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Abstract-The paper seeks to find cancer-related data, with the help of the dataset's reduced features. The 

dataset is searched for globally optimal features using particle swarm optimization. It typically produces higher 

classification results, but on occasion, these algorithms choose neighborhood features incorrectly, creating a 

local optimal feature selection trap. In order to select the best features from the microarray gene expression 

data, this work suggests a method that combines the two algorithms with fuzzy rough set to form Particle 

Swarm Optimization and Tabu Search with Fuzzy Rough Set for Optimal feature selection (PSTFRO) technique. 

It simultaneously selects neighborhood features and global features. The usefulness of the suggested selection 

of features method is evaluated in relation to receiver operating characteristics, exact classification, 

computation speed, and a positive predicted value using the fuzzy rough nearest neighbor classifier. The 

proposed approach produces better results than the presently used global optimal, local optimal, and optimal 

feature selection algorithms. 

Keywords-Global Features, Neighborhood Features, Hybridization, Optimal selection of features. 

1. Introduction 

In the field of biomedical research, data 

classification with reduced features is crucial [1]. 

Either globally or locally, the dataset's subsets of 

features are searched for feature selection. While 

both search techniques look for the most relevant 

features, they might not consider all of the 

pertinent features when looking for subsets [2]. 

When both search methods are used together, they 

complement one another and look for optimal 

features. Selecting the best selection of features for 

classification, the subsets of features that were 

found are assessed [3]. 

There have been numerous studies on how to 

remove features from a dataset. This paper's goal is 

to categorize cancer data with suitable features by 

proposing the algorithms to select the best 

features. Tabu search, a local optimal search 

method, has been combined with particle swarm 

optimization(PSO) to determine the best subsets of 

characteristics [4,5,6]. These hybridized 

algorithms evaluated the best subsets to produce 

the best subset of features using fuzzy rough sets 

once again. The fuzzy rough set evaluates the data 

while taking into account the ambiguous and 

uncertain data [7]. 

The best feature selection approach, PSTFRO, 

selects the pertinent features for classification. 

Using a range of performance indicators, the 

effectiveness of the suggested approach is 

compared with that of the already available 

algorithms. A fuzzy rough nearest neighbor 

classifier is used to assess the performance of the 

proposed approach. The following are the few 

feature selection studies that have already been 

done and are discussed in this paper: 

Nibaran Das et al. [8] proposed the 

Convolutional neural networks (CNN) and an 

evolutionary metaheuristic algorithm  for deep 

feature segmentation form the proposed 

technology. Mengnan Tian et al. [9] suggested 

developing two distinct local-based mutation 

operators and probability of an individual-

depending selection. 

The modified differential evolution(DE) 

method for feature selection for categorizing 

cardiovascular illness has been put forth by T. 

Vivekanandan et al. [10]. The fuzzy AHP and a feed-

forward neural network classifier both use 

https://link.springer.com/article/10.1007/s13042-023-01872-z#auth-Nibaran-Das
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selected features. It shows enhanced results in 

terms of forecast time and accuracy.  An efficient 

solution-based tabu search (SBTS) algorithm was 

created by Xiangjing Lai et al. [4]. To increase 

computational efficiency, SBTS has been defined as 

the combined usage of confined swap 

neighborhood's tabu status and hashing 

algorithms. The swarm intelligence algorithm and 

spiral mechanism was combined and suggested by 

Ke Chena et al. [11] for selecting the ideal feature 

subset. The strategy improves position quality of 

subsequent generation by widening the search and 

adding new factors to the initial position update.  

Four proposed search methods for feature 

selection were made by L. Meenachi and 

S.Ramakrishnan[12]. Search techniques for 

features from random populations that are 

continuous, global, and local optimum subsets of 

features include Random Local Optimal (RLO), 

Random Global and Optimal (RGLO), and Global 

and Local Optimal (GLO). Three classification 

phases were proposed by Aytug Onan et al. [13]: 

while selection of feature uses the consistency-

based feature selection technique, selection of 

instances uses a evaluator technique and a 

classification uses fuzzy-rough nearest 

neighbor(FRNN) method, 

Joao P. Papa et al.[14] developed the Binary 

Brain Storm Optimization for feature selection. 

Various transfer functions are used to transform 

real-valued solutions into Boolean hypercubes. By 

employing unsupervised feature selection methods 

that replicate the dataset's within-cluster level of 

importance for the feature by using cluster-

dependent feature-weighting methods. Deepak 

Panday et al.'s [15] proposed feature selection 

method removes the relatively low weight features 

from the dataset.  

Feature evaluation and improve swarm 

intelligence technique were combined by Indu Jain 

et al. [16] to create a hybrid model for the 

classification of cancer. This chooses fewer 

features to categorise biological samples of 

tumours. In order to improve feature selection. Bin 

Yu et al. [17] designed the advantage-disadvantage 

neighbourhood degree based on a neighbourhood 

operator. The data are then used to build and 

optimise a multi-attribute, group-focused 

executive method based on a rough set on 

dominance. 

In a multitask setting, J. Liang et al. [18] 

intended to address the issue of multifaceted 

feature selection alongside numerous auxiliary 

one-objective feature selection tasks, which 

examine more promising regions and hasten 

convergence by utilising the single-objective tasks' 

expertise in problem-solving. By modifying the 

Random Subset Feature Selection (RSFS) 

approach, Lakshmipadmaja D et al. [19] presented 

the dataset's feature selection. The reduced 

features are classified using the k-nearest-

neighbor (kNN) classifier. 

Fuzzy sets with interval values are utilised to 

compute the memberships in fuzzy-kNN in the 

evolutionary fuzzy k-nearest neighbours classifier 

(EF-kNN-IVFS) proposed by Joaquin Derrac et al. 

[20]. The parameter-independent feature 

weighted fuzzy kNN technique was created by 

Nimagna Biswas et al. [21] and optimises the value 

of k and feature loads using a self-adaptive kind of 

differential evolution.  Dewan Md. Farid et al. [22] 

to handle biological data multi-class classification 

with noisy examples, overfitting instances, and 

class-imbalance data, a novel adaptive rule-based 

classifier was designed. L. Meenachi and 

S.Ramakrishnan[23] proposed two-hybrid 

algorithms for cancer data classification for 

selecting the best features from microarray gene 

expression data  

The majority of research studies primarily use 

fewer dimensional data for classification. The 

global optimal search algorithms have local 

optimal traps that prevent them from searching 

neighborhood features, they place less emphasis 

on search capabilities and space, they fail to 

hybridize adaptive hybrid neighborhood features, 

and they only take into account a very small dataset 

for feature selection and classification. In order to 

address even the vague features, global and local 

search algorithms are combined with fuzzy rough 

sets in this paper in order to overcome the 

limitations of previous research. Based on it, an 

optimal selection of features  algorithm is proposed 
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and contributions of this paper include the 

following: 

• A fuzzy rough set is hybridized with the 

swarm intelligence method to choose the 

feature that is globally optimal. 

• To select the local optimal feature, the 

neighborhood search algorithm is 

hybridized with a fuzzy rough set. 

• To obtain optimum features, a union 

operation is performed between the global 

optimal feature and the local optimal 

feature. 

The PSTFRO algorithm that has been 

proposed to select the top features for 

classification. The study has the following 

structure: The dataset is discussed in the paper's 

Section 2. Next in Section 3,the paper outlines the 

suggested approach. In part 4, the findings are 

presented, and in part 5, the conclusion and 

recommendations for additional research are give

2. Description of Dataset

The efficiency of the suggested algorithm 

is evaluated in this paper using microarray gene 

expression data. They are leukemia[7], small-

round-blue-cell tumour (SRBCT), breast, and 

diffuse large B-cell lymphoma (DLBCL)[12].Table 

1[24] provides information on the dataset. 

Table 1. Dataset Description 

S.No. Datasets 

1 Leukaemia is an abnormal cell that develops on the bone marrow and causes an uncontrollable rise 

in the body's white blood cells. It has 57 instances and 12583 features. 

2 One of such malignant tissues is known as a small round blue-cell tumour (SRBCT). These tissues 

can be seen under a microscope. There are 63 instances and 2309 features. 

3 Breast cancer, often known as breast cancer, is the formation of malignant cells on the lobules or 

ducts of the breast cells. It has 54 instances and 9217 features. 

4 The powerful malignant tumour known as diffuse large B cell lymphoma (DLBCL) can spread 

throughout the entire body. The level of severity of a patient's sickness is used to determine how 

quickly the abnormal cell mass is expanding. and include 

 

3. Proposed Technique 

Using the PSTFRO algorithm for optimal 

best features for classification were chosen. The 

effectiveness of the suggested method is assessed 

using a FRNN classifier. The suggested method 

exhibits enhanced outcomes in terms of several 

metrics when its performances are compared to 

those of existing algorithms. 

3.1. PSTFRO Algorithm 

This method combines the local optimal 

search algorithm tabu search and the global 

optimal search algorithm PSO with fuzzy rough set 

algorithm. The algorithm is explained, and Figure 1 

depicts the workings of the PSTFRO algorithm. 

The PSTFRO algorithm operates on the 

following principle: it is a metaheuristic 

population-based swarm intelligence system that 

looks for its global best features. Initialize the 

swarm, determine the swarm's fuzzy rough 

dependence degree, and, if the particle fitness test 

yields an optimal result, update the swarm's 

personal and global best features accordingly. For 

the following generation, the particle locations and 

velocity are updated. The objective of this process 

is to result in the finest features. It is repeated till it 

reaches its stopping condition. 
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If the cost of the candidate feature list is less 

than the cost of the previous best features, the tabu 

list is updated with the difference between the 

candidate list and best features. The features are 

deleted list if the tabu list size is too large. The 

greatest ideal features for classification are those 

produced by combining features obtained locally 

and globally. 

PSTFRO Algorithm 

Input: Microarray gene expression data 

Output: Optimal Features 

Begin 

//Global optimal features 

Set the particles, Vei 
, Poi

 

gbest =0, pbest =0; 

// Check the particle fitness  

Compute the evaluation function for the swarm with Fuzzy Rough dependence 

Degree 

If the evaluated value is greater than the previous evaluated value 

set current value as gbest and pbest 

//Update particle velocity and position 

Particle velocity and position for each particle are calculated 

Vei 
(x+1)  Vei 

(x)  (L1 * rand() * pbest - Poi 
(x)) +(L2* rand() * (gbest  Poi 

(x)) 

Update the position of the particle 

Poi 
(x 1)  Poi 

(x) Vei 
(x 1) 

pbest  Po  x 1  

i 

Best position obtained so far is assigned as gbest 

Endif 

//Stopping Condition 

If (previous gbest = = current gbest ) 

GF  gbest 

Else 

Calculate the dependency of particles in swarm 

Endif 

//Local optimal features 

Specify T;  

Declare Tabulist=0, Tbest-P=0; 

//Generation of candidate features 

Tbest = Randomly generate a starting population of responses; 

Repeat 

Tbest-P = Tbest; 
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CFeature_L=0; 

For (CFeature Tbest-near) 

If(CFeature  not in Tabulist) 

CFeature_L = CandFeatures; 

Endif 

Endfor 

CFeature = find the most suitable features from CFeature_L; 

Determine the degree of dependency (CFeature, Tbest-P) 

//Check for the fitness 

If (dependency degree (CFeature) > Tbest-P) then 

Tbest = CFeature; 

Endif 

Tabulist = CFeature; 

If (sizeof(Tabulist > T) 

Delete the first component of Tabulist 

Endif 

Until (Tbest-P = = Tbest) 

LF= Tbest; 

// Optimal Features 

OF= GF  LF; 

Return OF 

End 

 

Fuzzy rough nearest neighbor classifier 

performance on various performance measures is 

used to assess how well the top features selected 

by the proposed PSTFRO technique perform. By 

analyzing the performance of several classifiers, 

the fuzzy rough nearest neighbor classifier, a 

probability-based classification technique, is 

selected for performance evaluation. 

4. Results and Discussion 

The most optimal features are chosen from 

the four datasets, namely Leukemia, SRBCT, Breast, 

and DLBCL, by the proposed PSTFRO approach 

employed in this paper.  

 

4.1. Feature Selection Comparison: In Table 2, 

results are displayed with relation to the quantity 

of features chosen using the suggested PSTFRO 

method algorithm is compared to the quantity of 

attributes chosen using the existing feature 

selection techniques, including Tabu Search 

(TS)[4], DE [10],  PSO[11], RLO, and GLO[12].The 

results of the comparison show that the suggested 

algorithm for selecting the best features selects the 

less desirable features.
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Figure1.Background of PSTFRO Algorithm

 

Input Features from 
Dataset 

Global Optimal 
Features 

Yes 

Yes 

No 

Calculate the dependency degree 
(DD) of swarm 

Check the particle 
fitness 

Update the personal 
best and global best 

Previous best 
value 

Calculate 
velocity 

Update the 
position  

Check current global 
best==previous global 

best 

Initialize tabu list  

Generate candidate set of 
features 

Calculate fuzzy rough 
dependency (DD) of candidate 

item 

If (current candidate 
list(DD)> previous 
candidate list(DD)) 

Pbest=Candidate 
list 

Update tabu list  
Local Optimal 

Features 

Union 
Optimal 
Features 

Yes 

No 

No 
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Table 2. Number of features selected comparison 

 

 

 

 

 

4.2. Classifier for Performance Evaluation: To 

determine whether the suggested selection of 

features algorithm selects only the necessary 

features, its performance is assessed and compared 

to that of competing algorithms. To evaluate how 

well the suggested and already available selection 

of features algorithms performs, a classifier is 

chosen from the following classifiers: Rule-based 

classifier [22], Nearest Neighbor(NN) classifier 

[19], Fuzzy Nearest Neighbour (FNN) classifier 

[20], and FRNN [13]. The classification accuracy of 

several classifiers for their features that have been 

condensed by the proposed PSTFRO technique is 

shown in Figure 3. 

Figure 3 PSTFRO Algorithm’s Accuracy from 

Classifiers 

 

FRNN had shown the enhanced classifier 

accuracy among the different classifiers. Therefore, 

FRNN classifier is utilized to compare feature 

selection methods' performance. The fuzzy rough 

uncertainty in nearest neighbor is exploited by 

FRNN, an extension of nearest neighbor classifier 

[13]. Experimental evidence demonstrates that the 

suggested algorithms pick out fewer features than 

the other algorithms existing in use. 

 

4.3. Performance Analysis of Proposed 

Approach: The effectiveness of selection of feature 

method is evaluated by means of the FRNN 

classifier. When the instances are divided into 10-

fold groups, it is performed to validate the 

prediction.  Each segment will serve as training and 

test data throughout the course of 10 iterations. 

The ratios of correctly predicted cases to the entire 

population are measured as the performance 

metrics in this paper, which focus on classifier 

accuracy. Necessary features are chosen by the 

proposed algorithm for selecting features that 

contribute to the prediction of cancer data, 

therefore the final value should be high when 

compared to that of the existing methods shows 

that appropriate features have been selected. 

Figure 4 illustrates the enhanced classifier 

accuracy of the proposed feature selection 

approach. 

 

Figure 4.  Classifier Accuracy Comparison 

Dataset's 

name 

TS[4] DE[10] PSO[11] RLO[12] GLO[12] PSTFRO 

Leukemia 6976 6923 6834 3984 1582 413 

SRBCT 1253 1156 1289 534 167 118 

Breast 5023 4489 4345 2128 1436 1421 

DLBCL 2797 2890 2673 1634 561 473 
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The computation time for the feature 

selection procedure is calculated similarly to 

classification accuracy. Performance is greater if 

computation involves less time. The computation 

times for the proposed and existing techniques are 

displayed in Figure 5. The proposed approach has 

shorter computing times, which suggests a shorter 

computation time for prediction.   

Figure 5. Feature selection algorithms' 

computation times, both proposed and existing 

 

The classifier prediction rate is measured with 

graphical analysis using the receiver operating 

characteristic (ROC) curve. It is shown on the y-axis 

against Sensitivity and the x-axis against 1-

Specificity [25]. If the curve is above the diagonal 

and at the top corner of the ROC space, the forecast 

is accurate. The output of suggested PSTFRO is 

shown in Figure 6 and appears as mentioned, 

proving the predictor's accuracy. 

 

Figure 6.  Receiver Operating Characteristics 

Comparison 

 

The ratio of genuine positives to 

conditions expected is known as the positive 

predictive value (PPV) [26]. Otherwise, it suggests 

that additional positive discoveries are probably 

false positives, hence the result's value should be 

high. The PPV findings are displayed in Table 3. The 

suggested algorithm selecting features performs 

more effectively than the current method, showing 

that the anticipated true results are the actual 

positive results. Projected false positive instances 

are infrequent.  

Table 3. Positive Predictive Values Compare

As a result, the suggested PSTFRO 

algorithm outperform the prevailing methods in 

relation to accuracy of the classifier, processing 

time, ROC, and PPV.  

5. Conclusion 

The proposed feature selection technique PSTFRO 

combines particle swarm optimization, fuzzy rough 

set and tabu search to produce the optimal subset 

of features. The proposed algorithms address the 

flaws of the earlier algorithms. The FRNN classifier 

is chosen from a pool of classifiers based on 

performance to prove the effectiveness of the 

suggested method. By way of the number of 

features selected, accuracy, receiver operating  

 

characteristics, and positive anticipated value, the 

suggested selection of features algorithm performs 

better than the prevailing methods. In the future, 

fuzzy rough set approach can be combined with the 

comparable global search and neighborhood 

search algorithms
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