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◆ Evaluating FS stability and comparingmultiple FSmethods is crucial to improve the reliability

of biomarker discovery related to drug response and resistance.

◆ Even in the p ~ n case reaching FS stability is a challenge.

◆ 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.

CONCLUSIONS AND PERSPECTIVES
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* Instability index is a
proportion of resample
models that produce a
different classification
for a patient compared

to a full model [5]

Variability in performance and feature subset size
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RESULTS

Selection frequency of top features

Feature #methods p. adjust (PFS) p. t-test LASSO Stability
selection Stabl LASSO Fisher score Shapicant

Treg Stroma 21 0.56 1 1 0.98 0.98 1 0.94

CRP 18 1 1 0.96 0.51 0.34 1 0.64

Albumin 17 0.91 1 0.93 0.46 0.43 0.9 0.69

Line 15 1 1 0 0 0.06 1 1

Chlorine 15 0.98 1 0.81 0.18 0.22 0.94 0.98

LDH 15 0.01 0.98 0.94 0.39 0.73 0.74 0.43

PD-L1+ cell dens. in
tumor 14 0.09 1 0.94 0.42 0.51 0.76 0.43

Red cells 13 1 0.99 0.67 0.05 0.1 0.79 0.78

VCAM 12 0.55 1 0.9 0.26 0.54 0.92 0.23

PD-L1+ non-
classical monocytes 10 0.61 1 0.94 0.26 0.44 0.46 0.01

31 FSmethods

16 filters

10 embedded methods

4 wrappers

1 ensemble method

11 classifiers

A synthetic target was

generated from the original

data as a linear combination of

the features from the final

signature plus random noise.

BENCHMARK
CONFIGURATION

SIMULATION
FRAMEWORK

The outcome to predict was primary resistance to

immunotherapy defined as disease progression

within 6 months of treatment.

435 lung cancer patients from the PIONeeR

biomarkers clinical study (NCT03493581) [1].

374 variables, including clinical and demographic

data (p = 10), routine blood tests (p = 49), tumor

multiplex immunohistochemistry markers

(p = 159), and circulating immune and

vasculophenotyping markers (p = 156).

METHODS

◆ Conduct a comprehensive benchmark of FSmethods, evaluating both

stability and predictive performance on multimodal data integrating clinical

variables and complex biomarkers.

◆ Identify an optimal FSmethod that balances stability and performance

tailored to prediction of primary resistance to anti-PD-(L)1 in non-small cell

lung cancer (NSCLC).

OBJECTIVES

◆ 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.

◆ 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.

BACKGROUND

DATA

Results shown for
a subset of

benchmarked
FS methods


