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Abstract

Feature selection was a concal process m machme leaming that enbances mode] performance by
ienfifving the meost relevant features from hizh-dimensional datasers. This boeok chapter dalves mee
variows feature selection methodolpeses, emphasizing the sizmificance of hvbrid approaches that
leverage the senpibs of different techniques, mchiding filter, wrapper, and embedded methods. It
critically examines the advantages and limitations of each method providing insighds mto their
applicability across diverse domains. The chapier also explores funre directions in hybnd feamrs
selection, including the inteeration of advanced al=erithms. adaptation to varving data types. and the
incarporation of domain knowledze Emphasizneg computational efficiency and real-time applicadon
potential, this work serves as a comprehensive guide for researchers and practitioners aiming to
ephance machine leamms models through effective feature selection. The findines and discussions
pressnfed hersin contribute to the ongoing discourse in the field and provide a roadmap for fature
research inriatives
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Introduction

Feanme salection plavs a pivol role in the machine leaming landscape, directly mpacting the
accuracy and interprefability of predictive models [1]. In an era characterized by hiz data, the
availabilicy of hish-dimensional datasets bas surped, creatng both cpportunities and challenze: for
data scientssts [2]. High-dimensional data can l=ad to the “oarse of dimensicmality,” where models
becoms overly complex and prone to overfitting [3,4,5]. This phenomenon hizhlizhts the necessity for
effective feanme selection techmigues, which aim fo retain ooly the most relevant featares while
eliminatne noise and redundancy [6]. By focusing oo a subset of relevant varables, feature selecton
can sigmificantly ephance the models abdity to gensralize to unseen data, thus improving overall
performance [7].

The diverse armay of feamure selecton methods can be broadiy catesonzed ioto three main types:
filter, wrapper, and embedded methods [B.9,10]. Filter methods assess the relevance of features based
oD inminsic properties of the data, such as commelation or s@tistical siepificance, independently of aoy
lpamnine alzomithm [11] These methods are twpically computationally efficient, making them sustable
for large datasets [12]. Wrapper meihods, on the other hand, evaluate featare subsets by emplovims a
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