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BACKGROUND OBJECTIVES

¢ Conduct a comprehensive benchmark of FS methods, evaluating both
stability and predictive performance on multimodal data integrating clinical
variables and complex biomarkers.

COMPO

COMPUTATIONAL ONCOLOGY

¢ Feature selection (FS) is essential for biomarker discovery.

¢ High-dimensional feature space, limited sample size, multicollinearity, and
missing values make FS non-trivial in biomedical data.

¢ ldentify an optimal FS method that balances stability and performance
tailored to prediction of primary resistance to anti-PD-(L)1 in non-small cell
lung cancer (NSCLC).

¢ Stability, i.e. the similarity between feature sets obtained under data
perturbations, is a key challenge in FS. Despite being a long-recognized
problem, it is rarely evaluated in current biomedical studies.
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Final sighature

¢ Evaluating FS stability and comparing multiple FS methods is crucial to improve the reliability
of biomarker discovery related to drug response and resistance.

* Instability index is a

proportion of resample

models that produce a

different classification

for a patient compared
to a full model [5]
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¢ Eveninthe p ~ ncase reaching FS stability is a challenge.
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& Future perspectives include the study of FS stability in:

= covariate selection in nonlinear mixed-effects modeling;

= and higher dimensional settings (p >> n) typical in, e.g., omics data.
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