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This supplementary file reports a focused sensitivity analysis within the SPD branch for the muscle-weight task
using the same three biomarkers as in the main-text biomarker-only comparison. The purpose of Supplementary
Table S1 is to show how performance changes when the SPD representation is changed while the outcome,
biomarker set, downstream regressor, and outer cross-validation splits are kept fixed. The first row is the plain
ridge-regression baseline using only the original biomarkers. The remaining rows augment ridge regression with
SPD prototype-distance features derived from alternative SPD constructions. Differences between rows therefore
isolate the contribution of the SPD representation itself rather than changes in the data split or prediction model.
The row retained in the main manuscript is the best-performing outer-product SPD configuration, whereas the
local-covariance row is included as an exploratory alternative. All values are averaged over the same five outer folds
used in the main manuscript. All runs shown here are “no synthetic” variants, meaning that unlabeled synthetic SPD
interpolation was switched off so that this table isolates the effect of the base SPD construction. Lower RMSE and
%RMSE, and higher R?, indicate better performance. ROC-AUC was not computed for these secondary ablations
because they were used as regression-focused sensitivity analyses within the SPD family rather than as headline
screening comparisons.

Supplementary Table S1: Sensitivity analysis of SPD representations for muscle-weight prediction using three biomarkers. All
models were evaluated on the same five outer folds used in the main manuscript. The ridge baseline uses only the original
biomarkers. The SPD rows augment ridge regression with distances from each sample to training-derived SPD prototypes under
different SPD constructions. The table therefore tests whether the gain over baseline arises from the SPD representation itself
and which SPD variant is most effective in this task. Percent RMSE denotes 100 x RMSE/y,.; computed within each held-out
fold and then averaged. Lower RMSE and %RMSE, and higher R?, indicate better performance.

Model RMSE %RMSE  R?

Ridge baseline (biomarkers only) 4.7873  10.60 0.3517
Ridge + SPD distances (outer-product, K=3, no synthetic) 4.6180 10.21 0.3962
Ridge + SPD distances (outer-product; best, no synthetic) 4.5509 10.08 0.4123
Ridge + SPD distances (local covariance, K=6, k=8, no synthetic) 4.8437 10.70  0.33768

Taken together, the table shows that the outer-product SPD representations improve on the biomarker-only ridge
baseline, with the best outer-product configuration reducing RMSE from 4.7873 to 4.5509 and increasing R? from
0.3517 to 0.4123. In contrast, the local-covariance SPD variant does not improve this particular three-biomarker
muscle-weight task, which supports the choice of the outer-product SPD representation in the main manuscript.
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