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Abstract

Estimates of body composition have been derived using 3-dimensional optical imaging (3DO), but
no equations to date have been calibrated using a 4-component (4C) model criterion. This
investigation reports the development of a novel body fat prediction formula using anthropometric
data from 3DO imaging and a 4C model. Anthropometric characteristics and body composition of
179 participants were measured via 3DO (Size Stream® S$S20) and a 4C model. Machine learning
was used to identify significant anthropometric predictors of body fat (BF%), and stepwise/lasso
regression analyses were employed to develop new 3DO-derived BF% prediction equations. The
combined equation was externally cross-validated using paired 3DO and DXA assessments
(n=158), producing a R? value of 0.78 and a constant error of (X+SD) 0.8+4.5%. 3DO BF%
estimates demonstrated equivalence with DXA based on equivalence testing with no proportional
bias in the Bland-Altman analysis. Machine learning methods may hold potential for enhancing
3DO-derived BF% estimates.
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In recent years, the use of commercially available 3-dimensional optical imaging (3DO)
devices has garnered considerable interest as a potentially useful, non-invasive method to
evaluate automated anthropometry and body composition for adults! 2 and children.3 These
devices utilize infrared and visible light to create a 3-dimensional representation of a
subject’s body, allowing for rapid, automatic assessment of anthropometric characteristics.?
Highly reliable circumference measurements have been produced by 3DO devices and can
be employed in simple anthropometry-based body fat prediction equations.> However, the
comprehensive data collected by 3DO allows for the development of more advanced
prediction models that utilize additional circumferences and ratios between body segments,
which may reduce the magnitude of errors caused by increasing adiposity, different body
shapes, and divergent body composition phenotypes.® Thus, the purpose of the present
investigation was to develop and cross-validate a novel body fat prediction method using
anthropometric data from 3DO imaging and a reference 4-component (4C) model.

One hundred and seventy-nine participants (103F, 76M; age: [X+SD] 33.6+£15.3 y; BMI:
25.1+4.2 kg/m?; body fat: 26.3+8.8; 30% racial/ethnic minorities) completed duplicate
assessments via 3DO, with repositioning between assessments. Each individual assessment
produced five full-body scans, which were all utilized in the present analysis. The 3DO
scanner employed in the present study (Size Stream® SS20; scanner version 6.0.0.32)
utilizes structured light scanning with a static configuration and was calibrated daily using a
manufacturer-supplied checkered calibration board. For 4C body composition estimates,
body volume was obtained from air displacement plethysmography with measured lung
volume (Cosmed BOD POD®), bone mineral content (BMC) from dual-energy X-ray
absorptiometry (DXA) (General Electric Lunar Prodigy with enCORE software v. 16.2),
total body water from bioimpedance spectroscopy (ImpediMed SFB7), and body mass (BM)
from a calibrated electronic scale. All equipment was calibrated as recommended by the
device manufacturers each day prior to use, and all testing occurred after an overnight food
and fluid fast. Participants provided informed consent, and the aforementioned protocol was
approved by the Texas Tech University Institutional Review Board.

A rearrangement of the 4C equation of Wang et al.” was utilized to estimate body fat
percentage (BF%). For 3DO and ADP assessments, participants wore minimal form fitting
clothing and a swim cap. Light athletic clothing with no metal was worn for DXA and
bioimpedance spectroscopy assessments. For cross-validation purposes, paired DXA
(Hologic® Discovery A) and 3DO (Size Stream® SS20) assessments (n=158) were
completed at two additional testing sites. Although differences between GE® and Hologic®
DXA output have been reported,? cross-calibration was not performed for the present
analysis due to the minimal use of GE® DXA variables (i.e., only BMC from the GE®
scanner was used as part of the 4C model).

Machine learning (i.e., decision tree analysis) was utilized to determine the significant 3DO-
derived factor(s) separating higher and lower BF%, based on the 4C model data. Stepwise
and lasso regression analyses were performed to develop a BF% estimation formula based
on approximately 200 anthropometric measurement sites identified by the 3DO scanning
software. Decision tree analysis using the fitrtree function (MATLAB, Natick, MA, USA)
identified lower abdomen circumference (AC ower) as the primary anthropometric factor
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that distinguished between higher and lower BF%, with a criterion separation point of 103.5
cm (40.75 inches) (Figure 1). AC| ower Was defined as the horizontal circumference at the
level of the forwardmaost projection point occurring inferior to the front waist point and
superior to the maximum rear seat projection. A novel appendage-to-trunk circumference
index (ATI) was developed for use in the BF% prediction equations, where UA is upper arm,
R and L correspond to right and left, ACppgr corresponds to the maximal circumference
superior to the waist and inferior to the chest, and all values represent circumference
estimated in cm.

UAR+UAp +Calfr+Calfy +Thighr + Thighy,

ATI =
ACyPPER

Novel BF% prediction equations for individuals with AC| ower less than 103.5 cm (3DO
BF%eq.1) and greater than 103.5 cm (3DO BF%g ) were developed, where sex is coded as
Male=1 and Female=0, BSA is body surface area measured in cm?, and all remaining
variables are circumferences measured in cm. Thigh circumference was defined as the leg
girth measured 5.1 cm (2.0 inches) below the crotch point.

3DO BF% g . | = 48.837 — 7.2745(Sex) + 0.46929(T highg) — 17.387(AT1)

3DO BF% g, 2= — 1.1789 — 3.5143(Sex) + 0.53795(AC L ow ER) — 0.001076( BS A)

The developed method produced a R2 of 0.82 and a constant error (CE) of —0.15 + 3.67%
relative to 4C BF% data (Figure 2A). Cross-validation against DXA BF% produced an R2
value of 0.78, CE of —0.79 + 4.52%, and root mean square error of 4.57% (Figure 2B).
Additionally, 3DO and DXA BF% exhibited equivalence® based on a +2% body fat
equivalence interval and displayed no proportional bias in the Bland-Altman analysis
(Figure 2C).

This proof-of-concept investigation identified and validated a novel 3DO body fat prediction
equation that accounts for divergent anthropometric characteristics. The combined equation
was found to have acceptable validity and minimal group-level error compared to DXA,
mirroring the results of Ng and colleagues,! who reported comparable validity of a 3DO-
derived prediction equation relative to DXA fat mass estimates in a multi-ethnic, mixed-sex
cohort. Taken together, these findings suggest that device-specific 3DO BF% prediction
equations could serve as a suitable alternative to DXA to estimate body composition in
groups of healthy individuals. While the individual-level error (i.e., 95% limits of
agreement) was relatively larger, further research regarding the potential utility of 3DO for
tracking individual changes in body composition is warranted.

A unique feature of the present investigation is the use of the 4C model to develop the 3DO
BF% prediction equation, as previous studies have not developed or validated 3DO-derived
estimates using a multi-compartment model.1: 6: 10. 11 Fyrthermore, the novel application of
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machine learning techniques to determine key anthropometric factors associated with body
fat variation revealed that the optimal 3DO-derived variables to predict percent body fat
differ substantially between lean and obese individuals. However, limitations of the present
investigation are the small sample size for machine learning techniques, which likely did not
capture the full variety of body shapes and compositions, and the necessity of utilizing few
regressors to avoid overfitting. Additionally, anthropometric estimates from differing 3DO
systems can vary, even for similar anatomical locations, indicating that the presented
equations are likely specific to the evaluated scanner.® In the future, investigators and device
manufacturers could use a similar approach to identify key anthropometric predictors in
specific populations or in larger samples, potentially increasing the specificity, accuracy, and
utility of 3DO-derived body composition estimation equations.

No funding was received for the data collection leading to equation development, although the project was
supported in-kind by Size Stream, LLC through provision of the 3-dimensional optical scanner. The data utilized
for external validation were obtained from research supported by the National Institute of Diabetes and Digestive
and Kidney Diseases (R01DK109008, R01DK111698) and registered at Clinical Trial Registration: NCT03637855.
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AC<103.5__AC=103.5

ATI<31 ATI23.1 AC <1158 AC 2115.8 ATI227

BSA < 18077

BSA 218077

AC <90.2 <AC 290.2

Figure 1. Decision Tree Analysis.
Machine learning (i.e., decision tree analysis) identified lower abdomen circumference (AC)

as the primary anthropometric factor that distinguished between higher and lower 4-
component model body fat percentage, with a criterion separation point of 103.5 cm (40.75
inches). The decision tree procedures further produced the two body fat percentage
equations displayed in the manuscript.

Abbreviations. AC: lower abdominal circumference in cm, ATI: appendage-to-trunk index,
BSA: body surface area in cm?, TC: thigh circumference (right) in cm
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Figure 2. Validation of 3DO Body Fat Estimates.
New 3DO body fat estimates were developed using paired 3DO and 4C assessments (panel

A). The 3DO estimates were externally cross validated against DXA. Cross-validation
indicated a small deviation from the slope of the line of identity (panel B; slope: 0.90 [95%
confidence interval: 0.83, 0.98]), but no proportional bias (panel C; slope: 0.03 [95%
confidence interval: —0.05, 0.10]).
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Abbreviations. 3DO: 3-dimensional optical imaging, 4C: 4-component model, DXA: dual-
energy X-ray absorptiometry, LOA: limits of agreement
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