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Abstract— Cancer classification is very important in the field of bioinformatics for diagnosis of 

cancer cells. Accurate prediction of cancer is very important for providing better treatment and to 

avoid the additional cost associated with wrong therapy. In recent years for classifying the cancer 

numbers of methods have been exist.  The main objective is to find the smallest set of genes by 

using machine learning algorithms. The proposed method initially uses Naive Bayes classifier 

with great flexibility. However, the Naive Bayes is not suitable for the classification of large 

datasets because of significant computational problems. The Naive Bayes combined with the mid 

k-means clustering (Km-Naive Bayes) is a fast algorithm developed to accelerate both the 

training and the prediction of Naive Bayes classifiers by using the cluster centers obtained from 

the k-means clustering. The new techniques namely weighted Mid K-means-Naive Bayes is 

implemented to improve accuracy and to reduce misclassification and noise arising from 

irrelevant genes. The proposed algorithm was evaluated with different classifier algorithms 

which were applied on the same database. The experimental results achieved the proposed Mid 

K-means - Naive Bayes classification accuracy has 88.8%. 
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I. INTRODUCTION 

Cancer may be a disease characterized by an abnormal, 

uncontrolled growth which will destroy and invade adjacent 

healthy body tissues or elsewhere within the body [3]. The 

body of living beings within the environment consists of single 

and multiple cells. The cancer act in response differently in 

each subset to treatment then it's necessary to classify the 

cancer for accurate and better treatment to the patient and it 

also related to the unnecessary treatment to be avoided. the 

most challenges to scale back the dimension of the info within 

the microarray expression indeed of convenience in diagnosis 

of small genes during a particular sort of cancer with the 

assistance of feature selection. at the present , many 

approaches for diagnosis and predict sort of cancer supported 

the microarray organic phenomenon data. the most difficulty 

in using this expression data is its high dimensionality which 

uses number of samples for several genes which may be 

overcome by using data preprocessing techniques like feature 

extraction or feature selection to scale back the dataset size 

and also improve in performance. Recently, the high-density 

DNA microarray computes several thousand genes 

simultaneously and therefore the obtained organic 

phenomenon profiles are used for the cancer classification. In 

this approach, improved therapeutic measurements are 

administered to cancer patients by diagnosing cancer types 

with Better accuracy followed by feature selection within the 

classification of cancer.  

This classification is completed so as to predict the sort of 

cancer person has in order that accurate treatments are often 

given to the person on time [5]. Naïve Bayes is successfully 

applied to the cancer identification problems. Naïve Bayes 

may be a learning machine used as a tool for data 

classification, function approximation, etc., thanks to its 

generalization ability and has found success in many 

applications. This paper presents a replacement technique for 

cancer Classification Using Weighted k-means Naive Bayes 

for predicting cancer cells in living organism by the technique 

of ANOVA (Analysis Of Variance). Weighted K-means 

(SWKM) to define weights of varied features so as to urge 

uni-class clusters provided a number of the objects has class 

labels [11]. A uni-class cluster consists of knowledge objects 

most of which if not all belongs to one class and may be 

labeled supported majority class. Such clustering solutions are 

often used for classifying unknown objects on cancer 

classification. The remainder section of this paper is organized 

as follows. Section 2 discusses cancer classification systems 

with various classifying approach. Section 3 explains 

methodology for developing a cancer arrangement employing 

a Naive Bayes. Section 4 describes the proposed methodology 

for cancer classification. Section 5 illustrates the results for 



An Efficient Cancer Classification Using Mid value K-means and Naïve Bayes   

 

Available at https://jscer.org 

Page 2 

 

experiments conducted on sample dataset in evaluating the 

performance of the proposed system. Section 6 concludes the 

paper with fewer discussions. 

II. RELATED WORKS 

Chen and Li (2009) proposed a Naive Bayes ensemble for 

cancer classification using organic phenomenon data during 

this study, the author propose a Naive Bayes (Naïve Bayes ) 

ensemble classification method. Firstly, dataset is 

preprocessed by Wilcoxon rank sum test to filter irrelevant 

genes. Then one Naïve Bayes is trained using the training set 

and is tested by the training set itself to urge prediction results. 

Those samples with error prediction result or low confidence 

are selected to coach the second Naïve Bayes and also the 

second Naïve Bayes is tested again. Similarly, the third Naïve 

Bayes is obtained using those samples, which can't 

be correctly classified using the second Naïve Bayes with 

large confidence. The three Naïve Bayes s form Naïve Bayes 

ensemble classifier. Finally, the testing set is fed into the 

ensemble classifier. The ultimate test prediction results are 

often got by majority voting.Murat et al. (2009) gives the early 

prostate cancer diagnosis by using artificial neural networks 

and Naive Bayess. The aim of this study is to design a 

classifier based efficient classification expert system for early 

diagnosis of the organ in limitation stage to touch informed 

decision making without operation by using some selected 

features. 

Sepulveda et.al used a possibility measurement for gene 

collection. Given a training data set, genes whose appearance 

principles are an good indication of the category separation 

was selected. This paper uses mutual information for 

choosing informative genes due to its nonlinearity, robustness, 

scalability and good empirical successes. the first objectives of 

the proposed organic phenomenon data classification using 

Naïve Bayes and Mutual Information (MI) are, to pick the 

informative genes using mutual information technique, to 

coach and test Naïve Bayes classifier model using the 

chosen genes with different kernel settings and to check the 

generalization ability of the developed classifier model using 

standard Leave-One-Out Cross-Validation (LOOCV) method. 

Harbi and Smith (2006) proposed administered grouping 

model where k implies calculation was used related to 

reenacted strengthening to determine loads for the highlights. 

Weighted Euclidean distance metric was then utilized 

in forming the cluster and thus the classifier. This algorithm is 

computationally heavy with simulated annealing needing 

much iteration to reach the specified weights. Yang and Yuan 

(2009) proposed structured semi-supervised discriminant 

analysis that exploits the info structures hidden within 

the class to calculate the intra class differences within an 

equivalent class.  

Huang et.al (2011) further proceeds that the ELM for 

classification within the aspect of the quality optimization 

method and extends ELM to a selected sort of “generalized” 

SLFNs support vector network. It shows that under the ELM 

learning framework, Naïve Bayes 's maximal margin 

property and therefore the minimal norm of weights theory of 

feed forward neural networks are literally consistent , from the 

quality optimization method point of view ELM for 

classification and Naïve Bayes are equivalent but ELM has 

less optimization constraints thanks to its special separability 

feature and as analyzed in theory and further verified by the 

simulation results, ELM for classification tends to 

realize better generalization performance than traditional 

Naïve Bayes . 

III. METHODOLOGY 

This system mainly deals with cancer prediction by using 

Naïve Bayes classification technique. Naïve Bayes technique 

uses ANOVA test for grouping up the sample amount of 

sequential data [16]. Naïve Bayes technique overcomes the 

previous classification methodology by means of a 

while consumption and by giving best accuracy rate. During 

this study, Cancer classification consists of two steps. Firstly, 

all genes within the training data set are ranked employing a 

scoring scheme then genes with high scores are preserved. 

Secondly, among the genes the classification capabilities 

between two gene combinations selected are tested employing 

a much better classifier like Naive Bayes. 

Step 1: Gene importance ranking - calculation of significant 

positioning of every quality by methods for examination of 

change Analysis of Variance (ANOVA) method. 

A. ANOVA (Analysis Of Variance) 

ANOVA may be a technique, which is usually utilized 

in analysis of knowledge, and to draw interesting 

information supported P-values. The ANOVA is understood to 

be robust and assumes that each one the sample populations 

are normally distributed with equal variance and every 

one observation (samples) are mutually independent. The 

approach chosen during this paper is that the method [6]. 

ANOVA which performs an analysis on comparing two or 

more groups a (sample) which successively returns one p 

value that's significant for groups that are different from 

others. 

Step 2: Finding the minimum gene subset- Finding the base 

quality subset this progression endeavors to arrange the data 

set with single quality in the wake of choosing a few top 

qualities inside the significant positioning rundown each chose 

quality is given as a contribution to the classifier [12]. When 

good accuracy isn't obtained, it's required to classify the 

info set with all possible 2 gene combination within the 

chosen genes. albeit the great accuracy isn't obtained, this 

procedure is repeated with all of the three gene 

combinations then on until the great accuracy is obtained. The 

subsequent classifier is employed to check 2-gene 

combinations during this study. 

B. Naïve Bayes 

Naïve Bayes may be a sort of classifier that are a group of 

associated supervised learning methods used for classification. 
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Naïve Bayes a substitution way to deal with directed example 

arrangement which has been effectively applied to a decent 

scope of example acknowledgment issues. Naïve Bayes may 

be a classification algorithm best suited for working accurately 

and efficiently with high dimensionality feature spaces [15]. 

Naïve Bayes consists of statistical methods with simple 

results and really powerful algorithm which builds a binary 

classifier. An easy thanks to build a binary classifier is to 

construct a hyper-plane separating class member from non-

members within the input space. In Naïve Bayes, mapping the 

info into a better dimensional feature space a nonlinear 

decision function within the input space is made and 

separating it into maximum margin hyper-plane [17]. Finally 

Naïve Bayes solves an easy convex optimization problem.  

The machine is presented with a group of 

coaching examples (X_(i,) Y_i) where the Xi are the 

important world data instances and therefore the Yi are the 

labels indicating which class the instance belongs to. For the 

2 class pattern recognition problem, Yi = +1 or Yi= -1. A 

training example (X_(i,) Y_i) is named positive if Yi = +1 and 

negative otherwise. Naïve Bayes build a hyper-plane of two 

separates classes and to realize maximum separation with an 

outsized margin to attenuate a bound on the expected 

generalization error [12]. Sometime there could also be a 

situation when it's impossible to construct linear hyper planes 

between the training data points because the info points are 

very closely associated with one another, in such a 

situation we had like to map the info in low dimensional space 

to high dimensional space via some transformation x → φ(x), 

which might be possible only with the utilization of kernel 

functions. A kernel function specifies the scalar product of 

knowledge points in expanded feature space. 

IV. PROPOSED METHODOLOGY 

The machine learning methods are in use to increase and 

improve the results of existing methods that may help in 

disease diagnosis. Many supervised learning classifiers are 

used to help in disease diagnosis. Classifiers K-means 

clustering and Naïve Bayes can be combined and implement in 

cancer classification to predict cancer cells and enhance the 

accuracy. 

A. Naive Bayes Based on K-means Clustering 

In this method Naive Bayes classifier in conjunction with 

K-means clustering algorithm is presented [7]. Even though, 

Naïve Bayes   provides good results in classification still it 

needs more enhancement in diagnosis of cancer disease. Naïve 

Bayes-K-means approach works in a combination of 

clustering, feature selection and classification methods. Naïve 

Bayes   classifier has the ability to deal with very high 

dimensional data and provides a fast training process in 

calculation. In Naïve Bayes-K-means, the clustering algorithm 

contains the structure of original dataset, and number of 

clusters is added to the training process along with the kernel 

and penalty factor parameters of Naïve Bayes. This method 

aims at determining the number of clusters k [8]. The 

unnecessary and irrelevant features are removed to speed up 

the computation time. K-means partitions data into k clusters 

and maintains the main distributions of the dataset. Chi-square 

is calculated to reduce the large number of features. In the last 

step, Naïve Bayes   is applied. Figure 1 lists the proposed 

Naïve Bayes -K-means in a flowchart. The following are the 

steps involved in processing of Naïve Bayes-K-means 

approach: 

a) Preprocessing -The preprocessing step transforms 

categorical features into numerical data. Then, normalization 

function is performed. Followed by using k-fold cross 

validation, the proposed method divides the dataset into k 

folds of equal sizes. This method repeats this step for fold, and 

the average error is calculated to form the k-fold estimate. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 K-Means- Naïve Bayes Flow chart 
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assigns data points to the nearest centroids to minimize the 

inter-cluster relationship [11]. 

c) Chi-square is adopted to reduce training time and 

classification over fitting. Also, Remove irrelevant features to 

solve dimensionality problem. The formula for calculating chi-

square (  

d)  

e)   Naïve Bayes K-means Classifier- Naïve Bayes aims at 

maximizing the margin and the kernel trick to reach accuracy, 

and overcomes the problem curse of dimensionality. 

f) K-means- preserves the structure and distribution of the 

original data. Therefore, K-means is used in conjunction with 

Naïve Bayes   to find the best way to classify the dataset. 

 

B. Weighted K-means Naive Bayes on cancer diagnosis  

The Naïve Bayes has been widely useful to various bio-

medical fields for address identification of disease subtype and 

pathogen city of genetic variants. In this paper, proposed the 

Weighted K-Means NB (WKM-Naïve Bayes) for which it 

allows the Naïve Bayes to impose weights to the loss term 

[14].  

Dataset will contain both labeled and unlabeled examples. 

Labeled examples are used to find the discriminant functions 

and thus the initial weights of the features. The labeled 

examples along with unlabeled examples are clustered using 

K-means algorithm with weighted Euclidean metric as 

distance function. Each cluster is given a class label based on 

the majority labeled examples found in the cluster. Here 

number of clusters could be more than number of classes. This 

ensures that we can understand the intra class differences and 

the natural grouping or profiling within the same class 

examples. Cluster purity is defined as the percentage of 

examples that are correctly classified to the respective cluster 

as indicated in equation 

 

This is equivalent to the definition of accuracy given in 

classifiers. The cluster purity is calculated based on the labeled 

examples in the dataset. For each feature, cluster purity 

without the feature is measured.  

This is done to see how much the feature is contributing to 

the cluster purity. If the new cluster purity is less than the 

initial cluster purity, it indicates that the absence of the feature 

has worsened the cluster purity and hence the feature is more 

significant, and thus its weight is increased. If the new cluster 

purity is more than the initial cluster purity, it indicates that 

the feature is not that relevant and thus is removed. The 

modified weights are normalized such that the sum of weights 

is 1. Once again, we run k-means with the modified weights 

and cluster purity is calculated.  

If there is improvement in the cluster purity, the new 

weights are accepted. The process continues until there is no 

change in the cluster purity. It thus follows a step wise 

refinement in weights. In brief the algorithm is as follows: 

Algorithm  

Step 1: Perform Discriminant Analysis on the dataset  

Step 2: Perform midpoint K – means with weighted features to 

get K-clusters.  

Step 3: Calculate the initial cluster value C init 

Step 4: For each feature i in A Perform K-means without the 

feature i. 

Step 5: Perform step 4 till there is no improvement in the 

cluster value. 

It can be observed that weight modification is done by 

considering the amount of improvement obtained in the cluster 

purity with and without the feature. 

V. EXPERIMENTAL RESULTS 

The Experimental results are performed on various blood 

cell images using MATLAB. The proposed methodology was 

applied to the publicly available cancer datasets. To 

demonstrate the effectiveness of the algorithm benchmark 

datasets used here is cancer datasets. The five DNA 

microarray gene expression data sets namely, Lymphoma, 

Leukemia and SRBCT.  

The dataset was split into training and testing dataset. Their 

performance in terms of classification accuracy, Precision, 

Recall, Area under curve and Execution time using the 

selected features is very challenging. In terms of accuracy, the 

proposed method provides stable and high prediction quality. 

The final test results are compared with the other classifier 

models.  This method is implemented to search for the 

smallest gene subsets that can ensure highly accurate 

classification for the entire data set. 
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Table 1 shows the Parameters for calculating weighted K-Means Naïve Bayes 

Figure 3 Accuracy for Weighted K-Means Naïve Bayes 

 

 
Figure 4 Precision for Weighted K-Means Naïve Bayes   

Figure 3-5 shows that comparison of accuracy, precision 

and recall for weighted K-Means – Naïve Bayes   method. It 

is noted that Weighted K-Means Naïve Bayes   has superior 

Classification accuracy of 85% for SRBCT cancer data sets 

when compared to other methods. 

Figure 5 Recall for Weighted K-Means Naïve Bayes 

Figure 6-7 shows that comparison of Execution time and 

Area under Curve for weighted K-Means – Naïve Bayes   

method. It is noted that Weighted K-Means Naïve Bayes   

has less execution time for training for SRBCT cancer data 

sets when compared to other methods  

 

Figure 6 Execution Time for Weighted K-Means Naïve 

Bayes  

Data sets Methods Accuracy 

(%) 

Precision 

(%) 

Recall (%) Execution Time 

(seconds) 

AUC 

Lymphoma Naïve Bayes   76 85 82 20 0.421 

KM-Naïve Bayes   80 90 79 17 0.461 

Weighted KM-

Naïve Bayes   

82 93 87 14 0.547 

Leukemia 

Naïve Bayes   73 83 86 24 0.541 

KM-Naïve Bayes   77 79 84 17 0.564 

Weighted KM-

Naïve Bayes   

86 91 79 10 0.647 

SRBCT 

Naïve Bayes   72 77 94 18 0.540 

KM-Naïve Bayes   77 83 91 14 0.681 

Weighted KM-

Naïve Bayes   

83 91 87 10 0.696 
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 Figure 7 Area under Curve for Weighted K-Means Naïve 

Bayes 

VI. CONCLUSION 

Cancer classification is usually depends on 

morphological and clinical analysis. These methods have 

numerous drawbacks in their analytical   evaluation TO 

finding the smallest gene subsets for accurate cancer 

classification, highly effective ranking schemes ANOVA by 

Naïve Bayes   is implemented. The disadvantages of Naïve 

Bayes   method is overcome by the proposed method. The 

K-Naïve Bayes   reduces the input feature space dimension 

and reconstructs the format of the features for supporting the 

machine learning algorithm to optimize the classifier. The 

experimental results shows that the weighted KM-Naïve 

Bayes   shows higher accuracy than the other conventional 

methods. With the effort of feature extraction and selection, 

the training time to obtain the classifier has been reduced, 

and the classifier accuracy is improved since the noisy 

information has been eliminated. It also seen that   the 

weighted KM-Naïve Bayes   algorithm achieves a higher 

classification accuracy with less training time and a smaller 

network structure. 
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