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ABSTRACT

In the data pre-processing stage of machine learning (ML), feature selection and extraction are
essential procedures. The models' computational efficiency, interpretability, and performance are all
greatly impacted by these stages. Finding the most relevant characteristics in a dataset while
maintaining important information is known as feature selection. However, in order to facilitate more
efficient learning, feature extraction converts unstructured data into meaningful representations. The
present work offers a thorough review of feature selection and extraction, emphasizing its
significance, different approaches, and applications in a range of fields. The research also highlights
issues like the Curse of Dimensionality, the existence of distracting or noisy characteristics, and the
efficacy being limited by the trade-off between interpretability and performance. In order to improve
scalability and cross-domain adaptation, the research finishes with insights into new trends and
potential paths, such as hybrid techniques and the combination of feature selection with deep
learning.

1. Introduction

The quantity of data being gathered and examined using different statistical and machine learning
(ML) technologies has increased dramatically during the last several decades. ML is now an essential
tool in many fields, including natural language processing, healthcare, education, and finance. The
quality and applicability of input characteristics have a significant impact on ML models'
effectiveness [1], [2]. High-dimensional, duplicated, or irrelevant data provide challenges for
machine learning techniques, which may result in overfitting, increased computing complexity, and
other difficulties that impact the model's performance. Feature Engineering (FE) may be used to
reduce dimensionality, which can assist address these problems. Feature extraction and feature
selection are two of the many phases that make up FE, a method that may reduce high dimensional
input data to improve model efficiency and accuracy while maintaining important information.
Finding and choosing the most relevant feature subset from the input data that offers the most
insightful information while eliminating those that don't significantly aid in the learning process is
known as feature selection [1], [3]. In contrast, feature extraction preserves the important information
and removes characteristics that aren't essential while transforming the original data into a new,
smaller feature set. When raw characteristics are too complicated or inadequate for direct analysis,
this is very helpful [3]. When working with high-dimensional data, feature selection and extraction
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approaches present a number of difficulties despite their many advantages. Sophisticated methods
are needed to balance predictive strength and computational efficiency in datasets with hundreds of
attributes. Furthermore, it is still difficult to choose or extract the most instructive characteristics
without adding bias or omitting important information. The goal of this research is to develop a
thorough grasp of feature engineering methods so that scientists may create ML models that are more
effective and understandable. Beginning with the introduction, the article offers a thorough review of
feature selection and extraction in machine learning. The article is further divided into several parts.
After providing the basics in Section 2, Section 3 examines several feature selection methods, and
Section

explains methods for feature extraction. The influence of these strategies is discussed in Section 5,
and then applications are shown in Section 6. Additionally, section 7 outlines the difficulties as well
as possible future paths. The investigation is finally summarized in the conclusion.
2. FundamentalsofFeatureEngineering
3. The act of choosing, altering, or producing new features from unprocessed data in order
to enhance the prediction capabilities of an ML model is known as feature engineering.
This method is often used after the collection and cleaning of the input data [4]. Feature
generation, feature extraction, feature modification, and feature selection are some of the
methods used. Effective feature engineering lowers computing costs, enhances
generalization, and reduces noise [4]. In machine learning, feature engineering plays the
following roles [5, 6]:

o Enhancing Model Performance: Models may learn more effectively with
high-quality features, which increases accuracy and resilience.
* Reducing Overfitting: Models are less likely to overfit when superfluous

or unnecessary characteristics are eliminated, which improves

generalization.

o Improving Interpretability: Models become easier to comprehend and
interpret when useful characteristics are chosen, which is especially crucial

in fields like healthcare and finance.

o Optimizing Computational Efficiency: Model training is accelerated

when data dimensionality is decreased.

3.1 DifferenceBetween FeatureSelectionand FeatureExtraction

Two main methods in feature engineering that aid in enhancing the caliber of input data are
feature selection and feature extraction. But they have distinct functions. While Table 1
shows the distinctions between feature selection and feature extraction based on a few
factors, Figures 1 and 2 illustrate the disparities in both procedures.
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Tablel:DifferencebetweenFeatureSelectionandFeature Extraction

Aspect FeatureSelection FeatureExtraction
Definition Identifies and retains the most | Transformsrawfeaturesintoanew
relevant features while removing | set of features that better capture
irrelevant or redundant ones. essential information.
Approach Selects from existing features | Createsnewfeaturesbycombining or
withoutaltering theiroriginal values. | transforming existing ones.
Techniques Filter methods such as Chi-square, | PCA, LDA, Singular Value
Correlation. Wrapper methods such | Decomposition (SVD),
asRFE,andEmbeddedmethodssuch Autoencoders.
as LASSO.
Interpretability | Retainsoriginalfeatures,makingthe Can reduce interpretability since
model more interpretable. transformed features may not have
direct real-world meaning.
Use Cases Suitable when the dataset has | Usefulwhenoriginalfeaturesare

redundant or irrelevant features.

insufficient or too complex.

FeatureSelectionProcess
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Origial Feature
Dataset Feature Subset Subset Feature Subset
I 3 > x
Generation Evaluation
A
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Figurel:FeatureSelectionProcess[7]

FeatureExtractionProcess
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Figure2:FeatureExtractionProcess[7]

3.2 ImportanceofDimensionalityReductioninMachineLearning

A key stage in machine learning is dimensionality reduction, which attempts to minimize
features or input variables from high-dimensional datasets without sacrificing important
information. Repetitive, noisy, or irrelevant characteristics are often found in high-
dimensional data, which might impair model performance [7], [8].Dimensionality
reduction has the following main advantages [7], [9]:

1. Improved Model Performance — By removing noise from the input

information, machine learning models can more easily spot patterns and

connections.

2. Reduced Overfitting — High-dimensional datasets raise the risk of
overfitting, in which the model learns meaningless patterns instead of
memorizing noise. Enhancing generality involves eliminating superfluous
characteristics.

3. Faster Computation — Faster model training and inference result from
fewer input variables, which also entail less memory and processing
demand.
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4. Better Data Visualization — Visualizing and analyzing high-dimensional
data may be difficult. For improved interpretability, methods like as PCA

and t-SNE assist in projecting data into smaller dimensions.

5. EnhancedInterpretability—Dimensionality reduction simplifies models by
lowering feature complexity, which makes them simpler to interpret and

explain.

6. FeatureSelectionTechniques

In order to enhance the learning performance of classification and prediction
models, feature selection seeks to identify a valuable feature subset from a high
dimensional dataset [1], [10]. The three main kinds of feature selection approaches
are Filter Methods, Wrapper Methods, and Embedded Methods [1], [3], [10], and
[11].
3.3 FilterMethods
Filter techniques evaluate an attribute's importance without the use of machine learning
algorithms. They rank characteristics according to how well they correlate with the target
variable using statistical methods. Filter-based approaches are simple, quick, scalable, and
computationally cheap. Some popular filter methods are as follows [1], [11]:
3.3.1 Correlation-basedFeatureSelection(CFS)
Pearson's correlation coefficient is the primary tool used in correlation-based feature
selection to assess the connection between two variables: the independent variable and
the target variable. In order to eliminate duplication, it minimizes inter-feature correlation
and chooses characteristics that have a high correlation to the goal since they are more
relevant [12]. A better feature subset is indicated by a higher merit score. Text
categorization and bioinformatics are two fields that make extensive use of CFS [13],
[14]. Additionally, it is limited in its ability to derive non-linear correlations, and if
features are highly linked, it may result in the selection of duplicate characteristics.

3.3.2 Mutuallnformation
Mutual information calculates both linear and non-linear correlations between two
variables by measuring their dependence [12]. Features are seen to be more significant
for predicting the target variable if they have higher mutual information scores. Tasks
involving image identification and natural language processing benefit greatly from this
approach [13], [15].
3.3.3 Chi-square Test
To determine if a category characteristic and a target attribute are independent, the chi-
square test is used. Finding out whether a characteristic is strongly related to the target
variable is done statistically. A significant correlation between the characteristic and the
target class is indicated by a high chi-square score. This technique is often used in medical
diagnosis and text categorization [9], [13].
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3.3.4 InformationGain

The decrease in entropy that occurs when a characteristic is employed for categorization is
measured by information gain. Its foundation is the idea of entropy, which quantifies the
impurity or disorder in a dataset [16]. More relevant aspects are indicated by higher
information gain values. Decision tree algorithms like ID3 and C4.5 make extensive use of
this method [9].

3.4 WrapperMethods
The assessment criteria for the wrapper techniques is the algorithm's performance, which
requires the usage of a predetermined mining algorithm. To improve their overall mining
performance, it looks for qualities that are more in line with the mining algorithm.
Despite their excellent accuracy, wrapper approaches are computationally costly and
sometimes intractable when dealing with large datasets [1], [12], and [13].

3.4.1 RecursiveFeatureElimination(RFE)

It is an iterative process that builds a model using the remaining characteristics after
eliminating the least important ones [15], [17], and assesses the model's performance at
each stage. Starting with the whole feature set, the procedure progressively eliminates
features that contribute less. This process is repeated until a predetermined amount of
features is obtained. RFE is often used to improve model performance using machine
learning methods like Random Forests and Support Vector Machines (SVM). RFE is
especially useful for high-dimensional data since it reduces overfitting and improves
model interpretability by removing redundant and unnecessary features. Because RFE
requires many iterations of model training and assessment, it may be computationally
demanding, particularly when dealing with huge datasets.

3.4.2 ForwardandBackwardFeatureSelection
These are stepwise feature selection techniques that iteratively add or remove
features based on their contribution to model performance[5], [11].

4. By beginning with an empty feature set and gradually adding more important features
one at a time, depending on performance improvement, Forward Feature Selection
constructs the model incrementally [5, 11, 12]. In contrast, Backward Feature Elimination
takes a different strategy. To improve model accuracy, it starts with the whole feature set
and then methodically eliminates the least important characteristics one at a time [5, 11].
Backward selection provides a comprehensive evaluation of features, but it is
computationally intensive due to the need to train the model many times, particularly for
datasets with a large number of features. Evaluation metrics like cross-validation
accuracy, AIC (Akaike Information Criterion), or BIC (Bayesian Information Criterion)
are used in both approaches to identify features. significance. They are often used when
feature interactions are important and computational performance is not the main
limitation.

4.1 EmbeddedMethods

tegratingitintotheprocessofmodel training, making them both efficient and

effective[12], [1], [18] thus making them a popular choice for many applications.

Tensor Text Publications



InternationalJournalofEngineering&Management
Informatics
Volumel, Issue01 (2025)
4.1.1 ElasticNet(EN)
4.1.2 RidgeRegressionand LASSO(LeastAbsoluteShrinkageandSelection Operator)
Linear models are highly effective for various problems and employ implicit (Ridge) to
reduce the number of features and explicit (LASSO) techniques is a useful tool to achieve
the shrinkage and variable selection simultaneously[21]. By adding a regularization
factor, these models go beyond logistic regression in binary classification. Ridge
regression applies regularization by averaging the squared feature weights, while LASSO
uses the average of their absolute values[22]. The model's degrees of freedom are limited
by regularization constraints, which modify feature weights. In contrast to Ridge, LASSO
may efficiently carry out feature selection by reducing certain feature weights to zero.
Cross-validation is used to maximize the number of chosen features, which is determined
by the degree of regularization [23].

4.2 Hybrid Methods

The efficiency and efficacy of feature selection in machine learning are increased by
hybrid feature selection techniques, which combine the benefits of filter and wrapper
approaches [24]. Hybrid techniques, which combine the best features of both approaches,
are especially helpful for high-dimensional datasets since they strive to strike a
compromise between computational efficiency and forecast accuracy. Recent hybrid
feature selection research has produced a number of advancements that improve efficacy
and efficiency. Even with improvements that include autonomous feature engineering,
choosing pertinent features is still crucial. Furthermore, in certain situations, the amount
and composition of the data at hand could not allow for the use of intricate models that
need on adjusting a number of settings. In recent years, a number of methods have been
developed to handle the challenges posed by high-dimensional data.

5. FeatureExtractionTechniques
A crucial stage in machine learning is feature extraction, which turns unprocessed data
into a collection of useful characteristics. It is the process of shrinking a primary
collection of raw data into new, manageable processing sets while keeping important
patterns unchanged. In the words of Brian Ripley [3], "Feature extraction is generally
used to mean the construction of linear combinations aTx of continuous features which
have good discriminatory power between classes" . These methods may be roughly
divided into three categories: deep learning-based, non-linear, and linear [25], [26]. A
detailed description of these methods is given in this section [13].

5.1 LinearTechniques
The underlying premise of linear feature extraction algorithms is that data is distributed
linearly. These techniques preserve as much variation or class-separability as feasible
while projecting data onto a lower-dimensional space [13].

5.1.1 Principal ComponentAnalysis(PCA)
A linear mapping of the data from a high-dimensional space to a lower-dimensional one,
where the variance of the data is raised, is the fundamental idea behind the PCA, an
unsupervised approach that reduces dimensionality [3], [27]. In order to reduce the scale
dependency, data instances are first gathered by deducting the meaning of each
characteristic. The gathered data's covariance matrix is obtained. After that, eigenvectors

45
Tensor Text Publications



InternationalJournalofEngineering&Management

Informatics

Volumel, Issue01 (2025)

46

and eigen values are obtained by performing the eigen decomposition of the covariance
matrix [28]. The converted information is defined by the major components, or
corresponding eigenvectors, which are chosen based on the biggest eigenvalues. The
greatest information diversity is retained by the eigenvectors linked to the higher
eigenvalues.

5.1.2 LinearDiscriminantAnalysis(LDA)

LDA is a supervised method designed to minimize dimensionality and maximize class
separability. Fisher launched it in 1936. It remains one of the well-organized statistically
based pattern categorization methods. LDA takes class labels into account and determines a
linear projection that optimizes the ratio of between-class variance to within-class variation,
in contrast to PCA, which concentrates on variance. In the feature space, this method
detects a projection vector to raise the between-class scatter matrix and lower the within-
class scatter matrix [5, 10].

5.2 Non-Linear Techniques

When the underlying data distribution is non-linear and sophisticated modifications are
needed to capture key patterns, non-linear feature extraction techniques are used. Nonlinear
techniques may capture complex connections between input characteristics and output
variables without needing domain knowledge or previous preconceptions about the data,
often improving forecast accuracy [26].

5.2.1 KernelPCA
By using the kernel approach, which translates data into a higher-dimensional space
where linear separation is feasible, Kernel PCA expands on PCA [27]. It is especially
helpful for jobs with elaborate patterns since it makes it possible to capture complex
structures and non-linear interactions between variables [29], [30], and [31].

5.2.2 IndependentComponentAnalysis(ICA)
A statistical technique called ICA is used to distinguish distinct sources from mixed
inputs. It is often used to blind source separation issues like brain imaging data analysis
and mixed audio signal separation. ICA is helpful for extracting significant independent
features since it makes the assumption that the underlying signals are non-Gaussian and
statistically independent. Reducing the statistical reliance of component illustration is the
primary proof of this linear conversion approach [3]. Solutions in neuroscience that
support the same objective of reducing redundancy and elucidating some aspects of the

brain's initial processing of sensory information promote the widespread use of ICA for
FE.

5.3 DeepLearning-basedFeatureExtraction
As deep learning has grown in popularity, feature extraction methods have expanded to
include methods that automatically pick up hierarchical data representations.

5.3.1 Autoencoders

Neural Networks (NN) designed for unsupervised feature learning are autoencoders. For
feature learning, they use the back propagation method [26]. They consist of a decoder that
reconstructs the original input and an encoder that compresses input data into a lower-
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detection and dimensionality reduction, and it captures key patterns [13].

5.3.2 ConvolutionalNeuralNetworks(CNNs)forFeature Learning

CNN s are often used for feature extraction in computer vision applications. Convolutional
layers are useful for recognizing edges, textures, and object components because they
naturally learn the spatial hierarchies of features [32]. For feature extraction in transfer
learning settings, pre-trained CNN models like VGG, ResNet, and EfficientNet are often
In machine learning, feature extraction is still an essential phase that allows for effective
data representation and enhances model performance. The kind of data and the particular
needs of the work at hand determine which extraction method is best [8].

6. ImpactofFeatureSelectionandFeature Extraction

Both feature extraction and feature selection are useful methods for improving learning
performance, especially when it comes to accuracy, model interpretability, computational
efficiency, and storage requirements. Because feature selection is more readable and
interpretable than the other option, it is often chosen. Maintaining unique characteristics
in the chosen subset is very beneficial in a variety of research fields, such as identifying
pertinent genes connected to certain illnesses in the medical sector [5]. The primary
importance of feature selection techniques is in their ability to speed up training for
machine learning techniques. These methods make the models less complicated and
make understanding easier. On the other hand, the feature extraction approach is crucial
for lowering processing resource requirements without losing crucial data. The amount of
duplicated data for analysis is decreased by this technique [26].

Accuracy

* By eliminating duplicate and noisy features, feature selection improves accuracy and

creates a cleaner dataset. « By producing more representative features that reflect intricate

connections within the data, feature extraction may further increase accuracy.

* To maximize performance, feature selection and extraction may sometimes be combined.

ComputationalEfficiency

* Because feature selection speeds up model convergence by using fewer features during

raining, it often lowers computing costs.* Feature extraction may increase efficiency
when reducing high-dimensional input spaces, but it can also be computationally

demanding, especially when using sophisticated approaches like deep learning.

Interpretability

* By keeping the original feature names and values, feature selection preserves interpretability, which
facilitates comprehension and justification of model choices. * Because modified features often don't
directly correlate with original properties, feature extraction drastically limits interpretability, which
makes explanation-based Al approaches more difficult.

7. ApplicationsforFeatureSelectionandExtractionin Machine Learning
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Below are some key applications of feature selection and extraction in

different fields[13], [34]:
7.1 Healthcare

In healthcare, feature selection and extraction are essential for developing

accurate and efficient predictive models. Some key applications include:

Disease Prediction: using genetic data to identify pertinent biomarkers for
the diagnosis of conditions including diabetes, cancer, and heart disease.
MedicallmageAnalysis:identifying cancers, fractures, and anomalies by

identifying key characteristics in X-ray, MRI, and CT scan pictures.

7.2 Electronic Health Records (EHRs): Reducingduplicate patient data while

preserving crucial elements for tailored treatment recommendations and

predictive analytics.

7.3 Finance

Thefinancesectorleveragesfeatureselectionandextractiontoenhancesecurityan

drisk assessment models. Applications include:

Fraud Detection: Finding unusual transactions via picking out important
transactional patterns that point to fraud.

Credit Risk Analysis: identifying key elements in financial histories to
evaluate a person's or company's creditworthiness.

Stock Market Prediction:choosing key market indicators that have an

effect on stock prices and making sure forecasting models are reliable.

7.4 NaturalLanguage Processing

InNaturalLanguageProcessing(NLP),featureselectionandextractioncontribute

significantly to text-based machine learning models[26]. Applications include:

48

TextClassification:determining which words, n-grams, or syntactic

structures are most relevant for classifying documents [18].

SentimentAnalysis:identifying the emotion of social media messages,
comments, and customer reviews by extracting sentiment-bearing words

and phrases
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7.5 ComputerVision
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Featureselectionandextractionarecriticalinprocessingvisualdataforvariouscom

puter vision applications:

ImageRecognition:choosing discriminative characteristics to distinguish
faces, objects, or patterns in pictures.
Object Detection: identifying things in photos and movies by extracting

important characteristics including edges, textures, and forms.

7.6 Facial Recognition: enhancing recognition accuracy by using feature

extraction methods like deep learning-based embeddings or Principal

Component Analysis (PCA).

7.7 Cybersecurity

In cybersecurity, feature selection and extraction enhance the performance of

security- related machine learning models. Key applications include:

Intrusion Detection: identifying anomalous activity and security concerns
by choosing the most relevant network traffic aspects [18], [35].
MalwareAnalysis:identifying and categorizing malware by extracting
characteristics from executable files and network traffic patterns.

User Authentication: enhancing access control and identity verification
via the use of behavioral and biometric feature extraction techniques.
Effective use of feature selection and extraction results in machine learning
models that are more accurate, compute more quickly, and are easier to
understand, all of which enhance decision-making and practical
applications.

ChallengesandFuture Directions

Despite their benefits, feature selection and extraction have a number of drawbacks
that restrict their use in certain fields. The Curse of Dimensionality, which occurs
when high-dimensional datasets increase computational complexity and the danger
of overfitting, is one of the main concerns that many researchers have explored. This
makes it challenging to find the most useful features [5, 17, 12, 18]. This problem is
exacerbated by noisy and irrelevant features, which, if improperly handled, may
mislead learning algorithms and impair model performance [35], [12]. Challenges
with scalability and computational complexity also arise since conventional methods
often fail when wused on real-time or large-scale datasets [5, 17].
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In order to handle large amounts of data efficiently, scalable algorithms are required.
Furthermore, whereas techniques like PCA and autoencoders might increase
accuracy, they often fall short in terms of interpretability and explainability [5].
Because skewed datasets may lead to biased feature prioritization, which limits
generalizability, data imbalance and bias can have an influence on the dependability
of feature selection [36]. Another challenge is domain dependency, when techniques
that work well in one area may not work well in another. Moreover, integration with
deep learning is still in its infancy. Automatic feature learning is usually the
foundation of deep learning models, which results in hybrid techniques that
specifically include feature selection. To tackle these obstacles, creative and
multifaceted research approaches are needed:

o « Feature selection performance may be streamlined and enhanced by hybrid and
automated techniques that include filter, wrapper, and embedding approaches,
particularly using AutoML [36], [37]. * Resilience and equity may be increased by
developing robust techniques for noisy and unbalanced data, such as robust feature
weighting and synthetic data creation. The development of dimensionality reduction
strategies that work with neural network designs may be aided by ongoing research
in feature selection for deep learning [36]. Improving generalization across a range
of applications may be achieved by enhancing cross-domain adaptability via transfer
learning and domain adaptation strategies.

8. Conclusion

A key component of machine learning, feature engineering is still essential for improving
the generalizability, accuracy, and efficiency of models. High-dimensional datasets
provide considerable difficulties, however, since they often include duplicated or
unnecessary characteristics that may confuse learning algorithms and impair
performance. In order to reduce dimensionality, mitigate overfitting, and enhance
interpretability, this study looked at both feature selection and feature extraction
strategies. The article briefly discusses both linear and non-linear feature extraction
techniques as well as a variety of feature selection strategies, including filter, wrapper,
embedded, and hybrid approaches. Issues like scalability, interpretability, and domain
adaptability still exist despite the advancements in this sector. It is anticipated that future
developments in explainability, automation, and integration with deep learning
architectures will spur innovation and improve the efficacy of machine learning models
in a variety of real-world applications.
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