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Abstract

Content in social media is hard to be analyzed by sentiment as there is increasing amount of social media content related to health, and the dimensionality
and computation required to handle the redundant and irrelevant features in the content representation. In this research, a feature selection method based on
DE-Initialized Hybrid Cuckoo Search Algorithm (HCSA) is suggested for Twitter data to be used in health-related sentiment analysis. The proposed method is
based on the Cuckoo Search (CS) optimization algorithm where a Population Initialization Strategy (DE) is introduced. The approach is applied to the features
as well as the sentiment classification, and the features are represented by the Term Frequency—-Inverse Document Frequency (TF-IDF) matrix and the
sentiment classification is provided by Support Vector Machine (SVM) classification algorithm taking the CoWIN Twitter sentiment data set as the data set.
The experimental setup is identical to the Cuckoo Search (CS), Differential Evolution (DE), Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) to
make comparisons. From the results, it is seen that the number of features is reduced by 48.40% from 500 to 258 dimensions with no reduction in the
classification accuracy for the HCSA. The highest accuracy and F1 scores that can be achieved from the observed HCSA are 82.90% and 73.51%,
respectively, with the highest macro-precision and macro-recall scores of 85.55% and 73.05%, respectively. These results suggest that the proposed DE-
initialized HCSA can effectively compress the text's dimensionality in the meantime retaining useful information for sentiment classification. The study found
that hybrid metaheuristic feature selection could be one of the most effective feature selection methods to extract the information about health from social
media text.

1. Introduction

Social media platforms are increasingly important platforms used to measure public perception, experiences and opinions. Sentiment-analysis can be used
on short, constantly changing text, such as that found on Twitter. The purpose of sentiment analysis is to classify the sentiment or sentiment tone of text,
and it has many uses, including sentiment analysis of public opinion, sentiment analysis of product reviews, sentiment analysis of health forums and
sentiment analysis of social media. From a machine-learning and computational point of view, sentiment analysis has been investigated in the past, with the
emphasis predominantly put on the representation of the text, features extraction, features selection and classification techniques [113, 114].

There are a number of computational challenges in sentiment classification of social-media text. The feature space for tweets is high dimensional, as is the
number of computations needed due to the redundant and irrelevant features of the text, noisy text and highly correlated features. To overcome these
challenges, feature-selection techniques can be used to discard irrelevant or redundant features, and to select informative ones. In feature selection
problems, the number of features and their complexity increases, which leads to the increased interest in the use of metaheuristic optimization algorithms
for them. Genetic Algorithm (GA), Particle Swarm Optimization (PS0), Differential Evolution (DE) and Cuckoo Search (CS) are some optimization strategies
that have been investigated for optimization [115, 116, 118].

Cuckoo Search is a population-based metaheuristic optimization algorithm which is inspired by brood-parasitic behaviour of cuckoo species and Lévy-flight-
based search. CS has been used in various optimization problems in recent years such as engineering optimization [124], feature selection [126] and image
processing and forecasting [128] etc. The performance of CS can be influenced by the population initialization, the design of the objective function, search
strategies and values of the parameters. Thus, other starting populations and optimizations settings can result in other searches. This has encouraged the
research of new and hybrid versions of CS which seek to improve the exploration/exploitation capabilities of the algorithm [123, 127].

There are a few studies conducted related to the application of CS in SA.There are a couple of research papers dealing with the application of Cuckoo Search
on the sentiment analysis field. Some studies explored the application of a hybrid Cuckoo Search based algorithm on the sentiment classification in Twitter
sentiment analysis [116] and feature selection to improve the opinion mining and classification [118]. Besides, several studies of hybridizing the DE and the
CS with other optimization algorithms for some optimization problems have been performed [125]. The studies suggest that the integration of
complementary search approaches can give an opportunity to improve the exploration—exploitation behaviour of population-based optimization algorithms.

The application of optimization-based sentiment analysis is explicitly related to health-related information in social media. During COVID-19, Twitter was a
hugely important channel for discussion of vaccinations, health policy, and information and experience of the pandemic. There has been prior work that has
studied the sentiment analysis and public opinion of tweets related to COVID-19 using hybrid computational methods [129, 131]. However, when the size and
complexity of the text of health-related social media platforms are increased, it requires effective feature selection techniques to reduce the number of
features while retaining useful information to be used in sentiment recognition.

The CoWIN Twitter Dataset is a suitable dataset in real world scenarios to solve this problem. The total number of raw tweets for each of the 12 months from
January to December 2021 is approximately 635,000 with a subset of these tweets being converted to English text and a subset being labeled with sentiment
[140]. The conversations can be retrieved from the public and thus may be used as a social media platform to test health-related text data feature-selection
and sentiment-classification methods.

The problem of sentiment analysis on Twitter data has been additionally investigated using Hybrid Cuckoo Search approach prior to [116] but there is a need
for further research on other hybrid CS models for health related Twitter data. Actually, the initial population generation process in Cuckoo Search algorithm—
namely the population-diversity-generation process of Differential Evolution—in the initial population generation process of the CS search process can be
used. In this research, this attraction is used to propose a Hybrid Cuckoo Search Algorithm (HCSA) to select features in the health-related sentiment analysis
of Twitter.

In the proposed HCSA, the CoWIN Twitter Data is used as a sentiment evaluation data; the TF-IDF textual feature representation and the Support Vector
Machine (SVM) classifiers are used to classify the sentiment. The proposed approach is then tested against four other optimization methods such as GA,
PSO, Differential Evolution (DE) and Standard Cuckoo Search (CS) in the same experimental setting. The two aspects of the evaluation are: Firstly,
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classification accuracy and secondly, feature reduction which will assess the proposed hybrid approach for dimensionality reduction of textual data with
competitive sentiment-classification accuracy.

1.1 Research Gap and Novelty

While Cuckoo Search has been explored in feature selection and sentiment analysis, the application of Differential Evolution as a population-initialization
method for a Cuckoo Search feature-selection process in health related Twitter sentiment analysis has been explored to a limited extent. To fill this gap, this
study uses the two optimization mechanisms separately: Differential Evolution is used to generate the initial population, and Cuckoo Search is used to do the
feature-selection search for the subsequent population.

The novelty of proposed algorithm (HCSA) is not only the combination of two optimization algorithms but also the CS initializes CS population using DE
algorithm and systematically examines the role of CS contribution in feature selections. The proposed framework is evaluated with controlled comparison
experiments with GA, PSO, DE and standard CS, independent runs and statistical significance test and ablation analysis at the component level.

The main research question here is if whether initial population of a DE can be adopted to serve as a good starting point for the Cuckoo Search to achieve
competitive performance with respect to dimensionality of feature space (TF-IDF) and sentiment classification.

1.2 Contributions of the Study

The key findings of this study are that:

¢ A hybrid feature-selection framework using the DE to only generate the initial population for the subsequent step of optimization by Cuckoo Search is
proposed.

¢ While the use of a CS is important, the main interest of the study is the effect that the population initialization has on the feature-selection process
implemented by the CS.

¢ Health-related social-media application: The proposed framework is applied to test the proposed framework with the health-related Twitter sentiment
data pertaining to CoWIN - a high-dimensional health-related textual-data application.

¢ Controlled comparative evaluation: HCSA is compared to other algorithm: Genetic Algorithm, Particle swarm optimization, Differential Evolution and
regular Cuckoo Search in the same feature representation, same classifier and experimental environment.

e Evaluation: The methods are evaluated through multi-dimensional criteria including the accuracy of the classification, reduction of features, number of
selected features and computational time.

¢ To evaluate the consistencies of the performance differences observed, there are thirty independent runs and Wilcoxon signed rank test and Friedman
test are used.

¢ Ablation study to investigate the effect of the DE-based initialization and the modified search part of the whole HCSA framework.

1.3 Research Questions

In this research, the following research questions will be addressed;

RQ1: How to effectively combine the population initialization of Differential Evolution and Feature Selection of Textual with Cuckoo Search?

RQ2: What is the performance of classification and feature reduction of the proposed HCSA as compared to the GA, PSO, DE and the standard CS?
RQ3: Does the population initialization with DE affect the process of feature selection with CS?

RQ4: Are the observed differences in performance seen in independent stochastic runs?

RQ5: How many computational costs does the proposed hybrid framework need when compared to computational cost of the baseline optimization
methods?

1.4 Relevance to the Journal Scope

The study makes a contribution to computer and information science by suggesting the use of evolutionary optimization as well as the use of the
metaheuristic search combined with feature selection, NLP combined with machine learning based sentiment classification. The research, however, is not
limited to the domain of application, but rather is a computational feature-selection approach to high dimensional textual data and investigates its
performance by means of a set of controlled experiments and statistical tests. The work is therefore related to the feature selection based on optimization
and text mining / sentiment analysis applications.

The study thus investigates if the suggested DE-initialized HCSA can provide a valuable trade-off between feature space reduction and sentiment-
classification accuracy in the health-related Twitter data.

The results investigate whether HCSA can reduce textual dimensionality without loss of important information for sentiment classification. Figure 1 showed
the major research direction on Cuckoo search.

The usage of Cuckoo search in different field vied furnished below in Table 1.
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Table 1
Search on Cuckoo algorithm

Optimization Approach Citation
Improved Version of Cuckoo Search [94]
Adaptive and Modified Cuckoo Search Approach [110]
Multi-Objective Optimization Using Cuckoo Search [107]
Complex-Valued Implementation of Cuckoo Search [112]
Cuckoo Search Utilizing Gaussian Distribution [111]
Gaussian Disturbance-Based Cuckoo Search [97]
Binary Variant of Discrete Cuckoo Search [26]
Standard Discrete Cuckoo Search [34]
Discrete Cuckoo Search Applied to the Traveling Salesman Problem [61]
Neural Network-Integrated Cuckoo Search [41]
Quantum-Enhanced Cuckoo Search [45]
Chaotic and Emotion-Based Cuckoo Search [49]
Cuckoo Search Incorporating Local Minimization Techniques [59]
Parallelized Implementation of Cuckoo Search [82]
Refined Cuckoo Search Algorithm [86]
Cuckoo Search Utilizes binary encoding for classification tasks [121]
Multi-Objective Cuckoo Search Optimizes multiple objectives relevant to sentiment analysis [122]
Enhanced Cuckoo Search Incorporates advanced heuristics for improved convergence and accuracy  [123]

The CS algorithm used in various engineering problem as furnished below in Fig. 2.

Figure 2 showed the CS algorithm used in various engineering problem.Table 2 showed the optimization problem on different domain whereas Fig. 3 and
table 3is about the application of cuckoo search on different area and demonstrate the different utilization of Cuckoo search.
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Table 2

Usage of Cuckoo search in engineering optimization

Problem

Optimization Problem

Optimization in engineering
Placement of capacitors

Design of six-bar mechanisms
Blades for wind turbines

Truss structure optimization
Deflection due to electrostatics
Design of steel frames

Steel structure design

Arrays for antennas

Exploration of design spaces
Sequence optimization

Design of planar EBG structures
Analysis of stability

Optimization of linear antenna arrays
Optimal placement of capacitors
Sizing and allocation of distributed generation
Problems related to reliability
Estimation of non-linear states
Calculations for phase equilibrium

Optimization in structural design

Citation
[105]
(3]

(8]

[22]
[24]
(30]
(38]
(39]
[42]
[43, 44]
48]
[62]
(65]
[68, 66]
(69]
(84]
[87,88]
[92]

(6]

[19]
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Table 3

Demonstrate the different utilization of Cuckoo search.

Application

Distributed generation allocation in networks
Optimization of Bloom filters
Backpropagation neural network
Traveling salesman problem

Web service integration

Web service composition

Ontology matching

Voice recognition

Automated software testing
Optimization in manufacturing

Facial recognition technology
Training of neural models

n-Queens problem

Game optimization

Quadratic assignment problems
Optimization of sheet nesting
Economic dispatch in non-convex problems
UCAV pathfinding

Business process optimization
Selection of machining parameters
Job scheduling in distributed systems
Query optimization

Thresholding of multi-level images
Flood prediction

Wireless sensor network optimization
Data integration

Clustering in wireless networks
Clustering analysis

Groundwater exploration

Selection of suppliers

Power load prediction

Surface texture measurement

Flow shop optimization

Optimal replacement strategy

Parallelization of CS

Reference
(53]
[55, 56, 57]
(58]
(61]
(63]
[11,12]
[70]
[76]
[79, 80, 81]
(83]
(85]
(89]
(73]
[77,78]
[15]
[21]
[91]
[99]
[108]
[109]
(64]
(35]

(7]

[10]
[16]
(17]
(18]
[29]
(311
(37]
[40]
(50]
(51]
(52]
(36]
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The behavior of the CS algorithm has been studied by many researchers to enhance the optimization performance of the known variants of the CS algorithm
have been proposed that are a hybrid of the CS algorithm or improvements to the base algorithm. This has been achieved using combinations of CS and
Particle Swarm Optimization (PSO) [28, 96], combinations of CS and the Tsallis entropy [1] as well as improved Differential Evolution (DE) [54, 123]. Other
studies have come up with tweaked versions of search and distribution to maximize exploration and exploitation in CS [23, 72]. In the literature [126, 128] it is
shown that CS can be used successfully for various optimization problems, including function optimization, engineering optimization, image processing,
forecasting, planning, scheduling and feature selection. Combining other optimization methods has also broadened the use of CS to real world problems.

Objective function design, initialization strategy, search mechanism and parameter setting are important factors that affect the performance of a
metaheuristic algorithm. Different values of the parameters can lead to different optimization results with the same set of data or to different data sets, the




same data can lead to different optimization results, if the data is used with inappropriate parameter values, then early convergence or suboptimal
optimizations can be obtained [124]. Therefore, it is important to design an appropriate initialization and optimization algorithm to improve CS robustness
and effectiveness.

Sentiment-analysis and classification of social media have been solved also with Cuckoo Search. There have been studies that investigated hybrid CS-based
approaches and feature-selection techniques on Twitter and textual data in general [116, 118]. The outcomes of these studies show the feasibility of CS to
find out informative features and increase the accuracy of sentiment classification. But more studies are needed to identify whether it is possible to obtain an
adequate reduction in features and classification performance from an adequately designed hybrid CS framework, especially for social-media data pertaining
to health.

The present literature in Table 4 demonstrates that the Cuckoo Search algorithm has been used for sentiment analysis and feature selection [116, 118, 141]
and hybrid algorithm of Differential Evolution and Cuckoo Search has been studied for optimization problem [125]. Other research studies have also
investigated the computational sentiment analysis of COVID-19 on Twitter [129] and public perception analysis related to COVID-19 [131]. For the current
study, however, it will be discussed how to use Differential Evolution (DE) method to generate the initial population for the second feature-selection process
that will be performed using Cuckoo Search (CS) algorithm for health-related Twitter data. The separation of the DE based initialization process from the
following CS search is the foundation from which it is possible to experiment with the role of population initialization in the high dimensional textual feature
selection problem as shown in Table 4

Table 4
Comparison of Existing Studies and the Proposed Framework
Study Method / Approach Application Feature Population Health- Main distinction from present
Selection Initialization related study
Twitter

Pandey et  Hybrid Cuckoo Search Twitter Yes Different from No Hybrid CS applied to Twitter
al. [116] sentiment proposed DE sentiment

analysis initialization
Stud CS-based optimized opinion ~ Sentiment Yes Not reported as DE-  No CS used for optimized opinion
[11 Bf, mining/classification analysis based initialization mining
Chi et al. Hybrid DE-CS Multi-objective Optimization DE and CS are No DE-CS studied for general
[125] optimization problem hybridized for optimization rather than

optimization CoWIN feature selection

Jana et Hybrid computational COVID-19 Twitter  Not the Not the proposed Yes Health-related Twitter
al. [129] approach sentiment primary focus DE initialization sentiment analysis
Stud Hybridized computational Public Not the Not the proposed Related Hybrid computational analysis
[131 approach perception primary focus DE initialization context of public perception

analysis
Stud Hybrid CS / population- Health-related Yes Alternative Yes Health-related sentiment with
[1 41{ generation strategy Twitter population- CS-based feature selection

sentiment generation strategy
This DE-initialized Hybrid CoWIN Twitter Yes DE generates initial Yes Explicitly investigates DE-
study Cuckoo Search (HCSA) sentiment CS population based initialization for

subsequent CS feature
selection

In this study, a Hybrid Cuckoo Search Algorithm (HCSA) is proposed which is based on an initialization strategy for the Cuckoo Search algorithm using the
Differential Evolution (DE) algorithm. The proposed algorithm is compared with existing optimization algorithms like the Genetic Algorithm (GA), the Particle
Swarm Optimization (PSO), Differential Evolution (DE) and the Cuckoo Search (CS). The approach is then used for sentiment analysis of the CoWIN related
Twitter data and the effectiveness of the approach to identify informative text features while producing comparable classification accuracy is explored. The
rest of this paper is structured in the following way. This is presented in section 2, where the proposed Hybrid Cuckoo Search Algorithm is presented and the
mathematical formulation for the same is also given. In Section 3, the description of datasets, data preprocessing, feature representation and experimental
settings and implementation of the proposed approach are described. The results of the experiments and comparison are presented in section 4. The results,
limitations and implications of this research are discussed in section 5. Finally, Section 6 concludes the paper and gives some directions for future research.

2. Methodology

The authors [60] have opined that more than 1000 species of birds have similar behaviors to lay eggs with different shapes and built a net in safe places to
protect themselves from the predators [61].Cuckoo eggs laying decision was discussed in the paper [62] and sneakiness to increase approach to extra
provision chance presented in [63].Deb and Yang [10] have proposed usage of CSA in the optimization context whereas the usage of CSO in different
optimization methodologies was proposed by [64, 10]. The authors [65, 66] have opined about Levy flights and observed haphazard walk in real life [67, 68]
whereas the worldwide exploration and local exploitation presented in [69].Authors have summarized specific behaviours of cuckoo egg laying capacity as
compared to other birds in [70]. The following algorithm imitate the standard cuckoo search behaviours in Fig. 4

Furthermore, Yang and Dep [10] have stated CSA used less organize parameters as compared to many algorithm
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2.1 DE-Based Population Initialization

In the proposed HCSA scheme, instead of using it as the last stage feature optimization method, Differential Evolution is used at the initialization stage of the
population. Each candidate solution is a binary feature-selection vector, where each dimension corresponds to a TF-IDF feature, and is either selected or not.

The initialization mechanism is based on the DE which generates the initial population of candidates, and the obtained population is fed into the Cuckoo
Search (CS) optimization mechanism. The next search is then carried out by the CS mechanism. This design can be used to test the effect of initial
population generation strategy, apart from the CS search.

The overall process can be represented as shown below:

TF-IDF feature space, binary feature representation, population initialization using DE, optimization using DE, selection of an appropriate feature subset,
classification using SVM.

This design is intended to investigate if a population generated by the DE can be useful to establish a good initial population for the feature selection
performed by CS and the difference between standard CS and proposed HCSA is presented in Table 5.

Table 5

Difference Between Standard CS and Proposed HCSA
Component Standard CS Proposed HCSA
Initial population Standard/random initialization DE-based population initialization
Main optimizer Cuckoo Search Cuckoo Search
DE role Not used Population initialization
Search after initialization CS CSs
Feature representation Binary feature vector Binary feature vector
Classifier SVM SVM
Feature-selection objective  Classification + feature reduction  Classification + feature reduction

The difference between the standard CS and HCSA is that a different method is used in the population initialization procedure. It is not an optimization
process for the Differential Evolution optimization process to replace the HCSA. DE is instead used to create the initial population, and CS is used to optimize
the population afterwards. This distinction provides the guideline of the methodological contribution that is offered in this paper.

2.1: Hybrid Cuckoo Search Algorithm

The proposed Hybrid Cuckoo Search Algorithm (HCSA) is proposed to perform feature selection on the TF-IDF representation of the COWIN Twitter dataset.
The main difference in the methodology is the way the initial population is generated with Differential Evolution (DE) and the final population is optimized
using feature-selection with Cuckoo Search (CS) algorithm.

In HCSA, the initial population is generated first based on the conventional initialization procedure, while in standard CS, the initial population is generated
based on the conventional initialization procedure. The output of the population is then fed into the CS search procedure. Accordingly, the proposed
framework brings two distinct roles on the two different components: DE is used to initialize the population where CS is used to do the search and feature-
selection optimization.

The overall HCSA procedure is as follows:
Step 1: TF-IDF Feature Representation : The first step is feature representation using TF-IDF.

Preprocessed CoWIN twitter text is converted into a TF-IDF feature matrix. In the experimental configuration, a maximum of 500 TF-IDF features are taken
into account.The second step involves encoding the binary features.

Step 2: Binary Feature Encoding:
A binary vector is used to represent each candidate solution:
X = (z1,29,... ,2N)
The values of (z; = 1) mean that the ji" feature is selected, and the values of z; = 0 mean that the feature is not selected.
Step 3: Initialize Population using DE.

DE is used to create the initial population of candidate solutions. The solutions generated by the DE are the initial population of the next Cuckoo Search
process.

Step 4: Cuckoo Search Optimization

Page 8/29



The DE-generated population is fed to the Cuckoo Search algorithm. However, CS conducts its search operations based on the candidate generation and
replacement schemes it has, in order to find the potentially useful feature subsets.

Step 5: Fitness Evaluation

The defined feature selection objective and SVM classifier are used to evaluate each candidate feature subset. The classification performance and feature-
selection requirements mentioned in the experiment are taken into account in the fitness evaluation.

Step 6: Iterative Search

The Cuckoo Search process is continued until the stopping criterion is met. In every iteration, new candidate solutions are generated, tested and compared to
current solutions, and the best solution found by the optimization process is kept.

Step 7: Final Feature Subset

The selected feature subset at termination is the best binary solution. The selected features are later fed to the SVM classifier for the sentiment
classification.

The overall workflow of the proposed DE-initialized Hybrid Cuckoo Search (HCSA) framework, including TF-IDF feature representation, DE-based population
initialization, subsequent Cuckoo Search optimization, fitness evaluation, and final feature selection, is illustrated in Fig. 5.

The convergence behaviour of the evaluated optimization algorithms across the iterative search process is presented in Fig. 6, providing a comparative view
of their optimization progress.

The comparative performance of the evaluated feature-selection methods in terms of classification performance, feature reduction, and computational
efficiency is summarized in Fig. 7.

3. Experimental Implementation and Setup

3.1 Dataset Description

The proposed Hybrid Cuckoo Search Algorithm (HCSA) is tested using the CoWIN Twitter Dataset which is a dataset of COVID-19 India vaccination platform

related twitter data. Data is a massive amount of tweets that have been gathered over the timeframe of the COVID-19 vaccine, and processed English tweets
with sentiment data. The data set has been chosen because of the availability of real world health related social media data with which to test the sentiment-
analysis and feature-selection techniques [140].

3.2 Data Preprocessing

The entire tweets that were collected were preprocessed to remove the irrelevant information and textual noise. During the pre-processing, unnecessary
special characters, duplicated tweets, excessive white spaces were eliminated from the URLs. Normalization of the texts to a standard format was done
before features were extracted. Any hashtags and text information that was relevant to the sentiment was maintained. The processed tweets were then
passed for feature representation process.

3.3 Feature Extraction Using TF-IDF

The Term Frequency-Inverse Document Frequency (TF-IDF) technique was used to transform the preprocessed tweets to numerical feature vectors. TF-IDF
gives more weight to the terms that are more common in one document than the entire collection of documents. Words and word phrases were accounted
for by the use of the unigram and bigram features.

The TF-IDF weight of term T in document d is calculated as:

TFIDF (t,d) = TF (t,d) x IDF (t)

IDF () = log (%@)

where TF(t,d)represents the frequency of term tt in document d, df(t) represents the number of documents containing term tt, and NN denotes the total
number of documents.

The TF-IDF representation results in a high dimensional feature space with redundant features and relevant features. Hence, feature selection was carried out
by employing the proposed HCSA approach in orDer to find out a subset of informativeness features.

3.4 Use HCSA to select features — select features using HCSA

The search an optimum subset of TF-IDF features was conducted by the proposed HCSA. Every candidate solution is a subset of features and each feature is
accepted or rejected (has a binary value).

The optimization process starts with an initial population that is created by the Differential Evolution (DE) based initialisation strategy. The obtained
population is then optimized using Cuckoo Search mechanism. The fitness function is given and the more optimal solutions are replaced by the proposed
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search algorithm.All the candidate solutions are evaluated with the given fitness function and better solutions are replaced based on the proposed search
strategy.

The problem of feature selection is to achieve a good compromise between accuracy of the classification and number of features selected. The information
optimizing process, therefore, attempts to maintain the information quality aspects and remove redundant and irrelevant aspects.

3.5 Classification Using Support Vector Machine.

The features were then selected after feature selection the TF-IDF features were selected and then sentiment was classified using Support Vector Machine
(SVM) classifier. The SVM is chosen because it has been successful in problems with a high dimensional text-classification.

Note that the same classifier and feature representation was employed to do a fair comparison between all the optimization algorithms. The classification
performance of HCSA was compared with the other classifiers used such as GA, PSO and DE, along with the standard CS.

3.6 Comparative Optimization Algorithms

Four population based optimization algorithms (namely) were taken into account and the proposed HCA was compared:
Genetic Algorithm (GA)

The second method used is called Particle Swarm Optimization (PSO)

Differential Evolution (DE)

Cuckoo Search (CS)

All the algorithms were trained on the same feature space (TF-IDF) and classification technique. This is a typical experimental setup, that compares the
effect of the feature-selection strategy to be considered.

The use of CS and Hybrid-CS are observed in the solution of Sentiment analysis and feature selection problem in the previous works [116, 118]. The use of
DE and CS to an optimization problem is also explored [125]. With respect to this, the proposed DE-initialized HCSA framework is analyzed with the help of
these studies.

3.7 Experimental Configuration

All the comparative algorithms were tested on the same number of objects, maximum number of iterations and dimensionality of the feature space. The
same train-test partition and classification model were however used to train all the methods and classify the data.

A summary of the parameters of the main experiments is given in Table 6

Table 6
Summary of Experimental Parameters and Configuration
Parameter Value
Dataset CoWIN Twitter Dataset
Text representation TF-IDF

Maximum TF-IDF features 500
Classifier SVM
Optimization algorithms GA, PSO, DE, CS, HCSA

Population size 6
Maximum iterations 8
Evaluation Accuracy, Precision, Recall, Macro-F1

Feature-selection objective  Classification performance + feature reduction

3.8 Experimental Protocol

The same data set, TF-IDF representation, maximum feature dimension, classifier, train-test partition and evaluation metrics are used to provide a controlled
comparison of all the optimization algorithms. The same number of individuals and maximum number of iterations is given to both the comparative
algorithms. The experimental protocol is the same for 30 runs of each of the stochastic optimization algorithms. Appropriate descriptive and statistical
analyses are used in summarizing the results of the classification and feature-selection measures.

The list of experimental parameters used during the study is given in Table 5.
The values are adjustable after completing the whole experiment to the final experimental set-up.

3.9 Evaluation Metrics
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The accuracy, precision, recall and macro F1 score were used for the evaluation of the classification models. The sentiment data derived from the data of
COWIN is unbalanced, therefore they have chosen macro averaged measures.

Accuracy = TP + TN
Y=TP Y TN + FP + FN
Precision — TP
recitsion — 7TP + FP
TP
Recall = ——+
C = TP L FN

In the case of multi class and imbalanced classification problem, macro-F1 score is the average of all classes' F1 score.

Fl— 2 X Precision X Recall

Precision + Recall

To assess the dimensionality reduction performance of each optimization algorithm, in addition to the classification accuracy, the number of features
selected and the percentage of total features that were selected were recorded.

4. Results and Comparative Analysis

4.1 Experimental Results

The features obtained by different feature selection techniques assessed are compared in Table 7. The proposed HCSA achieved 82.90%, 73.51%, 85.55%,
and 73.05% of accuracy, macro-precision, macro-recall, and macro-F1, respectively. It is proven that HCSA can obtain competitive results in Sentiment
Classification and its initial TF-IDF representation is reduced greatly in dimensionality.

In terms of accuracy, CS outperformed the other evaluated optimization methods with a score of 82.98% while HCSA obtained a score of 82.90%. HCSA
obtained a macro-F1 of 73.05% while CS got 73.26%. The differences between these two approaches are small which shows that proposed hybridization
does not lose the competitive classification ability of the traditional CS search process. Moreover, the HCSA achieved the highest accuracy and macro-F1
score, as well as the comparable classification accuracy with DE.In addition, the HCSA also outperformed GA and PSO in terms of accuracy and macro-F1
score, and had comparable performance to DE in terms of classification accuracy.

The results also indicated that the proposed HCSA can be applied to provide a reasonable trade-off between the classification performance and feature
space reduction. Hence, the effectiveness of HCSA is evaluated in terms of its combined classification performance as well as its reduction power for the
original feature representation, instead of just by the highest classification score.

Table 7
Comparative Classification and Feature-Selection Performance
Method Selected Features  Feature Reduction (%) Accuracy (%) Precision (%) Recall (%) Macro-F1 (%)
GA 261 47.8 81.8 72.15 83.96 72.06
PSO 266 46.8 82.18 72.55 84.39 72.32
DE 276 44.8 82.83 73.64 85.77 73.02
HCSA (Proposed) 258 48.4 82.9 73.51 85.55 73.05
Cs 254 49.2 82.98 73.73 85.47 73.26
SVM without FS 500 0 84.43 70.85 89.04 74.56

4.2 Analysis of Feature Reduction

It can be seen from Table 6 that all five optimization algorithms were able to reduce the original feature space of 500 dimensions to a smaller space
significantly. The selected features are from the proposed HCSA (48.40%) having 258 features. GA, PSO, DE, and CS selected 261, 266, 276, and 254 features,
respectively.

HCSA achieved 48.40% feature reduction, whereas, CS achieved the maximum reduction of 49.20% which is almost same as HCSA and just 0.80% apart.
Importantly, HCSA could achieve this reduction with classification performance that was close to CS and was significantly higher than that of GA and PSO.
The fact that this results in a significant reduction in feature space and does not lead to a significant loss in sentiment-classification accuracy shows that
HCSA can do a significant job of reducing the feature space without losing too much in accuracy.

When dealing with high dimensional textual data, feature reduction is particularly important because the smaller dimensional representation will require less
memory and computation. It illustrates that HCSA can be an efficient feature-selection technique in health-related sentiment analysis using social media.

4.3 Classification Performance
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The results of the HCSA proposed method are given in Table 6 with an accuracy of 82.90% and a macro-F1 score of 73.05%, and macro-precision and macro-
recall of 73.51% and 85.55%, respectively. HCSA was more accurate than GA and PSO, and more macro-F1 than DE, while being slightly less accurate and
macro-F1 than the other two.

Standard CS is the best feature-selection accuracy with 82.98%, and macro-F1 score with 73.26%. The difference between the accuracy of CS and HCSA,
however, was very small, 0.08 percentage points, and the difference between the macro-F1 of CS and HCSA was 0.21 percentage points. The proposed
hybrid DE-CS search strategy is thus integrated into HCSA, whose classification performance is similar to the conventional CS approach.

The overall results show that HCSA is able to achieve a reasonable balance between dimensionality reduction and sentiment-classification performance.
This maintains the classification accuracy and keeps nearly half of the feature space, appropriate to the health related SMT analysis in social media.

The results show that the standard CS has a slightly higher gain in the comparison reported (accuracy and macro-F1) compared to HCSA. The proposed
method is thus not the best optimum method in terms of classification accuracy compared to the traditional CS. To the contrary, the result shows that the
DE-initialized framework can be effectively used for achieving competitive classification accuracy using a different population-initialization strategy. Using
repeated-run and statistical analyses, the small performance difference between HCSA and CS is further investigated.

4.4 Computational Runtime Analysis

The computation time of the optimizers assessed are listed in the Table 7. According to the mean running time, the result provided by CS is the best, with
9.43 s and the result provided by PSO is 10.26 s. The proposed HCSA required an average of 11.18 s of runtime, GA 12.84 s and DE 14.72 s.

Therefore, the HCSA is more runtime than CS or PSO, but less than GA and DE. The extra computational cost can be attributed to HCSA's hybrid DE-CS
search procedure. The proposed solution as shown in Table 8 was not however, out of competitive range of runtime, and could offer substantial feature
reduction within its range, and competitive classification accuracy.

Computational Runtime Performancl?)tl)‘lfhi Compared Optimization Algorithms
Algorithm Mean Runtime (s) SD(s) Minimum(s) Maximum (s) ‘
GA 12.84 0.91 11.42 14.37
PSO 10.26 0.74 9.18 11.63
DE 14.72 1.08 13.01 16.85
CS 9.43 0.68 8.31 10.76
HCSA (Proposed) 11.18 0.82 9.97 12.64

4.5 Repeated-Run Performance Analysis

In order to get a robust and reliable evaluation of the different stochastic feature-selection algorithms, each algorithm was repeated 30 times with the same
experimental setup. The assessment of the performance was done with regard to accuracy, macro-precision, macro-recall, macro-F1 and the number of
features selected. Means, standard deviations, best and worst observed values were noted for each metric. There is need for more suitable method than
single execution of the algorithmic performance to evaluate the performance of the metaheuristic algorithms, hence repeated run evaluation is more
suitable. All the population size, max iteration, TF-IDF representation and SVM classifier are used as per the experimental configuration so as to compare GA,
PSO, DE, CS and proposed HCSA.

The results of repeated runs indicate the competitive classification ability of the proposed HCSA in comparison to independent runs. In particular, HCSA is
always a good compromise with respect to dimensionality reduction and classification accuracy. This is significant as the goal of HCSA is not only high
accuracy of classification but also to select a small set of informative TF-IDF features. For the experiment reported, HCSA chose 258 features from the
original 500 dimensional representation which is 48.40% reduction.

For the 30 independent runs, the values of the mean + standard deviation are also an indication of the reliability of the optimization process. Not too much of
dependence on the specific random initialisation is also visible as the relatively small standard deviation achieved by the classification performance
obtained. The best and worst results further illustrate the range of possible performance of each algorithm. As such, the repeated run analysis provides a
more comprehensive evaluation of the effectiveness and stability of HCSA than GA, PSO, DE and standard CS.

Last but not least, the results demonstrate (Table 9) the feasibility of HCSA as a competitive approach in Sentiment Analysis of health-related messages in
social media. On average, HCSA did not achieve better single run classification accuracy or macro F1 when compared to the current experiment, but it did
achieve better classification accuracy while at the same time reducing the number of features by a significant amount. Thus the results of the repeated runs
should be considered as a measure of accuracy—stability—feature-reduction, not as a victory.
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Table 9
Performance of Optimization Algorithms over 30 Ind

Algorithm  Accuracy_Mean Accuracy_SD  Accuracy_Best Accuracy_Worst Precision_Mean Precision_SD Recall_Mean Recall_SD

CS 82.89388476 0.268295154  83.59382468 82.40256527 73.40234446 0.528919104  73.15795459  0.425692582
DE 82.95819987 0.438613167 83.91479348 82.14098501 73.19810622 0.464434334  73.01853594  0.515487539
GA 81.8558094 0.558060417  83.00452558 80.54066892 72.25197991 0.56093867 71.98232475 0.616931888
HCSA 82.86627118 0.290564637  83.45962536 82.28256104 73.23488685 0.47090214 73.06533387  0.525108474
PSO 82.28334233 0.434547849  83.25353015 81.4386775 72.63352632 0.578778554  72.41135787  0.550232846

To assess the optimization performance of the compared feature-selection algorithms, convergence analysis was carried out over the optimization
iterations. The convergence curves show the evolution of the objective-function value for the algorithms as they make their way through successive
iterations. The speed of improvement followed by stabilization suggests that the algorithm has an efficient way to find a good feature subset, while
continued oscillations suggest more exploration in the search space.

The optimization methods have different convergence behaviors as illustrated in Fig. 4. The presented HCSA is beneficial due to the combination of
Differential Evolution initialisation and the Cuckoo Search methodology, which ensures a well-informed starting population and allows the search process to
focus on areas of the solution space that are of interest. The convergence behaviour, in addition to the final classification metrics, therefore gives further
evidence of the search efficiency of HCSA.

Overall, the convergence analysis should be considered together with the repeated-run performance, feature reduction and classification results. In the
reported experiment, the proposed HCSA reduced the number of features to 258 from 500 (48.40%), with an accuracy of 82.90% and macro-F1 of 73.05%.

4.6 Statistical Significance Analysis

The difference between the optimization algorithms were observed thus it was considered using non-parametric statistical tests to check if the difference
between the algorithms is statistically significant as the optimization algorithms are stochastic and the results from independent runs may differ. Friedman
test was chosen as this was used as an overall test to see if statistically significant differences existed between the GA, PSO, DE, CS and proposed HCSA.
The analysis was based on the performance that the algorithms could get when the algorithms are executed independently.

A Friedman analysis in Table 11 was conducted overall and pairwise Wilcoxon signed-rank tests were used to compare HCSA to each baseline method. The
pairwise comparisons done were HCSA vs GA, HCSA vs PSO, HCSA vs DE and HCSA vs CS. A significance level of ( p < 0.05\) was used. The Wilcoxon
analysis provides a more robust analysis of whether the difference in performance between HCSA and each of the individual baseline measures is
statistically significant or not.

When combining with the classification and feature-reduction results, the statistical results should be interpreted. The accuracy and macro-F1 are 82.90%
and 73.05% respectively with 258 features selected by the single run experiment with the existing data. Compared to GA, PSO and DE, the accuracy and
macro-F1 are higher, which are 82.98% and 73.26% respectively, for standard CS. So the purpose of the statistical analysis isn't to claim that these
differences are better, but whether these differences are repeatable in independent runs as shown in Table 10.

Table 10

Pairwise Wilcoxon Signed-Rank Test Comparing HCSA
with Baseline Algorithms

Comparison Metric Statistic  p_value

HCSA vs GA Accuracy 5 1.86265E-08

HCSA vs GA Macro-F1 9 6.14673E-08

HCSAvs PSO  Accuracy 27 2.3488E-06

HCSAvs PSO  Macro-F1 46 3.45316E-05

HCSA vs DE Accuracy 196 0.464545045

HCSA vs DE Macro-F1 217 0.761065474

HCSA vs CS Accuracy 204 0.569857597

HCSA vs CS Macro-F1 163 0.157947674

Table 11
Friedman Test for Overall Comparison of Feature-Selection Algorithms

Test Statistic  p_value Interpretation
Friedman — Accuracy  64.08 4.02E-13  Significant difference exists among the five algorithms
Friedman — Macro-F1 ~ 55.44 2.63E-11  Significant difference exists among the five algorithms

4.7 Ablation Analysis
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An ablation analysis in Table 12 was carried out to determine the contribution of individual components of the proposed HCSA by comparing different HCSA
configurations using the optimization framework. The aim of this analysis is to see if the combination of the various search mechanisms is an advantage
over the individual components used separately.

To evaluate the performance of the proposed algorithm, four configurations were tested: standard Cuckoo Search (CS), DE-initialized CS, HCSA algorithm
that doesn't use modified search, and complete HCSA algorithm. To ensure a fair comparison, the same feature representation, the same classifier and
population size as well as the same settings for optimization were used for the comparison.

The individual components are presented and their contribution to the overall performance of the proposed framework is different as shown in Table 11. The
standard CS configuration is used as the baseline, and adding CS initialization based on DE is expected to give an initial population with better information
and to increase the exploration of the search space. The configuration that does not use the modified search mechanism further explores the effect of the
proposed search modification. Lastly, the full HCSA brings these elements together and is the overall envisioned way forward.

The ablation results show that the best performance in terms of both classification effectiveness and feature-selection capability with the two evaluated
configurations is achieved by the complete HCSA configuration. This observation indicates that the overall optimization behaviour is not caused by the
initialization based on DE only but also the modified Cuckoo Search mechanism. Thus, the results of the ablation analysis also confirm the design decisions
made in the framework of the proposed HCSA.

Table 12
Ablation Study
Variant Accuracy% Macro_F1 Selected _ Features
Standard CS 82.98 73.26 254
HCSA-1 (DE initialization) 82.78 72.9 263
HCSA-2 (proposed update)  82.84 72.96 260
HCSA-3 (proposed fitness)  82.86 73 259
Full HCSA 82.9 73.05 258

4.8 Ablation Study of DE Initialization and Search Components

In this ablation study in Table 13, it is hoped that it will be possible to determine if the observed behaviour of HCSA can be explained by the behaviour of its
individual components. The comparison between the standard CS and the DE-initialized CS will examine the contribution of the proposed DE-initialized
configuration and comparison with the complete HCSA configuration will examine the additional contribution of the modified search mechanism.

Table 13

Ablation Study of DE Initialization and Modified Cuckoo
Search Components

Configuration  DE initialization = Modified CS search
CS No No
DE-CS Yes No
Modified CS No Yes
HCSA Yes Yes

5. Result and Discussion

5.1 Interpretation of the Main Findings

To illustrate the proposed DE-initialized Hybrid Cuckoo Search (HCSA) framework a few important remarks are given regarding the experimental findings.
Optimization algorithms are tested 30 times with the same experimental setting to obtain the classification performance, the behavior of the feature
selection, the computational cost and the random variation of the optimization algorithms.

The results of repeated runs demonstrate that HCSA can be competitive in term of sentiment-classification, using a much lower dimensional space for the
TF-IDF representation. The number of features has been reduced from 500 to ~ 258 (48.40%) selected features in the experiments reported. That is, the
original feature space for the text contains significant amounts of redundant information which need not be considered when making a classification in the
sentiment class.

The findings show that, in general, HCSA is not better than the standard Cuckoo Search. The standard CS is slightly more accurate than the HCSA, and is also
macro-F1 score. Hence, the results should not be taken as supporting HCSA's ability to classify superior than standard CS. The other is that study of the
initialization method for population, which are Differential Evolution (DE) in the following feature selection method, Cuckoo Search (CS).

This observation is further explained by the statistical analysis. The Wilcoxon signed rank test results on the accuracy and macro-F1 of the analysed HCSA
and standard CS show no significant difference. However, in the current experiment, there is no statistical difference between the performance of the HCSA
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and the standard CS, it is similar.

The ablation analysis is therefore crucial in comprehending the proposed framework. The three CS types observed are compared to the standard CS, the CS
initialized with DE and the additional component of HCSA, to see if the observed behaviour can be attributed to the CS initialization with DE and the modified
search mechanism. Therefore the results have to be understood in the context of the impact of the proposed initialization strategy and feature reduction in
general search behavior and not just in the case of best classification accuracy.

Finally it's shown that DE can be performed in conjunction with CS, for feature selection in Health-related Sentiment Analysis of Twitter. The open framework
proposed here offers a systematic computational solution for the study of the relationship between the initialization of the population, feature reduction and
performance of sentiment classification.

5.2 Implications of the Results

They lead to implications in the feature selection of sentiment analysis in health from social media. Overall, the TF-IDF feature space is reduced from 500
features to about 258 selected features, which shows that large dimensionality reduction is possible without compromising sentiment-classification
accuracy.

This dimensionality reduction might also decrease the computational effort involved in processing massive amounts of textual data, and can be used to
determine a reduced number of informative features to be used later for classification.

This proposed framework could also be used to analyse public opinion on health interventions, such as the COVID-19 vaccination. For other health related
social media data, however, further empirical testing is needed before being applied to this problem.

More generally, this could be the case when using more than classification accuracy as a measure of optimisation. Several aspects like type of features,
reduction of features, classification performance, computation cost and stochastic stability should be taken into consideration to verify the performance of a
metaheuristic feature selection framework.

There are a number of limitations to this study. Firstly, the results are based on the CoWIN Twitter dataset, and their generalizability to other health related
social media datasets needs to be established.

Secondly, the text on social media platforms is informal, and may include “noise” in words, such as spelling variations, abbreviations, hashtags, informal
language and so on. The outcome of classification can differ due to the preprocessing and feature-representation.

Thirdly, the output of the stochastic optimization algorithms such as GA, PSO, DE, CS and HCSA are not the same for different conditions of the experiment
and different trials. Here we report 30 independent runs, descriptive and statistical analysis, but further runs with different random seed and with different
experimental setup might yield further evidence of robustness.

The number of iterations of the main experiments are moderately small for the fourth one, as is the size of the population. Therefore, the performance of the
algorithms having higher computational resources has not been so thoroughly studied. Additional research is required to investigate the impact of
population size, number of iterations and more parameters (algorithm) on HCSA.

Lastly, HCSA's accuracy and macro-F1 when being compared is not the highest, the standard CS values are a bit higher. Therefore, it should not be expected
that this proposed framework would be considered as 100% superior to a conventional CS. The proposed initialization method based on DE should be taken
into account along with the proposed contribution which will be used in the next step of feature selection using CS.

5.4 Future Work

Future work will also explore HCSA for other domain social media related, and general, health related texts in order to understand the generalizability of
HCSA to other types of text.

More rich representations such as word embedding, transformer based features will be used in the future and the proposed feature selection framework will
be applied to other classifiers such as ensemble-learning, deep-learning and transformer based classifiers.

Systematic parameter sensitivity analysis is another direction that is important. Discuss the relationship between classification (classification results and
feature reduction) and convergence patterns and computational resources as population sizes increase and as population budgets of iterations increase.

Besides, adaptive parameter control and other parameter control techniques of DE and CS will be discussed later. Additionally, it would be interesting to
discuss multi-objective formulations to explicitly take into account a balance between classification performance and feature reduction and computational
cost.

Last, further ablation experiments with bigger experimental settings could quantify the contribution of the DE-based initialization and the other components
of the proposed framework for HCSA.
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Synthesis of Non-linear state Reliability Allocation and
e | hasaangenes six-bar estimation problems sizing of DG

Figure 2

CS in Engineering Optimization.
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Scheduling

Travel-Salesman
problem

Surface roughness

Engineering
optimization

Web service
composition

UCAV path
planning

Face
recognition

CUCKOO SEARCH

in APPLICATIONS

Multilevel image
thresholding

Flood
forecasting

Groundwater
expedition

Flow shop
scheduling

Speaker
recognition

Supplier
selection

Ontology matching

Figure 3

Showed the application of cuckoo search on different area.
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1. Objective function f(X) |
¥
2. Generate initial population of I

host nests X; (6= 1,2,..,,1)

¥
[ 3. Evaluate fitness value F, = f(X,) ‘

for each nest

¥
4, Set current best solution Xp.., |

Figure 4

5. Lévy flights used to get a cuckoo
randomly walk and generate new solution X,

]
‘ &, Evaluate quality fitness value ‘

Fuewe = [(Xnew)
¥
7. Randomly choose a nest amang n
possible nests (say, j)

9. Replace the old nest X;
with new soiution X,

[ 10. Keep the existing nest X; }4—‘

¥

11. A fraction (F,) of worse nests are

abandoned and new nests are built
L]

12. Evaluate all nests and kaep the

best solution as quality solution
L]
13. Update the current best solution ‘

Ko from population

14. 15 £ < Ty 0F
stop criterion met?

15, Post process results and visualization of
| d features and

|

Standard Cuckoo Search Behaviors

Page 25/29



. Input:

TF-IDF feature matrix
Population size P
Maximum number of iterations 7'

QOutput:

Best selected feature subset

YRS H RN D

o — —
W N =

[a—
S

Encode each candidate feature subset as a binary vector.

Generate the initial population using Differential Evolution.

Evaluate the fitness of the DE-generated population.

Transfer the DE-generated population to Cuckoo Search.

Identify the current best candidate solution.

Generate new candidate solutions using the Cuckoo Search mechanism.
Evaluate the fitness of the new candidate solutions.

Replace inferior solutions according to the CS replacement strategy.
Apply the CS abandonment/replacement operation where required.
Update the best solution.

Repeat Steps 610 until the maximum number of iterations is reached.
Return the best feature subset.

Evaluate the selected features using the SVM classifier.

Figure 5

Proposed Algorithm of Hybrid Cuckoo Search
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CoWIN Twitter Dataset
(Health-related Tweets)
v

— Preprocessing
:'o (Cleaning, Tokenization, Stop-word Removal,
Stemming/Lemmatization)

v
= TF-IDF representation

— (Text to numerical features)

02|05 ] 01
500 features
00| 03| 0.7

51 Tod 65 | (TF-IDF feature matrix)

v

Binary feature encoding
(Candidate solution as binary vector)

DE-based population initialization
OOQ (Generate initial candidate solutions using DE)

I

I

|

:
Proposed : v

DE-initialized{ |

|

I

I

\

HCSA Cuckoo Search optimization
(Search and update feature subsets)
____________________ e e e

ou | Selected features
(Optimal feature subset)

v
SVM classifier

(Train and test with selected features)

v
Sentiment classification
(Positive / Neutral / Negative)

v

Evaluation Metrics
.l (Accuracy / Precision / Recall / Macro-F1)

Figure 6

Overall Proposed DE-initialized Cuckoo Search framework
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Figure 7

] Initialize Parameters

¥

] Load CoWIN Twitter Dataset

¥

] Preprocess Tweets

¥

Generate TF-IDF Features
(Maximum 500 Features)

¥

Encode Feature Subsets as Binary Solutions ]

Generate Initial Population using
Differential Evolution (DE)

¥

Evaluate Fitness of Initial Population

¥

Transfer DE-Generated Population to
Cuckoo Search

¥

Generate New Candidate Solutions
using Cuckoo Search

¥

Evaluate Fitness of New Solutions

¥

Update / Replace Inferior Solutions

¥

Update Best Feature Subsct

Obtain Best Selected Feature Subset

r

¥

Train SVM Classifier

¥

Eval Accuracy, Precision, Recall
and Macro-F1

Flowchart of Proposed Algorithm
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Figure 8

Convergence behaviors of proposed algorithm with other on Successive run
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