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Diagnostic aids from quantitative radiomics have shown promising results for the characterization of many
diseases. However, the extraction of radiomic features for complex structures/diseases such as
lipomatous tumors from MRI images remains challenging. This is mainly due to the labor intensive, and
error prone identification and segmentation of these tumors needed for accurate analysis. Deep learning
(DL) has been proposed for the automation of medical image segmentation to improve accuracy,
consistency, and efficiency; however, a major challenge of this task is data heterogeneity from multicenter
data for pre-processing algorithms. We aimed to develop and study a DL-based Super Learner (SL)
ensemble framework approach in comparison to any single trained neural network.

Pathologically proven LTs on pre-operative T1-weighted/proton-density MR images of 185 patients (4
centers, 20 MR scanners; 102 females; age 58.4+11.9 yrs) were manually segmented and categorized by
tumor locations as distal upper limb (DUL), distal lower limb (DLL), proximal upper limb (PUL), proximal
lower limb (PLL) or Trunk (T) and grouped by 80%/9%/11% for training, validation, and testing. Six
configurations of correction/normalization were applied to data for 5-fold-cross-validation trainings,
resulting in 30 base learners (BLs). A SL was obtained from the BLs by optimizing SL weights and
performance was evaluated by dice-similarity-coefficient (DSC), sensitivity, specificity and Hausdorff
distance (HD95). For predictions of the BLs, the average DSC, sensitivity and specificity from the testing
data were 0.72+0.16, 0.73£0.168 and 0.991£0.012, respectively, while for SL predictions were 0.80+0.184,
0.78+0.193 and 1.00+0.010. Average HD95 of the BLs were 11.5 (DUL), 23.2 (DLL), 25.9 (PUL), 34.7 (PLL)
and 49.4 (T) mm, whereas of SL were 1.7, 8.4, 15.9, 2.1 and 37.9 mm, respectively.

The proposed method could improve the segmentation accuracy and mitigate the performance instability
and data heterogeneity aiding the differential diagnosis of LTs in real clinical situations.
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Figure 1: Example SL ensemble predictions (red) and tumor delineations (yellow) per tumor location overlaid
on the T1-weighted MR images giving orange color for the correctly predicted tumor region. First two
columns represent the central image slices of the tumors without and with the delineations and predictions,
respectively, whereas the second two columns represent the edge image slices of the tumors. The
predictions are often worse in the edge slices than in the central slices of tumor.
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