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Sensitivity-Gated Cascade DERNet Framework :

Heterogeneous ensemble of DenseNet121, EfficientNetV2-
S, and ResNet50 with weighted soft voting, achieving
91.03% AUROQOC to filter normal studies.
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Fig. 4. Multi-modal XAl validation demonstrates
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high-sensitivity radiographic triage. U

' ‘The optimal threshold was found via a grid
. search with a step size of 0.0002,
“maximizing the 5-fold cross-validation F1-

. score on the training data, as

* __
T = arg maxcjo3s,0.60] F1(T)

Conclusion

ﬁ)ecouples screening triage from localization via a sensitivity}
gated DERNet and YOLO11-L cascade. Delivers 91.03%
AUROC and 40.10% mAP@O0.5, quantitatively grounded to
authentic bone pathology. Enables CPU-efficient triage in
resource-constrained clinics, potentially supporting prioritization
\ of scarce MRI resources. -/
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