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Methods

Results

Figure 1: An overview of the complete SAM process. First, points are 
automatically placed on the images using our finetuned DeepPose model. 
Then, triangulation files are applied. PCA is done first on the points (shape 
model) then on the interior grayscale values (texture model). Purple 
represents UoMApM tools.  Green represents our contributions. 

•  Total-body dual X-ray absorptiometry (TBDXA) represents a 
relatively low- cost whole-body imaging modality with low levels 
of radiation exposure acceptable for use in longitudinal studies [1]. 

• Shape and Appearance Modeling (SAM) has been used extensively 
for the modeling of shape and texture in medical imaging [2-4]. 

•  A challenge limiting the adoption of SAM for studying the variance 
of shape in medical imaging is that it requires trained annotators to 
place fiducial points on all images. This makes preparation a costly 
and time-consuming endeavor for even small datasets. 

• In this work, we develop an accurate method for automated point 
placement to facilitate the use of SAM on larger TBDXA datasets. 

• We demonstrate an example application of this method to several 
large NIH TBDXA datasets and explore the association of body 
shape and appearance SAM features with health markers. 

• TBDXA images were collected from five different studies: the 
HABC study [5]; the MrOS study [6]; the SUA study [7]; the HANDLS 
study [8]; SUK study [9]; and the MEC study [10]. 

• See Table 1 for a breakdown of study populations and data splits 
for SAM. HANDLS was used to test association of discovered SAM 
features with biomarkers in a completely independent sample

• We defined 105 bony and soft tissue fiducial points. See Figure 1. 
• We finetune a DeepPose [11] model with a ResNet-101 [12] 

backbone pretrained on MS-COCO [13] for point placement from 
expert point annotations.

• SAM and display functions were done in C++ using the UoMApM 
software [14] with automatically-placed points. See Figure 1 for a 
procedural breakdown of the SAM method. 

• For health marker, the 10th and 90th percentiles of that marker were 
identified in the HANDLS and HABC testing datasets. A two-sample 
Kolmogorov-Smirnov [15] test was performed to investigate if SAM 
features were identically distributed at the tails of the health 
marker distributions. Spearman correlations were also computed.
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Table 1: Scan- and patient-level counts for the SAM training and testing samples.

Participants, N TBDXA scans, N Mean age, 
years (SD)

Mean 
scans/person, 

N (SD)

Mean BMI, 
kg/cm2 (SD)Female Male Female Male

Tr
ai

ni
ng

Overall 1,881 7,716 7,810 18,652 74.5 (6.2) 2.8 (2.1) 27.2 (4.5)

HABC 1,255 1,148 7,181 6,436 75.3 (3.0) 5.7 (2.2) 27.2 (4.8)

MEC 395 438 395 438 69.7 (2.8) 1.0 (0.0) 28.1 (5.0)

MrOS 0 5,939 0 11,587 75.1 (5.8) 2.0 (0.7) 27.3 (3.8)

SUA 231 191 234 191 45.2 (16.1) 1.0 (0.1) 27.0 (6.6)

Te
st

in
g 

Overall 1,819 1,436 5,241 4,222 62.6 (12.6) 2.91 (1.8) 29.3 (6.9)

HABC 318 321 1,809 1,793 75.2 (3.0) 5.64 (2.2) 27.1 (4.7)

HANDLS 1,499 1,113 3,432 2,429 54.9 (9.6) 2.24 (0.9) 30.7 (7.7)
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• Point placement results from the finetuned DeepPose model on 500 scans from the 
external HABC dataset as compared to the expert-annotated points were: 99.5% 
Percentage Correct Keypoints, 8.49 End Point Error, and 0.007 Normalized Mean Error. 

• We found that 29 shape modes explained 95% of the shape variance for males and 28 
shape modes explained 95% of the shape variance for females. 

• We found that most health markers – fasted blood glucose, hemoglobin A1c, grip 
strength, and walk speed – showed weak association with the first 5 SAM features.. 

• Figure 2 shows reconstructed SAM modes for HDL ratio (cardiometabolic marker), 
blood glucose (metabolic), and calcium (cardiometabolic), all found to be significant via 
KS tests. Images are built by taking the feature mean at the 10th and 90th percentile if 
significant, or over the entire dataset if not, and transforming back to image space. 

• Glucose and insulin-related health markers were found to be significantly differently 
distributed in both the HANDLS and HABC cohorts, 
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Figure 2: Reconstructed images from the 10th (left) and 90th (right) percentiles for appearance 
SAM features found to be significantly differently distributed via Kolmogorov-Smirnov tests. 
Reconstructions are male (left), female (middle), and female (right).

• Our automated placement of fiducial markers shows human-level performance and 
enables us to systematically annotate TBDXA images for SAM building. This enables 
hypothesis building and data-driven discovery on large-scale TBDXA data. 

• The limitations of this work are a lack of consistent health markers, limiting cross-study 
analyses; a large difference in the age composition; and lack of longitudinal analysis.

• Future work may use a more comprehensive method for pose alignment and 
recruitment of participants prospectively to quantify metabolic panel accuracy. 
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