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Chi-square and P-values versus machine learning
feature selection
Fraunhoffer et al.1 used the least absolute shrinkage and
selection operator (LASSO) and random forest (RF) methods
for feature selection, which may not be ideal. They noted that
incorporating master regulator transcripts from the neoplastic
cell phenotype played a significant role in the LASSO feature
selection for all drugs, with the highest proportions from
gemcitabine and 5-fluorouracil.1 Feature selection in machine
learning may not, however, provide true associations.2-4

Instead, chi-square tests and P-values should be used to
ensure true associations, rather than relying on LASSO and RF
methods.5-7 Consequently, their results may differ.

Feature selection in machine learning may not provide
true associations for several reasons. One major issue is
overfitting, where models, especially complex ones, capture
noise rather than true underlying patterns in the training
data. Additionally, machine learning algorithms often iden-
tify correlations between features and the target variable,
but these correlations may not imply causation. This
distinction is crucial because a correlation does not neces-
sarily mean that one variable causes the other.

Another challenge is the bias and variance inherent in
feature selection methods. These methods can be sensitive to
the specific data used, leading to biased or high-variance re-
sults that do not generalize well to new data. Furthermore,
different algorithms have different strengths and weaknesses.
For example, LASSO may shrink some coefficients to zero,
potentially missing important features, while RF may over-
emphasize certain features due to their inherent structure.

Chi-square tests and P-values, however, are statistical
methods that provide true associations between the target
and features. Chi-square tests and P-values measure the
statistical significance of the association between features
and the target variable, helping to distinguish true associ-
ations from random noise. These methods are grounded in
hypothesis testing, providing a framework to test whether
the observed associations are likely to be due to chance.
Additionally, statistical methods can control for confounding
variables, ensuring that the associations identified are not
spurious. Finally, results from statistical tests are generally
reproducible and can be validated across different datasets.
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When using chi-square tests and P-values for feature
selection, a higher chi-square value signifies a stronger as-
sociation between the feature and the target variable.
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