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Reevaluating feature selection in machine learning-based
radiomics for hepatocellular carcinoma: Bridging the gap
between predictive accuracy and biological relevance

To the Editor:

Vithayathil et al. conducted a groundbreaking investigation
demonstrating that machine learning-based radiomic models
significantly outperform traditional clinical biomarkers in pre-
dicting immunotherapy outcomes for hepatocellular carcinoma.’
Their methodologically sophisticated approach evaluated seven
distinct machine learning algorithms (logistic regression, naive
Bayes, neural network, random forest, support vector machine,
XGBoost, and ridge regression) in combination with thirteen
diverse feature selection techniques, including regression-based
methods (LASSO, elastic net), dimensional reduction ap-
proaches (PCA), feature importance algorithms (Boruta, RFE),
and statistical correlation methods (Mutual Information (Ml),
Pearson, Spearman, Kendall, ANOVA F-test, variance threshold).
Model optimization was rigorously performed using grid-
search with 5-fold cross-validation to identify optimal hyper-
parameters, establishing a comprehensive framework for
radiomic-based prediction that substantially advances precision
medicine approaches in liver cancer immunotherapy.’

While this paper acknowledges the powerful prediction
models developed by Vithayathil et al., it raises fundamental
epistemological concerns regarding the use of machine learning
for feature selection. The model-specific nature of feature selec-
tion algorithms can lead to potentially erroneous interpretations
and conclusions about biological significance. A critical distinc-
tion exists in validation methodology: supervised machine
learning models can be validated against established ground
truth values for prediction accuracy, whereas feature importance
rankings and selections lack comparable ground truth validation
mechanisms. This methodological gap creates a significant risk:
high prediction accuracy may create a false impression of reliable
feature selection, when in reality, no objective standard exists to
confirm these selections represent true biological relationships.

Vithayathil et al. must recognize the fundamental distinction
between predictive contribution and biological association -
feature importance metrics primarily quantify contributions to
the prediction mechanism rather than establishing true causal
or associative relationships between features and outcomes.
This epistemological gap creates a significant interpretive
hazard in radiomics research. Feature importance rankings and

selections derived from machine learning models are inherently
susceptible to model-specific biases and algorithmic assump-
tions that cannot be validated against objective biological
standards. Over 100 peer-reviewed articles documented non-
negligible errors in feature importances and selections.?™”

Furthermore, dimension reduction techniques like PCA
operate exclusively on feature distributions and internal re-
lationships among features, without consideration of target-
feature associations, potentially obscuring rather than
revealing clinically meaningful relationships in the radiomic
data, regardless of their statistical efficiency.®®

Pearson’s correlation, ANOVA F-test, and variance
threshold are linear parametric methods that may fundamen-
tally distort analyses when applied to complex non-linear non-
parametric biological data that rarely conform to linearity as-
sumptions. These methods can systematically underrepresent
or entirely miss non-linear relationships prevalent in biomedical
data. In contrast, MI, Spearman’s correlation, and Kendall’s tau
offer non-linear non-parametric approaches better suited to
biological complexity. This paper specifically advocates for a
complementary analytical framework employing Spearman and
Kendall correlations'® to detect monotonic pairwise relation-
ships between targets and features, supplemented by Ml
analysis to identify nonmonotonic complex relationships
among multiple variables. This methodological triangulation
provides more robust validation than any single feature selec-
tion approach, particularly in clinical contexts where biological
interpretation is paramount.
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