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The rapid growth of high-dimensional data introduces redundancy and noise that 

hinder data mining and machine learning, a challenge commonly known as the curse 

of dimensionality. Dimensionality Reduction (DR) techniques, including feature 

selection and feature extraction, alleviate these issues by reducing computational 

complexity while maintaining informative structures and enhancing predictive 

accuracy. This review systematically examines classical DR methods such as Principal 

Component Analysis (PCA) and its variants, alongside recent advances in nonlinear 

and manifold learning approaches, including Isomap and Locally Linear Embedding 

(LLE). Emerging probabilistic, soft computing, automated pipeline, and semi-

supervised DR techniques are also discussed. Applications across bioinformatics, 

recommender systems, trajectory mining, and disease diagnosis are reviewed, with 

comparative analyses highlighting the strengths and limitations of each approach. 
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1. Introduction 

 

In the modern era of digitalization, rapid 

expansion of digital data varying from 

multiple fields, including bioinformatics and 

sensor data, to e‐commerce and social media, 

it is quite ordinary to encounter datasets with 

thousands or even tens of thousands of 

features per observation. Moreover, it brings a 

potential challenge of dealing with complex 

phenomena and high dimensionality, which 

further contribute to increased storage 

requirements, longer training times, 

overfitting, and difficulties in data 

visualization and interpretation.[1- 3] such as: 

1. Redundancy and Noise: A lot of features 

frequently repeat data or don't help us grasp 

the underlying patterns. 

2. Computational Overhead: Processing 

speeds and real-time applications may be 

hampered by the substantial computational 

resources needed for high-dimensional data. 

3. The Curse of Dimensionality: Traditional 

algorithms may perform badly as data 

becomes sparse as dimensionality rises. 

https://rjes.iq/index.php/rjes
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Dimensionality Reduction play a pivotal role 

in overcoming these challenges by reducing 

the number of features while preserving the 

significant information, which subsequently 

not only makes data analysis more efficient 

but also improves the accuracy of machine 

learning models [4]. On the other hand, 

conventional techniques such as PCA and 

Factor Analysis (FA) were applied to reduce 

dimensionality [5]. However, as machine 

learning has advanced, many DR techniques 

have been developed, such as probabilistic and 

soft computing techniques (e.g., copula-based 

approaches, sparse PCA, and genetic 

algorithms), nonlinear manifold learning 

techniques (e.g., Isomap, Locally Linear 

Embedding, Laplacian Eigen maps), and 

integrated automated pipelines that combine 

DR with feature engineering [4], [6] 

.Furthermore, dimensionality reduction offers 

a number of benefits, including the removal of 

redundant and unnecessary patterns from the 

dataset, which lowers the processing time and 

memory usage. Reducing the dataset will 

further improve data quality, increase 

algorithm efficiency and accuracy, and make 

pattern construction and analysis easier [7]. 

The main abbreviations used in this paper are 

illustrated in Table 1.  

 

 

 

Table 1:  Abbreviation List 

No. Abbreviations Definition 

1 DR Dimensionality Reduction 

2 FA Factor Analysis 

3 GA Genetic Algorithms 

4 HGAPSO Hybrid Genetic Algorithm and Particle Swarm Optimization 

5 KNN K-Nearest Neighbors  

6 LDA Linear Discriminant Analysis  

7 LLE Locally Linear Embedding 

8 MRMR Minimum Redundancy Maximum Relevance  

9 NMF Non-negative Matrix Factorization 

10 PCA Principal Component Analysis 

11 PCA Principal Components 

12 PSO Particle Swarm Optimization 

13 RFE Recursive Feature Elimination 

14 SFS Sequential Forward Selection 

15 SLR Systematic Literature Review 

16 SPCA Sparse PCA 

17 SPSA Simultaneous Perturbation Stochastic Approximation 

18 SSDR Semi-Supervised Dimensionality Reduction 

19 SVD Singular Value Decomposition 

20 t-SNE t-distributed Stochastic Neighbor Embedding 

21 UMAP Uniform Manifold Approximation and Projection 

This review consolidates findings from seminal 

and recent studies covering a broad range of 

dimensionality reduction techniques, including 

conventional methods such as PCA and Factor 

Analysis, as well as advanced nonlinear and 

hybrid approaches, including automated pipelines 

and semi-supervised methods. Specialized 

applications in domains such as healthcare and 

trajectory data mining are also examined. In 

addition, complementary surveys, including the 

foundational work of Guyon and Elisseeff on 

variable and feature selection, are discussed. [8] 

and the comparative review by van der Maaten et 

al. [9] 

https://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm
https://medium.com/@abhaysingh71711/linear-discriminant-analysis-lda-maximizing-class-separability-for-supervised-learning-f5f0a504c196
https://feature-engine.trainindata.com/en/1.8.x/user_guide/selection/MRMR.html
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2. Background 

2.1. High-Dimensional Data and the 

Curse of Dimensionality 

A large number of variables in a dataset 

characterized as high-dimensional data. Despite 

the frequent benefits of having more features, 

many features are either unnecessary or 

redundant. This redundancy further contributes in 

computational complexity and noise, which 

frequently results in learning algorithms 

performing worse or contributing in overfitting 

trend. The term "curse of dimensionality" 

describes a number of issues that come up while 

examining data in high-dimensional 

environments, such as important signals may be 

obscured by the correlation or duplication of 

many features. The learning process is made 

more difficult by irrelevant factors, which 

increase noise. The cost of computing and storage 

rises with the number of features. [1, 2] Examples 

of the curse of dimensionality include the absence 

of the data points, similarity in differing regions, 

and the space used in data increases rapidly. To 

address these issues, non-linear approaches like 

Isomap and Locally Linear Embedding [10], [11] 

have been developed which reveal the low-

dimensional form hidden in high-dimensional 

structures. 

2.2. Defining Dimensionality Reduction 

Dimensionality reduction includes transforming 

high-dimensional (X∈Rn×D) data into lower 

dimensional (Y∈Rn×d) with (d≪D) in order to 

preserve as much as pertinent information as 

feasible[8], [12]. Dimensionality Reduction 

methods are broadly divided into two categories: 

1. Feature Selection: Selecting a subset of 

the original features that are most 

pertinent to the prediction task is known 

as feature selection. Filter techniques 

(such as mutual information and 

correlation), wrapper techniques 

(including evolutionary algorithms and 

particle swarm optimization), and 

embedding techniques (like LASSO and 

ridge regression) are a few examples [13]. 

2. Feature Extraction: Feature Extraction 

involves, process of creating a new 

collection of features from the existing 

feature space, frequently by using 

nonlinear mappings or linear 

combinations. PCA and FA are examples 

of classical techniques; nonlinear 

techniques such as Isomap, Laplacian 

Eigen maps, locally linear embedding 

(LLE), and manifold learning are 

examples of contemporary techniques [1], 

[6]. 

Both the approaches have been studied frequently 

and analysis shows that both approaches bring its 

own advantages and trade-offs regarding 

computational complexity, interpretability and in 

term of accuracy. Furthermore, a number of 

hybrid techniques incorporate elements of feature 

extraction and selection, and current 

developments include automated Dimensionality 

Reduction combined with deep learning 

pipelines. The Role and Impact of Dimensionality 

Reduction in Modern Data Mining: 

An effective Dimensionality Reduction not just 

important for increasing data visualization 

interpretability, decreasing storage, computing 

expenses and improving predictive model 

performance but also it spans over variety of 

fields, application includes: 

1. Bioinformatics and Gene Expression 

Analysis: Reducing millions of gene 

characteristics to a crucial subset that 

subsequently increases the classification 

accuracy, which is a goal of 

bioinformatics and gene expression 

analysis [3], [8], [13] 

2. Image and Signal Processing: Using auto 

encoders, kernel PCA, and PCA to 

compress image data for medical imaging 

or facial identification [14]. 

3. Big Data Analytics: Applying DR to 

simplify large-scale datasets in fields like 

web data and sensor networks [15, 16] 

4. Recommender Systems: Singular Value 

Decomposition (SVD) and latent semantic 
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indexing are used in recommender 

systems to provide effective 

recommendations [17, 18]. 

5. Trajectory Data Mining: Using several 

learning approaches for traffic analysis 

and urban mobility is known as "trajectory 

datamining" [19, 20]. 

6. Chronic Disease Diagnosis: Combining 

feature selection and Dimensionality 

Reduction to enhance diagnostic models 

and eliminate duplicate clinical features is 

known as chronic disease diagnosis [13]. 

 

 Impact of Dimensionality Reduction on 

Data Mining [21] 

      Effective Dimensionality Reduction had 

significance advantages including: 

 Speed: Training and inference times 

signific-ally reduced by reducing size.  

 Accuracy: Dimensionality Reduction also 

enhance classifier and regression model 

performance by removing noise and 

duplication.  

 Visualization: Improved data visualization 

and comprehension are made possible by 

lower-dimensional representations. 

3. Machine Learning and Principal 

Component Analysis: 

3.1. Principal Component Analysis 

PCA, or principal component analysis, is one of 

the most popular Dimensionality Reduction 

methods. It converts a collection of potentially 

correlated variables into a collection of 

uncorrelated elements arranged according to the 

variation they are able to capture [14], [22]. In 

mathematics, PCA resolves the eigenvalue issue 

given a zero-mean data matrix X. 

∑      
(1) 

 

Where Σ= 
 

 
     [14] . The principal components 

(PCs) are given by si=Xꙍi and the cumulative 

explained by the first components is 𝑘 

∑    

 

 

            (2) 

 

PCA has been widely used for numerous domains 

including image recognition, financial 

forecasting, and intrusion detection [8], [14].  As 

with the consistent increase in data complexities 

scholars have defended that PCA by itself may 

not be sufficient for advanced levels of data 

intricacy because of the development of Kernel 

PCA, Sparse PCA, and Probabilistic PCA 

frameworks [23, 24] 

                                            

Table 2: Key Characteristics of PCA 

Characteristic Description 
Typical 

Applications 

Transformation 

Type 

High-

dimensional data 

with linear 

mapping 

 

Image 

recognition, 

gene expression 

Basic 

Determination 

Eigen-

decomposition 

for the matrix of 

covariance 

 

Financial 

forecasting, 

anomaly 

detection 

Variance 

Preservation 

Maximizes the 

overall variation 

in the smaller 

area. 

 

Intrusion 

detection, signal 

processing 

Applications 

Gene expression 

analysis, 

intrusion 

detection, and 

image processing 

 

Complex, non-

Gaussian 

datasets 

 

3.2. Principal Component Analysis (PCA) for 

Dimensionality Reduction 

Principal Component Analysis (PCA) is one of 

the most well-known methods for linear 

dimensionality reduction and has been widely 

proven and applied to diverse data collection 

techniques for redundancy reduction, efficient use 

of computing resources, and data visualization in 
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lower dimensions [25-27]. The initial features 

that are correlated are transformed into principal 

components (PCs), which are newer set of 

uncorrelated variables that are ranked in the order 

of the extracted variance from the dataset [28] 

Each subsequent principal component (PC2, PC3, 

etc.), which is orthogonal to the previous one, 

captures a lesser degree of variation compared to 

the first principal component (PC1) [29].  

Due to PCA’s efficacy in feature extraction as 

well as particularly in noise reduction, it has been 

used in diverse set of domains including text 

analytics, bioinformatics, and image processing 

[30] . As with any other data analysis approach, 

PCA has its own set of limitations. 

Standardization and normalization are necessary 

preprocessing techniques to guarantee equivalent 

contribution of every feature to the analysis 

especially when dimensions differ in magnitude 

[33]. An explained variance ratio, often displayed 

with a scree plot, is then used to determine the 

ideal value for the main components. 

Components with values below a threshold level 

of variance are removed  [34, 35]. 

The following Figure (1) represents the 

streamline flow of variance distribution among 

component’s along with pre-processing steps. It 

further shows how PCA simplifies a dataset while 

retaining the most salient features. Besides 

making the data easier to understand, these 

visuals also assist a machine learning pipeline in 

making insightful decisions. While particularly if 

we see Fig, it shows the left side of the image 

which illustrates the preprocessing pipeline that is 

done prior to PCA, such as normalization and 

scaling. The corresponding scree plot on the right 

displays the percentage of variance explained by 

each principal component (PC1, PC2, PC3...). 

The first five components reveal the astonishing 

capability of PCA to minimize dimensionality 

while keeping a huge amount of data variability, 

and thus, information intact. 

The Steps in PCA will be as: 

Step 1: Compute Covariance Matrix 

∑   
 

 
     ̂       ̂  (3) 

 

This measures how the variables vary together. 

Step 2: Eigen Decomposition 

∑           (4) 

 

Find the eigenvalues (λᵢ) and eigenvectors (vᵢ) of 

the covariance matrix. 

Step 3: Select Top k Principal Components 

Choose the k eigenvectors with the largest 

eigenvalues these represent the directions with 

the most variance. 

Step 4: Project Data onto Principal Components 

       (5) 

Transform the original data X into the new 

coordinate system defined by the top k principal 

components Wₖ. 

 

 
Fig.1. High-order Overview of the Principal Component Analysis (PCA) 
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3.3. Extensions of PCA and Techniques 

PCA has proven effective in many applications and 

several extensions has been proposed including; 

Kernel PCA which is useful for capturing nonlinear 

interactions because it uses a kernel function to 

project data into a higher-dimensional space before 

performing PCA [36, 37]. Subsequently, in order to 

generate more interpretable components, Sparse PCA 

(SPCA) incorporates sparsity limitations, which 

include the use of LASSO. A probabilistic approach 

that is more effective and resilient to outliers and 

missing data is offered by probabilistic PCA [36]. 

These variations enable PCA to be applied to a 

diverse variety of issues, guaranteeing that the most 

useful and important features are still recorded even 

in cases where the data are sparse or nonlinear. 

Table 3: Performance Comparison of Techniques 

Ref. Technique 
Accuracy 

(%) 

Execution 

Time (ms) 
Dataset Used Key Strengths 

[2] 

Non-negative 

Matrix 

Factorization 

(NMF) 

86 0.88 
Healthcare and 

bioinformatics datasets 

Handles non-negative data 

well. 

[36] PCA 92.7 0.77 Weather and soil datasets 
High accuracy, low 

execution time. 

[38] 

K-Nearest 

Neighbors 

(KNN) 

78.9 0.75 Agricultural datasets 
Simple to implement, good 

for small datasets. 

 

3.4. Critical Review of PCA-based 

Approaches 

Recent studies have shown that PCA performs 

best when data shows substantial 

nonlinearities, but it is computationally 

efficient and effective for linear data. To 

overcome these problems, hybrid strategies 

that combine PCA with feature selection or 

nonlinear mapping have been put forward[13], 

[36]. One of the recent examples includes 

applying an employ manifold learning 

algorithms to capture the underlying structure 

after initially using PCA to decrease noise 

[36]. These studies are an example of their 

effectiveness when combined with other 

techniques. Hybrid strategies have 

demonstrated encouraging outcomes, such as 

using PCA for early noise reduction and then 

manifold learning. This particular section 

emphasizes the necessity for techniques that 

can capture the intrinsic complexity of 

contemporary datasets while simultaneously 

being computationally efficient. 

3.5. Review for Principal Component 

Analysis Algorithm: 

As the foundational method of dimensionality 

reduction for many years, PCA offers a linear 

approach to identifying the most effective 

directions for projecting high-dimensional 

data. Many researchers have revisited PCA 

over time to examine its limitations, how it 

processes information, and its usefulness. 

Some studies in our review focus on PCA as 

one of the baseline techniques, while 

simultaneously proposing extensions and 

hybrid methods to address some of its inherent 

shortcomings. A comprehensive review [39] 

presents various DR techniques and highlights 

PCA's main strengths: its simplicity and speed. 

However, it also becomes clear that when 

dealing with complex, nonlinear data 

distributions, the assumption of linearity in 

PCA is its most significant flaw. Kumar and 

Abdulazeez [40] provide an in-depth review of 

PCA, including the mathematical derivation, 

eigen-decomposition, applications across 

different fields, and its limitations. Their 
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findings suggest that while PCA effectively 

increases variance with low computational 

cost, it performs poorly in the presence of 

noise or outliers, or when the data structure is 

nonlinear. Despite its simplicity and 

effectiveness, PCA remains a widely used 

method, although recent research points out 

several notable drawbacks. Additionally, 

methods such as Laplacian Eigenmaps [41] 

and Diffusion Maps [42] build upon the idea 

of preserving local structures, which PCA 

often overlooks. While Han Liao et al. [43] 

demonstrate that sophisticated techniques are 

necessary for complex applications like 

intrusion detection in IoT, Velliangiri et al. 

[44] note that PCA's effectiveness on nonlinear 

datasets is limited by its linear assumptions. 

Moreover, K. Thangavel and A. Pethalakshmi 

[45] review rough set theory approaches, 

which, when combined with PCA, better 

handle redundancy and nonlinear patterns, and 

Hanan E. Abdelkader et al. [45, 46] show how 

integrating soft computing techniques can 

enhance PCA performance in noisy 

environments. Collectively, these findings 

underscore the importance of hybrid 

approaches that extend PCA's potential. 

To evaluate more advanced techniques, some 

studies have used PCA as a baseline. As a 

case, Houari et al.[47] applied a copula-based 

DR technique and included PCA as a 

benchmark, noting that while PCA is relatively 

good in terms of conserving overall variance, 

it does not necessarily preserve the 

geometrical structure of the data. Similarly, 

Radhika and Masood [36] investigated soft 

computing methods for DR and set the value 

of non-linear processing stages with PCA as a 

baseline. Finally, the comparative assessment 

by van der Maaten et al.[9] offers a more 

elaborate account and justification of why, 

after all, PCA has shortcomings, and assesses 

its value in comparison to non-linear 

techniques. The rest of the literature suggest 

that there is no question that PCA is still a 

requirement for most of the cases because it is 

efficient and simple to use. At the same time, 

more complex contemporary applications have 

led to the creation of newer forms of PCA 

such as Kernel, Sparse, and probabilistic PCA. 

Further investigation must be made into the 

development of hybrid models that merge 

PCA with nonlinear approaches, thus blending 

PCA’s effectiveness with techniques capable 

of more accurately representing complex data 

forms. These results provide a glimpse of 

PCA’s relevance, strengths, and shortcomings 

as reviewed from several literature, which is 

consolidated in table below. 

 

Table 4: Review of Principal Component Analysis (PCA) Algorithm 

Ref. 
Objective/Problem 

Statement 

Key Findings on 

PCA 

Advantages of 

PCA 

Limitations of 

PCA 
Applications 

 [1] 

To review PCA and 

other DR techniques 

for feature selection 

and extraction. 

PCA is effective for 

reducing dimensions 

while preserving 

variance in high-

dimensional data. 

Captures maximum 

variance, reduces 

redundancy, and 

improves 

computational 

efficiency. 

Struggles with 

non-linear data; 

may lose 

interpretability of 

transformed 

features. 

General-purpose 

dimensionality 

reduction for 

feature selection 

and extraction. 

 [2] 

To review feature 

extraction and selection 

methods for high-

dimensional data 

analysis. 

PCA is effective for 

linear datasets, 

capturing maximum 

variance with 

minimal information 

loss. 

Reduces noise, is 

computationally 

efficient, and 

captures maximum 

variance. 

Assumes linearity; 

may lose non-

linear 

relationships. 

Healthcare, 

bioinformatics, 

and gene 

expression 

datasets. 

 [9] Comparative review of PCA remains a Captures maximum PCA’s simplicity Agricultural 
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linear and nonlinear 

DR methods 

valuable tool for its 

computational 

simplicity, despite 

nonlinear methods 

often outperforming 

it in complex 

scenarios 

variance, reduces 

redundancy, and 

improves 

computational 

efficiency. 

comes at the cost 

of not capturing 

nonlinear 

structures 

datasets for crop 

yield prediction. 

 [36] 

To propose PCA and a 

decision tree for crop 

yield prediction using 

dimensionality 

reduction. 

PCA achieved 92.7% 

accuracy in reducing 

dimensions for crop 

yield prediction. 

High accuracy, low 

execution time, and 

effective for 

dynamic datasets. 

Limited to linear 

datasets; may not 

handle non-linear 

relationships 

effectively. 

Agricultural 

datasets for crop 

yield prediction. 

 [38] 

To survey 

dimensionality 

reduction schemes for 

high-dimensional 

datasets in data mining. 

PCA is widely used 

for linear 

dimensionality 

reduction and is 

effective for 

preprocessing. 

Low computational 

cost, reduces noise, 

and simplifies data 

visualization. 

Sensitive to 

scaling; may not 

capture non-linear 

structures. 

Bioinformatics, 

agricultural 

datasets, and 

protein 

expression data. 

 

3.6. Integration of Dimensionality 

Reduction Techniques in Machine 

Learning Pipeline Architecture 

Creating diverse data processing pipelines 

which effectively handle large, diverse datasets 

has been facilitated by recent developments in 

big data analytics and machine learning [48].  

Data collection, feature selection, 

dimensionality reduction, feature extraction, and 

simulation-based decision-making are all steps 

in a typical machine learning pipeline.  Starting 

with data collection from big data and data 

warehouse systems, the architecture shown in 

[14], [49] exhibits a complete flow. This is 

followed by feature selection based on domain-

specific factors, including area, subject of 

matter, product category, and status. To 

eliminate data duplication and to optimize 

computational resources usage efficiency, 

dimensionality reduction, which is frequently 

accomplished by Principal Component 

Analysis, or PCA is important [50]. Feature 

selection can be performed interactively or 

automatically where factors internal to the 

systems like the area, subject matter, product 

category, and status are used. In the process of 

feature extraction, K-nearest neighbors, Support 

vector machines, and Factor analysis are useful 

but not as greatly as the heuristics of order of 

magnitude. These steps are crucial in achieving 

robust regression model with dummy variables 

as they deal with the outlier problem and 

missing variable problem [51, 52]. These 

methods guarantee the adequate data quality, 

then predictive and descriptive models can be 

developed and put into operation to uncover 

meaningful patterns and construct forecasting 

models and play an important role in resolving 

issues with outliers and missing variables, 

which can have a big impact on model 

performance  [53- 55]. Descriptive and 

predictive analytics assure data quality and play 

a significant role in gaining insight in the model 

as well as building forecasting models. 

Predictive modeling makes use of correlation 

analysis and linear regression in order to 

determine causality and patterns in the dataset  

[56, 57]. This pipeline also includes the 

assessment of squared error, accuracy, 

likelihood, and cost/utility analysis as metrics 

within training set preparation and optimization 

of the fitness function [58]. Furthermore, the 

design focuses on the integration of novel 

approaches such as neural networks, gradient 

descent optimization, and techniques using 

simulation-based modeling including discrete 

event simulation, agent-based models, and 

symbolic artificial intelligence [59, 60]. As this 

structured approach provide an insight view of 

the machine learning lifecycle from pre-

processing to model deployment [61, 62] 
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Fig. 2 adapted from [63] amplifies the standard 

structure of a machine learning pipeline, paying 

close attention to the role of dimensionality 

reduction methods. Dimensionality reduction 

techniques are most suitable for data 

preprocessing and to reduce feature space with 

concern to important patterns. This step also 

helps to enhance model performance, reduce 

computing cost, and improve learning 

efficiency. The integration of DR enables the 

performance of sophisticated data mining and 

knowledge discovery from high dimensional 

datasets. 

 
Fig.2.  Integration of Dimensionality Reduction Techniques in a Machine Learning Pipeline 
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4. Feature Selection Methods and Techniques: 

The ultimate goal of feature selection is to extract a 

subset of the most valuable information or features 

from the original dataset [64]. This process has 

significantly improved and improved prediction 

accuracy while also lowering computational costs. 

Also fig. 3 illustrate the abstract flow of selecting 

features; 

 
                                                 Fig.3.  Process of Feature Selection 

Flow Containing Feature Selection Technique is 

illustrated in Fig. 4, which is adapted from [65, 

66]: 

 

 
Fig.4.  Feature Selection Techniques [65] 
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4.1.   Filter methods 

Independent of any classifier, filter methods 

assess each feature according to statistical 

standards (such as correlation, mutual 

information, and chi-squared tests). Measuring 

linear relationships between characteristics and 

goal variables is done via correlation 

coefficients. Mutual Information evaluate how 

dependent one variable is on another. 

Assessing the importance of features for 

classification tasks using chi-squared tests. For 

example, variable ranking and selection based 

on correlation and information theory are 

covered in Guyon and Elisseeff's 

groundbreaking work [8]. Although these 

techniques are quick and scalable, feature 

interactions could be overlooked [67, 68]. 

4.2. Wrapper Methods 

Wrapper approaches measure classifier 

performance (e.g., accuracy, ROC area) by 

incorporating a particular learning algorithm to 

assess feature subsets. Numerous research has 

used methods including Particle Swarm 

Optimization (PSO), genetic algorithms, and 

Sequential Forward Selection (SFS) [2]. In 

SFS, add features iteratively to boost 

efficiency, while Genetic Algorithms (GA), 

use evolutionary techniques to investigate 

feature subset space and PSO further, 

Optimize feature selection through a swarm-

based methodology. Wrappers typically offer 

superior prediction accuracy despite being 

computationally more costly [69, 70] 

4.3. Embedded Methods 

Embedded approaches incorporate Feature 

selection directly into the model training 

procedure. Common examples of 

regularization techniques are ridge regression 

(L2 penalty) and LASSO (L1 penalty). 

LASSO Regression penalizes less significant 

features using L1 regularization. On the other 

hand, L2 regularization is used in edge 

regression to lessen the influence of 

unimportant factors. These techniques 

nevertheless take feature interactions into 

account and are typically more effective than 

wrappers [71]. 

 

Table 5:  Comparison of Feature Selection Approaches 

Approach 
Classifier 

Dependency 
Computational Cost Strengths Weaknesses 

Filter Methods Independent Low 
Fast, scalable; good 

for baseline ranking 

Might disregard 

feature interactions 

 

Wrapper Methods Dependent High 

Tailored to specific 

models; high 

accuracy 

Computationally 

expensive 

Embedded Methods Dependent Moderate 

Integrates selection 

in training; balances 

cost 

May be model-

specific 
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Table 6:  Applications of Feature Selection Techniques 

Technique Applications Key Findings Advantages Limitations 

MRMR [71] 

High-dimensional 

datasets, redundant 

features. 

Balances 

relevance and 

redundancy 

effectively. 

Effective for 

high-dimensional 

data; improves 

classification 

accuracy. 

Computationally 

expensive for large 

datasets. 

ReliefF [72] 
Multi-class datasets, 

noisy data. 

Handles multi-

class data; 

robust to noise. 

Simple to 

implement; 

effective for noisy 

data. 

Sensitive to feature 

scaling; may miss 

redundant features. 

Recursive Feature Elimination 

(RFE) [73] 

Supervised learning, 

feature selection. 

Recursively 

removes less 

important 

features. 

Effective for 

feature selection; 

improves model 

performance. 

Computationally 

intensive; requires a 

classifier. 

Hybrid Genetic Algorithm and 

Particle Swarm Optimization 

(HGAPSO) [74] 

High-dimensional 

datasets, complex 

feature interactions. 

Combines GA 

and PSO for 

optimal feature 

selection. 

Effective for 

complex feature 

interactions; 

improves model 

accuracy. 

High computational 

cost; complex 

implementation. 

Simultaneous Perturbation 

Stochastic Approximation 

(SPSA) [75] 

High-dimensional 

datasets, noisy 

features. 

Efficient for 

high-

dimensional 

data; robust to 

noise. 

Effective for 

noisy data; 

improves model 

performance. 

Sensitive to 

parameter tuning; 

may converge to 

local optima. 
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4.4. Comparative Overview of Feature Selection 

Methods 

This section provides a comparative analysis of 

feature selections method, these methods include 

ranking multiple features based on their importance 

evaluated through chi-square tests, mutual 

information, and correlation coefficients, as 

illustrated in Fig.5 Adapted from [35] 

 
Fig.5.  Evaluation Approaches [35] 

 Fig.6, adapted from [35] offers a 

comprehensive overview of the trade-off 

between the computational cost and the 

effectiveness of the prediction by grouping 

methods into supervised and unsupervised 

classes. Approaches that rely on labeled data 

are referred to as supervised while those that 

do not are termed unsupervised, emphasizing 

the trade-offs between computational 

efficiency and predictive performance.  

 
                                            Fig.6.  Supervised vs. Unsupervised Methods [35] 

The techniques applied to retrieve the most 

appropriate feature subsets are illustrated in  

Fig. 7 Adapted from [35]. These subsets are 

created using exhaustive, heuristic, and 

metaheuristic approaches. 
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Fig.7. Search Strategies [35] 

5. Feature Extraction Techniques 

Feature Extractions convert original high-

dimensional features into a new collection of 

variables, also known as latent features, 

which ideally capture the fundamental 

structure of the data [1] . Below Fig. 8 

provides an overview of the classification of 

feature extraction techniques. 

 

Fig.8. Overview of Feature Extraction Techniques [76] 

5.1.   Linear Methods 

The most common linear technique is PCA. 

Another technique that makes the assumption 

that underlying latent components account for 

the observed correlations between variables is 

factor analysis (FA). When the objective is to 

reveal hidden structures in data, like in gene 

expression analysis or psychological testing, 

FA is especially helpful [8]. 

The latest approaches are particularly based on 

extraction by conventional and neural 

networks, which termed as autoencoders and 

hybrids. Always wonderful and very quiet 

with figures from Kingma and Welling [77] 
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and Vincent et al. [78] particularly 

demonstrate how autoencoder designs 

transform the representation of data, inputted 

in high dimensions, into lower dimensional 

depiction. 

5.2. Nonlinear Methods 

Non-Linear Feature Extraction Method play a 

vital role for datasets that don’t follow a linear 

connection. Among the widely used methods 

are: Isomap, which preserves geodesic 

distances along a manifold to capture the 

intrinsic geometry of data. Locally Linear 

Embedding (LLE), This method produces a 

low-dimensional representation by preserving 

local neighborhood relationships. Laplacian 

Eigenmaps and Diffusion Maps, Emphasis on 

using graph-based representations to preserve 

local geometry [79]. Neural networks that 

learn compressed representations without 

supervision are known as autoencoders. 

 

5.3. Soft Computing and Hybrid Methods 

Soft computing methods (such as PSO and 

evolutionary algorithms) have been used in 

recent developments for Dimensionality 

Reduction. In order to provide "low loss" 

representations with the least amount of 

computing time, these techniques frequently 

integrate feature extraction and feature 

selection inside an optimization framework 

[36]. According to Houari et al. [47] copula-

based techniques use LU-decomposition to 

eliminate duplicate features and model 

dependencies probabilistically. Copula-Based 

Methods, often used in conjunction with LU-

decomposition, these methods use 

probabilistic models to capture multivariate 

dependencies and remove superfluous 

features.  

Table7:  Summary of Feature Extraction Methods 

Method Type Key Idea Suitable for References 

PCA 
Linear projection maximizing 

variance 
Linear data [8], [14] 

Factor Analysis Modeling latent factors Psychological, bio data [8] 

Isomap Preserving geodesic distances Manifold-structured data [2] 

Autoencoders Neural network-based encoding Complex nonlinear data [36] 

Copula-based 

Methods 
Modeling multivariate dependencies 

High-dimensional, redundant 

data 
[47] 

 
Table 8:  Applications of Feature Extraction Techniques 

Technique Applications Key Findings Advantages Limitations 

PCA Healthcare, Reduces dimensions Computationally Assumes linearity; may 
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bioinformatics, 

agriculture, gene 

expression datasets. 

while preserving 

variance; effective for 

linear datasets. 

efficient; captures 

maximum variance. 

lose non-linear 

relationships. 

Linear Discriminant 

Analysis (LDA) 

Classification tasks, 

supervised learning, 

and face recognition. 

Maximizes class 

separability; good for 

labelled datasets. 

Effective for supervised 

learning; improves 

classification accuracy. 

Requires labeled data; 

sensitive to outliers. 

NMF Image processing, text 

mining, pattern 

recognition. 

Handles non-negative 

data; useful for image 

and text data. 

Preserves non-negativity; 

good for interpretability. 

Sensitive to initialization; 

computationally expensive. 

Isomap Gene expression, 

protein data, non-linear 

manifolds. 

Preserves geodesic 

distances; good for non-

linear datasets. 

Captures non-linear 

structures; effective for 

complex datasets. 

Computationally intensive; 

sensitive to noise. 

LLE Non-linear datasets, 

local structure 

preservation. 

Preserves local 

relationships; good for 

non-linear data. 

Captures local structures; 

effective for small 

datasets. 

Struggles with sparse data; 

computationally expensive. 

t-distributed 

Stochastic 

Neighbor 

Embedding (t-SNE) 

Visualization of high-

dimensional data, 

clustering. 

Excellent for 

visualization; preserves 

local structures. 

Effective for data 

visualization; good for 

clustering. 

Computationally 

expensive; not suitable for 

high-dimensional data 

reduction. 

 

6. Different Techniques of Dimensionality 

Reduction 

Several Dimensionality Reduction approaches 

discussed in the literature are integrated in this 

part and contrasted according to their 

application fields, computing efficiency, and 

underlying methodology. Moreover, for 

instance, t-SNE [34] and Uniform Manifold 

Approximation and Projection (UMAP) [80] 

serve an important role in data visualization as 

they provide more appealing visuals, 

particularly in two-dimensional projections of 

multidimensional data. This is especially 

important in areas of bioinformatics and urban 

traffic analysis. 

6.1.   Linear Dimensionality Reduction 

Techniques 

In the linear method Data are assumed to lie 

on or close to a linear subspace by linear 

algorithms, PCA and FA are the most widely 

used methods. Although they might not be 

able to capture complex nonlinear interactions, 

they are extensively utilized due to their 

simplicity and ease of comprehension [81]. 

6.2. Nonlinear Dimensionality Reduction 

Techniques 

Nonlinear DR techniques include a variety of 

learning strategies that can reveal intricate 

patterns in data, such as diffusion maps, 

Laplacian Eigen maps, LLE, and Isomap. 

Isomap preserves geodesic distances along a 

manifold to capture the intrinsic geometry of 

data. LLE, this method produces a low-

dimensional representation by preserving local 

neighbourhood relationships. Laplacian Eigen 

maps and Diffusion Maps, Emphasis on using 

graph-based representations to preserve local 

geometry. Although these methods' 

computational complexity and sensitivity to 

sample density continue to be issues, they have 

demonstrated greater performance on synthetic 

datasets with nonlinear patterns [82]. 

6.3. Hybrid and Automated Methods 

Dimensionality Reduction has recently been 

included into frameworks for soft computing 

and automated data processing. For instance, 

in order to automatically optimize feature 

engineering, Auto-ML pipelines now include 
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DR as a preprocessing step [83]. In order to 

balance prediction accuracy and computational 

cost, hybrid approaches that combine wrapper 

and filter techniques have also been developed 

[2]. 

6.4. Domain-Specific Applications 

Dimensionality Reduction methods have been 

widely used for various domains, such as Big 

Data Analytics. Large datasets are 

preprocessed using methods like PCA and 

LDA to ensure effective classification [84]. 

Recommender Systems, to provide real-time 

suggestions, Singular Value Decomposition 

(SVD) and latent semantic indexing minimize 

user-item matrices [17]. Trajectory Data 

Mining, Urban traffic study uses manifold 

learning to capture spatiotemporal patterns 

[19]. Diagnosis of Chronic Disease, 

Dimensionality Reduction and feature 

selection improve the predictive capabilities of 

diagnostic models in the medical field [13]. 

Semi-Supervised Learning, for robust 

Dimensionality Reduction, SSDR methods 

integrate paired constraints with both labeled 

and unlabeled data. 

Table 9:  Comparative Overview of DR Techniques by Application 

Application Domain Common Techniques Key Benefits References 

Big Data Analytics PCA, LDA, SVD 
Reduced training time, 

noise reduction 
[15], [85] 

Recommender Systems 
SVD, Latent Semantic 

Indexing 

Improved scalability, 

faster response 
[17] , [33] 

Trajectory Data Mining 
Isomap, LLE, Laplacian 

Eigenmaps 

Preserves spatio-temporal 

structure 
[19] 

Chronic Disease Diagnosis Wrapper feature selection, DR 
Enhanced diagnostic 

accuracy 
[13] 

Semi-Supervised DR 

Semi-Supervised 

Dimensionality Reduction 

(SSDR) 

Utilizes unlabeled data 

and constraints 
[86] 

7. Methodology 

We systematically examined the results from 

multiple benchmark and recent studies on 

dimensionality reduction and put together a 

report. The current study conducts a systematic 

literature review (SLR) to analyze the current 

state of the art on dimensionality reduction 

techniques within data mining while ensuring 

accuracy and repeatability  [87, 88].A 

combination of appropriate keywords 

“dimensionality reduction”, “feature 

extraction”, “feature selection”, “high-

dimensional data”, “data mining”, and “PCA” 

were utilized to conduct a search on multiple 

digital libraries such as Google Scholar, 

Elsevier, IEEE Xplore, ACM, ScienceDirect, 

and SpringerLink [89] . Our strategy began 

from reformulating the primary study issue, 

and that is to understand the evolution and 

benefits as well as the shortcomings and 

applications of various dimensionality 

reduction techniques in contemporary data 

mining and machine learning. As a matter of 

preventing selection bias, the PRISMA method 

was used at the identification, screening, 

eligibility, and inclusion stages of the 

systematic review process  [90, 91]. The 

literature was then analyzed in depth on the 

basis of their techniques, algorithmic 

approaches, data sources, dimensionality, 

assessment metrics and fusion with machine 

learning pipelines [92] and [93]. The review 

not only captures the state of the art but goes 

further in illustrating the intertwining of 
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methods and the comparative analysis within 

the emerging challenges in the area of deep 

dimensionality reduction, making it a useful 

reference for researchers and practitioners [94]. 

We utilized specific keywords such as "PCA," 

"feature selection," "manifold learning," and 

"automated dimensionality reduction" and 

conducted searches across multiple academic 

databases to identify relevant articles. After the 

relevant literature was sourced, it was divided 

into three major categories: non-linear methods 

such as Isomap, Locally Linear Embedded, and 

Laplacian Eigen maps, hybrid or automated 

methods that substitute advanced proprietary 

software, and classical linear methods, which 

include Principal components analysis and 

Factor Analysis. Each bucket was assigned a 

set of key metrics, such as variance retention, 

speed, and applicability of other fields, and 

comparison matrices were created to 

demonstrate the similarities and differences of 

the methods used. Where applicable, we 

conducted a complete synthesis of quantitative 

aspects with qualitative analysis. We studied 

the balance of accuracy and computing cost, 

checked claimed performance metrics, and 

discovered issues like sensitivity to noise and 

linear assumption constraints. These findings 

helped us in forming the aggregate evaluation 

and provided a clear explanation of how and 

what the evolution of multi-dimensional 

scaling describable strategies has encountered. 

The need to deliver a comprehensive yet 

concise account justified our methodological 

choices. Because the synthesis is based on our 

self-contained review, we intentionally 

translated the methodology section with the 

least number of direct citations. This approach 

has enabled us to identify shortcomings in the 

prior research and analyze the so-called 

advanced methods comprehensively and 

critically. Our examination suggests that 

subsequent studies ought to focus on the 

development of truly non-linear approaches 

that are both scalable and efficient for complex, 

high-dimensional data. In addition, applying 

these approaches to automated processes could 

enhance their value further. For seeing 

approaches to research suggests that with 

modern integrated techniques, diaphragm 

leveling can be approached both theoretically 

and practically with greater emphasis on 

performance and strategy.  

8. Conclusion and Future Scope 

Dimensionality reduction has become a 

fundamental approach for managing high-

dimensional data in data mining and machine 

learning. Evidence from the reviewed literature 

indicates that both classical and modern 

techniques linear, nonlinear, hybrid, and semi-

supervised play a critical role in improving 

computational efficiency and predictive 

performance. Linear methods such as PCA and 

Factor Analysis remain attractive due to their 

simplicity and scalability, whereas nonlinear 

manifold-based techniques are more effective 

in capturing complex data structures. Feature 

selection enables rapid dimensionality 

reduction by removing redundant attributes, 

while feature extraction uncovers latent 

representations. Recent studies emphasize 

automated and scalable DR frameworks 

integrating machine learning. Future research 

should focus on interpretable and scalable 

nonlinear methods, as well as hybrid 

frameworks that combine feature selection, 

advanced extraction, and deep or soft 

computing models to address real-world 

applications. 
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