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Abstract

Malaria disease is one whose presence is rampant in semi urban and non-urban areas especially resource poor developing countries. It is
quite evident from the datasets like malaria, dengue, etc., where there is always a possibility of having more negative patients (non-occur-
rence of the disease) compared to patients suffering from disease (positive cases). Developing a model based decision support system with
such unbalanced datasets is a cause of concern and it is indeed necessary to have a model predicting the disease quite accurately. Classifi-
cation of imbalanced malaria disease data become a crucial task in medical application domain because most of the conventional machine
learning algorithms are showing very poor performance to classify whether a patient is affected by malaria disease or not. In imbalanced
data, majority (unaffected) class samples are dominates the minority (affected) class samples leading to class imbalance. To overcome the
nature of class imbalance problem, balancing the data samples is the best solution which produces the better accuracy in classification of
minority samples. The aim of this research is to propose a comparative study on classifying the imbalanced malaria disease data using
Naive Bayesian classifier in different environments like weka and using an R-language. We present here, clinical descriptive study on 165
patients of different age group people collected at medical wards of Narasaraopet from 2014-17. Synthetic Minority Oversampling Tech-
nique (SMOTE) technique has been used to balance the class distribution and then we performed a comparative study on the dataset using
Naive Bayesian algorithm in various platforms. Out of balanced class distribution data, 70% data was given to train the Naive Bayesian
algorithm and the rest of the data was used for testing the model for both weka and R programming environments. Experimental results
have indicated that, classification of malaria disease data in weka environment has highest accuracy of 88.5% than the Naive Bayesian
algorithm accuracy of 87.5% using R programming language. The impact of vector borne disease is very high in medical applications.
Prediction of disease like malaria is an hour of the need and this is possible only with a suitable model for a given dataset. Hence, we have
developed a model with Naive Bayesian algorithm is used for current research.
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problem because of the presence of samples of negative class (un-
affected patients) dominating the samples of positive class (affected
patients) [6] [7]. Handling such a kind of imbalanced data, is a crit-
ical task because prediction of a patient with or without a disease
becomes an important problem in the medical scenario [6] [7] [8].

1. Introduction

Malaria disease is one of the elevating issues among the vector
borne diseases in medical domain [1]. It becomes one of the global
health problem caused by a mosquito bite [1] [2]. Malaria, which is
a vector borne disease, affects the rural population for many years.
Even though people maintain with healthy life style with good food
habits and with neat surroundings, still due to the climate changes
or for any other reason, many people are affected by malaria disease

[21[3].

According to 2016 report of World Health Organization (WHO),
one million people are dying annually due to the vector borne dis-

Unbalanced data sets are include not only medical domain but also
domains like credit card fraud detection[9], detection of problems
in software’s[9][10],detection of oil spills in satellite radar im-
ages[11][12], frauds in tele communications[9], detection of frauds
in financial sector[9] etc. Analyzing an imbalanced data set is very
pertinent in different diseases like malaria [6]. Handling such a
complex nature of data, becomes an issue in Data Mining and Ma-
chine Learning domains [6] and it is observed that, most of the tra-

eases like malaria [4]. Irrespective of the age factor, Millions of
deaths have occurred which is estimated to be 839000 in 2000
(range: 653000-1.1 million) to 438000 in 2015 (range: 236000-
635000) i.e., 48% have been recorded. Overall, it is estimated that,
the incessant presence of Malaria disease has decreased the world
population by 60% [5].

One way to solve this problem is to properly identify the patient
with a disease and providing accurate diagnosis. Malaria a vector
borne disease, the data of which always creates a class imbalance

ditional machine learning algorithms is very sensitive with imbal-
anced data[13][14]. In general, the main goal of machine learning
algorithms is to achieve good accuracy for classification/prediction.
While dealing with imbalanced data, the classifier predicts towards
the majority class rather than minority class because the classifier
will be trained with many majority class examples rather than mi-
nority class examples and hence the prediction of the classifier will
be more oriented towards majority class examples. So, accurate
classification of minority class samples is important than majority
class samples especially in medical diagnosis [6]. For example,
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misclassification of an affected patient is more dangerous than un-
affected patient [13] [14].

The organization of rest of the paper as follows: Section 2 describes
the literature review of various methods of classification of malaria
disease data and imbalanced data applications. Section 3 presents
the experimental frame work for classification of imbalanced ma-
laria disease data using Naive Bayesian algorithm on different plat-
forms like Weka and R Programming and Section 4 shows the ex-
perimental outcomes.

2. Literature Survey

Early stage identification of malaria disease is very important for a
disease affected patient; otherwise, sometimes it may even leads to
death also. Many researchers developed various methods, which
were mainly based on conventional machine learning algorithms
that are producing accurate results with balanced data as follows:

o Purnima Pundit et al. [15] analyzed Digital Holographic
Interferometric Microscopic (DHM) image for detection of infected
erythrocytes using Artificial Neural Networks.

. Francis Bbosa et al. [16] predicted the status of malaria
patients based on Rule based classification.

. Chunging Wu et al. [17] developed a Disease free equi-
librium model with Halanay inequalities for discrete time dynamic
system of Neural Networks for diagnosing malaria disease.

o Meng-Hsim Tsai et al. [18] proposed a method for detec-
tion of malaria parasite using Adaptive histogram, Threshold seg-
mentation and K-means clustering techniques.

. Farah Zakiyah et al. [19] examined the Classification of
Plasmodium Vivax parasite using image processing and KNN tech-
niques.

o Kshipra C.Charpe et al. [20] investigated malaria parasite
stages using Image processing and classification techniques.

) J.Somasekar et al. [21] examined a method for detection
of effected erythrocytes based on Adaptive median filter, edge en-
hancement and Fuzzy C-Means clustering techniques.

. Bruno B Andrade et al. [8] investigated active and inac-

tive malaria disease patients based on laboratory assessment.
All the above stated survey, deals with balanced malaria disease
data only. But, identification of an affected patient (positive class
sample) in imbalanced malaria disease data is very important [6]
[7]. Because of the skewed distribution of data, classifying the pos-
itive class samples from the past few years became a challenging
issue to many researchers which leads to class imbalance problem
in many fields [9].Connecting to the context of class imbalance
problem, a plethora of methods is proposed by many researchers to
classify the imbalanced data sets on different medical data sets
which are stated below:

. Guo Haixiang et al. presented a plethora of methods for
handling imbalanced data sets in the era of many application do-
mains [1].

. Salma Jamal developed a Predictive model of anti-malar-
ial molecules inhibiting apicoplast formation for an imbalanced ma-
laria disease dataset using Cost sensitive Naive Bayesian, Random
Forest and J48 algorithms and found that Random Forest algorithm
produces better accuracy[6].

. Bruno B Andrade et al. suggested that severe stage of ma-
laria disease causes to reducing of inflammatory cytokines which is
a high level imbalance class problem in medical domain [8].

) Rashmi Dubey developed an ensemble frame work of
sampling and feature selection methods for classification of Alz-
heimer’s disease which occurred in elderly patients [22].

. Wing W. Y. Ng et al. proposed a Diversified Sensitivity-
Based Under sampling method — DSUS on different datasets and
stated that DSUS is an efficient method when compared with other
under sampling techniques [23].

. Yazan F et al. Conducted a comparative study on 2080
cardiac patients for classifying the patients status using a set of clas-
sifiers like C4.5, logistic regression, discriminant analysis, Support
Vector Machine (SVM) and Classification and Regression Tree
(CART) and found that CART and SVM are has highest precision

in diagnosing the disease[24].

. Jia Pengfei et al. proposed a new sampling method called
Distinct —Borderline algorithm for balancing the class distribution
of imbalanced data sets and [25]

. N.Poolsawad et al. Investigated comparative study be-
tween set of classifiers like Multilayer Perceptron (MLP), RBFN,
SVM, Decision Tree and Random forest algorithms on LIFELAB
dataset and found that RF algorithm produces better accuracy [26].

. V.Garcia et al. suggested various methods for handling of
imbalanced data sets [27].

. Jaree Thongkam et al. developed a model for prediction
of breast cancer imbalanced data set using C-Support vector ma-
chine algorithm [28].

. Xing-Ming Zhao et al. suggested ensemble classifiers as
1NN (Nearest Neighbor), SVM (Support Vector Machine), C4.5
and Logistic regression algorithms for protein classification and
conducted a two ways of comparative study. One with balanced
data and another with unbalanced data and individual classifiers
with ensemble classifiers and concluded that balanced data is good
for accurate prediction of samples while ensemble classifiers are
best predictors among all the stated classifiers [29].

3. Experimental Framework

Dataset description: we have collected 165 patients data from the
medical wards of Narasaraopet in which it consists of various
attributes as listed below:

Attributes Actual range

Age 1-20 yrs

Haemoglohin M13.0-18.0/F11.0-16.5 grms%
RBC 3.80-5.80 millions/cumm
Hct 35.0-50.0 %

Mcv 80-97 fl

Mch 26.5-33.5 pg/cells

Mchc 31.5-35.0%

Platelets 1.50-3.90 lakhs/cumm
WBC 3,500-10,000 cells/cumm
Granuls 43.0-76.0 %
Lymphocytes 17.0-48.0 %

Monocytes 4.0-10.0 %

Malaria Positive/Negative

Consider the class Imbalance Distribution of Malaria Disease Da-
taset as follows:

Total No of instances 165

No of Attributes 13
Minority Class samples 5
Majority Class samples 160
Minority Class Positive
Majority Class Negative
% of Class(Minority, Majority) 3.1,96.9
Imbalance Ratio 1:32

The best method for classifying the samples of imbalanced data is
a two-step process as follows: Initially it is necessary to balance the
class distribution and then apply the classifier to perform classifi-
cation of samples.

Step-1: Balancing the class distribution: - In order to balance
the class distribution of the data, researchers have compared under
sampling method with over sampling and found that it is always a
better to. It is an oversampling technique in which minority class
samples are oversampled in a synthetic manner.

Consider the algorithm of SMOTE:

Algorithm: SMOTE (T, N, k)

Input: Number of minority class samples T; Amount of SMOTE
N%; Number of nearest neighbor’s k.

Output: (N/100)* T synthetic minority class samples.

Method: (xIf N is less than 100%, randomize the minority class
samples as only a random percent of them will be SMOTEG. *)

If N<100
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Then randomize the T minority class samples

T = (N/100) *T

N =100

End if

N = (int) (N/100) (* the amount of SMOTE is assumed to  be
in integral multiples of 100. x)

k = Number of nearest neighbors, numattrs = Number of attrib-
utes, Sample [] [ ]: array for original minority class samples, new
index: keeps a count of number of synthetic samples generated, in-
itialized to ‘0’, Synthetic [ ] []: array for synthetic samples. (x* Com-
pute k nearest neighbors for each minority class sample only. *)

Fori—1toT

Compute k nearest neighbors for i, and save the indices in the

narray

Generate (N, i, narray)

End for

Generate (N, i, narray) (* Function to generate the synthetic
samples. *)

While N =0 (Choose a random number between 1 and k, call it
nn. This step chooses one of the k nearest neighbors of i.)

For attr <1 to numattrs

Compute:

Dif= Sample [narray [nn]] [attr] —Sample[i] [attr]

Compute: gap = random number between 0 and 1

Synthetic [new index] [attr] =Sample[i] [attr] +gap=dif

End for

New index++, N=N —1

Endwhile

Return (* End of generate *)

End of algorithm.

Step-2: Classification — Unlike traditional statistical methods,
the machine learning models provide dynamic output as further data
is fed into it. It doesn’t assume the skills and insight needed to anal-
yses the disease using statistical techniques.

It is recognized that translational research is essential to extract
knowledge in diagnosing the disease. In fact, the development of
various machine learning techniques/models are going to be a prac-
tical tool to predict disease like malaria, which is very much ram-
pant in nonurban areas/remote villages. The best part of machine
learning techniques is that, as more data is generated, the model
improves in precision and can be widely employed in different clin-
ical settings.

For the classification of samples, we proposed machine learn-
ing technique called Naive Bayesian algorithm which uses class
conditional probabilities for classification of samples and con-
ducted comparative study in both Weka and R programming envi-
ronments.

Consider the Naive Bayesian classification algorithm:
Algorithm: classification of tuples for a given dataset D.
Input: A dataset D consists of training tuples.

Output: prediction of a class for a given tuple.

Method:

D: A training set of tuples

X = (X1, X2, X3...xm) is an n-dimensional vector each vector tu-

ple of D defined over ‘n’ attributes of A1,A2,As,...... An.

C1, C2, Cm: set of classes

For each tuple of ‘X’

Predict the highest posterior probability that a tuple ‘X’ be
longs to class ‘Ci’ if and only if,

P (Ci|X)> P (Cj| X) for 1< j<m, j! =i

PIX|G)P(C)
P(X)
By Bayesian theorem calculate maximized posterior hypothesis,

PiCi|X) =

Where P(X) is constant for all classes.

Find the maximize P (X| Ci). P (Ci)

If the class prior probabilities are not known,

Then P (C1) =P (C2) =...... P (Cm) and maximize the P(X/C;).
Else

Maximize P(X Ci) P (Ci) where P (Ci) = |C.d|/|D|

[ICi, D|] is the number of training tuples of class Ci in D]

If the dataset ‘D’ contains many number of attributes,
Then find the class-conditional independence to compute P (X|Ci).
i.e, P (X|Ci) =
P (xa|Ci)* P (x2Ci)* P (xs[Ci)* ......... *P (xn|Ci)
Where x« is a value of attribute Ax for tuple X.
If Ak is categorical, then
P (x« Ci) = [|Ci, D| having the value x« for Ax] / |Ci, D|.
If Ak is continuous valued, then
P (xx, Ci) =g (X, Ci, oci) where g(X, W, o) is defined with

= (,,,!,;?

¢ 205°

1
g(x p, 0) g7,
[uci or p is mean or average and oci or ¢ is the standard deviation
of the values of attribute Ax]
Predict the class of X based on class Ci if and only
If P (X | Ci)*P (Ci) > P(X Cj) P (C)) for 1<j<m, j#i.
End of algorithm.

4. Results

Conducted experiments on collected imbalanced malaria disease
data set i.e., initially performed class balance distribution using
SMOTE algorithm later performed a comparative study of Naive
Bayesian Classifier on different platforms. Consider the Imbal-
anced Malaria data set as shown in figure 1:

4] [0l x|

AGE . Haemoglobin REC Het -

[} 41

40 oy
35 =,
I 14
By s 2y
D L Ll 1

o ks w o R TR—
1 105 il 195 215 “i

My ~ Mch Mche

) 41
2 My = B
21 i %
) g 4 5 3 B 4
1] 1 32 47

1115 5.7 62

Platelets

18

4
14

T T Bl
1.4 nd || 05 3405 S 13 00085 95000
WBC Granuls _ Lymphocytes Monocytes
4 ) 3 [
34 28 43 5
i 2
24 i
b 14 L 13 2
1 13 n B
31221 & 2000t
B wils ol G L G R el
3 178165 w0 | | 8 ;] s | ¢ @ 3 1 9 1

Malaria

160
5 .

Fig 1: Imbalanced Malaria disease data with majority (red) minority (blue)
class samples.

Later applied SMOTE algorithm to obtain balanced Malaria dataset
as shown in Figure 2.
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Fig 3: Training data of Naive Bayesian algorithm

Trained data & Test data after balancing: Among the balanced
class distribution 70 % - 112 patient’s data is taken to train the Na-
ive Bayesian algorithm as shown in Fig 3 and 30% - 48 patients’
data is considered to test the Naive Bayesian classifier performance
as shown in Fig 4 as follows:
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Fig 4: Test data of Naive Bayesian algorithm

Performance of Naive Bayesian classifier on classification of ma-
laria disease data on different platforms as follows:

Table 1: Comparison study of Naive Bayesian classifier performance on
malaria disease data on different platforms

R— programming Weka tool
Correctly Classified sam- 84 85
ples
Incorrectly Classified 12 11
samples
Accuracy % 87.5 88.5
Misclassification % 125 115

Where
Accuracy = [TP + TN]/[TP + FN + FP + TN]

Which is defined from the Confusion matrix as follows:

Table 2: Confusion Matrix

Predicted Posi- Predicted Negative
tive Class Class
Actual Positive Class TP FN
Actual Negative Class FP TN

Consider the Classification performance of Naive Bayesian algo-
rithm on malaria disease data on different platforms as shown be-
low:
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Fig 5: Naive Bayesian Classifier performance on Malaria disease data set
using R programming and Weka environments.

From the Figure-5, Naive Bayesian algorithm classifies the samples
with an accuracy of 88.5% in Weka environment where as in R pro-
gramming the Naive Bayesian algorithms performs 87.5% accuracy
for classifying the malaria disease data.

5. Discussions

We conducted a prospective study on clinically collected 165 pa-
tient’s data which is a skewed distribution data. Applied SMOTE
algorithm to balance the class distribution and then conducted a
comparison study of Naive Bayesian classifier in both Weka and R
programming environments. Experimental results stated that Naive
Bayesian classifier in weka environment performed very well for
the classification of imbalanced malaria disease data when com-
pared with R programming environment.

6. Conclusion

Malaria disease becomes one of the class imbalance problems in
medical diagnosis. If we are examined in a nutshell, classification
of such imbalanced data especially minority class samples is a key
thing. So accurate prediction of effected patient and diagnosing
within time is very important otherwise it may lead to death also.
Many conventional classifiers are voted for classification of major-
ity class samples only. So handling minority class samples and its
classification is becoming a burning issue in medical field. We pre-
sent the balanced class distribution of imbalanced malaria disease
data by using SMOTE algorithm and then performed a comparative
study Naive Bayesian Classifier on different platforms for better
prediction system.
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