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Abstract 
One of the leading death-causing cancers in women is Breast Cancer. Accurate, precise, and early diagnosis 
is a crucial solution to survival. Data mining techniques have proved to produce good results in disease 
diagnosis. Feature search techniques are useful in identifying the relevant features for classification thus 
reducing time and effort. Class inequality is a significant challenge and one of the methods to overcome it 
is class balancing. In certain cases, the negative class is the majority class.  To be specific; the negative class 
has a more number of instances than the positive class, so the overall classifier performance may be high; 
consequently, the classifier performance in accurately identifying positive instances gets overlooked. In this 
paper, a combination of two class balancing approaches is applied. It is used to balance the number of 
instances in each of the target classes. k-Nearest Neighbour classifier is a simple, easy to implement, and 
robust classifier with few parameters needed to be tuned.  In this paper, we propose a k- Nearest Neighbour 
Classifier model implemented with feature search using Cuckoo search and Class balancing to classify 
Breast Cancer.  The proposed model produced an accuracy of 99.41 %., ROC of 0.999, and MCC of 0.988. 

Keywords:  k-Nearest neighbors (k-NN); Cuckoo Search (CS); Class Balancing (CB); Breast Cancer (BC), 
Metaheuristic Search  

1. Introduction 
Breast cancer is a leading cause of death in women worldwide [Paul et al. 2015, Sharma et al., (2010)]. Many 
methods are available for diagnosing Breast cancer, yet the disease is still on the rise and claiming the lives of 
thousands of women [Momenimovahed & Salehiniya, (2019)]. A key to survival is the early diagnosis of cancer. 
Medical diagnosis at times can be inconclusive, stressful, and painful to the patients. Applying data mining 
techniques for the diagnosis of the disease can provide added support to healthcare personnel in disease diagnosis. 
Many classification models and case studies are available with medical images [Enireddy & Kumar, (2015), 
Chakravarthy & Rajguru, (2019), Rajathi, (2020)]. Disease classification can be done as well using cytological 
feature analysis besides, image analysis [Arya & Tiwari, (2016), Daoudy & Maalmi, (2020), Mathew, (2019)]. 
Simple as well as ensemble machine learning models [Mathew, (2019)] are being to address the breast cancer 
classification problem. But developing models that are precise as well as accurate is a challenging task. 
Misclassification of the disease is one matter to be taken into account. In most cases, the positive class which 
indicates the existence of the disease is a minority and the negative class which indicates no disease is the majority 
class.  So usually an overall moderate accuracy is received in classification when the various machine learning 
techniques are used and a major constraint is that the classification accuracy of the minority class is overlooked 
[Pelayo, (2012), Park & Park, (2020)]. Misdiagnosis of a positive class is a relatively serious issue than vice versa. 
So to provide equal importance to both the classes in the two-class problem of Breast cancer classification class 
balancing is used. Medical datasets usually have high dimensional datasets and hence suffer from the curse of 
dimensionality [Nabila, Boukadoum & Proulx, (2020)]. Feature selection has become a necessity in many 
applications [Saeys, Inza & Larrananga, (2007), Mathew, (2019)] Feature selection helps in reducing irrelevant 
features [Perelta et al., (2015)]. Many feature search algorithms are available in the literature. Nature-inspired, 
Metaheuristic, Swarm Intelligence algorithms have been seen to show better performance than conventional 
search methods [(Fong, Aghai, Milhalm, (2018), Mathew, AnilKumar, (2020)]. These algorithms have been used 
for various applications from disease diagnosis [Nagthane & Rajurkar, (2017)], drug design [Houssein et al., 
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(2020)], Traffic engineering in Networks ( Ammal, Sajimon & Vinodchandra, (2020)]  to Big data cybersecurity 
problems [Mylavathi & Sreenivasan, (2019)] and many more. The combination of feature search algorithms can 
also be used to improve searching [Houssein et al, (2020)]. Cuckoo search has the advantage that it is easy to 
implement and it has been found capable of solving many combinatorial optimization problems. A significant 
number of studies have used Cuckoo search to analyze images for breast cancer classification [Michahial, (2019). 
Adam based Cuckoo search algorithm proposed by [Mohsin, Li & Abdalla, (2020)] used Deep Belief networks to 
classify various datasets and the method was found to improve performance. Cuckoo search optimization and 
SVM were used by [Prabhukumar, Agilandeeshwari & Ganesan, (2019)] to classify lung cancer and achieved an 
accuracy of 98.51%.  In their proposed work [Jaddi, Abdullah & Malik, (2017)] used a modified cuckoo search 
with ANN to predict water quality prediction. They modified the CS algorithm so that the parameter Pa .takes a 
maximum value initially instead of the default value of one and reduced it during the search. [ Peng et al., (2020)] 
proposed a  composite firefly algorithm with k-NN and applied it on Breast cancer datasets. It was seen to improve 
the performance and an accuracy of 98% was obtained on the WBCD dataset. An enhanced cuckoo search with 
k-NN was proposed by [Sudha, & Selvarajan, (2016)]. The model achieved an accuracy of 98.75%. A new cuckoo 
search based extreme learning-based model was proposed by [Mohapatra, (2015)] and it was seen to outperform 
other compared models. The improved cuckoo search was used to pre-train the machine. 

The objectives of the paper are 
 To investigate whether class balancing and the combination with feature selection improves the 

classification of breast cancer. 
 To investigate whether the modification to the k-NN algorithm improves breast cancer classification. 
 To develop an effective data mining approach that helps the classification of Breast cancer as malignant 

or benign with minimal misclassification of the positive class. 

The major contribution of the work is 
 A hybrid model for the classification of breast cancer based on a modified weighted k-Nearest Neighbour 

using Class balancing and Cuckoo Search with minimal misclassification of the positive class. 

The rest of this paper is structured as follows. The next section describes the materials and methods used. This is 
followed by the results obtained. The subsequent section is a discussion of the results, and finally, a conclusion 
of the study is provided. 

2. Methodology and Techniques 

2.1. Dataset 
The Wisconsin Breast Cancer original dataset publicly available in the University of California, Irvine Machine 
Learning Repository created by Dr. William H Wolberg is used. The dataset has 699 instances, 11 attributes with 
458 benign (65.5%) and 241 (34.5%) malignant cases. Since 13 instances have missing attribute values only 683 
instances are used and the rest is discarded. The first attribute Id number is of no relevance in classification so it 
is also removed from the dataset.  All the attribute values are in the range 1-10. And the class has two labels 2 for 
benign and 4 for malignant. 

2.2. Cuckoo Search (CS)  
Cuckoo search (CS) is a nature-inspired metaheuristic algorithm belonging to the family of swarm intelligence 
[.Meng et al. (2018)].  The propounders are Xin-She Yang and Suash Deb [Yang & Deb, (2009)]. Cuckoo Search 
is considered to be easier in tuning as it has a lesser number of parameters than other metaheuristic techniques. 
Cuckoo search is based on the principles of the brood parasitizing mechanism of some species of cuckoo birds 
and Levy Flight search. Some Cuckoo species lay their eggs in the nest of other birds. To increase the hatching 
probability of its eggs the cuckoos at times remove the host eggs and the host bird nurtures the eggs. Three types 
of brood parasitism can be adopted in the Cuckoo search- intraspecific brood parasitism, nest takeover, and 
cooperative breeding [Shehab, Khader & Al-Betar, (2017)]. If the host bird discovers that the eggs in the nest are 
not its own, it throws out unknown eggs or leaves the nest and builds a new nest elsewhere. Certain species of 
cuckoos are capable of mimicking egg colors and patterns of the host eggs, thus preventing their eggs from getting 
abandoned. Levy flight, a term coined by Benoit Mandelbrot, is a random walk with step size having a levy tailed 
probability distribution. Many species of birds and insects follow the Levy flight properties. Here steps are defined 
in terms of step length with a definite probability distribution and isotropic and random direction. In the cuckoo 
search algorithm, each egg in the nest represents a solution. The cuckoo eggs denote new solutions. The cuckoo 
search aims in replacing the solution in the nests (host eggs) with better solutions (cuckoo eggs).  Three rules 
followed in cuckoo search are [Yang & Deb, (2009)]:  

 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Tina Elizabeth Mathew et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2021/v12i1/211201211 Vol. 12 No. 1 Jan-Feb 2021 167



 

 A cuckoo places an egg one at a time in an arbitrarily selected nest.  

 The next generation includes the nest with the best fitness namely, eggs  

 The number of host nests is fixed and, the detection of the cuckoo egg by the host bird has a probability 
index є (0, 1) [Kuldeep et al., (2014)].   

The new solution (cuckoo egg) xi
(t+i) is generated by the Levy flight principle and is given as 

xi
(t+i)= xi

(t) + a ⊕ Levy(⅄),          (1) 

Where step size, a= 1, & xi
(t) is the current position. 

Levy~u = t-⅄, (1<⅄<= 3)          (2) 

⅄ is the infinite variance with infinite mean 

The best fitness is denoted by xbest and the control parameters used are scale factor (β= 1.5) and probability index 
(pa). Evolution of xi is defined by v= xi and 

Stepsize= 0.01(ui/vi)1/β . (v- xbest)         (3) 

Many variants of the Cuckoo search are available in the literature [Yang, (2014)]. A few are  

a) Gradient free Cuckoo Search which improves the convergence rate (Walton et al., 2011). Two modifications 
were made.  The original CS algorithm uses a step size of value 1. In the gradient method, the value of step size, 
(a) is varied at each generation as (a  √G), where G is the generation number, instead of being assigned a constant 
value of 1. The second modification was that to speed convergence information is exchanged between eggs. 

b) Improved Cuckoo search [Valian, Mohana &Tavakoli, (2011)] proposed a technique to vary the parameters pa 
and a, which was assumed as constant in the original version. They are initially kept high and are decreased in the 
final generations for fine-tuning values.  

c) Binary Cuckoo search [Rodrigues et al., (2013)] is another variant where the search space is represented as n-
cube, n being the number of features.  A set of binary coordinates are assigned to each nest. This is an indication 
of whether a feature belongs to the final set of features or not. The accuracy of the classifier is the objective 
function used. This is to be maximized [Rodrigues et al., (2013)].  

2.3. Class balancing (CB) 
Mostly class balancing is done either by reducing the majority class or increasing the minority class. Usually 
increasing minority classes is seen as more effective with classifiers than vice versa, since relevant information 
can get lost in the process of reducing instances [Sreejith, Nehemiah & Kannan, (2020)].   Class balancing of the 
datasets is seen to improve classification performance [Vasquez, (2020)]. A combination of both techniques has 
been seen to be effective [Chawla et al., (2002), Pradoa et al., (2020)]. Resampling is being used to implement the 
combination method. 

2.4. k -Nearest Neighbour (k-NN) 
k-NN,  also known as a lazy learner is a non-parametric supervised method developed by Thomas Cover. It 
assumes the similarity between the new cases and existing cases. The similarity is measured using distance 
metrics. The conventional k-NN algorithm uses the Euclidian distance. The advantage of k-NN is that it is simple 
to implement. The working of k-NN is as below 

o Define the objective function 
o Select the  value for k  
o For a new point, estimate the Euclidean distance of k number of neighbors from the new point 
o Take the k nearest neighbors for the calculated Euclidean distance. 
o Among these k neighbors, count the labels in each category. 
o Assign the new label to that category for which the number of labels of the neighbors is the highest. 

 
2.5. Proposed model Modified -weighted k-NN (M_W-k-NN) 
The distance metric used in the conventional k-NN is Euclidian distance. Many other distance metrics are 
available. The proposed algorithm uses the Manhattan distance which is calculated as the sum of the absolute 
differences of the Cartesian coordinates of two points. Equation 4 gives the formula for Manhattan distance. For 
two given points (x1, y1) and (x2, y2)  

Manhattan distance = |x1 – x2| + |y1 – y2|.          (4) 
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The k-NN classifier assigns the k nearest neighbors a weight (1/k) and all others a weight 0. The proposed model 
uses a weighting factor for the k nearest neighbors as shown in equation 5. 

Weighting factor= (1/distance).         (5) 

The Proposed M_W-k-NN Algorithm 

• Let m be the number of data samples. Let p be an unknown point. 

• Read k 

• Store the samples in an array of data points arr[] 

• For j= 0 to k 

o Calculate  d= Manhattandistance(arr[j], p)  

o Add d to set S = (k distances obtained from p) 

• Return the majority label of S 

• Manhattandistance (A(x1,y1), B(x2,y2)) 

o d= |x1 – x2| + |y1 – y2| 

o Return d 

o  

Finding the value of k 

• The optimal value of k is obtained by using k fold validation 

• Initialize neighbors N with values[0 or 1,50, 2] 

• Initialize L_CV= empty list of cv scores 

• Perform cv(for cv= 10) 

• For each k in N 

o Find the cv_scores using accuracy,  

o Add  mean of cv_scores to L_CV 

• Plot accuracy vs.  k 

2.6. Methodology 
The working of the proposed model is in four stages – preprocessing, class balancing, feature selection, and 
classification.  

 Data preprocessing by removing instances with missing values 
 Applying a Combination of Oversampling and Undersampling  
 Cuckoo Search with Chaotic logistic map is applied  
 Relevant features are identified  
 Modified k-NN classifier with, k= 5, Manhattan distance metric and a weighting factor of (1/distance) is 

applied on the new set of feature vectors 
 10 fold cross-validation to avoid overfitting.  
 Evaluation of the classifier based on performance metrics –Accuracy, Receiver Operating 

Characteristics (ROC), False Positive Rate (FPR), Kappa Statistic, Matthews correlation coefficient 
(MCC), and Recall. To identify the performance of the classifier in identifying positive classes other 
performance metrics such as ROC, FPR, and MCC are used. 
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Figure 1 Working of Proposed Model 

3. Results and Discussion 
Table 1 summarizes the results obtained by the various models. The comparison of the performance of the 
classifiers is done using the standard metrics Accuracy, ROC, Recall, MCC, Kappa statistic, and FPR.  The 
proposed method presented an accuracy of 99.41% with a ROC value of 0.999, recall of 0.996, MCC value of 
0.988, FPR value of 0.006, and Kappa statistic value of 0.9883. The conventional k-NN method without class 
balancing obtained an accuracy of 94.87%. With class balancing alone the conventional method achieved an 
accuracy of 97.50%. With feature selection using cuckoo search the accuracy slightly decreased to 97.21%. But 
with the proposed modification, the model with class balancing alone achieved an accuracy of 98.97% and 95.02% 
without class balancing. Accuracy improved to 99.4 with feature selection using cuckoo search. 

Table 1 Results 
 

In the current study, we focused on improving breast cancer classification using the k-NN classifier and 
implemented class balancing to avoid the issues related to class imbalance along with feature selection using 
cuckoo search to reduce irrelevant features. The various metrics applied to the proposed model demonstrate better 
performance than the original k-NN model with class balancing and Cuckoo search. The proposed model is better 
in terms of Accuracy, Recall, MCC, FPR, ROC, and Kappa statistics. The confusion matrix (Table 2) presents the 
classification done by the model. The proposed model misclassified one instance of the positive class and three 
instances of the negative class while the conventional model, having a classification accuracy of 97.21%, even 
with class balancing and feature selection has thirteen and 6 misclassified cases in each class. When compared 
against the various models' classification of the positive classes as well as the negative class in the proposed model 
has improved significantly. A significant improvement was seen in classifying the positive class.  Thus, proving 
the fact that classifier accuracy alone does not imply the best classification was done [Araya & Cipriano, (2007)].  
The variance of performance between the simple k-NN and k-NN with class balancing shows the sensitiveness of 
the classifier to an imbalanced dataset.   The conventional algorithm of k-NN uses majority voting of the labels of 
the nearest neighbors to classify a new instance. In cases when the probability distribution of the data is skewed 
the predictions of the majority class dominate and affect the accuracy.  Providing weights to the distance measured 
from the new point to its neighbors by multiplying it with the weighting factor (1/distance) helps in overcoming 
this problem. Moreover, class balancing improves the performance significantly, by keeping a balance among 
class labels. Feature selection using Cuckoo search further enhanced the performance.  By using Manhattan 
distance in the proposed model, it gives the advantage that the closest approximation of the real distance is taken, 
whereas Euclidean distance gives the shortest distance. The chaotic map variable used in the CS algorithm is seen 
to improve performance as it increases the speed of search and avoids local optima. Similar performance was seen 
with whale optimization methods [Houssein et al, (2020)] The k-NN classifier without CS and CB has low 
performance when compared to the proposed model. FPR rate is a mere value of 0.078 compared to 0.006 achieved 
by the proposed model. 

Methods Accuracy 

 1 

ROC 

 2 

Recall 

 3 

MCC 

 4 

FPR 

 5 

Kappa  

 6 

k-NN 94.8755 0.989 0.949 0.887 0.078 0.8855 

k-NN + CB 97.5073 0.996 0.975 0.950 0.025 0.9501 

k-NN+ CB + CS 97.2141 0.996 0.972 0.994 0.028 0.9443 

M_W-k-NN 95.022 0.994 0.950 0.890 0.075 0.8889 

M_W-k-NN + CB 98.97 0.999 0.990 0.979 0.010 0.9795 

M_W-k-NN + CB+ CS 99.4135 0.999 0.994 0.988 0.006 0.9883 

Start Dataset 
Preprocessing 

Sampling of 

training set
Feature 

Selection
Classification k-

NN Model 

Prediction 

Malignant Benign 

Finding 
k

Evaluation 
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The proposed model is compared with the Nearest Neighbour (NN) model which uses normalized Euclidean 
distance as the distance metric, Logistic Regression, and Multilayer Perceptron, Random Forest, Naïve Bayes, 
and SMO Models (Table III).  The proposed method shows better performance among the 7 classifiers. The 
second-best model is the NN model with an accuracy of 98.82%. The Logistic Regression and Random Forest 
have an accuracy of 98.53% and 98.68% respectively. The lowest performance was demonstrated by the Naïve 
Bayes classifier. Besides accuracy, the kappa value of the proposed model is much better than that of other 
classifiers. Kappa statistics compare the observed accuracy with the expected accuracy. Accuracy, inaccuracy is 
plotted against the proposed model and various k-NN models (Fig 2).  

 
Figure 2: Methods vs Accuracy vs Inaccuracy 

The ROC of the positive class, (Fig 3), with FPR, plotted on the x-axis and TPR on the y axis is shown. The ROC 
metric helps in discriminating between classes and is found effective for medical diagnostic evaluation (Swets, 
1986, Tilaki, 2013). 

 

Figure 3 ROC curve: 
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Table 2 – Confusion Matrix 

Metric 
used 

k-NN 

1 

M_k-NN 

2 

k-NN+CB 

3 

M_k-NN+CB 

4 

k-NN+CB+CS 

5 

M_k-NN + CB+ 
CS 

(Proposed Model) 

6 

Confusion  
Matrix 

a      b    

435   9    a= 
2   

26  213   b= 
4 

a- benign 

b- malignant 

a       b    

435   9   a= 2   

25 214  b= 4 

a- benign 

b- malignant 

a      b    

330 11  a= 2   

6  335   b= 4 

a- benign 

b- malignant 

a       b    

338   3   a= 2   

4    337  b= 4 

a- benign 

b- malignant 

a       b    

328   13     a= 2   

6    335    b= 4 

a- benign 

b- malignant 

a       b    

338   3     a= 2   

1    340   b= 4 

a- benign 

b- malignant 

 

The curve is seen at the upper leftmost corner near the y axis adjacent to one indicating a high ROC value and the 
discriminating power of the proposed model. The proposed model has a better value for MCC with a value of 
0.988, FPR rate with 0.006, and recall of 0.994 when compared with other classifiers. A comparison of the FPR 
of the classifiers is illustrated (Fig 4). The least efficient result was shown by the Naïve Bayes classifier. The FPR 
indicates how much the model incorrectly predicts the positive class. Hence a lower value is preferred. The least 
FPR is shown by the proposed model. It indicates that the number of correctly classified  

 

Figure 4 Methods vs FPR 

positive instances are high and that with least misclassification was done by the proposed model.  Figure 5 
illustrates the MCC values plotted against the proposed model and various k-NN models. MCC gives a high score 
only if good prediction results are achieved in all four categories of the confusion matrix - (TP, TN, FP, FN). 
MCC is seen to be effective if the classes are balanced and deteriorate if they are unbalanced since it gets unevenly 
distributed [Zhu, (2020)]. Table 3 gives the comparison with other data mining methods. 
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Table 3- Comparison with other classifiers 

 

 
Figure 5 Methods vs MCC 

 The proposed model has the best MCC value among the models. The least efficient model is given by Naïve 
Bayes and k-NN classifiers. (Fig 6) illustrates the Precision-Recall curve for the positive class with the X-axis 
plotted with TPR values and Y-axis with Precision values. Recall is the ability of the classifier to correctly predict 
the positive samples. The P-R curve helps in visualizing classifier performance and threshold. Precision shows 
how closely the results agree with one another. The P-R curve is at the upper rightmost corner indicating the good 
performance of the classifier.  

 
Figure 6: Precision-Recall Curve 
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MCC

Methods 
Accuracy  

1 

ROC 

 2 

Recall 

 3 

MCC 

 4 

FPR 

 5 

Kappa 

 6 

NN+CB+CS 98.82 0.988 0.988 0.977 0.012 0.9765 

LR+CB+CS 98.53 0.987 0.985 0.971 0.015 0.9707 

MLP+CB+CS 97.94 0.989 0.979 0.959 0.021 0.9589 

NB+CB+CS 95.45 0.991 0.955 0.909 0.045 0.9091 

SMO+CB+CS 96.18 0.962 0.962 0.924 0.038 0.9238 

RF+CB+CS 98.68 0.997 0.987 0.974 0.013 0.9736 

Modified_ k-NN + CB+ CS 99.4135 0.999 0.994 0.988 0.006 0.9883 
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K is chosen a value 5(Fig 7).A set of values from 1 to 50 were used for k, and k=5 was taken based on the cross 
validation scores obtained.  Higher k leads to high bias and too low value for k leads to high variance.  Hence to 
select a suitable k value the cv scores for different values of k is compared. A large k is also computationally 
costly, besides to avoid ties between classes that are chosen an odd value of k will be better. 

Comparison of Modified- Weighted -k-NN+CS with a few other nature-inspired feature search methods: Firefly 
search (FFS), Bee search (BS), Flower search (FS), Elephant search (ES) is also shown (Table 4). The proposed 
model shows better results against k-NN with other search methods. In all the methods class balancing is used. 

Table 4 Comparison with other search methods 

Methods 

Accuracy 

 1 

ROC 

 2 

Recall 

 3 

MCC 

4 

FPR 

  5 

Kappa  

6 

k-NN + CB+ BS 98.97 1 0.990 0.980 0.010 0.9795 

k-NN + CB+ ES 98.8 1 0.988 0.977 0.012 0.9765 

k-NN + CB+ FFS 98.68 0.999 0.987 0.974 0.013 0.9736 

k-NN + CB+ FS 99.1 1 0.991 0.982 0.009 0.9824 

M_k-NN + CB+ CS 99.4135 0.999 0.994 0.988 0.006 0.9883 

Comparison with related existing works in literature with the proposed model in terms of accuracy is summarized 
(Table 5). The proposed model exhibited an improved performance when compared to other models.  To observe 
the stability and performance of the model. It was evaluated on three other datasets from the UCI machine learning 
repository- the Cleveland heart dataset, Hepatitis Dataset, and Kidney dataset. (Table 6) presents the results 
obtained. The model was seen to produce better performance in all three cases. 

Table 5 Comparison with literature 

Previous Literature 

 

Classifier used  1 

 

 

Dataset used  2 

 

 

Accuracy 
obtained 3 

 

(Sudha & Selvarajan 2016) 
k-NN+ECS DDSM 99.13 

(Prabhukumar, Agilandeeswari & 
Sangaiah, 2017) SVM +CS MIAS 96.72 

(Chakravarthy & Rajguru, 2019) ECS MIAS 97.5 

(Peng et al., 2020) 
k-NN+ CoFF WBCD 98 

Proposed Model 

 
M_k-NN + CS +CB WBCD 99.41 
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Table 6 Comparison of the model with other datasets 

Dataset used Accuracy of the k-NN method 

1 

Accuracy of the proposed Model 

2 

 

Cleveland Heart 
database 

 

88.4106 98.0132 

 

Hepatitis dataset 

 

60.3196 82.4675 

Kidney dataset 79.75 87.25 

 

 
Figure 7: K vs CV Scores 

4. Conclusion 

The study proposed a model with the k-Nearest Neighbour classifier used in combination with the feature selection 
method of Cuckoo search and class balancing. It demonstrated good performance with an accuracy of 99.41% and 
MCC of 0.988 for Breast Cancer classification into Malignant or Benign Class. The proposed model was used on 
small datasets and its performance on large and high dimensional datasets is to be evaluated. Further work can be 
done to evaluate the performance and build ensemble classifiers with metaheuristic search techniques and also to 
use the combination of different feature search optimization methods to improve feature search thus aiding disease 
diagnosis. Moreover, Deep learning models can be implemented to provide better models for diagnosis and 
classification.  
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