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Abstract 

 
Cancer being one of the most vital diseases in the medical history needs adequate focuses 

on its cause, symptom and detection. Various algorithms and software have been designed 

so far to predict the disease at cellular level. The most crucial data for sorting the cancerous 

tissue is the classification of such tissues based on the gene expression data. Gene expression 

data consists of high amount of genetic data as compared to the number of data samples. 

Thus, sample size and dimensions are a major challenge for researchers. In this work, four 

different types of cancers are analyzed viz., breast cancer, lung cancer, leukemia and colon 

cancer. The analysis is done using various nature-inspired algorithms like Grasshopper 

Optimization (GOA), Interval Value Based Particle Swarm Optimization (IVPSO) and 

Particle Swarm Optimization (PSO). To study the accuracy of the data, five different 

classifiers are used – Random Forest, K-Nearest Neighborhood (KNN), Neural Network and 

Support Vector Machine (SVM). The comprehensive data analysis is done with the 

combination of these five classifiers over various datasets of each of the selected cancer type. 

After deep analyzing different combinations GOA outperformed for almost each dataset. 

The research work addresses the issue of dimensionality reduction and efforts towards 

improving accuracy. 
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Chapter 1 

Introduction 

 

1.1 Introduction to Microarray 

Microarray technology is one of the significant techniques that allow the diagnosis of various  

diseases, such as cancers by using gene expression data [4]. Genes are encoding regions that build 

basic forming block inside the cell and show the way to proteins, which are attaining a variety of  

functions.  

In recent years, scientists have tried to anatomize a large amount of microarray data for obtaining 

relevant information that can be used in cancer classification. To achieve this goal, one can use 

decision tree (Quinlan, 1996) [28], Support Vector Machine (SVM) [6], K-Nearest Neighbor (KNN) 

[11], Neural Networks, statistical methods such as multinomial linear regression [8] as well as various 

sophisticated machine learning and pattern recognition methods [9].  

The microarray dataset is structured in the form of an expression value matrix where each row         

represents a gene and each column represents distinct samples. Figure1 shows the microarray       

matrix g in which x, y is a numeric value representing the gene expression level of gene x in sample 

y. However, there exist some challenges for classification of gene expression data. The difficult 

challenge is the small number of samples in comparison with the massive number of features “genes” 

[19]. For such asymmetric dimension space, it is hard to use traditional classifiers directly. One way 

to address this situation is to use feature selection methods, which lower not only the redundancy but 

also the dimensionality of gene expression data [21].  
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Figure 1: Gene expression microarray 

1.2 Gene expression and tissue sample 

Gene expression is the process, in which gene’s data is used in the synthesis process of the functional 

gene product. This gene product is divided into two parts. One is proteins and the second is non-

protein coding genes like transfer RNA (tRNA) or small nuclear RNA (snRNA). All known life like 

eukaryotes (including multicellular organisms), prokaryotes (bacteria), and viruses use the gene 

expression procedure to produce macromolecular machinery for life. 

To identify, medical professionals recommend doing biopsy, which is the process of examining the 

extraction of the sample cells or tissues. This whole process is done by the pathologist using the tool 

called “microscope”. Basically, biopsies are performed for the cancerous and inflammatory 

conditions. Biopsies can be done for the bone, bone marrow, breast, gastrointestinal tract, lung, liver, 

prostate, nervous system, urogenital system. 

1.3 Classification Techniques 

In this study, we use different classification techniques to predict cancer. These include: 
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• Support Vector Machine (SVM) 

• K - nearest neighbor (KNN) 

• Naive Bayes (NB) 

• Neural Network (NN) 

• Random Forest (RF) 

Performances of these classifiers are compared using the following parameters: 

• Accuracy 

Accuracy (ACC) is calculated as the number of all true predictions (TP + TN) divided by the 

total number of data sets (P + N) i.e., the summation of all true predictions (TP +TN) and all true 

false predictions (FN + FP). The highest accuracy is 1.0, while the worst is 0.0. It can also be 

calculated by 1-ERR. 

                                                                     (1) 

• Sensitivity 

Sensitivity (SN) is calculated as the number of true positive predictions (TP) divided by the total 

number of positives (P). The highest sensitivity is 1.0, while the worst is 0.0. 

                                                                                                        (2) 

• Specificity 

Specificity is calculated as the number of true negative predictions (TN) divided by the total 

number of negatives (N). It is also referred to as the true negative rate (TNR). The highest 

specificity is 1.0, while the worst is 0.0. 

                                                                                                         (3) 

• Area Under the Curve (AUC) 
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AUC curve is a classification problem performance measurement at different threshold settings. 

ROC is a curve of probability and AUC is a degree or separability measure. AUC is used in the 

analysis of classification to determine which of the models used best predicts the classes. ROC 

curves are an example of its application. 

• PPV (Positive Predictive Value or Precision) 

PPV is calculated as the number of true positive predictions (TP) divided by the total number of 

positive predictions (TP + FP). The best precision or PPV value is 1.0, whereas the worst is 0.0. 

                                                                                                            (4) 

• NPV (Negative Predictive Value) 

NPV is calculated as the number of true negative predictions (TN) divided by the total number 

of negative predictions (TN + FN). The best NPV value is 1.0 and the worst is 0.0. 

                                                                                                           (5) 

• FNR (False Negative Ratio) 

The summation of true positive and false negative (TP + FN). It can also be calculated as  

1 – Sensitivity. 

• FPR (False Positive Ratio) 

The summation of true negative and false positive (TN + FP). The best false positive rate is 0.0 

while the worst is 1.0. It can also be calculated as 1 – Specificity. 

                                                                                                (6)                                                            

• Recall: is calculated as the number of true positive predictions (TP) divided by the total number 

of positives (P) i.e., the summation of true positive (TP) and false negative (FN). The highest 

recall value is 1.0, while the worst is 0.0. 
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                                                                                  (7) 

Depending on these performance parameters, the best classifier is selected. 

1.4 Optimization Techniques 

In our study, we use optimization techniques to optimize the data to achieve higher accuracy in 

classification. Optimization techniques used are: 

• Grasshopper Optimization Algorithm (GOA) 

• Particle Swarm Optimization (PSO) 

• Interval Valued Particle Swarm Optimization (IVPSO) 

Grasshopper optimization technique is a population-based optimization algorithm inspired by 

grasshoppers. While Interval Valued Particle Swarm Optimization is a kind of swarm optimization 

technique. Both have been discussed thoroughly in the chapter 4. 

1.5 Objectives of the thesis   

In this thesis we analyze four types of cancer data and their classification. Datasets of different types 

of cancer were taken from UCI repository which have collections of thousands of microarray datasets.  

In this research, we implemented three optimization algorithms namely Grasshopper Optimization 

(GOA), Particle Swarm Optimization (PSO) and Interval Valued Particle Swarm Optimization 

(IVPSO) in conjunction with different classifiers such as Support Vector Machine (SVM), Naive 

Bayes (NB), Random Forest, K-Nearest-Neighbor (KNN), and Neural Network and also 10-Fold 

cross validation is being used further in each classification method with different training-testing 

ratios to predict better accuracy for each dataset. The main objective is to find the best optimization 

technique among GOA, PSO and IVPSO in conjunction with the five classifiers to achieve the best 

accuracy and AUC values for the four cancer microarray datasets.  
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The selection of algorithm depends behavior of classification and optimization techniques. Among 

stochastic optimization approaches, nature-inspired, population-based algorithms are the most 

popular. Such techniques mimic natural problems-solving methods, often those used by creatures. 

Machine Learning (ML) is coming into its own, with a growing recognition that ML can play a key 

role in a wide range of critical applications, such as data mining, natural language processing, image 

recognition, and expert systems. 

Time and memory are also an important entity to determine the performance of any classification 

algorithm. Time complexity is a feature that describes how much time an algorithm takes to the 

algorithm in terms of the quantity of input. "Time" can mean the number of memory accesses 

performed, the number of integers compared, the number of times that some internal loop is 

performed, or some other natural unit related to the amount of real time that the algorithm takes. 

Space complexity is a feature that describes the amount of memory (space) that an algorithm requires 

to the algorithm in terms of the quantity of input. We often talk about the extra memory needed to 

store the input itself, not counting the memory needed. Sometimes spatial complexity is ignored 

because the space used is minimal and evident, but sometimes it becomes a problem as significant as 

time. 

The thesis is organized as follows: 

We present the literature review in Chapter 2. In Chapter 3, different datasets and classification 

methods are presented. Optimization algorithms will be discussed in Chapter 4. Chapter 5 will show 

tools and techniques. In Chapter 6 we discuss the results. Chapter 7 concludes and discussed future 

work. 
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Chapter 2 

Literature Review 

With the invention of the microarray technique, scientists and researchers have immense opportunity 

to evaluate the expression levels of thousands of genes concurrently in a single experiment. In Ghorai 

et al. [1], the Nonparallel Plane Proximal Classifier (NPPC) was proposed for cancer classification in 

a Computer Aided Diagnosis (CAD) framework to ensure high classification accuracy and to 

minimize the computation time. But Valvular heart disorders were one of the most challenging 

classification problems. Sengur et al. [2] used three powerful and popular ensemble learning 

representative called bagging, boosting, and random subspaces to early detect Valvular heart 

disorders. However, the classification time was minimized using methods, but the rate at which the 

accuracy was said to be attained remained unaddressed. In Costa et al. [3], three Generalized Mixture 

(GM) functions were applied via dynamic weights to improve the classification accuracy of the 

classification system. Though the service handles single label classification, multi-label classification 

problem was not addressed. 

Huda et al. [7] proposed a case study for brain tumor diagnosis using global optimization-based 

hybrid wrapper filter feature selection with ensemble classification methods.[4]. It increases the 

classification accuracy, but the classification time was not minimized. In an average, 40% of the 

world’s population is affected by cancer. A Proportion SVM was used by Hussein et al. [5] for 

efficient categorization of Lung Nodules, which results in the improved diagnosing accuracy. The 

proportion of SVM failed to minimize the error rate in disease categorization. Using Radial Basis 

Function Neural Network with Affine Transforms, which in turn achieved high classification 

accuracy and low mean square error. But the feature extraction performance was not improved. A 

review of feature selection and parallel classification systems was carried out by Jain et al. [7] to 
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enhance the classification accuracy for disease prediction, but classification time was not minimized. 

A Critical assessment of ANN was carried out in Dander et al. [8] which increases the efficacy and 

specificity of the diagnostic techniques, but it fails to minimize the computational complexity. Tumor 

tissue based on pathological evaluation is one of the most pivotal for early diagnosis in cancer 

patients. However, the automated image analysis methods have the potential to improve the accuracy 

of disease diagnosis and to minimize human errors. Khosravia et al. [9] proposed different 

computational methods using convolution neural networks (CNN), where a stand-alone pipeline was 

constructed expertly to classify several histopathology images across different types of cancer. But it 

fails to minimize the computation cost while classifying the various types of cancer. 

Sharma et al. [10] proposed a two-stage hybrid ensemble classification technique to increase the 

prediction accuracy of chronic kidney disease with the ML technique. It improves the disease 

diagnosis, but the multistage classification was not performed with minimum time. Early diagnoses 

of lung cancers and differentiation between the tumor types and non-tumor types have been required 

to improve the patient survival rate. In Hosseinzadeh et al. [11], a diagnostic system with structural 

and physicochemical attributes of proteins via feature extraction, feature selection, and prediction 

models was designed. Then, the ML models were applied to both original and newly created database 

*to predict the lung cancer type of tumors, which results in improved accuracy. However, the model 

reduces the processing time, but the false positive rate was not minimized. Evaluation of ML 

algorithm for lung cancer diagnosis was carried out by Podolsky et al. [12]. It accurately predicts 

cancer vulnerability as well as minimizes the false positive rate. But the classification time was not 

exploited, which can be helpful for early lung cancer detection.  

Rabbani et al proposed a narrative review based on radiometric features to help diagnose lung cancer 

in an early stage [13], where the ML algorithms were combined with artificial intelligence approches. 

A systematic review of mortalities and survival rate of lung cancer with evolutionary algorithms was 

conducted by Dubey et al. [15] to identify a better method for early lung cancer diagnosis and to 
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achieve higher accuracy rate with deep learning techniques. It does not minimize the error rate. Liu 

et al. [16] proposed a Multi-view Convolutional Neural Networks (MV-CNN) for efficient lung 

nodule classification, to improve the accuracy, and the classification time. Here, accurate detection 

was not performed with the features. Baz et al. [17] explored some critical challenges and 

methodologies with the CAD system for lung cancer. It increases the detection and diagnosis of lung 

nodules, but the proper feature selection was not performed to minimize the detection time.  

Deep feature fusion and hand-crafted features for lung nodule classification were developed by Wang 

et al. [18]. But classification performance was not accurate. CAD was introduced for enhancing the 

performance of nodule candidate classification by Chen et al. [19]. However, classification time was 

not minimized. To effectively classify the lung nodules, in-depth features were extracted in CT 

images with higher accuracy by Kumar et al. [20]. But the error rate remained unaddressed. Image-

based feature selection method was developed for classifying the lung cancer images with higher 

accuracy by Baranidharan et al. [21]. In this method, the novel fusion-based selection was used to 

select the features for classification. During the feature selection, the redundant features were not 

removed, thus introducing an error in the classification process. Data analysis of population statistics 

and data mining techniques were used in [22] to determining the cancer morbidity and mortality data 

in a regional cancer registry. However, the false positive rate was not minimized. Various aspects of 

large-scale knowledge mining were covered in [23] for medical and diseases examination. A new 

image-based features selection method was planned in [24] to categorize the lung computed 

tomography images with higher accuracy. 

Existing studies primarily adopt artificial neural networks (ANNs), decision tree analysis (DTA), 

Naïve Bayes (NB), Support Vector Machines (SVM), and so on. Due to the neural network has the 

advantage of capturing the correlations between attributes. Therefore, it has been widely utilized for 

breast cancer diagnosis (Lundin et al., 1999 [25]; Ravdin & Clark, 1992 [26]; Yao, 1999 [28]). Liu, 
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Wang, and Zhang (2009) [9] designed a decision tree prediction model for breast cancer survivability 

and adopted an under-sampling method to balance the training data, and the results have shown that 

when the ratio is equal to 15%, the AUC of the model is 0.7484. On top of the decision tree algorithm, 

Quinlan (1996) [27] introduced MDL-inspired penalty and designed an improved C4.5 decision tree 

algorithm for breast cancer prediction and attained the prediction accuracy of 94.74%. However, the 

performance of a single learning classification algorithm can't reflect the Interactive factors of the 

breast cancer survival and recurrence rate (Wang, Zheng, Yoon, & Ko, 2018) [31], Therefore, to 

overcome the drawbacks brought by single algorithm, various hybrid algorithms have been proposed. 

Akay (2009) [33] presents F-score method for feature selection and SVM for breast cancer prediction. 

On top of that, another hybrid algorithm presented by Chen et al. (2011) [35] designed a hybrid 

classifier with a rough set for feature selection and SVM for classification.  

Zheng, Yoon, and Lam (2014) [36] proposed K-means and SVM hybrid algorithm for breast cancer 

diagnosis, K-means method for breast tumor feature extraction and SVM for classification. In another 

study, Onan (2015) [37] designed a hybrid intelligent classification model for breast cancer diagnosis, 

which consists of fuzzy-rough approach for instance selection, consistency-based for feature selection 

and fuzzy-rough nearest neighbor algorithm for breast tumor classification.  

Also, Sheikhpour, Sarram, and Sheikhpour (2016) [39] proposed PSO and nonparametric kernel 

density estimation (KDE) based classifier to diagnose breast cancer. To summarize, their results 

showed that the proposed hybrid models had achieved high classification accuracy with fewer feature 

variables. Nevertheless, to the best of our knowledge, in medical diagnosis, comparing the cost of 

misclassifying a cancerous patient as a noncancerous to misclassifying a noncancerous patient as 

harmful, the consequences vary significantly. Therefore, this study constructs a hybrid intelligent 

classification model which has a competitive performance compared to other existing methods. The 

main advantage of our proposed classification model is that it can achieve not only the minimum 

misclassification cost but also obtain the maximum classification accuracy with fewer input feature. 
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Chapter 3 

Datasets and Methods 

3.1 Dataset Selection 

3.1.1. Leukemia dataset 

The leukemia dataset was taken from leukemia patient samples revealed by Golub et. al., (1999) [64]. 

This dataset frequently fills in as a benchmark for microarray examination techniques. It contains 

quality articulations relating to intense lymphoblast leukemia (ALL) and intense myeloid leukemia 

(AML) tests from bone marrow and fringe blood. The dataset comprised of 72 tests in which 49 tests 

of ALL and 23 tests of AML. Each sample is estimated more than 7,129 genes. A framework with 

7130 genes (7129 genes demonstrates the quality articulations while the last gene reports the relating 

test's class mark), and from all 72 samples tested and categorized as two types. 

1. Acute lymphoblast leukemia sample (ALL). 

2. Acute myeloid leukemia sample (AML). 

3.1.2 Lung Cancer Dataset 

Dataset was taken from UCI repository [67]. Hong and Young used this dataset to describe optimal 

classification even in large number of attributes compared to the number of samples. 

Class label is represented by attribute 1. In the dataset there are 56 attributes and number of samples 

is 32, and all data have integer attribute type.  

 3.1.3. Colon Cancer Dataset 

Colon cancer microarray data was downloaded from UCI repository [68]. In the dataset the file 

‘names’ contain the description of the 2000 genes. In file tissues there is an identity of 62 tissues. The 
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numbers compare the patients, where a positive sign attributes to an ordinary tissue, and a negative 

sign indicated a tumor tissue. 

The Colon Cancer Dataset was first in use in 1999 having 62 samples, including 20 normal samples 

and 40 tumor samples, collected from patients of colon-cancer.  

The matrix contains the expression of the 2000 genes with highest minimal intensity across the 62 

tissues. The genes are placed in order of descending minimal intensity. Each entry in I2000 is a gene 

intensity derived from the ~20 feature pairs that correspond to the gene on the chip 

The file ‘names’ contains the EST number and description of each of the 2000 genes, in an order that 

corresponds to the order in I2000. Note that some ESTs are repeated which means that they are tiled 

a number of times on the chip, with different choices of feature sequences.  

3.1.4 Breast cancer dataset 

We have collected this data from UCI repository for the Breast Cancer dataset [69]. 

Significant Information:  

Samples arrive periodically as Dr. Wolberg reports his clinical cases. Integer is taken attribute 

character type. In this dataset there are 699 instances; 2 were removed from the dataset. It also 

contains 11 attributes which are described below. 

1. Sample code number: id number 

2. Clump thickness: 1-10 

3. Uniformity of cell size: 1-10 

4. Uniformity of cell shape: 1-10 

5. Single epithelial cell size: 1-10 

6. Bare Nuclei: 1-10 

7. Bland Chromatin: 1-10 

8. Normal Nucleoli: 1-10 
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9. Mitoses: 1-10 

10. Class: (2 for benign, 4 for maligant) 

3.2 Classification methods  

Classification algorithms are supervised methods which means that the data is already labelled and 

they perform prediction of the classes by assigning a categorical label to the current class. The 

classification performance is measured in several parameters like Accuracy, Sensitivity, Specificity, 

Area Under the Curve (AUC), PPV (Positive Precision Value), NPV (Negative Precision Value), 

FNR (False Negative Ratio), FPR (False Positive Ratio). Graphical assessment ways area under the 

curve (AUC), precision and recall curves offer different interpretations of the classification 

performance. 

Training and testing data 

Dataset is divided into training and testing to train the model for better prediction of new data. 

Training data includes both expected output and input data. In training, algorithm learns how to apply 

different machine learning technologies and produce complex results, so that it can give more precise 

decision. It uses in various fields like natural language processing, sentiment analysis, etc. 

On other hand, testing data is used to examine how well your algorithm was trained and evaluate 

model features [69]. 

3.3 Classification Methods 

3.3.1 Support Vector Machine 

The goal of support vector machine is to search hyperplane in an N-dimensional space that uniquely 

classifies the data points. There are many possible hyperplanes that could be possible to separate two 

classes. Our main objective is to find optimal hyperplane that has maximum margin.  

Maximizing the margin distance offers some strengthening in order to be able to classify future 

information points with greater confidence [69]. 
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Figure 2: A hyperplane in different dimensional space [69] 

 

In this algorithm, each data item is plotted as a point in n-dimensional space (where n is the number 

of characteristics) with the value of each function being the value of a specific coordinate. It uses a 

nonlinear mapping to transform the training data into a higher dimension. In this new dinsion, a linear 

optimal separating hyperplane separates the data points into two classes. If the number of features of the 

input is 2, the hyperplane is only a line (Figure 2). If the amount of feature entered is 3, then a two-dimensional 

plane becomes the hyperplane. When the amount of feature exceeds 3, it becomes hard to imagine. 

Support vectors are information points nearer to the hyperplane and affect the hyperplane's position 

and orientation. We maximize the classifier's margin by using these support vectors. The removal of 

the support vectors will change the hyperplane's position. These are the points that help us to construct 

our SVM. 

Advantages of SVM classifier  

• SVMs are effective when the number of features is quite large. 

• It works effectively even if the number of features is greater than the number of samples. 
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• Non-Linear data can also be classified using customized hyperplanes built by using kernel 

trick. 

• It is a robust model to solve prediction problems since it maximizes margin. 

Disadvantages of SVM classifier 

• Support Vector Machine's greatest limitation is the kernel decision. The kernel's incorrect 

selection can lead to a rise in error percentage. 

• With a larger number of samples, poor performance begins [69]. 

• SVMs have excellent efficiency in generalization, but in the test stage they can be highly slow. 

• SVM have high algorithmic complexity and extensive memory requirement due to the use of 

quadratic programming. 

3.3.2 Random Forest 

Random forest algorithm is a supervised algorithm for classification. As the name suggests, with a 

amount of trees, this algorithm produces the forest. The more trees in the forest the more robust the 

forest appears. Similarly, the greater number of trees provides more precision in the random forest 

classification.  

Following steps shows the pseudo code of random forest [70]. 

1) Randomly select “k” features from total “m” features. 

Where k << m. 

2) Among the “k” features, calculate the node “d” using the best split point. 

3) Split the node into sibling nodes using the best split. 

4) Repeat 1 to 3 steps until “l” number of nodes has been reached. 

5) Build forest by repeating steps 1 to 4 for “n” number times to create “n” number of 

trees. 
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Algorithm starts with randomly selecting k number of features out of m features. In the next step we 

are using randomly selected k feature and find the root note by selecting best split approach [70]. 

We will be calculating sibling nodes using same approach. Until first 3 stages, with a root node we 

form a tree and having leaf node as a target. We repeat above 4 stages to create n random tree and 

this tree forms the random forest. 

Advantages of random forest 

• It overcomes the problem of overfitting by combining results of different decision trees. 

• If there is a large number of data missing in dataset, algorithm tries to get better accuracy. 

• There is no need of scaling in this algorithm, it is flexible and maintains high accuracy. 

• Instead of single decision tree it works well with large number of datasets.  

Disadvantages of random forest 

• High complexity and more computational resources are main disadvantages of the algorithm. 

• Prediction process is very time-consuming compared to other algorithms. 

• Construction of random forest is much harder than making decision tree.  

3.3.3 Neural Network  

The Artificial Neural Network (ANN) derives from human brain activity. The construction of the 

neural network involves three different layers with feed forward architecture. This is the most 

popular network architecture in use today. The input layer of this network is a set of input units, 

which accept the elements of input feature vectors [84]. 

Widely used for image processing and speech processing, neural network technique has gained 

enough attention in the field of data mining. The Neural Networks train the models by tuning the 

weights after several iterations and also tuning the biases so as to minimize the loss function of data. 

A neural framework, as a rule, incorporates a gigantic number of processors working in parallel and 

engineered in levels [58]. The chief dimension gets the unrefined information - undifferentiated from 
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optic nerves in human visual planning. Every dynamic dimension gets the yield from the dimension 

going before it, rather than from the rough information - likewise neurons further from the optic nerve 

get signals from those closer to it. The last dimension makes the yield of the system.  

Advantages of Neural Network 

• Neural networks are flexible and can be used for regression as well as classification. Any 

information that can be numerical value can be used in the model as a mathematical model 

with approximation function. 

• Once the neural network is trained, predictions are quite fast. 

• It works well with more data points. 

• Nonlinear information with a big amount of inputs are good for modeling neural network. For 

example, images. It works by splitting the problem of classification into a layered network of 

simple components. 

Disadvantages of neural network 

•  It is very time consuming and expensive for traditional processors. 

• Neural networks depend on training dataset, which leads to the problem of overfitting and 

generalization. 

• In neural network we don’t know about how independent variable affect the dependent 

variable. It is like a black box. 

3.3.4 K Nearest-Neighbor Algorithm 

KNN is a learning algorithm that is non-parametric and lazy. Non- parametric [85] implies that the 

fundamental distribution of information is not assumed. In other words, from the dataset, the model 

structure is determined. This will be very helpful where most mathematical theoretical assumption 

are not followed by the actual world dataset. 

Lazy algorithm implies that there is no need for model generation training information points. 
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K is the number of closest neighbors in KNN. The number of neighbors is the key factor that           

decides. K is usually an unusual number when the number of classes is 2. In Figure 3, 

if K=1, the algorithm is recognized as the nearest neighbour in algorithm.  

 

 

 

Figure 3: Determine K-nearest point (Avinash Navlani, August 2018) [85] 

Suppose P1 is the point that must be predicted for the label. First, discover the k closest to P1 and 

then classify their k neighbors by majority vote. Each object vote is taken as the prediction for their 

class and the class with the most votes defines the label of the class. 

Advantages of KNN 

• No Training Period: KNN is called Lazy Learner (Instance based learning). It does not learn 

anything in the training period. It does not derive any discriminative function from the training 

data. In other words, there is no training period for it. It stores the training dataset and learns 

from it only at the time of making real time predictions. This makes the KNN algorithm much 

faster than other algorithms that require training e.g. SVM, Linear Regression etc. 
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• Easy to implement: There are only two parameters required to implement KNN i.e. the value 

of K and the distance function (e.g. Euclidean or Manhattan etc). 

• Easy to add new data: since the KNN algorithm requires no training before making 

predictions, new data can be added seamlessly which will not impact the accuracy of the 

algorithm. 

Disadvantages of KNN: 

• Doesn't work well with high dimensions: It becomes difficult for algorithm to measure the 

distance in each dimension. 

• Doesn't function well with a big dataset: The cost of calculating distance between the 

recent point and each existing point is huge which reduces the performance of the algorithm. 

• Need feature scaling: Before implementing KNN algorithms to any dataset, we need to perf

orm feature standardization and normalization. KNN produces wrong prediction without first 

normalizing data.  

• Sensitive to noisy data: we need to add missing values and remove outliers. 

 3.3.5 Naive Bayes 

Naïve Bayes is a method of statistical classification based on the theorem of Bayes. It is one of the 

easiest learning algorithms that is monitored [86]. The Naïve Bayes classifier is the algorithm that is 

quick, precise and reliable. On big datasets Naïve Bayes classifiers have high precision and velocity. 

Naïve Bayes classifier assumes that independent, i.e. there is no dependence of relations between the 

attributes. This hypothesis reduces computation cost which is why it is deemed naïve. This hypothesis 

is called independence conditional class.  

 

P(h|D) = 
𝑃(𝐷|ℎ)𝑃(ℎ)

𝑃(𝐷)
                                                                                                         (8) 
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In equation (8), P(h) is the prior probability of hypothesis h being true, P(D) is the probability of data. 

P(h|D) is the posterior probability of hypothesis h given the data D. P(D|h) is the probability of data 

d if hypothesis h was true. Calculate the probability of class labels in prior. Find likelihood of each 

class with each attribute. Put this value in the formula of Bayes and calculate the posterior probability. 

See which class is more likely given that the input belongs to the greater class of probability. 

Advantages of Naïve Bayes 

• Naïve Bayes is easy to understand and interpret, it also useful to predict the class for test 

dataset. 

• It is effective for binary as well as multiclass prediction. 

• If input is numeric variable, then classifier performs well. 

Disadvantages of Naïve Bayes 

• The model will assign a 0 (zero) probability and will not be able to predict if the categorical 

variable has a category (in test information set) that was not present in the training data set. 

This sort of error is often referred to as "zero frequency." 

• Naïve Bayes classifier suffers from multicollinearity. 

• This classifier is feasible for few categories of variable. 
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Chapter 4 

Optimization Techniques 

4.1. Introduction to optimization techniques 

Optimization plays essential role in scientific research, management, and industry because numerous 

real-world problems can be primarily modeled as optimization tasks. “Traditional” mathematical 

programming methods (e.g., gradient-based methods) are no longer completely effective in solving 

complex optimization problems characterized by multi-modality, discontinuity, and noise. Different 

kinds of population-based optimization algorithms (POAs) have been emerging as promising 

alternatives in response to these challenges. 

In POAs, multiple individuals search the solution space cooperatively and globally with operators 

and mechanisms like mutation, crossover, selection, information sharing, and learning. Besides, 

randomness is usually embedded into one or more operators so that POAs possess the capability to 

escape local optimal points and better explore the search space. Compared with other optimization 

algorithms, the essential characteristics of POAs could be three-fold. First, it searches the solution 

space through multiple points (solutions or individuals) simultaneously. Second, they have 

mechanisms for information sharing and interactive learning between individuals with different 

search behaviors. Third, POAs are stochastic as randomness is usually incorporated into the search 

behaviors, including mutation, crossover, selection, and others. The workflow of a POA is shown in 

Figure 4. 
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Figure 4: The workflow of a POA 

 

4.2 Types of optimization techniques 

POAs could be roughly categorized into evolutionary algorithms (EAs) and swarm intelligence 

Algorithms (SIAs). Classical and popular EAs include Genetic Algorithm (GA) [35], Evolution 

Strategy (ES) [35], Evolution Programming (EP) [36] and Differential Evolution (DE) [37]. Besides, 

popular SIAs include Ant Colony Optimization (ACO) [38], Particle Swarm Optimization (PSO)[39], 
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Artificial Colony Bee (ABC) [40], Artificial Immune Systems (AIS) [41], Across Neighborhood 

Search (ANS) and several others. These POAs are well-known for their ability to solve optimization 

problems with multiple objectives and constraints that may not always be continuous and 

differentiable and may be characterized by chaotic disturbances, randomness, and complex non-linear 

dynamics. POAs being stochastic “Generate-and-Test” algorithms only need the objective and 

constraint function values and do not require information regarding their characteristics. Thus, POAs 

are particularly suitable for Black-box optimization. 

Numerous methods and strategies have been proposed to enhance the precision, time efficiency, and 

robustness of POAs. The ensemble strategy is one of the most promising approaches and has resulted 

in many efficient and versatile POA variants for unconstrained single objective numerical 

optimization, constrained optimization, multi-objective optimization, inching, etc. Motivations of 

using ensemble strategies in the design of POAs can be summarized as follows: 

First, the No Free Lunch (NFL) [89] Theorem states that theoretically there exists no algorithm which 

is superior to the other algorithms in solving all possible optimization problems. In practice, NFL 

theorem indicates that it is impossible to design an algorithm (e.g., population-based optimization 

algorithm) that is more effective than all other algorithms in solving different optimization problems 

with different characteristics. However, researchers are always devoted to developing versatile POAs 

that are suited to many kinds of optimization problems. Tailor an existing algorithm to meet their 

requirements. Furthermore, to select an efficient one from thousands of candidate algorithms is time-

consuming. This sounds a frustrating contradiction. Is it possible that there exists a Particle and useful 

algorithm that can deal with a set of optimization problems of different characteristics? Our answer 

is yes. This is because although the NFL tells that there is no algorithm being efficient for all possible 

optimization problems, in practice, the problems considered are always a subset of the all. Hence, it 

is quite possible to develop a POA that is efficient for this specific problem subset. How to design 

such a versatile POA is precisely a vital concern of the algorithm researchers. Ensemble strategy 
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provides a useful tool and paradigm to implement versatile POAs. In an ensemble POA, there are 

multiple search operators (e.g., mutation), parameters, constraint handling techniques or 

neighborhood structures, which generally have different characteristics and capabilities (e.g., 

exploration and exploitation) and therefore are suited to different types of optimization problems. As 

a result, a sophisticatedly designed ensemble POA with useful and distinguished ensemble 

components is potentially able to deal with different kinds of optimization problems. Note that, in 

this study, we call these constituent search operators, parameters, constraint handling techniques or 

neighborhood structures in one ensemble as components of the ensemble. 

Second, to improve the probability of finding the optimal solution for a hard optimization problem 

complex landscapes, it is better to use a different search (sampling) approaches. The same search 

approach may make the POA follow similar trajectories and be trapped in one of the local optima. 

Therefore, ensemble of multiple strategies could make POA particularly efficient for complicated 

optimization problems (e.g. composition functions of CEC 2014 single objective optimization 

benchmark) [43]. In addition, fixed strategies may not be most appropriate for the entire search 

process. Therefore, during the optimization process the search strategy needs to be updated to suit the 

search process as the search landscape changes during the population evolution towards the optimal 

global solution. Ensemble of multiple strategies with proper adaptation mechanism could enable a 

POA to have a higher probability to select the most appropriate strategy during the optimization 

process [44]. 

Moreover, the ensemble could also make search strategies of different capabilities support each other 

thus significantly strengthen the performance of a POA. For example, in an ensemble, exploration 

search strategies could find more unvisited promising areas which could be further refined with 

exploiting search strategies [45]. 

Third, given an optimization problem, the quality of the solution to the problem and convergence 

speed of an algorithm to the optimal solution highly depends on the parameter and search strategy 
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configuration of the optimization algorithm. Configuring the parameters and search strategies of a 

POA refers to finding the best combination of operators, parameter values and search strategies before 

or during the optimization process to maximize the performance of the algorithm on the given 

problem. Algorithmic configuration can be performed before or during the optimization process. 

When the algorithmic configuration is conducted before the optimization process; it is usually 

referred to as tuning the algorithm. On the other hand, when the algorithmic configuration is 

conducted during the optimization process, it is referred to as adapted operator, parameter, and 

strategy control. It should be noted that traditional algorithmic configuration is to search for a fixed 

combination of strategies, operators and parameter values. However, traditional algorithmic 

configuration methods based on trial and error are usually time-consuming inefficient and incapable 

of changing during evolution.  

Adapted control approaches dynamically adjust the operators, parameters, and strategies of POAs 

according to the optimization states and have attracted much attention recently [46]. The ensemble of 

a set of promising candidate parameters values and strategies can properly realize the adapted control 

of parameters, operators and strategies, thereby alleviating the burden of configuring and selecting 

parameters and strategies for POAs. 

The ensemble concept for a POA can be defined as a combination of different strategies, operators, 

parameter values and methods (with a single or parallel population) referred to as an ensemble can 

provide better results on a set of optimization problems compared to a single set of strategies, 

operators, parameter values, and methods. It should be noted that in machine learning, researchers 

use the concept of ensemble learning where multiple diverse models are combined to form an 

ensemble. For instance, the neural network ensemble is a successful learning paradigm where a 

collection of a finite number of neural networks trained for the same task are combined to achieve a 

better performance on the same task and has successful applications in diverse areas [47]. The basic 

idea of ensemble learning is based on the intuition that a group of ‘unstable and diverse’ learning 
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algorithms can be combined to obtain an overall better learning algorithm. The extension of the 

ensemble concept to stochastic population-based optimization aims to construct a “stable” 

optimization algorithm by an appropriate combination of “unstable and diverse” stochastic 

optimization algorithms. 

It should be noted that there are some other concepts related to the ensemble, including multi-strategy 

[48], multi-method [49], algorithm portfolios [50], hyper-heuristic [51], memetic algorithm [52] and 

hybrid algorithm [53]. In this survey, we take the concepts of multi-strategy and multi-method under 

the umbrella of the ensemble. This is because multi-strategy can be viewed as a special case of the 

low-level ensemble of algorithmic components, while multi-method can be viewed as special cases 

of high-level ensemble of different EA variants. In contrast, the term of the memetic algorithm (MA) 

was proposed by Moscato [54] as being a paradigm for integrating EAs with one or more refinement 

methods [55]. In population-based EAs (e.g., DE, PSO, and ABC) are taken as global search 

techniques while refinement methods (e.g., Nelder-Mead simplex search method, Hill Climber with 

Sidestep and trust-region derivative-free methods) play the role of local search [56]. In response to 

the challenge that the performance of an algorithm may vary significantly from problem to problem, 

algorithm portfolio attempts to find a less risky way to distribute the time among multiple different 

algorithms [57]. Hyper-heuristic is an approach which, when given a specific issue occasion or a class 

of examples, and a few low-level heuristics (or their segments), consequently creates a sufficient 

blend of the gave parts to successfully illuminate the given problem(s) [58]. Burke et al. classified 

hyper-heuristic into heuristic choice and heuristic are [59]. It can be perceived that hyper-heuristic 

aims to develop new search algorithms based on a pool of automatically low-level heuristics. The 

hybrid algorithm is a broader concept that may cover the other interrelated ones. Nevertheless, there 

is still a difference between ensemble algorithm and the hybrid algorithm. For example, a differential 

evolution algorithm with an ensemble of multiple mutation strategies is an ensemble algorithm while 

it would not be classified as a hybrid algorithm. On the other hand, a particle swarm optimizer 
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combined with a crossover operator is a traditional hybrid algorithm instead of an ensemble algorithm 

while simultaneous usage of multiple crossover strategies will make it a hybrid ensemble method. 

Ensemble POAs have attracted much attention and resulted in encouraging achievements during the 

last decade. Different ensemble strategies have been proposed for a low-level ensemble of algorithmic 

components including multiple search strategies, parameter values, etc. as well as high-level 

ensemble of multiple EA variants. Ensemble strategies have been incorporated into differential 

evolution (DE) [59], particle swarm optimization (PSO) [60], artificial bee colony (ABC) [61], 

biogeography-based optimization (BBO) [62] and so on. Also, ensemble strategies are widely applied 

to different optimization areas, such as bound constrained single-objective optimization [63], 

constrained optimization [64], multi-objective optimization [65], dynamic optimization 192 [66], 

multi-modal optimization [67]. 

4.2.1 Particle Swarm Optimization (PSO) 

Particle Swarm Optimization (PSO) was created in 1995 by authors Kennedy and Eberhart [83], 

affected by the conduct of social creatures in communities like bird and fish schooling or ant colonies. 

This technology emulates the connection of communication between creatures. The PSO algorithm 

is population-based algorithm oriented on the simulation of bird's social behavior within flock. In 

PSO, individuals are "flown" through hyperdimensional search space, referred to as particles. 

Changes in individuals' particle position within search space based on psychological tendency to 

evaluate individuals' success compare to another particle. 

A PSO algorithm maintains a particle swarm where each particle is a potential solution. A swarm is 

comparable to a population, while a particle is comparable to an individual. The particles are simply 

“flown” through a multidimensional search space, where each particle’s location is changes according 

to their own knowledge and neighbor knowledge. 
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In optimization and in integration with other current methods, particle swarm optimization has been 

implemented to various fields. This technique plays out the search for the optimum arrangement by 

methods for particles, whose directions are balanced by a stochastic and deterministic way. Each 

particle is affected by its ' pBest ' position and the ' gBest ' position of the swarm but continues to 

search for optimum solution. A particle i is denoted by its vector of location, xi and matrix of velocity, 

each iteration, each particle changes its place depending on the current velocity. 

The social contribution to particle velocity, with regard to the velocity equation, is proportional the 

distance between a particle and the best position achieved by the particle neighborhood. Vnew = 

updated velocity  

At every iteration (equation 9), each particle shifts its place depending on the current velocity. 

𝑣𝑖(𝑡 + 1) = 𝑣𝑖(𝑡) + 𝑐1𝑟1[𝑦𝑖(𝑡) − 𝑥𝑖(𝑡)] + 𝑐2𝑟2[𝑔𝑖(𝑡) −  𝑥𝑖(𝑡 + 1)]                                             (9) 

where the i is represented as index of particle, vi(t) is the velocity of particle i at time t, xi(t) is the 

position of particle at time t; c1 (social parameter) and c2 (cognitive parameter) are coefficients 

between 0 and 1. 

In equation 10, xi(t+1) denote the position of particle i in the next time step t in search space 

by adding a velocity, vi(t+1), to the present position, the particle location is changed. 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖𝑡 + 𝑣𝑖(𝑡 + 1 )                                                                                                                    (10)                                                                                                                                               

 

The personal best position associated with particle yi, is the best place that has been visited by the   

particle since the first iteration. In view of minimizing problems, the personal best position is  

calculated as the next iteration, t + 1 (equation 11, 12). 

𝑦𝑖(𝑡 + 1) = 𝑦𝑖(𝑡)               If 𝑓(𝑥𝑖(𝑡 + 1)) ≥ 𝑓(𝑦𝑖(𝑡))                                                                  (11) 

𝑦𝑖(𝑡 + 1) = 𝑥𝑖(𝑡 + 1)        If 𝑓(𝑥𝑖(𝑡 + 1)) < 𝑓(𝑦𝑖(𝑡))                                                                  (12) 

In figure 5 shows the graphical representation of pBest to calculate the next iteration. 
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Figure 5: graphical presentation of finding the pBest 

Algorithm 1 shows the pseudo code for PSO. I have taken this pseudo code from [107]. 

For each particle 

      Initialize particle 

End 

Do 

       For each particle 

        Calculate fitness value 

        If the fitness value is better that the best fitness value(pbest) in history 

        Set current value as the new pBest 

End 

 Choose the particle with the best fitness value of all the particles as the gBest 

 For each particle  

       Calculate particle velocity according equation (9) 

       Update particle position according equation (10) 

end 
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4.2.2 Interval Value Based Particle Swarm Optimization (IVPSO) 

The particle swarm optimization is a computational method which optimizes a problem by 

continuously trying to enhance a candidate solution with regard to a given measure of quality. In 

every iteration process, each candidate solution is calculated by the objective function being 

optimized, deciding the fitness of that solution. Every particle preserves its position, composed of the 

candidate solution and its evaluated fitness, and its velocity. 

Algorithm IVPSO 

1. Initialize N number of swarm particles with  

xi position and vi velocity of each particle. Let pBest be the best position 

of particle i and gbest as the best known position in the swarm. 

2. Particle’s initial position is xi. 

3. Take i=1, 2,…..,N for each particle 

4. For every particle calculate fitness value. 

5. If fitness value is better than the best fitness value (pBest) 

6. Position the new pBest as current value. 

7. Until a criterion of termination has been met. 

8. Among all the particle select the best fitness value as gBest 

9. For each particle calculate particle velocity, 

vi(t+1) = w*vi(t)+ 𝑐1𝑟1 [(t)−xi(t)] + 𝑐2𝑟2 [g(t)−xi(t)]  

where the i is represented as index of particle, vi(t) is the velocity of particle i at time t, at 

time t position of particle is xi(t), x, c1, c2 are coefficients. 

10. Update particle position xi(t+1) = xi(t)+vi(t+1). 
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Until some stopping conditions are fulfilled. 

4.2.3 Grasshopper Optimization algorithm (GOA) 

Grasshopper Optimization Algorithm is a recent nature-inspired algorithm that mimics the swarming 

behavior of grasshoppers in nature (Saremi, Mirjalili & Lewis, 2017) [91]. The original version of 

GOA was designed for solving continuous optimization problems (Saremi et al., 2017) [90]. 

However, many optimization problems have discrete decision variables and search space. In this 

paper, new binary versions of GOA are proposed and designed to solve the FS problem. In the first 

two approaches, two transfer functions that belong to two families (i.e., S-shaped and V-shaped) are 

used to convert the continuous solutions in GOA to binary ones.  

Characteristic of GOA: 

Grasshoppers are insects that are considered as plant-eaters. Grasshoppers are usually seen 

individually in nature; however, when they join in one swarm, which may consist of millions of 

grasshoppers, they become a severe pest; due to their damage to crops, pasture and grain (Simpson, 

McCaffery & Haegele, 1999) [87]. The life cycle of a grasshopper consists of three stages; egg, 

nymph, and adult. The grasshopper can be found in the swarm in nymph or adulthood life phases 

(Rogers, Matheson, Despland, Dodgson, Burrows & Simpson, 2003) [89]. The swarm in the nymph 

phase is characterized by slow movement with small steps by the grasshoppers. By contrast, the 

swarm in the adult phase is characterized by sudden and long-distance moves. Seeking food sources 

is a critical characteristic of the swarming grasshoppers.  

Exploration and exploitation are the two main phases in the nature-inspired algorithms that aim to 

improve the convergence speed and local optima avoidance in the algorithm when searching for a 

target. In the exploitation process, the search agents tend to move locally in the search space. In 

contrast, they are encouraged to move abruptly during the exploration process. Grasshoppers perform 
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these two processes as well as naturally seeking the target (food source). Equation (6) presents the 

simulation of the swarming behavior of grasshoppers (Saremi et al., 2017) [91].  

Xi = r1 *Si + r2 *Gi + r 3*Ai                                                                                                                   (13) 

where Xi defines the position of the ith grasshopper, Si is the social interaction defined in Equation 

(13). Ai shows the wind advection Equation (14), and r1, r2, and r3 are random numbers in the interval 

[0,1]. 

             

𝑠𝑖 = ∑ 𝑠𝑁
𝑗=1
𝑗≠𝑖

(ⅆ𝑖𝑗)ⅆ̂𝑖𝑗                                                                                                                     (14)                                                                                                                                     

 

where dij is the Euclidean distance between the ith and the jth grasshopper that is calculated as  

dij = |xj – xi|, dij is a unit vector from the ith grasshopper to the jth grasshopper, s is defined as the 

strength of social forces calculated as in Equation (15).  

𝑠(𝑟) = 𝑓ⅇ
−𝑟

𝑙 − ⅇ𝑟                                                                                                        (15)  

 
Where f indicates the intensity of attraction, and l is the attractive length scale. More details about the 

impact of these two parameters (i.e., attraction and repulsion) on the social behaviors of artificial 

grasshoppers can be found in the original GOA paper (Saremi et al., 2017) [91]. The authors presented 

extensive experiments to study the behavior of the grasshoppers with different values of l and f, and 

they found that the repulsion occurs between any two grasshoppers if the distance between them is in 

the interval [81]. Gi is the gravity force on the ith grasshopper in Equation (16). 

𝐺𝑖 = −𝑔ⅇ̂𝑔                                                                                                                                 (16) 

 

Where g is the gravitational constant and ⅇ̂𝑔 shows a unity vector towards the center of the earth. 

  
𝐴𝑖 = 𝑢ⅇ̂𝑤                                                                                                                                       (17) 
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Where u is a constant drift and ⅇ̂𝑤 is a unit vector in the direction of the wind. Nymph grasshoppers 

have no wings, so their movements are highly correlated with wind direction. Equation (18) presents 

how to determine the new position of the ith grasshopper based on its current position, the position of 

all other grasshoppers, and the position of the target (food source).  

                                                                          (18) 

 

Where ubd is the upper bound in the Dth dimension, lbd is the lower bound in the Dth dimension, 

𝑠(𝑟) = 𝑓ⅇ
−𝑟

𝑙 − ⅇ𝑟; �̂�𝑑 is the value of the Dth dimension in the target (best solution found so far), 

and c is a decreasing coefficient to shrink the comfort zone, attraction region and repulsion region. 

Note that S is like the S component in Equation (15). However, the gravity component G has not been 

considered, and the wind direction A has been assumed towards the target �̂�𝑑. In Equation. (18), the 

adaptive parameter c has been used twice to simulate the deceleration of grasshoppers approaching 

the source of food and eventually consuming it. The outer c1 is used to reduce the search coverage 

toward the target grasshopper as the iteration count increases, while the inner c2 has been used to 

reduce the effect of the attraction and repulsion forces between grasshoppers proportionally to the 

number of iterations. 

The mathematical formulations of GOA are capable of efficiently exploiting and exploring the search 

space. However, it still needs a mechanism for tuning the exploration and exploitation degree during 

the search process. In nature, the nymph grasshoppers have no wings, so they locally search for foods 

by moving in the surrounding area. However, adult grasshoppers fly freely in the air and explore a 

much larger scale region. In population-based optimization techniques, however, exploring the search 

space comes first; due to the need for finding promising areas. Later, the exploitation process is 

applied to locally intensify the search for finding better solutions that lead to the global optimum. For 

controlling the degree of exploratory and exploitative behaviors in GOA, the parameter c should be 
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decreased proportionally to the number of executed iterations. This mechanism increases the degree 

of exploitation as the iteration count increases. It reduces the comfort zone proportionally to the 

number of iterations as well. Parameter c is calculated as in equation (19).  

𝑐 = 𝑐𝑚𝑎𝑥 − 𝑙 
𝑐𝑚𝑎𝑥−𝑐𝑚𝑖𝑛

L
                                                                                                         (19)  

Where cMax is the maximum value of parameter c, cMin is the minimum value of parameter c, l is 

the current iteration number, and L is the maximum number of iterations.  

The pseudo code given in Algorithm 1 is taken from [91] and used in this research. In algorithm 1, at 

the beginning of the search process, GOA creates a set of random initial solutions (grasshoppers) and 

calculates the fitness for each of them. The grasshoppers update their positions based on Equation 

(18). In each iteration, the position of the best grasshopper (target) that is obtained so far is updated. 

Furthermore, in each iteration, the parameter c is calculated using Equation. (19) and the distances 

between grasshoppers are normalized between 1 and 4. Updating the position of grasshoppers is 

performed iteratively until the stopping criterion is satisfied. Finally, the best grasshopper (target) is 

returned which represents the best approximation for the global optimum. I have taken pseudo code 

from [91].  

Algorithm 2: Pseudo code of the GOA algorithm. Initialize cmax, cmin and Max_Iterations Initialize 

a population of solutions Xi (i = 1, 2, . . . , n) Evaluate each solution in the population 

Set T as the best solution 

          while t <Max_Iterations do  

                              Update c using Equation. 8 for each solution do  

                              Update the location of the current solution using Equation. 6  

                              Bring the current grasshopper back if it goes outside the boundaries 

         Update T if there is a better solution in population t=t+1. 

Return T  
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Chapter 5 

Tools and Techniques 

5.1 Tool 

We have used Microsoft excel for the storage of the dataset. For the analysis and implementation of 

algorithms, we have used MATLAB 2016.  

Microsoft Excel 

Microsoft Excel is a spreadsheet for Windows, macOS, Android and iOS developed by Microsoft. It 

functions calculation, graphing instruments, pivot tables, and a Visual Basic for Applications micro 

programming language. For these systems, particularly since release 5 in 1993, it has been a very 

commonly implemented spreadsheet and has substituted Lotus 1-2-3 as the sector norm for 

spreadsheets. Excel is component of the computer package of Microsoft Office.  

Microsoft Excel has the fundamental characteristics of all spreadsheets to arrange information 

manipulations such as arithmetic operations using a matrix of cells organized in ordered lines and 

letter-named columns. To meet statistical, manufacturing and economic requirements, it has a battery 

of provided features. It can also show information as row graphs, histograms and charts with a very 

restricted 3D graphical display. It enables information sectioning to display its dependencies for 

distinct views on distinct variables (using pivot tables and situation manager). It has a programming 

element, Visual Basic for Applications, which enables the customer to use a broad range of numerical 

methods. 
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MATLAB 

MATLAB is a high-performance computing framework. It integrates computation, visualization, and 

programming in a user-friendly setting where recognizable mathematical notation expresses issues 

and answers. Typical applications include:  

• Math and computing production 

• Algorithm modeling,  

• Modeling and prototyping  

• Data assessment,  

• Exploring and visualization Scientific and manufacturing design  

• Design of applications including graphical user interface construction. 

MATLAB is an intuitive framework whose fundamental information component is a cluster that does 

not require dimensioning. This enables you to tackle numerous specialized processing issues, 

particularly those with grid and vector definitions, in a small amount of the time it would take to 

compose a program in a scalar noninteractive language, for example, C or Fortran.  

The name MATLAB represents lattice lab. MATLAB was initially composed to give simple access 

to framework programming created by the LINPACK and EISPACK ventures, which together speak 

to the cutting edge in programming for network calculation.  

MATLAB has advanced over a time of years with contribution from numerous clients. In college 

conditions, it is the standard instructional device for early on and propelled courses in arithmetic, 

designing, and science. In industry, MATLAB is the instrument of decision for high-profitability 

research, advancement, and examination.  

MATLAB highlights a group of use explicit arrangements called tool compartments. Important to 

most clients of MATLAB, tool stash enable you to learn and apply innovation. Tool kits are 

exhaustive accumulations of MATLAB  
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capacities (M-documents) that stretch out the MATLAB condition to take care of specific classes of 

issues. Zones in which tool stash are accessible incorporate sign handling, control frameworks, neural 

systems, fluffy rationale, wavelets, recreation, and numerous others. 

In each part, the results differed.  

5.2 10- fold cross validation 

Cross-validation is a method for frequent holdout to improve. Cross-validation is a comprehensive 

method to do continuous holdout that effectively enhances it by decreasing the estimation variance. 

We take a training set and a classifier is created. Then we're looking to assess that classifier's 

efficiency, and there's a certain level of variance in that assessment because it's all underneath the 

statistics. We want to maintain the difference as small as feasible in the assessment. Cross-validation 

is a method to reduce the variance, and it is further reduced by a cross-validation version called 

"stratified cross-validation."  

We split it only once with cross-validation, but we split dataset into 10 parts. Then we bring 9 of the 

parts and use them to train, and we use the last item to test. Then we bring another 9 parts with the 

same separation and use them for practice and experimentation with the hold-out item. We do the 

whole process 10 occasions, each moment we use a distinct section to test. In other cases, we split 

the dataset into 10 parts, and then we keep each piece in turn for monitoring, training on the 

remainder, monitoring, and averaging the 10 outcomes. That would be a "cross-validation of 10 

times.”   

Divide the dataset into 10 components, keep each portion in turn, and evaluate the outcomes. 

Therefore, each data point in the dataset is used for testing once and for training nine times. That's a 

cross-validation of 10 times. By standard, Weka does stratify cross-validation. Weka invokes the 

learning algorithm 11 occasions with 10-fold cross-validation, once for each cross-validation unit, 

and then a third moment for the whole dataset. 
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5.3 Hybrid Approach 

This thesis proposes an approach for prediction in microarray cancer data. The proposed methodology 

includes optimization algorithm with different classifiers. Interval value-based particle swarm 

optimization (IVPSO) uses different classifiers to evaluate precise prediction on various datasets. In 

proposed methodology firstly IVPSO combine the results of local search problem and extracted 

information from data is encoded in different classifiers with optimal parameters by attempting each 

combination of parameter for better accuracy. 

In GOA approach evaluating best fitness function for each grasshopper and update the new position 

for it with respect to global optimal and particle’s best position in given search problem. Obtained 

results of fitness function used in different classifier with appropriate parameters for better prediction 

on each dataset.  

Third proposed algorithm is PSO in which particles affected by best position in swarm of particle 

whose velocity and weight of each iteration, in each iteration particle shifts depending on the current 

velocity. Different classifiers with best combination of parameters used for computing better accuracy 

in classification prediction. Accuracy of all experimental result computed by averaging resultant 

accuracies from all 10-folds. The results mentioned in discussion section shows the effectiveness of 

hybrid model. 

5.4 Ratio Comparison 

Comparison of ratio is the ratio taken using cross validation.  

In our research, we have used ratios as follows: 

1. 90:10 where 90% is training set and 10% is testing  

2. 80:20 where 80% is training set and 20% is testing  

3. 70:30. where 70% is training set and 30% is testing  

4. 60:40. where 60% is training set and 40% is testing. 
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Chapter 6 

Results and Discussion 

6.1 Process and experiment 

Various experiments are done on the available datasets to attain high classification accuracy. The 

performance was evaluated based on five different classifiers: Random Forest, Neural Network, KNN 

and SVM. The training-testing ratios are 90:10, 80:20, 70:030 and 60:40. 

6.2 Results on Leukemia Dataset  

The proposed model is tested on the dataset of Leukemia. The dataset is directly downloaded from 

UPI repository. For detailed analysis, different training-testing ratios are considered over the entire 

range and based on algorithms applied over them, results are concluded. Table 1 shows the parameters 

like accuracy, sensitivity, specificity, precision, recall, AUC, positive predictive value, negative 

predictive value, false negative rate and false positive rate. The comparison ratio is derived from the 

cross validation as per the Leukemia results for the training test ratios. We use IVPSO, GOA and 

PSO algorithms with the five classifiers to compare with the different parameters for the ratio 

comparison. 

 

Table 1: Leukemia results for training-testing ratio 90:10 

 ACCURACY Sensitivity Specificity ROC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (90-10) 

KNN 59.72% 0.5 0.6 0.485 0.55556 0.54545 0.5 0.44444 0.52632 64.5 

Naïve Bayes 6923% 0.7 0.2 0.3 0.46667 0.4 0.3 0.53333 0.56 31 

SVM 62.5% 0.8 0.4 0.43 0.57143 0.66667 0.2 0.42857 0.66667 39 

Random forest 51.38% 0.6 0.7 0.605 0.66667 0.63636 0.4 0.33333 0.63158 59.5 

NN 57.95% 0.68434 0.47475 0.53502 0.56576 0.60064 0.31566 0.43424 0.61943 -1.0045 

GOA Training-Testing (90-10) 

KNN 63.88% 0.5 0.5 0.435 0.5 0.5 0.5 0.5 0.5 63 
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Naïve Bayes 76.92% 0.5 0.8 0.59 0.71429 0.61538 0.5 0.28571 0.58824 77 

SVM 62.5% 0.8 0.4 0.435 0.57143 0.66667 0.2 0.42857 0.66667 31.5 

Random forest 58.33% 0.6 0.8 0.68 0.75 0.66667 0.4 0.25 0.66667 55.5 

NN 50.88% 0.54419 0.47348 0.47711 0.50825 0.50951 0.45581 0.49175 0.52561 -1.0122 

PSO Training-Testing (90-10) 

KNN 81.56% 0.5 0.5 0.453 0.5564 0.54463 0.5 0.4445 0.5677 64 

Naïve Bayes 89.48% 0.6 0.6 0.43 0.48556 0.5966 0.4 0.3455 0.5744 65 

SVM 87.06% 0.7 0.3 0.446 0.56443 0.6677 0.2 0.43556 0.6655 35 

Random forest 56.73% 0.6 0.6 0.639 0.64337 0.6767 0.4 0.3555 0.63445 57 

NN 55.34% 0.65447 0.46553 0.52667 0.52334 0.57446 0.35466 0.43356 0.57446 -1.0443 

 

In Table 2, For the training-testing ratio 80:20, highest accuracy is 97.38% in PSO optimization 

technique with SVM classifier. Highest PPV is in Naïve Bayes classifier is 0.69231. SVM and 

Random Forest shows highest sensitivity which is 0.7 in GOA and IVPSO technique respectively. 

Naïve Bayes algorithm have lowest False Negative results compare to other classifier. 

Table 2: Leukemia results for Training-Testing ratio 80:20 

 ACCURACY Sensitivity Specificity ROC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (80-20) 

KNN 55.55% 0.6 0.6 0.65 0.6 0.6 0.4 0.4 0.6 51 

Naïve Bayes 61.53% 0.9 0.6 0.735 0.69231 0.85714 0.1 0.30769 0.78261 31.5 

SVM 61.11% 0.3 0.6 0.26 0.42857 0.46154 0.7 0.57143 0.35294 62.5 

Random forest 66.66% 0.6 0.7 0.665 0.66667 0.63636 0.4 0.33333 0.63158 51.5 

NN 53.72% 0.61237 0.46212 0.48894 0.53238 0.54383 0.38763 0.46762 0.56958 1.039 

GOA Training-Testing (80-20) 

KNN 63.88% 0.6 0.5 0.465 0.54545 0.55556 0.4 0.45455 0.57143 49.5 

Naïve Bayes 76.92% 0.6 0.6 0.48 0.6 0.6 0.4 0.4 0.6 46 

SVM 63.88% 0.6 0.7 0.56 0.66667 0.63636 0.4 0.33333 0.63158 64 

Random forest 52.77% 0.7 0.6 0.65 0.63636 0.66667 0.3 0.36364 0.66667 53.5 

NN 55.80% 0.61995 0.49621 0.51889 0.55169 0.56628 0.38005 0.44831 0.58383 0.947 

PSO Training-Testing (80-20) 

KNN 97.22% 0.6 0.5 0.533 0.57 0.4557 0.4 0.4077 0.58663 49 

Naïve Bayes 81.01% 0.9 0.5 0.64877 0.65 0.75446 0.3 0.3577 0.75449 45 

SVM 97.38% 0.4 0.5 0.4566 0.45366 0.54336 0.5 0.4355 0.45779 63.5 

Random forest 60.45% 0.6 0.6 0.65 0.65788 0.65443 0.4 0.35667 0.63441 52 

NN 55.43% 0.61445 0.47563 0.49667 0.54223 0.55467 0.38445 0.45339 0.56448 0.975 
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In Table 3, For the leukemia results SVM classifier outperformed among all classifier in each 

optimization techniques. In GOA, SVM classifier gives highest accuracy is 97.593%, it also gives 

highest sensitivity which is 0.9. False negative ration is very low in SVM with value 0.1 which   shows 

that classifier is more accurate. For Random Forest in GOA technique False positive ratio is also 

lower with 0.125 and sensitivity is higher which is 0.9. 

Table 3: Leukemia results for training-testing ratio 70:30 

 ACCURACY Sensitivity Specificity 
      

AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (70-30) 

KNN 55.55% 0.55556 0.5 0.4 0.365 0.45455 0.44444 0.5 0.54545 47.619 

Naïve Bayes 76.92% 0.8 0.4 0.45 0.57143 0.66667 0.2 0.42857 0.66667 34.5 

SVM 97.50% 0.7 0.5 0.545 0.58333 0.625 0.3 0.41667 0.63636 41.5 

Random forest 55.55% 0.5 0.8 0.62 0.71429 0.61538 0.5 0.28571 0.58824 78.5 

NN 54.29% 0.58586 0.5 0.49857 0.53953 0.54696 0.41414 0.46047 0.56174 0.94213 

GOA Training-Testing (70-30) 

KNN 63.88% 0.4 0.5 0.36 0.44444 0.45455 0.6 0.55556 0.42105 56.5 

Naïve Bayes 69.23% 0.5 0.7 0.54 0.625 0.58333 0.5 0.375 0.55556 63 

SVM 97.53% 0.9 0.5 0.63 0.64286 0.83333 0.1 0.35714 0.75 32.5 

Random forest 51.38% 0.7 0.9 0.76 0.875 0.75 0.3 0.125 0.77778 51 

NN 56.12% 0.62247 0.5 0.50817 0.55456 0.56978 0.37753 0.44544 0.58656 0.94243 

PSO Training-Testing (70-30) 

KNN 56.74% 0.5447 0.5 0.39 0.4456 0.45454 0.5543 0.5443 0.45663 54 

Naïve Bayes 72.49% 0.6 0.7 0.42 0.58664 0.6554 0.4 0.39554 0.57884 40 

SVM 96.34% 0.8 0.5 0.6 0.63556 0.7554 0.3 0.39554 0.65774 35 

Random forest 53.75% 0.6 0.85 0.75 0.85445 0.70554 0.4 0.25334 0.64557 75 

NN 55.39% 0.58664 0.5 0.50445 0.54663 0.54337 0.3557 0.45566 0.57884 0.94556 
 

In Table 4, For the training-testing ratio 60:40, GOA gives more accurate result for Naïve Bayes 

classifier. While IVPSO gives more accurate result in the classifier of SVM which is 99.28%. By 

comparing all the classifier, IVPSO gives more precise output than others. Lowest FNR is 0.2 in 

Naïve Bayes classifier with IVPSO which shows more accurate prediction of results in classifier. In 

GOA, Random Forest gives “1” sensitivity and highest AUC which is 0.7. 
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Table 4: Leukemia Results for training-testing ratio 60:40 

 ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (60-40) 

KNN 58.33% 0.8 0.3 0.345 0.53333 0.6 0.2 0.46667 0.64 34.5 

Naïve Bayes 46.15% 0.5 0.6 0.495 0.55556 0.54545 0.5 0.44444 0.52632 65 

SVM 99.28% 0.5 0.7 0.505 0.625 0.58333 0.5 0.375 0.55556 64.5 

Random forest 54.16% 0.6 0.6 0.505 0.6 0.6 0.4 0.4 0.6 55.5 

NN 54.86% 0.59596 0.50126 0.50285 0.54441 0.5537 0.40404 0.45559 0.56902 -0.93684 

GOA Training-Testing (60-40) 

KNN 56.94% 0.6 0.4 0.38 0.5 0.5 0.4 0.5 0.54545 42.5 

Naïve Bayes 69.23% 0.4 0.9 0.53 0.8 0.6 0.6 0.2 0.53333 72.5 

SVM 98.00% 0.6 0.6 0.48 0.6 0.6 0.4 0.4 0.6 61 

Random forest 58.33% 1 0.6 0.7 0.71429 1 0 0.28571 0.83333 46.5 

NN 47.79% 0.48232 0.47348 0.42523 0.4781 0.47771 0.51768 0.5219 0.4802 1.0123 

PSO Training-Testing (60-40) 

KNN 57.67% 0.65 0.4 0.35 0.52 0.6 0.3 0.4666 0.59664 37.3 

Naïve Bayes 53.86% 0.47 0.8 0.52 0.675 0.5664 0.5 0.35554 0.5223 70.6 

SVM 99.17% 0.68 0.65 0.49 0.6 0.5433 0.4 0.455 0.57885 65 

Random forest 56.49% 0.7 0.5 0.6 0.6547 0.65 0.3 0.4332 0.7544 48.3 

NN 52.37% 0.54734 0.49753 0.47 0.5233 0.8 0.4335 0.47665 0.5344 -1.0123 

 
 

6.3 Results on Lung Cancer Dataset  

For three different algorithms, the lung cancer data is evaluated. The dataset is directly taken from 

UPI repository. Analysis is done based on parameters like accuracy, sensitivity, specificity, precision, 

recall, area under the AUC curve, positive predictive value, negative predictive value, false negative 

rate and false positive rate. In Table 5 the IVPSO has given more accurate data than the PSO and 

GOA in the classifier KNN which is 0.75. For the Naive Bayes classifier, IVPSO is again better than 

other techniques. While GOA has given more accurate data in the SVM, random forest and NN 

classifiers which is 0.99577, 0.6875 and 0.61976 respectively. By comparing all these results, we can 

say GOA is more accurate and precise than other classifier. 
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Table 5: Lung cancer for 90:10 training-testing ratio

 ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (90-10) 

KNN 75% 0.6 0.6 0.605 0.6 0.6 0.4 0.4 0.6 60.5 

Naïve Bayes 83.33% 0.6 0.8 0.6 0.75 0.66667 0.4 0.25 0.66667 49 

SVM 99.16% 1 0.6 0.71 0.71429 1 0 0.28571 0.83333 38.5 

Random Forest 53.12% 0.7 0.4 0.34 0.53846 0.57143 0.3 0.46154 0.6087 51 

NN 59.88% 0.475 0.71264 0.49571 0.60317 0.59615 0.525 0.39683 0.53147 2.0229 

GOA Training-Testing (90-10) 

KNN 60.71% 0.4 0.4 0.205 0.4 0.4 0.6 0.6 0.4 51.5 

Naïve Bayes 33.33% 0.7 0.6 0.6 0.63636 0.66667 0.3 0.36364 0.66667 55.5 

SVM 99.57% 0.6 0.6 0.485 0.6 0.6 0.4 0.4 0.6 53 

Random Forest 68.75% 0.7 0.4 0.315 0.53846 0.57143 0.3 0.46154 0.6087 42.5 

NN 61.97% 0.51875 0.71264 0.55159 0.62406 0.61692 0.48125 0.37594 0.56655 2 

PSO Training-Testing (90-10) 

KNN 72.33% 0.5 0.6 0.4065 0.5 0.6 0.5 0.4 0.45 57.5 

Naïve Bayes 55.67% 0.6 0.7 0.6 0.7348 0.6677 0.4 0.34968 0.6677 53 

SVM 99.01% 0.8 0.6 0.5664 0.5342 0.7 0.3 0.354 0.7459 45 

Random Forest 55.39% 0.7 0.4 0.3255 0.58343 0.57231 0.3 0.4596 0.6056 47 

NN 60.77% 0.4865 0.7123 0.53446 0.61452 0.58463 0.5134 0.37465 0.5456 1.9945 

 

In Table 6, For the lung cancer, 80:20 training-testing ratio, highest accuracy is 93.49% in SVM 

classifier in GOA. In Table 6 Random Forest shows fewer number of false predictive values 

compared to other classifiers. Highest sensitivity in Naïve Bayes classifier is 0.8 in IVPSO technique. 

In Table 6, Naïve Bayes with GOA technique gives “0” False positive result with sensitivity of "1" 

and Positive Predictive value “1”. 

 

Table 6: Lung cancer data for 80:20 training-testing ratio 

 ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (80-20) 

KNN 64.28% 0.4 0.7 0.435 0.57143 0.53846 0.6 0.42857 0.47059 72 

Naïve Bayes 66.66% 0.8 0.5 0.535 0.61538 0.71429 0.2 0.38462 0.69565 40 

SVM 93.42% 0.6 0.7 0.57 0.66667 0.63636 0.4 0.33333 0.63158 61.5 

Random Forest 53.12% 0.7 0.7 0.7 0.7 0.7 0.3 0.3 0.7 44.5 
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NN 60.03% 0.47813 0.71264 0.51172 0.60474 0.59759 0.52187 0.39526 0.53403 2.0057 

GOA Training-Testing (80-20) 

KNN 75% 0.7 0.3 0.29 0.5 0.5 0.3 0.5 0.58333 32.5 

Naïve Bayes 50% 0.4 1 0.54 1 0.625 0.6 0 0.57143 67.5 

SVM 93.49% 0.3 0.7 0.4 0.5 0.5 0.7 0.5 0.375 68 

Random Forest 71.87% 0.5 0.7 0.595 0.625 0.58333 0.5 0.375 0.55556 49.5 

NN 59.43% 0.46563 0.71264 0.51874 0.59839 0.59189 0.53438 0.40161 0.52373 2.0019 

PSO Training-Testing (80-20) 

KNN 73.44% 0.5 0.4 0.3564 0.56342 0.52447 0.4 0.47665 0.52338 56 

Naïve Bayes 64.55% 0.6 0.7 0.548 0.65473 0.65887 0.3 0.32447 0.59643 47 

SVM 93.44% 0.5 0.7 0.475 0.66773 0.57446 0.4 0.48665 0.56998 63.5 

Random Forest 64.55% 0.5 0.7 0.64 0.67854 0.67445 0.3 0.3546 0.63887 47.5 

NN 59.66% 0.46576 0.6894 0.5146 0.59664 0.59645 0.5 0.38554 0.52885 2.106 

 

In Table 7, GOA gives highest accuracy among all optimization techniques with SVM classifier is 

96.54%. Highest sensitivity in Naïve Bayes classifier is 0.9 in GOA optimization technique. False 

Negative ratio is 0.1 and sensitivity is also higher in Naïve Bayes which is 0.9 with GOA optimization 

technique. AUC of Random Forest is 0.74 with a greater number of positive predictive results which 

is 0.7 with IVPSO algorithm. 

Table 7: Lung cancer result for training-testing ratio of 70:30 

 ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (70-30) 

KNN 50% 0.4 0.7 0.455 0.57143 0.53846 0.6 0.42857 0.47059 70 

Naïve Bayes 66.66% 0.1 0.9 0.23 0.5 0.5 0.9 0.5 0.16667 66.5 

SVM 93.71% 0.7 0.6 0.575 0.63636 0.66667 0.3 0.36364 0.66667 38.5 

Random Forest 62.5% 0.7 0.7 0.74 0.7 0.7 0.3 0.3 0.7 59 

NN 58.53% 0.44688 0.71264 0.49204 0.58848 0.58353 0.55312 0.41152 0.50799 2.0117 

GOA Training-Testing (70-30) 

KNN 60.71% 0.6 0.5 0.53 0.54545 0.55556 0.4 0.45455 0.57143 43 

Naïve Bayes 66.66% 0.9 0.5 0.73 0.64286 0.83333 0.1 0.35714 0.75 45.5 

SVM 96.54% 0.5 0.7 0.455 0.625 0.58333 0.5 0.375 0.55556 62 

Random Forest 68.75% 0.7 0.3 0.385 0.5 0.5 0.3 0.5 0.58333 46 

NN 59.88% 0.79688 0.41667 0.51312 0.55677 0.69048 0.20313 0.44323 0.65553 1.0004 

PSO Training-Testing (70-30) 
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KNN 57.44% 0.5 0.6 0.51 0.56987 0.54886 0.6 0.43665 0.53887 56 

Naïve Bayes 68.85% 0.6 0.7 0.65 0.62886 0.74456 0.7 0.487 0.63887 62 

SVM 95.33% 0.6 0.6 0.468 0.62997 0.64887 0.5 0.3655 0.53665 57.5 

Random Forest 64.76% 0.5 0.4 0.586 0.68 0.64 0.4 0.35 0.68554 42 

NN 58.77% 0.6455 0.65887 0.4933 0.57699 0.62887 0.49665 0.42776 0.63755 1.86467 

 

In Table 8, For the lung cancer training-testing ratio 60:40, GOA is more accurate for SVM classifier. 

In GOA highest AUC is 0.64 also FPR is lower with 0.28571 in Naïve Bayes classifier. Thus, Naïve 

Bayes is good with GOA technique but not in accuracy. The highest accuracy is achieved with SVM 

classifier (96.77%) as it gives highest sensitivity value compared to other classifiers. 

Table 8: Lung cancer data for training-testing ratio of 60:40 

  ACCURACY Sensitivity Specificity 
      

AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (60-40) 

KNN 57.14% 0.4 0.9 0.585 0.8 0.6 0.6 0.2 0.53333 78.5 

Naïve Bayes 83.33% 0.7 0.4 0.485 0.53846 0.57143 0.3 0.46154 0.6087 46.5 

SVM 94.69% 0.4 0.8 0.49 0.66667 0.57143 0.6 0.33333 0.5 61.5 

Random Forest 71.87% 0.4 0.7 0.47 0.57143 0.53846 0.6 0.42857 0.47059 66 

NN 58.98% 0.77812 0.41667 0.49265 0.55088 0.6713 0.22187 0.44912 0.64508 1.0037 

GOA Training-Testing (60-40) 

KNN 57.14% 0.6 0.7 0.61 0.66667 0.63636 0.4 0.33333 0.63158 55.5 

Naïve Bayes 66.66% 0.5 0.8 0.64 0.71429 0.61538 0.5 0.28571 0.58824 71.5 

SVM 96.77% 0.8 0.4 0.535 0.57143 0.66667 0.2 0.42857 0.66667 31.5 

Random Forest 68.75% 0.5 0.7 0.555 0.625 0.58333 0.5 0.375 0.55556 76 

NN 53.59% 0.66563 0.41667 0.45844 0.51202 0.5754 0.33437 0.48798 0.5788 1.0103 

PSO Training-Testing (60-40) 

KNN 58.26% 0.4 0.7 0.596 0.7844 0.6544 0.6 0.31776 0.5733 62.5 

Naïve Bayes 75.54% 0.6 0.6 0.6437 0.6344 0.59133 0.5 0.34887 0.58832 53.4 

SVM 95.34% 0.6 0.6 0.5287 0.6387 0.57443 0.3 0.35887 0.62334 35 

Random Forest 69.55% 0.4 0.6 0.5744 0.59665 0.55997 0.5 0.3955 0.52958 61 

NN 54.88% 0.66538 0.45332 0.4956 0.50774 0.6533 0.32554 0.47665 0.62443 1.1335 
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6.4 Results on Colon Cancer Dataset  

The colon cancer datasets that are extracted from UCI repository are evaluated for three different 

algorithms viz., IVPSO, PSO and GAO. The classification is done using distinct classifiers and for 

different training-testing ratios. Highest accuracy 100% is obtained for various classifiers, using 

various algorithms. The detailed analysis is given in the Table 9, Table 10, Table 11, Table 12 for 

different training-testing ratios (90-10, 80-20, 70-30, 60-40 respectively). 

Table 9: Colon Cancer data for 90-10 ratio

  ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (90-10) 

KNN 100% 0.8 0.6 0.69 0.66667 0.75 0.2 0.33333 0.72727 55 

Naïve Bayes 100% 0.5 0.4 0.335 0.45455 0.44444 0.5 0.54545 0.47619 55 

SVM 100% 0.7 0.4 0.48 0.53846 0.57143 0.3 0.46154 0.6087 47 

Random Forest 100% 0.9 0.4 0.495 0.6 0.8 0.1 0.4 0.72 38.5 

NN 51.17% 0.49413 0.52933 0.50546 0.51216 0.51133 0.50587 0.48784 0.50299 3405.9 

GOA Training-Testing (90-10) 

KNN 100% 0.7 0.3 0.385 0.5 0.5 0.3 0.5 0.58333 31 

Naïve Bayes 100% 0.8 0.8 0.9 0.8 0.8 0.2 0.2 0.8 58.5 

SVM 95.16% 0.6 0.5 0.515 0.54545 0.55556 0.4 0.45455 0.57143 55.5 

Random Forest 100% 0.5 0.6 0.51 0.55556 0.54545 0.5 0.44444 0.52632 61 

NN 48.82% 0.44428 0.53226 0.46853 0.48714 0.48922 0.55572 0.51286 0.46472 3415.8 

PSO Training-Testing (90-10) 

KNN 96.77% 0.7 0.5 0.574 0.56437 0.58674 0.4 0.45345 0.54876 46 

Naïve Bayes 93.55% 0.6 0.5 0.753 0.6873 0.6759 0.3 0.33334 0.74539 57.4 

SVM 100% 0.7 0.3 0.503 0.54743 0.57498 0.3 0.34267 0.41648 49 

Random Forest 100% 0.7 0.6 0.5 0.5864 0.57421 0.2 0.39756 0.52976 47 

NN 49.49% 0.46545 0.53715 0.49724 0.49636 0.48891 0.50553 0.53472 0.49673 3409.5 

 

Table 10 shows that, we have got accuracy 100% for each optimization techniques for each ratio. 

Also, we can compare the maximum values for AUC is 0.73 in GOA classifier with KNN classifier. 

In colon cancer dataset itself has better attributes so that every algorithm gives fewer number of False 

Positives. Also, sensitivity is near to 1 for every classifier. 
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Table 10: Colon cancer data for 80:20 ratio 

  ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (80-20) 

KNN 100% 0.8 0.5 0.575 0.61538 0.71429 0.2 0.38462 0.69565 34 

Naïve Bayes 100% 0.7 0.6 0.56 0.63636 0.66667 0.3 0.36364 0.66667 46 

SVM 100% 0.7 0.3 0.38 0.5 0.5 0.3 0.5 0.58333 39.5 

Random Forest 100% 0.7 0.4 0.485 0.53846 0.57143 0.3 0.46154 0.6087 49.5 

NN 56.30% 0.51906 0.60704 0.56323 0.56913 0.55795 0.48094 0.43087 0.54294 3806.7 

GOA Training-Testing (80-20) 

KNN 100% 0.6 0.9 0.73 0.85714 0.69231 0.4 0.14286 0.70588 54.5 

Naïve Bayes 100% 0.8 0.4 0.53 0.57143 0.66667 0.2 0.42857 0.66667 36.5 

SVM 98.38% 0.9 0.3 0.45 0.5625 0.75 0.1 0.4375 0.69231 42.5 

Random Forest 100% 0.6 0.6 0.6 0.6 0.6 0.4 0.4 0.6 52 

NN 51.46% 0.41202 0.6173 0.4925 0.51845 0.51217 0.58798 0.48155 0.45915 3871.8 

PSO Training-Testing (80-20) 

KNN 100% 0.7 0.4 0.64583 0.61295 0.68567 0.3 0.28464 0.68956 50 

Naïve Bayes 100% 0.7 0.5 0.5582 0.56398 0.66253 0.2 0.40375 0.66534 35 

SVM 100% 0.75 0.3 0.39 0.49367 0.69 0.3 0.49365 0.55725 40.5 

Random Forest 98.45% 0.7 0.35 0.37 0.49563 0.57 0.2  0.42474 0.60365 47 

NN 53.12% 0.48523 0.6167 0.52348 0.49264 0.52385 0.49145 0.45865 0.50735 3804.5 

 

In Colon cancer dataset (Table 11), all the algorithms (IVPSO, GOA, PSO) give the highest accuracy 

which is 100% for training-testing ratio 70:30. Which is the best value considered as per the 

parameters. Further, the maximum values of AUC in the algorithms IVPSO, GOA and PSO are 0.645, 

0.59 and 0.6 respectively. Negative predictive value is “1” while false negative value is “0” that shows 

the preciseness of random forest algorithm in GOA optimization technique. 

Table 11: Colon cancer data for 70:30 ratio 

  ACCURACY Sensitivity Specificity 
      

AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (70-30) 

KNN 100% 0.8 0.6 0.62 0.66667 0.75 0.2 0.33333 0.72727 55 

Naïve Bayes 100% 0.7 0.8 0.645 0.77778 0.72727 0.3 0.22222 0.73684 71.5 

SVM 95.16% 0.6 0.4 0.4 0.5 0.5 0.4 0.5 0.54545 49 

Random Forest 100% 0.7 0.3 0.35 0.5 0.5 0.3 0.5 0.58333 52.5 
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NN 52.85% 0.54839 0.5088 0.52824 0.5275 0.52977 0.45161 0.4725 0.53774 3304.5 

GOA Training-Testing (70-30) 

KNN 100% 0.8 0.6 0.59 0.66667 0.75 0.2 0.33333 0.72727 48.5 

Naïve Bayes 100% 0.5 0.4 0.38 0.45455 0.44444 0.5 0.54545 0.47619 57.5 

SVM 93.54% 0.5 0.6 0.355 0.55556 0.54545 0.5 0.44444 0.52632 56.5 

Random Forest 100% 1 0.3 0.44 0.58824 1 0 0.41176 0.74074 28 

NN 51.83% 0.42962 0.60704 0.49777 0.52228 0.51557 0.57038 0.47772 0.47144 3807.9 

PSO Training-Testing (70-30) 

KNN 100% 0.8 0.6 0.6 0.66665 0.7 0.2 0.3 0.7272 53 

Naïve Bayes 100% 0.6 0.7 0.45 0.5556 0.5555 0.4 0.44555 0.5674 59 

SVM 94.35% 0.6 0.5 0.385 0.5 0.5344 0.4 0.4456 0.5345 54.4 

Random Forest 100% 0.8 0.3 0.4 0.57 0.7 0.3894 0.3999 0.60456 39.8 

NN 53.34% 0.50456 0.5023 0.51365 0.5252 0.52312 0.513452 0.4793 0.5143 3517.6 

 
 

In Table 12, GOA gives highest AUC value which is 0.835 for colon cancer data. In IVPSO with 

KNN classifier gives lowest false positive results is 0.125 which shows more preciseness of 

algorithm. 

Table 12: Colon cancer data for 60:40 ratio 

  ACCURACY Sensitivity Specificity 
      

AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing (60-40) 

KNN 100% 0.7 0.9 0.71 0.875 0.75 0.3 0.125 0.77778 64.5 

Naïve Bayes 100% 0.6 0.6 0.515 0.6 0.6 0.4 0.4 0.6 39.5 

SVM 98.38% 0.8 0.5 0.61 0.61538 0.71429 0.2 0.38462 0.69565 42 

Random Forest 100% 0.8 0.3 0.35 0.53333 0.6 0.2 0.46667 0.64 42 

NN 51.24% 0.5132 0.51173 0.49681 0.51245 0.51248 0.4868 0.48755 0.51282 3331.1 

GOA Training-Testing (60-40) 

KNN 100% 0.9 0.4 0.495 0.6 0.8 0.1 0.4 0.72 29.5 

Naïve Bayes 100% 0.7 0.3 0.395 0.5 0.5 0.3 0.5 0.58333 35.5 

SVM 91.93% 0.8 0.8 0.835 0.8 0.8 0.2 0.2 0.8 54 

Random Forest 100% 0.5 0.7 0.51 0.625 0.58333 0.5 0.375 0.55556 64 

NN 56.74% 0.58358 0.55132 0.5722 0.56534 0.5697 0.41642 0.43466 0.57431 3520.5 

PSO Training-Testing (60-40) 

KNN 100% 0.7 0.7 0.69 0.756 0.75 0.2 0.2546 0.7655 56 

Naïve Bayes 100% 0.6 0.4 0.437 0.5 0.5 0.3 0.4 0.6 37 

SVM 93.42% 0.7 0.5 0.756 0.7476 0.7534 0.674 0.3548 0.77 47 
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Random Forest 100% 0.6 0.4 0.47 0.5677 0.55 0.597 0.45634 0.5567 48 

NN 53.84% 0.53456 0.51243 0.5246 0.5755 0.5466 0.4766 0.4735 0.5645 3345 

 
 

 

6.5 Results on Breast Cancer Dataset  

For breast cancer, datasets that are directly collected from UPI repository are analyzed using GAO, 

IVPSO and PSO algorithms. The comprehensive results sheet is displayed in the Table 13, Table 14, 

Table 15, Table 16 for different training-testing ratios (90-10, 80-20, 70-30, 60-40 respectively). The 

table also shows the data with highest accuracy. 

Table 13: Breast cancer result for 90:10 ratio 

 ACCURACY Sensitivity Specificity AUC PPV NPV FNR FPR Precision Recall 

IVPSO training-testing(90-10) 

KNN 95.60% 0.5 0.5 0.43 0.5 0.5 0.5 0.5 0.5 54.5 

Naïve Bayes 97.72% 0.5 0.5 0.285 0.5 0.5 0.5 0.5 0.5 58 

SVM 93.61% 0.7 0.5 0.52 0.58333 0.625 0.3 0.41667 0.63636 39 

NN 83.42% 0.75236 0.9089 0.70817 0.88268 0.80115 0.24764 0.11732 0.81233 180.3 

Random Forest 93.84% 0.7 0.6 0.485 0.63636 0.66667 0.3 0.36364 0.66667 60.5 

GOA Training-Testing(90-10) 

KNN 95.9% 0.6 0.7 0.51 0.66667 0.63636 0.4 0.33333 0.63158 54.5 

Naïve Bayes 96.21% 0.6 0.6 0.53 0.6 0.6 0.4 0.4 0.6 51.5 

SVM 94.62% 0.7 0.8 0.62 0.77778 0.72727 0.3 0.22222 0.73684 55 

NN 71.70% 0.50644 0.9679 0.46431 0.8351 0.66903 0.49356 0.1649 0.63051 205.82 

Random Forest 93.70% 0.9 0.6 0.64 0.69231 0.85714 0.1 0.30769 0.78261 51.5 

PSO Training-Testing(90-10) 

KNN 90.32% 0.53 0.6 0.48 0.6 0.5578 0.42 0.3365 0.5 52.3 

Naïve Bayes 83.88% 0.7876 0.5335 0.8012 0.6671 0.4174 0.6529 0.2661 0.812 78.6 

SVM 91.94% 0.7 0.7 0.554 0.6573 0.657 0.4 0.3356 0.6545 56 

NN 84.53% 0.6073 0.8654 0.6549 0.8629 0.7345 0.3957 0.1386 0.7239 304.67 

andom Forest 93.79% 0.8 0.7 0.5673 0.6847 0.7856 0.261 0.3045 0.7012 55.7 
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For Breast cancer results the highest accuracy is 99.37%, which is highest among all the optimization 

techniques. While value of AUC is highest in IVPSO with NN classifier which is 0.80252. False 

positive ratio is lowest in random forest compared to other classifiers with each optimization 

technique which is 0.10336 with IVPSO, 0.1463 with GOA, and 0.1386 with PSO. Highest sensitivity 

value is observed in Neural Network (0.86753) with IVPSO algorithm. 

 

Table 14: Breast cancer result for 80:20 ratio 

  ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing(80-20) 

KNN 95.31% 0.4 0.8 0.55 0.66667 0.57143 0.6 0.33333 0.5 76.5 

Naïve Bayes 94.69% 0.8 0.5 0.565 0.61538 0.71429 0.2 0.38462 0.69565 46.5 

SVM 96.92% 0.7 0.6 0.685 0.63636 0.66667 0.3 0.36364 0.66667 54.5 

NN 88.91% 0.86753 0.9089 0.80252 0.89664 0.88278 0.13247 0.10336 0.88184 904.16 

Random Forest 94.42% 0.7 0.8 0.775 0.77778 0.72727 0.3 0.22222 0.73684 45.5 

GOA Training-Testing(80-20) 

KNN 95.9% 0.6 0.3 0.325 0.46154 0.42857 0.4 0.53846 0.52174 44.5 

Naïve Bayes 95.45% 0.7 0.3 0.445 0.5 0.5 0.3 0.5 0.58333 33 

SVM 99.37% 0.5 0.4 0.335 0.45455 0.44444 0.5 0.54545 0.47619 51.5 

NN 75.38% 0.58355 0.9089 0.53248 0.8537 0.70551 0.41645 0.1463 0.69324 10.482 

Random Forest 92. 99% 0.5 0.5 0.34 0.5 0.5 0.5 0.5 0.5 36 

PSO Training-Testing(80-20) 

KNN 90.32% 0.5 0.6 0.458 0.6 0.8578 0.52 0.4265 0.55 56.3 

Naïve Bayes 83.78% 0.776 0.5335 0.6012 0.6371 0.4574 0.629 0.3261 0.702 76.6 

SVM 95.94% 0.7 0.7 0.554 0.5713 0.587 0.34 0.4356 0.5045 53 

NN 84.53% 0.6373 0.8654 0.6749 0.8429 0.7895 0.3557 0.1386 0.729 454.67 

Random Forest 93.95% 0.8 0.7 0.573 0.6147 0.65486 0.41 0.45 0.612 40.7 
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In Table 15, the highest accuracy is 96.97% for GOA with Naïve Bayes classifier in 70-30 ratio and 

AUC is 0.78904 in GOA with NN classifier. NN works well with this kind of dataset because 

sensitivity of NN with each optimization technique is higher compare to other techniques. 

Table 15: Breast cancer data for 70:30 ratio 

  ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing(70-30) 

KNN 95.02% 0.6 0.8 0.675 0.75 0.66667 0.4 0.25 0.66667 73 

Naïve Bayes 96.21% 0.5 0.6 0.475 0.55556 0.54545 0.5 0.44444 0.52632 71 

SVM 93.35% 0.6 0.5 0.415 0.54545 0.55556 0.4 0.45455 0.57143 57.5 

NN 69.51% 0.46052 0.9089 0.42252 0.82159 0.64905 0.53948 0.17841 0.59021 10.371 

Random Forest 94.56% 0.3 0.6 0.315 0.42857 0.46154 0.7 0.57143 0.35294 60 

GOA Training-Testing(70-30) 

KNN 95.9% 0.5 0.8 0.53 0.71429 0.61538 0.5 0.28571 0.58824 74 

Naïve Bayes 96.97% 0.4 0.6 0.445 0.5 0.5 0.6 0.5 0.44444 62.5 

SVM 93.89% 0.7 0.7 0.69 0.7 0.7 0.3 0.3 0.7 39 

NN 88.73% 0.86366 0.9089 0.78904 0.89623 0.87978 0.13634 0.10377 0.87964 220.43 

Random Forest 93.84% 0.6 0.6 0.495 0.6 0.6 0.4 0.4 0.6 57.5 

PSO Training-Testing (70-30) 

KNN 91.22% 0.4 0.6 0.48 0.723 0.6528 0.45 0.265 0.607 72.3 

Naïve Bayes 87.58% 0.6 0.4535 0.412 0.5671 0.5534 0.612 0.476361 0.546 66 

SVM 96.24% 0.5 0.7 0.557 0.6723 0.647 0.43 0.356 0.5453 54.3 

NN 72.53% 0.7321 0.8654 0.5349 0.8429 0.7345 0.3457 0.1386 0.7139 154.6 

Random Forest 92.95% 0.53 0.7 0.473 0.5147 0.5476 0.58 0.435 0.542 45.3 

 

In Table 16, For the Breast cancer data for 60:40 ratio, PSO with Naïve Bayes classifier gives the 

highest accuracy of 97.58% for breast cancer data with training-testing ratio 60:40. For AUC 

parameter value is 0.79025 for the NN classifier in IVPSO technique. We can see that Neural network 

is giving higher positive predictions (PPV) compared to other algorithms which is 0.89473, 0.74965, 

0.7339 with IVPSO, GOA, PSO optimization techniques, respectively. AUC is higher in Neural 

network which is 0.79025 compared to other optimization techniques. 
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Table 16: Breast cancer data for 60:40 ratio 

  ACCURACY Sensitivity Specificity       AUC PPV NPV FNR FPR Precision Recall 

IVPSO Training-Testing(60-40) 

KNN 95.9% 0.8 0.5 0.505 0.61538 0.71429 0.2 0.38462 0.69565 48.5 

Naïve Bayes 96.07% 0.7 0.2 0.275 0.46667 0.4 0.3 0.53333 0.56 39.5 

SVM 95% 0.9 0.6 0.705 0.69231 0.85714 0.1 0.30769 0.78261 48 

NN 88.07% 0.84993 0.9089 0.79025 0.89473 0.86925 0.15007 0.10527 0.87175 132.65 

Random Forest 93.27% 0.8 0.6 0.65 0.66667 0.75 0.2 0.33333 0.72727 46 

GOA Training-Testing(60-40) 

KNN 94.87% 0.2 0.7 0.22 0.4 0.46667 0.8 0.6 0.26667 73.5 

Naïve Bayes 96.21% 0.9 0.5 0.64 0.64286 0.83333 0.1 0.35714 0.75 34.5 

SVM 94.11% 0.6 0.7 0.58 0.66667 0.63636 0.4 0.33333 0.63158 60 

NN 85.82% 0.80272 0.9089 0.74965 0.88922 0.83491 0.19728 0.11078 0.84376 161.62 

Random Forest 94.13% 0.5 0.8 0.595 0.71429 0.61538 0.5 0.28571 0.58824 53 

PSO Training-Testing(60-40) 

KNN 94.22% 0.5 0.6667 0.386 0.513 0.5728 0.4 0.5 0.547 67 

Naïve Bayes 97.58% 0.64 0.403 0.412 0.551 0.5834 0.2 0.4861 0.632 34 

SVM 95.14% 0.72 0.6678 0.557 0.6701 0.607 0.3 0.3678 0.7353 57 

NN 82.13% 0.8329 0.954 0.7339 0.8019 0.8452 0.2157 0.1756 0.8539 158.4 

Random Forest 92.05% 0.67` 0.8 0.671 0.6657 0.764 0.38 0.2351 0.6402 47.9 

 

6.6 Discussion 

6.6.1 Leukemia Cancer 

For individual algorithms, different classifiers give different results. Such results for IVPSO, GOA 

and PSO are taken for Leukemia cancer data in Table 17. The analysis is done based on accuracy and 

AUC. According to the results obtained, the highest AUC for 80:20 ratio is obtained for IVPSO 

algorithm using Naïve Bayes classifier. Whereas 99.28% is the accuracy for 60:40 training-testing 

ratio obtained using IVPSO algorithm and SVM classifier. Blue color is used for accuracy and green 

color is used to indicate AUC in the table. 

Similarly, for GOA algorithm, Neural Network gives the highest AUC value 0.76 for training-testing 

ratio 70:30. For PSO optimization algorithm, Neural Network gives highest AUC value 0.75 for 

training-testing ratio 70:30. The highest accuracy of 99.17% is achieved with SVM for training-

testing ratio 60:40. 
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Table 17: Specific Results of Accuracy and AUC in Leukemia Cancer data 

  ACCURACY AUC ACCURACY AUC ACCURACY AUC ACCURACY AUC 

IVPSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 59.72% 0.485 55.55% 0.65 55.55% 0.4 58.33% 0.345 

Naïve Bayes 69.23% 0.3 61.53% 0.735 76.92% 0.45 46.15% 0.495 

SVM 62.5% 0.43 61.11% 0.26 97.50% 0.545 99.28% 0.505 

NN 51.38% 0.605 66.667 0.665 55.55% 0.62 54.16% 0.505 

Random Forest 57.95% 0.53502 53.72% 0.48894 54.29% 0.49857 54.86% 0.50285 

GOA Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 63.88% 0.435 63.88% 0.465 63.88% 0.36 56.94% 0.38 

Naïve Bayes 76.92% 0.59 76.92% 0.48 69.23% 0.54 69.23% 0.53 

SVM 62.5% 0.435 63.88% 0.56 97.53% 0.63 99.80% 0.48 

NN 58.33% 0.68 52.77% 0.65 51.38% 0.76 58.33% 0.7 

Random Forest 50.88% 0.47711 5580% 0.51889 56.12% 0.50817 47.79% 0.42523 

PSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 81.56% 0.453 97.22% 0.533 56.74% 0.39 57.67% 0.35 

Naïve Bayes 89.48% 0.43 81.01% 0.64877 72.49% 0.42 53.86% 0.52 

SVM 87.06% 0.446 97.38% 0.4566 96.34% 0.6 99.17% 0.49 

NN 56.73% 0.639 60.45% 0.65 53.75% 0.75 56.49% 0.6 

Random Forest 55.34% 0.52667 55.43% 0.49667 55.39% 0.50445 52.37% 0.47 

Table 18 shows the highest AUC value 0.76, which is for NN classifier and 60:40 ratio and highest 

accuracy is 99.80%, for SVM classifier in Leukemia cancer data. For Naïve Bayes, 0.735 is the 

highest AUC which is obtained for 60:40 training-testing ratio and highest accuracy obtained using 

SVM classifier is 99.28% for respective training-testing ratio.  

The main reason behind the highest accuracy with SVM classifier is that it works well with large 

number of gene expression compare to number of samples as leukemia cancer data having    7129 

genes with 72 samples. 
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Table 18: Highest Accuracy and AUC of Leukemia Cancer Data 

Highest Accuracy and AUC from different Training-Testing ratio in each optimization technique ratio 

 Ratio Classifier Accuracy Ratio Classifier AUC 

IVPSO 80:20 SVM 99.28% 60:40 Naïve Bayes 0.735 

GOA 60:40 SVM 99.80% 60:40 NN 0.76 

PSO 70:30 SVM 99.17% 60:40 NN 0.75 

 

 
Figure 6(a): Accuracy of Leukemia Cancer Data 

 
Figure 6(b): AUC of Leukemia Cancer Data 
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6.6.2 Lung Cancer 

For the data of lung cancer, using IVPSO algorithm, highest AUC is 0.74, obtained using NN 

algorithm at 70:30 ratio. Similarly, for IVPSO, highest accuracy is 99.16%. It is obtained in 90:10 

ratio, using SVM classifier.  

Table 19 shows the highest accuracy of 99.57% for GOA algorithm, which is recorded for 90:10 

training-testing ratio and SVM classifier. Highest AUC in this case is 0.73 which is obtained for 70:30 

ratio using Naïve Bayes algorithm. Using PSO algorithm, the highest accuracy is noted for 90:10 

ratio using SVM classifier and the highest AUC is noted for 70:30 ratio using Naïve Bayes classifier. 

Light green color indicates the highest accuracy in each optimization algorithm for each classifier 

among each training-testing ratio. The middle green color shows the highest accuracy among all 

classifiers. The dark green color represents the highest accuracy among all the algorithms. 

Table 19: Specific Results for Accuracy and AUC in Lung Cancer data 

  ACCURACY AUC ACCURACY AUC ACCURACY AUC ACCURACY AUC 

IVPSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 75% 0.605 64.28% 0.435 5% 0.455 57.14% 0.585 

Naïve Bayes 83.33% 0.6 66.66% 0.535 66.66% 0.23 83.33% 0.485 

SVM 99.16% 0.71 93.42% 0.57 93.71% 0.575 94.69% 0.49 

NN 53.12% 0.34 53.12% 0.7 62.5% 0.74 71.87% 0.47 

Random Forest 59.88% 0.49571 60.03% 0.51172 58.53% 0.49204 58.98% 0.49265 

GOA Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 60.71% 0.205 75% 0.29 60.71% 0.53 57.14% 0.61 

Naïve Bayes 33.33% 0.6 5% 0.54 66.66% 0.73 66.66% 0.64 

SVM 99.57% 0.485 93.49% 0.4 96.54% 0.455 96.77% 0.535 

NN 68.75% 0.315 71.87% 0.595 68.75% 0.385 68.75% 0.555 

Random Forest 61.97% 0.55159 59.43% 0.51874 59.88% 0.51312 53.59% 0.45844 

PSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 72.33% 0.4065 73.44% 0.3564 57.44% 0.51 58.26% 0.596 

Naïve Bayes 55.67% 0.6 64.55% 0.548 68.85% 0.65 75.54% 0.6437 

SVM 99.01% 0.5664 93.44% 0.475 95.33% 0.468 95.34% 0.5287 

NN 55.39% 0.3255 64.55% 0.64 64.76% 0.586 69.55% 0.5744 

Random Forest 60.77% 0.53446 59.66% 0.5146 58.77% 0.4933 54.88% 0.4956 
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In case of Lung cancer, the highest recorded accuracy is 0.99577 at the ratio 90:10 and SVM classifier.  

Further, the highest AUC is 0.74 recorded at 90:10 ratio and NN classifier. Observing the data 

individually for each optimization algorithm at 90:10 training-testing ratio, accuracy obtained is 

99.16%, 99.57% and 99.01% obtained respectively for IVPSO, GOA and PSO algorithms with SVM 

classifier. Similarly, highest AUC for 90:10 ratio is 0.74, 0.73 and 0.65 ratio for IVPSO, GOA and 

PSO algorithms respectively.  

For highest accuracy in GOA algorithm with SVM classifier at 90:10 ratio is because of well co-

ordination of GOA with classifier which are not constrain bounded. SVM classifier is quite faster 

with large amount of training dataset. Here, data is divided in 90:10 as 90% data is used to train the 

model. 

Table 20: Highest Accuracy and AUC of Lung Cancer Data

  
Highest Accuracy and AUC from different Training-Testing ratio in each optimization technique  

 
Ratio Classifier Accuracy Ratio Classifier AUC 

IVPSO 
9:01 SVM 

99.16% 
7:03 NN 

0.74 

GOA 
9:01 SVM 

99.57% 
7:03 Naïve Bayes 

0.73 

PSO 9:01 SVM 99.01% 7:03 Naïve Bayes 0.65 

 

 

 
Figure 7(a): Accuracy of Lung Cancer Data 
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Figure 7(b): AUC of Lung Cancer Data 

6.6.3 Colon Cancer 

For colon cancer data (Table 21), highest accuracy recorded is 100%. It is obtained quite frequently 

for different algorithms and classifiers. The highest AUC for IVPSO algorithm is 0.71, which is 

obtained at 60:40 training-testing ratio using KNN classifier. For GOA, highest AUC recorded is 0.9, 

which is obtained using Naïve Bayes classifier and 90:10 training-testing ratio. For PSO, highest 

AUC obtained is for 60:40 ratio using SVM classifier is 0.756.

Table 21: Specific Results of Accuracy and AUC for Colon Cancer data 

  ACC       AUC ACC       AUC ACC       AUC ACC       AUC 

IVPSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 100% 0.69 100% 0.575 100% 0.62 100% 0.71 

Naïve Bayes 100% 0.335 100% 0.56 100% 0.645 100% 0.515 

SVM 100% 0.48 100% 0.38 95.16% 0.4 98.38% 0.61 

Random Forest 100% 0.495 100% 0.485 100% 0.35 100% 0.35 

NN 51.17% 0.50546 56.30% 0.56323 52.85% 0.52824 51.24% 0.49681 

GOA Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 
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KNN 100% 0.385 100% 0.73 100% 0.59 100% 0.495 

Naïve Bayes 100% 0.9 100% 0.53 100% 0.38 100% 0.395 

SVM 95.16% 0.515 98.38% 0.45 93.54% 0.355 91.93% 0.835 

Random Forest 100% 0.51 100% 0.6 100% 0.44 100% 0.51 

NN 48.82% 0.46853 51.46% 0.4925 51.83% 0.49777 56.74% 0.57216 

PSO Training-Testing (90-10)  Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 96.77% 0.574 100% 0.64583 100% 0.6 100% 0.69 

Naïve Bayes 93.55% 0.753 100% 0.5582 100% 0.45 100% 0.437 

SVM 100% 0.503 100% 0.39 94.35% 0.385 93.42% 0.756 

Random Forest 100% 0.5 98.45% 0.37 100% 0.4 100% 0.47 

NN 49.49% 0.49724 53.12% 0.52348 53.34% 0.51365 53.84% 0.5246 

 

For colon cancer dataset (Table 22), best accuracy of 100% was achieved with all three optimization 

techniques and all the classifiers except Neural Networks with different training-testing ratios. GOA 

gives 100% accuracy with all classifiers except SVM and Neural Networks. Best AUC of 90% was 

achieved with GOA and Naïve Bayes with a training-testing ratio of 90:10. Neural Networks does 

not perform well in colon cancer dataset due to the data being linearly separable 

Table 22: Highest Accuracy and AUC From Different Training- Testing Ratios of Colon 

Cancer Data 
Highest Accuracy = 1 from different Training-Testing ratio in each optimization technique  

  KNN Naïve Bayes SVM Random Forest 

IVPSO 90:10,80:20,70:30,60:40 90:10,80:20,70:30,60:40 90:10,80:20 90:10,80:20,70:30,60:40 

GOA 90:10,80:20,70:30,60:40 90:10,80:20,70:30,60:40 

 

90:10,80:20,70:30,60:40 

PSO 80:20,70:30,60:40 80:20,70:30,60:40 90:10,80:20 90:10,70:30,60:40 

Highest AUC from different Training-Testing ratio in each optimization technique  

  Ratio Classifier AUC 

IVPSO 6:04 KNN 0.71 

GOA 9:01 Naïve Bayes 0.835 

PSO 6:04 SVM 0.756 
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Figure 8(a): Accuracy=1 for IVPSO Technique of Colon Cancer Data 

 

 

Figure 8(b): Accuracy=1 for GOA Technique of Colon Cancer Data 
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Figure 8(c): Accuracy=1 for PSO Technique of Colon Cancer Data 

 

 

 

 

 

 

 

Figure 8(d): AUC of Colon Cancer Data 

 

6.6.4 Breast Cancer 

For IVPSO, maximum accuracy is 97.72% which is obtained at 90:10 ratio using Naïve Bayes 

classifier. For the same optimization algorithm, highest AUC (0.80252) is obtained at 80:20 ratio 

using NN classifier. For GOA, highest accuracy is 0.99375 which is obtained at 80:20 ratio using 

SVM. Similarly, highest AUC (0.78904) is obtained at 70:30 training-testing ratio using NN 
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classifier. For PSO algorithm (Table 23), the maximum accuracy of 97.58% is obtained for training-

testing ratio 60:40 with Naïve Bayes classifier. Likewise, maximum recorded AUC (0.8012) is 

obtained at 90:10 training-testing ratio using Naïve Bayes classifier. 

Table 23: Specific Results of Accuracy and AUC for Breast Cancer 

 ACCURACY AUC ACCURACY AUC ACCURACY AUC ACCURACY AUC 

IVPSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing  (70-30) Training-Testing (60-40) 

KNN 95.60% 0.43 95.31% 0.55 95.02% 0.675 95.9% 0.505 

Naïve Bayes 97.72% 0.285 94.69% 0.565 96.21% 0.475 96.07% 0.275 

SVM 93.61% 0.52 96.92% 0.685 93.35% 0.415 95% 0.705 

NN 83.42% 0.70817 88.91% 0.80252 69.51% 0.42252 88.07% 0.79025 

Random Forest 93.84% 0.485 94.42% 0.775 94.56% 0.315 93.27% 0.65 

GOA Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 95.9% 0.51 95.9% 0.325 95.9% 0.53 94.87% 0.22 

Naïve Bayes 96.21% 0.53 95.45% 0.445 96.97% 0.445 96.21% 0.64 

SVM 94.62% 0.62 99.37% 0.335 93.89% 0.69 94.11% 0.58 

NN 71.70% 0.46431 75.38% 0.53248 88.73% 0.78904 85.82% 0.74965 

Random Forest 93.70% 0.64 92.99% 0.34 93.84% 0.495 94.13% 0.595 

PSO Training-Testing (90-10) Training-Testing (80-20) Training-Testing (70-30) Training-Testing (60-40) 

KNN 90.32% 0.48 90.32% 0.458 91.22% 0.48 94.22% 0.386 

Naïve Bayes 83.88% 0.8012 83.78% 0.6012 87.58% 0.412 97.58% 0.412 

SVM 91.94% 0.554 95.94% 0.554 62.4% 0.557 95.14% 0.557 

NN 84.53% 0.6549 84.53% 0.6749 72.53% 0.5349 82.13% 0.7339 

Random Forest 93.79% 0.5673 93.95% 0.573 92.95% 0.473 92.05% 0.671 

  

 

For breast cancer data analysis, highest accuracy is 99.37%, which is highlighted with dark green 

color in 80:20 ratio with SVM classifier. Highest AUC is 0.80252, which is highlighted with dark 

blue color in 80:20 ratio with NN classifier. Similarly, when results are analyzed for each optimization 

technique ratio, the output statistics are as mentioned in Table 24.  
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Table 24: Highest Accuracy and AUC of Breast Cancer Data 

 Breast Cancer 

 Highest Accuracy and AUC from different Training-Testing ratio in each optimization technique ratio 

 Ratio Classifier Accuracy Ratio Classifier AUC 

IVPSO 
90:10 Naïve Bayes 97.73% 80:20 NN 

0.80252 

GOA 
80:20 SVM 

99.37% 
70:30 NN 

0.78904 

PSO 
60:40 Naïve Bayes 

97.58% 
90:10 Naïve Bayes 

0.8012 

 

Figure 9(a): Accuracy of Breast Cancer Data

 

Figure 9(b): AUC of Breast Cancer Data 
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6.6.5 Comprehensive Study 

Figure 10 indicates an analytical pie chart that represents the best accuracy obtained for the data of 

each of the four cancer datasets. The highest accuracy for breast cancer is obtained at 80:20 training-

testing ratio using GOA and SVM classifier. For Lung cancer, the value is obtained using GOA and 

SVM at 90:10 ratio. For Leukemia, the maximum accuracy is obtained for 60:40 ratio using GOA 

optimization algorithm and SVM. However, for colon cancer, the highest value is obtained multiple 

times. 

 

 

Figure 10: Highest Accuracy of all dataset 
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Chapter 7 

 Conclusions and Future Work 

7.1 Conclusion 

We have analyzed the datasets of four different types of cancer and compared the accuracy and Area 

Under the ROC Curve (AUC) of three optimization techniques with five classifiers.  In three datasets, 

namely, breast, lung and leukemia, Grasshopper Optimization (GOA) gave the best accuracy with 

SVM and Neural Networks classifiers. 

• For the breast cancer dataset, best accuracy of 99.4% was achieved with GOA and SVM with 

training-testing ratio of 80:20. The best AUC of 80.25% was achieved with IVPSO and 

Neural Networks with a training-testing ratio of 80:20. 

• For lung cancer dataset, best accuracy of 99.58% was achieved with GOA and SVM with a 

training-testing ratio of 90:10 whereas, the best AUC of 74% was achieved with IVPSO and 

Neural Networks with a training-testing ratio of 70:30. 

• For leukemia dataset, best accuracy of 99.80% was achieved with GOA and SVM with a 

training-testing ratio of 60:40. The best AUC of 76% was achieved with GOA and Neural 

Networks with a training-testing ratio of 70:30. 

• For colon cancer dataset, best accuracy of 100% was achieved with all three optimization 

techniques and all the classifiers except Neural Networks with different training-testing 

ratios.  

• GOA gives 100% accuracy with all classifiers except SVM and Neural Networks 
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• Best AUC of 90% was achieved with GOA and Naïve Bayes with a training-testing ratio of 

90:10 

• Neural Networks does not perform well in colon cancer dataset due to the data being 

linearly separable 

7.2 Future Work 

• Other optimization techniques can be explored with different classifiers to achieve better 

accuracy in prediction of cancers.  

• Hybrid optimization techniques can be explored with different classifiers to improve the 

prediction accuracy of cancers. 
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