of agreement when compared to existing equations. Additionally, our 

analysis revealed a significant interaction between sex and age, which suggests that body 

composition changes may occur differently in men than women as age increases. The equation 

developed in this study may be used for the estimation of %BF when laboratory methods are not 

available or practical and may provide better estimates than existing equations. However, due to 

the sampling limitations discussed previously, caution should be employed when using this 

equation in samples other than healthy, white adults.      
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Table 1. Equations for the prediction of %BF 

Wang 5C (criterion) FM = 2.748×BV – 0.715×TBW + 1.129×MO + 1.222×MS – 2.051×BM 

 %BF5C = (FM/BM) ×100 

Jackson and Pollock  

Men BD = 1.1093800 – 0.0008267×SS1 + 0.0000016×SS1
2 – 0.0002574×Age 

Women BD = 1.0994921 – 0.0009929×SS2 + 0.0000023×SS2
2 – 0.0001392×Age 

Siri et al. %BFJP = (4.95/BD – 4.50) × 100 

Evans et al. %BFEvans = 8.997 + 0.24658×SS3 – 6.343×Sex – 1.998×Race 

Peterson et al.  

Men %BFPeterson = 20.94878 + 0.1166×Age – 0.11666×Ht + 0.42696×SS4 – 0.00159×SS4
2 

Women %BFPeterson = 22.18945 + 0.06368×Age + 0.60404×BMI – 0.14520×Ht + 0.30919× SS4 – 0.00099562× SS4
2 

%BF, percent body fat; BD, body density in g·cm-3; BM, body mass in kg; BMI, body mass index in kg∙m-2; BV, body volume in 

L; FM, fat mass in kg; Ht, height in cm; SSx, sum of skinfolds in mm; TBW, total body water in L; Mo, osseous bone mineral 

content in kg; MS, soft tissue bone mineral in kg. 

Equation variables:  

SS1 = chest, abdomen, thigh 

SS2 = triceps, suprailiac, thigh 

SS3 = triceps, abdomen, thigh 

SS4 = triceps, subscapular, suprailiac, thigh  

Gender coded as 0 = female, 1 = male 

Race coded as 0 = white, 1 = black 
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Table 2. Descriptive characteristics of participants  

Variable 
Total 

(n = 357) 

Development 

(n = 279) 

Cross-validation 

(n = 78) 

Age (y)   25.8 ± 10.7   26.0 ± 11.0   25.2 ± 9.5 

Height (cm) 171.6 ± 9.3 171.0 ± 9.2 173.9 ± 9.4 

Weight (kg)   74.8 ± 17.3   73.7 ± 17.9   78.6 ± 14.7 

BMI (kg∙m-2)   25.3 ± 4.9   25.1 ± 5.2   25.9 ± 3.7 

Body fat (%)    22.6 ± 8.3   22.9 ± 8.4   21.5 ± 7.7 

Caucasian/white (%)   84.4   83.2   88.5 

Female (%)   52.2   55.4   41.0 

BMI, body mass index; cm, centimeter; kg, kilogram; m, meters; y, years. Body fat 

determined by the 5-compartment model. 
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Table 3. Bivariate correlations between predictor 

variables and 5C %BF (n = 279) 

Predictor variable r 

Skinfolds (mm)  

Abdominal  0.65 

Triceps  0.73 

Chest  0.43 

Midaxillary  0.69 

Subscapular  0.62 

Suprailiac  0.67 

Thigh  0.79 

Sum of skinfolds (mm)  

SSnew  0.83 

Evans et al. sum of 3  0.81 

Peterson et al. sum of 4  0.80 

Jackson and Pollock sum of 3  0.79 

Sum of 7  0.77 

Age (y)  0.14 

Sex -0.60 

BMI (kg∙m-2)  0.35 

Waist circumference (cm)  0.37 

5C %BF, five-compartment model percent body fat; 

BMI, body mass index; r, Pearson’s correlation 

coefficient. 
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Table 4. Prediction of 5C %BF from anthropometric measures (n = 279) 

  Model coefficients    

Model Intercept 
SSnew  

(mm) 
Sex 

Age  

(y) 

BMI 

(kg∙m-2) 

Waist 

circumference 

(cm) 

Sex*Age 
F change 

(p value) 

Adjusted 

R2 

SEE  

(%) 

1 0.7810* 0.249* -- -- -- -- -- < 0.001 0.687 4.73 

2 12.433* 0.208* -4.736* -- -- -- -- < 0.001 0.745 4.26 

3 12.428* 0.207* -4.738* 0.000 -- -- --  0.99 0.745 4.27 

4 10.536* 0.181* -5.820* 0.001 0.157 -- --  0.06 0.747 4.25 

5 3.934* 0.145* -7.807* -0.058* -0.243* 0.255* -- < 0.001 0.766 4.09 

6 6.083* 0.143* -12.058* -0.150* -0.233* 0.256* 0.162*    0.001 0.775 4.01 

5C %BF, five-compartment model percent body fat; adjusted R2, coefficient of determination adjusted for multiple predictors;  

BMI, body mass index; cm, centimeters; kg, kilograms; mm, millimeters; SSnew, sum of skinfolds (thigh, midaxillary, triceps); 

SEE, standard error of the estimate; y, years.  

Sex is coded as 0=female, 1=male.  
* p < 0.05. 
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Table 5. Final equations for predicting 5C %BF in healthy men and women 

Full model 

%BFNew = 6.083 + (0.143 × SSnew) – (12.058 × Sex) – (0.150 × Age) – (0.233 × BMI) + (0.256 × WC) + (0.162 × Sex*Age) 

Simplified models 

Men 

%BFNew = -5.975 + (0.143 × SSnew) + (0.012 × Age) – (0.233 × BMI) + (0.256 × WC)  

Women 

%BFNew = 6.083 + (0.143 × SSnew) – (0.150 × Age) – (0.233 × BMI) + (0.256 × WC)  

5C %BF, five-compartment model percent body fat; Age, in y; BMI, body mass index in kg∙m-2; SSnew, sum of thigh, midaxillary, 

and triceps skinfolds in mm; Sex, coded as 0=female, 1=male; WC, waist circumference in cm. 
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Table 6.  Comparison statistics between criterion and predicted %BF (n = 78) 

      Limits of agreement 

 Mean ± SD 

(%fat) 
ICC d  SEE TE 

Bias ±  

1.96 SD 
Lower Upper Trend 

Criterion 5C 21.5 ± 7.7         

Cicone et al. 21.8 ± 6.9 0.90**   0.06 2.48 4.38 0.42 ± 8.60 -8.18 9.03 -0.21 

Jackson and Pollock 20.5 ± 9.3 0.87** -0.11 3.62 5.86 -1.00 ± 11.40 -12.40 10.40      0.29*** 

Evans et al. 21.5 ± 8.6 0.87** -0.01 3.43 5.45 -0.05 ± 10.75 -10.80 10.69  0.18 

Peterson et al.  25.7 ± 6.8* 0.87**  0.62 3.02 6.37   4.17 ± 9.50 -5.33 13.67 -0.21 

Abbreviations: %BF, percent body fat; bias, mean difference between predicted and criterion body fat percentage; d, Cohen’s 

standardized effect size; ICC, intraclass correlation coefficient; SD, standard deviation; SEE, standard error of the estimate; TE, total 

error; trend, correlation (expressed as Pearson’s r) between the bias and average. 
*p < 0.001 compared to criterion. 
**p < 0.001. 
***p < 0.001. 
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Figure 1. Bland-Altman plots of measured versus predicted %BF (n = 78). %BF, percent body fat. Dark 

center line represents mean bias. Light dotted outer lines represent limits of agreement (bias ± 1.96 SD of 

bias).  
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CHAPTER 5 

CONCLUSION 

Body composition measurement is a critical component in the toolbox of every exercise 

physiologist. Various methods of determining percent body fat (%BF) have been developed, and 

include indirect (i.e., underwater weighing) and doubly indirect (i.e., bioimpedance analysis, 

skinfold equations) techniques. While these assessment methods are commonly used in 

laboratory and practical settings, there are methodological discrepancies associated with them 

that have yet to be addressed. The purpose of this dissertation was to critically examine existing 

techniques and develop new equations for determining various components of body composition. 

The first study sought to develop a novel equation for the prediction of underwater RLV 

in healthy adults. Regression analysis in a sample of 175 men and women produced a significant 

(p < 0.001) equation for predicting RLV from age and height. The new equation accurately 

predicted underwater RLV upon cross-validation, while existing equations misestimated (p < 

0.001). Additionally, the new equation produced the smallest mean bias and limits of agreement 

(0.07 ± 0.50 L) and the smallest error (SEE = 0.17 L). The results of this study suggest that the 

new equation may be used by practitioners to accurately estimate underwater RLV during 

hydrostatic weighing procedures when RLV measurement is not possible. 

Study 2 aimed to systematically review and meta-analyze the literature related to the 

accuracy of SFBIA for TBW determination. The standardized mean difference (SMD = 0.02, p = 
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0.82) of 264 effects extracted from 51 original studies indicated that SFBIA accurately estimated 

TBW compared to isotope dilution techniques. Moderator analyses revealed that there was 

statistically significant error in SFBIA estimation associated with frequency and resistivity index 

(p < 0.0001), as well as sample sex (% female, p < 0.0001). SFBIA procedures utilizing Ht2/R 

produced less error than Ht2/Z across all frequencies. Overall, the combination of Ht2/R at 100 

kHz produced the least error in TBW estimation. The results presented in this study suggest that 

SFBIA provides accurate estimates of TBW compared to criterion dilution techniques, although 

care should be taken to use appropriate SFBIA parameters to minimize error in the estimate. 

The purpose of study 3 was to develop a novel equation to predict 5C model %BF from 

skinfolds and anthropometric measurements in healthy adults. Regression analysis in a sample of 

279 men and women produced a significant equation (p < 0.001) using sum of three skinfolds 

(midaxillary, subscapular, and thigh), sex, age, waist circumference, and body mass index 

(BMI). Compared to existing equations, the new equation produced the strongest association 

(ICC = 0.90), narrowest limits of agreement (± 8.60%), and smallest error (SEE = 2.48%) when 

cross-validated against the criterion 5C model. These findings suggest that the new equation may 

provide more accurate estimates of %BF than other skinfold-based equations and can be used by 

practitioners when assessing body composition in healthy adults.  

Overall, this dissertation expands upon limitations of common body composition 

assessment techniques. Accurate equations which produced stronger indices of agreement and 

validity than select existing equations are presented for use with the general population of 

healthy adults. Additionally, SFBIA was shown to provide accurate estimates of TBW when 

appropriate testing parameters are used. 
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