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Methodology
Joint Prediction and Optimization

* The two branches predict individual chromosomal-arm deletion
status, and the codeletion probability is estimated from their joint

Introduction g
probability:

® Existing deep learning methods oversimplify 1p/19q prediction
as binary classification, discarding individual chromosomal-arm
deletion information that carries prognostic value (e.g., retained
1p with deleted 19¢g indicates poorer prognosis).

ps® = pi(1) - p7 (1).

and the association between the two arms. * The overall optimization objective is:

® They also ignore the heterogeneity of 1p/19q deletion patterns
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Qualitative evaluation

* Task-Specific Interpretability via Attention Heatmaps
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MIL subtasks, i.e., 1p deletion and 19q deletion. For each task
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* The attended tokens are split back and injected into the original
representations via residual connections: Ablation Study
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Mutual-Information Dual-Task Coupling Module (MICM)
We perform bidirectional information propagation between the

output distributions of the two tasks using lightweight nonlinear
mappings with stop-gradient:

* Both Modules Are Necessary, and Bidirectional Coupling
Outperforms Unidirectional Coupling
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Az = gp_a(sg(zf)), AzP =gap(sg(z)).
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