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Abstract

The redundancy in the dataset usually effects the performance of the model in the sence of accuracy,
computational time, cost of storage and rilaiability of the data analysis. A cleaned and noise free data
can help achieving satisfactory performance of the model. The one-vs-rest approach serves as the
fitness function for Particle Swarm Optimisation (PSO) to resolve the classification problem. The
global optimization in machine learning reduces or removes irrelevant redundant data to provide
accuracy. A good method of feature selection includes investigation, sample classification to avoid
incomprehensibility. In this paper swarm optimization is used to implement feature selection. The
support vector machines and one verses rest method prove to be the fitness function of PSO
classification problem. Moreover, In applications such as data mining, machine learning, medical data
processing, and pattern classification, feature selection is vital. Furthermore, our test results show that
PSO-based feature selection improves machine learning model performance on medical datasets
accuracy of 98.13%, thereby enabling successful and accurate diagnosis and forecast

Keywords: Machine learning (ML)Particle swarm optimization (PSO), Random Forest(RF), Support
vector machines (SVM)

INTRODUCTION

Cancer kills over 10 million individuals each year. Cancer's arising significance as the main cause of
death mirrors a sharp decline in the incidences of strokes and coronary cardiac disease in many nations.
Cancer is often categorized into two types: malignant and benign. Benign cells cannot spread quickly
in the human body; hence they are classified as noncancerous. Malignant stage is treated as cancer-
causing because cancer cells multiply, damaging neighboring organs and spread cancer through the
body.Early identification and treatment of cancer are critical to achieving a cure and increasing life.
Nowadays, improvements in machine learning and deep learning models are becoming more important
and helpful in identifying cancer. This review investigates several current research articles over the last
5 years on the uses of machine learning ,image processing and deep learning (DL) addresses in
automated identification and classification of many malignancies using different types of images. A
critical stage in reducing the dimensionality of dataset, feature selection improve the competence,
interpretability and simplification. Dataset is the most informative properties in machine learning and
data analysis.

A subset of feature is selected that effectively represents the inherent structure that and associate in the
data while eliminating unwanted or simulate data. Parameter nomination can optimize the machine
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learning model efficiency, interpretability, and clarity by minimizing dataset dimensionality.
Nominating parameter is critical step in machine learning since it can markedly optimize the reliability
of grouping algorithm by decreasing dimensionality. Additionally, many practical function the data set
are elevate dimensiontional leading parameter nomination complicated.The expletive of
dimensionality can top to overfitting, unfortunate performance, and enlarged computing difficulty.
Consequently, categorizing an optimal selection of acceptable characteristics is critical for improving
classification accuracy and lowering computing costs. Methods for feature selection optimize the
accuracy, interpretability, and efficiency of machine learning models by selecting the data's most
relevant subset of features. Feature selection techniques may be classified in various different ways.
The most prevalent classification is among filters, wrappers, embedding, and hybrid approaches.

Filter Methods

Filter approaches choose features based on performance criteria, regardless of data modelling
procedure. Only after identifying the best traits, Modelling algorithms can make use of them. Filter
approaches can score single characteristics or assess whole feature subsets. The first step in filter
feature selection is to create an evaluation tool that will be utilized to evaluate the significance of each
feature. The four most frequently used assessment metrics in filter approaches are variance, mutual
information, chi-squared test and correlation coefficient.

Next, using the given evaluation metric, compute the relevance score of each feature. The
characteristic is more relevant to the target variable if the relevance score is higher. After calculating
the relevance score for each feature, rank the features in descending order of relevance score. This
ranking serves as a foundation for picking the most relevant elements for study. Finally, depending on
the rank order, choose the best attributes and use them for additional analysis. The number of
characteristics to choose from is determined by the complexity of the analysis and the model’s
performance. Each of these strategies takes benefits and drawbacks, and the method used is determined
by the type of data and the situation at hand. Although filter techniques are effective and simple to use,
they may not always capture the interactions between characteristics and the target variable. As a result,
they may overlook essential qualities that are only meaningful when combined with others.

Wrapper Methods

Wrappers act as a black box, evaluating subsets of features based on how effectively a modelling
technique performs. So, for classification jobs, a The wrapper evaluates subsets depending on classifier
performance (such as Naive Bayes or SVM). When clustering, a wrapper evaluates subsets based on
how well an individual method for clustering works (K-means, for example).

Embedded Method

Embedded approaches differ from Filter and Wrapper methods because It is difficult to separate the
procedures for feature selection and learning.

Embedded methods Reduce time by doing feature selection throughout the learning process, removing
the requirement for two-step induction, as shown in the wrapper technique [3]. Embedded approaches
beat wrappers in terms of making better use of accessible data without the need for distinct sets both
validation and training. Furthermore, they can find a solution faster because every examined piece of
data doesn't need a predictor to be updated from scratch.

To solve optimization problems we use Particle Swarm Optimization (PSO) algorithm that also
inspired by the feature selection and social behavior. In PSO, a swarm of particles moves through a
exploration space to find the optimum solution. Every particle updates its position based on its own
experience as well as the observations of its neighbors, representing a possible solution. PSO is a
powerful tool for feature selection, as it can efficiently search for the optimal subset of features in a
high-dimensional space
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Literature Review

A novel approach to heart disease prediction has been developed by combining Naive Bayes and PSO.
Prior to applying the Naive Bayes method, important characteristics were selected using PSO.
Researchers found that the classification accuracy was higher than when Naive Bayes was used alone

[1]. The verified results show that PSO reduces feature space without compromising prediction
accuracy. The Flower Pollination approach is used to optimize isomap features, which are then
classified using the Real Adaboost classifier [2]. PA-KNN represents optimizations for K-NN using
PSO and ACO techniques. A comparison between multiple techniques for data mining on the heart
disease dataset. Determining an effective based on performance method for heart disease prediction[3].
This method provides a novel approach called CMTMSOM, that makes use of conic quadratic
programming, an effective instrument for convex and continuous optimization. Focusing on the mean-
shift outlier regression model, this approach has been invented by integrating the resilience of M-
estimation with the stability of Tikhonov regularization [4]. Artificial neural networks trained with
stochastic gradient descent worked more effectively than the other methods, reaching a 95% accuracy
in classification and a 14.69 average deviation reduction.

[5]. The portion of a feed forward neural network (FNN) that will improve its capacity for
generalization and rate of convergence (learning speed); to identify new fields of inquiry that will help
scientists create new [6]. In the ML method, normalization techniques like sigmoid normalization
improve the accuracy of trained neural networks[7].The illness was previously predicted using the
Ridge-Adaline Stochastic Gradient Descent Classifier (RASGD). The categorization model is
regularised utilizing weight decay methods, namely least absolute shrinkage, selection operator, and
ridge regression. To minimise the cost function of the classifier[8]. To diagnose cardiac illness, four
machine learning models are used, including random forest (RF), decision tree (DT), AdaBoost (AB),
and K-nearest neighbour (KNN)[10]. A generalised method was developed to assess the strength of
the key parameters that influence heart disease prediction.notably RF and KNN, demonstrate good
accuracy, in internet-based cloud hosting platform.[9][11]. The algorithm known as PSO evaluates
feature subsets based on SVM classification accuracy in this code's wrapper-based feature selection
method by maximising the fitness function, the PSO particles look for the optimal subset of features.
Comparing to filter or embedding techniques, this study's wrapper-based PSO approach provides
accurate and model-specific selection by evaluating feature subsets based on SVM performance.
Despite being computationally demanding, it guarantees improved feature relevance and classification
accuracy, which is consistent with the goal of the study.[16].

=

PROBLEM STATEMENT AND ITS PROPOSED SOLUTION

A. Problem Description

This method intentions to determine the influence of Particle Swarm Optimization (PSO) in feature
assortment for cataloguing models (SVM and RF). The assessment will expose if PSO improves
classification correctness or not. The emphasis is on assessing the efficiency of PSO as a feature
assortment technique by associating performance metrics (like accuracy) among models that use it
and those that don’t.

B. Solution Framework

This context suggests a step-by-step explanation for associating two methods to attribute selection and
cataloguing by Particle Swarm Optimization (PSO). The attention is on investigating the effect of PSO
on cataloguing accuracy using Support Vector Machine (SVM) and Random Forest (RF) classifiers.

II. Methodologies and Techniques
To illustrate the various features of the proposed feature selection technique, two separate scenarios
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have been explored. First scenario Feature selection is performed out with PSO, and after which the
feature chosen are subjected to the Support Vector Machine (SVM) & Random Forest (RF) algorithms.
Subsequently the models' accuracy will be assessed Second scenario, PSO is not applied throughout
Feature selector similar applications are utilized to estimate the accuracy of the RF and SVM models.
The proposed model compares FS performance with and without PSO to show how PSO impacts
model accuracy.

Table 1:Sample dataset used for experimentation

gene_0 gene_1 gene 2 gene_3 gene_4 gene_ 5 gene 6 gene_7 gene_8 gene_9 .. gene_16373 gene_16374 gene_16375 gene_16376 .
0 0.0 2017209 3.265527 5.478487 10.431999 0 7.175175 0.591871 0.0 D0 8.750533 7.421257 4.692126 1.334282
1 0.0 0592732 1.588421 7.586157 9.623011 0 6.816049 0.000000 0.0 0.0 .. 6.638879 7.991732 5.709045 0.811142
2 0.0 3.511759 4.327199 6.881787 9.870730 0 6.972130 0.452595 0.0 0.0 .. 8.205754  10.375778 1.839758 0.000000
3 0.0 3.663618 4.507649 6.659068 10.196184 0 7.843375 0.434882 0.0 00 ... 8.093185 8.424771 5.502251 0.434882
4 0.0 2655741 2.821547 6.539454 9.738265 0 6.566967 0.360982 0.0 0.0 .. 7.522228 12176650  10.305423 0.360982

5 rows x 16383 columns

The dataset comprises DNA or gene-expression sequences of patients, encompassing about 16,383
gene characteristics (from gene 0 to gene 16382). Each row corresponds to an individual patient, with
numerical values denoting gene expression levels (e.g. gene 1 =2.017209, gene 4 = 10.431999,etc.)
A sample dataset is presented in the Table 1.

This dataset is high-dimensional due to its large number of features, which poses issues common to
gene-expression or DNA-sequencing datasets. The primary objective of utilizing this dataset is to
employ machine learning classifiers and feature-selection techniques to accurately predict or classify
cancer patients versus non-cancer individuals, or to distinguish among different cancer types.
Microarray data are often highly redundant, noisy, and unequal in their dimensionality[12]. Many
genes are considered irrelevant to the investigated classes. In this study, a novel selection of features
technique based on PSO has been proposed for classification of highly dimensional cancer microarray
information. Feature selection significantly enhances the effectiveness of machine learning models,
particularly in medical datasets where the number of features is frequently high. In this paper, we
present a unique method for selecting features in medical datasets using Particle Swarm Optimization
(PSO)[13]. Overfitting, inferior model performance, and higher computing complexity may result form
the curse of dimensionality.

To optimize classification efficiency pso inspires social behavior to find the best attribute subset. PSO
is applied to medical dataset by using various classification method and evaluate to check how model
efficiency is impacted. A fitness function is designed to evaluate the capacity of a particle’s selected
attributes.

The UCI machine learning repository is examined for cancer gene dataset upgraded the cancer gene
dataset that include expression stage and labels for each gene is evaluated[14]. Response such as
pandas or numpy ,data can be successfully imported and processed into a parameter matrix (x) and
label vector (y) facilitates machine learning tasks. The PSO optimisation has been set for (the number
of iterations) iterations using (number of particles) particles. For each dimension, the particle's position
range are defined as (particular range, e.g., (min, max)). ( fitness function) is a fitness function that is
used for optimisation. So as to ensure a successful and reproducible optimisation procedure, these
parameters were chosen using information. [15].

Parameter nomination substantially optimize the precision of machine learning models, significantly
in medical dataset with ample feature.in this study, we detect a normal approach for introducing feature
in medical dataset using pso, we can choose parameter using random forest and support vector
machine. svm weight feature during the training stage focused on their consequence on the decision
marks, pondering attributes with larger weight as more essential. examining these weight after training
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can half in detecting the essential component. Random Forest to tackle non linearity, component
interaction and overfitting creates a strenthful parameter nomination criteria.

Data

Data set collection

Train / Test Split

/\

FS with PSO FS without PSO
RF SVM RF SVM
I_ Accuracy L Accuracy

Figure 1: Proposed Model with Different Optimization Techniques

IV.Result Discussion:

Performance increased when we applied PSO with SVM. The original parameter of the SVM when
the accuracy was 38.50% we kept it.Using PSO to modify the hyper parameters particularly fine-tuning
gamma to 0.001, we saying a significant increase in accuracy, success 98.13%. This discovery
highlights PSO's worth in fine-tuning SVMs and maximizing their forecast powers. Remarkably, the
gamma parameter, which pedals the consequence of individual training data, had a serious role in
finding this significant accuracy rise. The accuracy increase from applying PSO for feature selection
and fine-tuning the SVM hyper parameters is significant. Our findings demonstrate the potential for
PSO to improve the efficiency of machine learning mathematical models, especially when paired with
focused hyper parameter adjustments.

A comparative study has been prented in Table 2. Fangfang Chen et al. has worked on human blood
cell analysed and used FTIR Spectroscopy Data for expetimentation. They have used SVM algorithm
and achieved 87.07% accuracy wth PSO. Similarly, a breast cancer analysis has been performed in
[18] using PSO-SVM (with Cuckoo Search). They have achieved 89.02% accuracy. It is observed that
the proposed model have achieved a significant improvement in the accuracy.
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Figure 2: Accuracy of SVM on Proposed Features

In below diagram Figure 2 the results show the ability of PSO to increase the accuracy of random
forest. The significant rise in accuracy from 89.2187 to 96.7187. In RF the accuracy has increased by
around 7.444%.PSO is an optimization strategy that identifies relevant attributes and improves model
performance by reducing noise and unnecessary information. The 7.444% gain in accuracy might be
attributed to a well-balanced choice of hyper parameter along with suitable feature selection using
PSO. These choices have resulted in a strong and efficient model capable of detecting essential patterns
in data while avoiding overfitting

Random Forest Accuracy

. 96.7187
9%
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84
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Figure 3: Accuracy of Rendome Forest Algorithm with Proposed Features
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Table 2: A Comparative Analysis of the

erformance of Existing and Proposed Model

Algorithm Feature Accuracy with | Accuracy Refrences
Selection PSO without withou
Method PSO

SVM Wrapper  based | 98.13 38.50 Proposed
PSO+SVM

RF Random  forest | 96.7187 89.2187 Proposed
classifier

SVM PCA +PSO-SVM | 87.07 83.62 [17]
wrapper hybrid

RF,SVM PSO-SVM (with | 89.02 85.46 [18]
Cuckoo Search)

V. Conclusion and Recommendations

The combination of PSO feature selection and SVM/Random Forest classification yields a robust and
efficient approach that It could significantly improve the efficiency of machine learning models.
particularly in scenarios with large feature dimensions and feature relevance critical for accurate
prediction. The UCI dataset's results lead to the following conclusions. The initial actual feature count
is 16384. It was then modified, resulting in a feature count of 1093, with an accuracy of 98.1366%.
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