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* Pre-treatment risk assessment of cancer therapy-related cardiovascular * The identification of significant features acting as prognostic biomarkers of
toxicity (CTR-CVT) can inform cardiovascular prevention strategies and asymptomatic CTRCD is framed as a feature selection problem, addressed
cancer treatment choices, mitigating CTR-CVT risk and improving adherence to using a Recursive Feature Elimination with Cross-Validation (RFECV) strategy.
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oncology, aligning with recent ESC and IC-OS recommendations.

n: number of patients; d: number of features; "Features with >40% missing values are removed, RE F E RE N C E S
“Samples with >50% missing values are removed.
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