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Abstract 
Malaria is an acute infectious disease, which affects nearly two-thirds of the global population. Annually, 
the deaths due to malaria have crossed millions, the countries with fewer medical facilities are the ones 
which are most affected, thus the prediction of its outbreak at early stages will reduce the intense 
diminishing of human lives. This systematic investigation deals with the analysis and prediction of the 
malarial epidemic outbreak by investigating several factors such as climate, global warming, human 
activities, mosquitoes, sewage, etc., with malarial incidence. The first stage includes data collection by the 
passive surveillance system; the second stage includes establishing relationships among the climatic 
factors with malarial incidence and finally predicting using machine learning classifiers. In the analysis, 
the adaptive boosted J48 (AB-J48) decision tree machine learning classifier outperformed other classifiers 
under the study with an accuracy of 95% in establishing a relationship among climatic factors with 
malarial incidence. The inferred results from the investigation are found to be stupendous which helps 
the public health authorities and medical practitioners to take precautionary steps to avoid more deaths. 
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1. Introduction 

Malaria is a grave infectious disease, where nearly half the global population is at risk [1, 2]. In 2015, nearly 
212 million people were affected with malarial infectious disease causing a whopping death of 429 000 people 
around the globe, sub- Saharan Africa continues to be the one which shares the most. There are several factors 
of malaria, such as environmental conditions, human activities leading to poor sanitation, and sewage. The 
environmental conditions i.e. climatic factors influence a major role in contributing to malarial infections [3]. 
Technological advancements can help to analyze several factors causing malaria by understanding several 
patterns with the help of machine learning algorithms. Pattern identification is a tedious process that involves 
various methodologies. Probing and prophecy of the malarial epidemic contain three stages, the first stage is the 
data collection which is the foundation for the study, and the data collection is made possible by the online 
repositories. The second stage is establishing a relationship with the climatic factors since there always exists a 
relationship with the climatic factors [4]. Several studies suggest [5] [6] the incidence of malaria with the 
combination of climatic factors helps in the early prediction of malaria. The third stage uses several machine 
learning algorithms for pattern finding, where each pattern is tested for its prediction accuracy. The relationship 
between the malarial incidence and climatic factors was discussed in [7] which uses correlation and regressing 
to analyze the patterns among them. A malarial outbreak prediction model is proposed in[8] which uses the 
support vector machines, but this has some flaws such as the dataset used is smaller and there is no relationship 
mapping among climatic factors which makes it a less accurate prediction model. A hybrid MSO-MLP machine 
learning algorithm proposed in [9] uses multi swarm optimization with the multilayer perceptron for predicting 
dengue virus serotypes such as dengue fever, dengue hemorrhagic fever, and dengue shock syndrome, in the 
prediction of DENV serotypes. Diseases such as cancer [10] and Parkinson’s disease [11] analyze and diagnose 
with the help of machine learning algorithms. A survey proposes certain machine learning algorithms [12] for 
disease management. Machine learning techniques for breast cancer with computer-aided diagnosis is proposed 
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in [13]. The work in [14] proposes the computational intelligence involved in heart diagnosis. Malarial 
Incidence Factors (MIF) is the crucial step in the study, which elaborates in finding several factors causing 
malaria; these factors mainly include mosquito, human activities, climatic factors such as temperature, humidity, 
precipitation, solar radiation in the study area. Fig. 1 shows the several factors leading to malaria. 
The work is divided into the following sections, section 2 contains the research method, section 3 contains 
results and discussion, and finally concluded in section 4. 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1.  Factors causing malaria 

 
Climatic factors are dynamic since they change per global warming. The works in [15] expose that; 
environmental changes could affect human health. The present study was carried out in some parts of Greater 
Chennai Corporation (GCC) in Tamil Nadu, which has a population of 7,088,000 [16] with an area of 426 sq. 
km lies in 13°5′N 80°16′E latitude and longitude respectively. The climatic character of Chennai is tropical wet 
and dry, where the temperature peaks the mercury 35 to 40 degrees between May and June, relative humidity 
falls between 62 and 72 during May to September, major rainfall begins in October and ends in November. 
Malaria incidence data has been retrieved from the National Vector Borne Disease Control Programme, 
Government of India [16]. The climatic factors such as temperature, relative humidity, precipitation, wind, and 
solar has been retrieved from the National Centers for Environmental Prediction [17], the study area varies in 
boundary dimension of North-east corner: 13.3549, 80.3818 and South-west corner: 12.4715, 79.5908 as shown 
in Fig. 2. The climatic factor dataset contains 7 attributes and 3653 observations, Table. 1 shows sample data- 
Climatic factors causing malaria. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Fig. 2.  Study area boundary 
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MalI MaxT MinT PPT Wind RH S 
0 38.85 26.61 6.36 2.32 0.58 16.00 
1 36.40 26.32 0.54 2.79 0.52 12.53 
1 36.90 27.89 0.05 3.65 0.45 17.74 
0 41.73 27.16 0.02 2.73 0.55 12.43 
0 38.66 26.45 0.006 2.76 0.58 13.35 
0 41.53 26.74 0.06 3.02 0.56 16.86 
0 39.31 25.38 2.07 2.51 0.66 21.75 
0 37.63 25.72 0 2.27 0.63 13.89 
0 39.07 27.00 5.55 2.76 0.64 15.26 
0 39.38 24.92 0.90 2.27 0.67 18.77 
1 27.77 24.11 21.16 2.33 0.89 18.65 
0 29.01 23.66 19.90 1.95 0.87 21.04 
0 28.28 23.65 27.23 2.56 0.88 20.89 
0 27.98 22.05 0.40 3.92 0.80 9.42 
0 27.47 22.75 3.72 3.72 0.83 9.43 
0 29.17 23.17 2.83 3.84 0.79 19.32 
0 30.82 20.91 0.14 3.83 0.73 20.57 
0 26.18 24.44 4.38 2.71 0.81 2.19 
0 29.31 24.00 0.73 2.72 0.80 9.88 

Table 1. Sample data- Climatic factors causing malaria 

 
Note: MalI- Malarial Incidence(0-No,1- Yes) MaxT- Maximum Temperature(oC), MinT- Minimum 
Temperature(oC), PPT- Precipitation(kg/m2/s), Wind(in KM/s), RH- Relative Humidity, S- Solar (W/m²) 
 

2. Research Method 

The probing and prophecy of the Malarial Epidemic Paradigm (MEP) are shown in Fig. 3, which contains a 
hierarchy of steps in predicting malarial epidemic, are Factor Assessment (FA), Structural Equation Modeling 
(SEM), and Machine Learning (ML). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3.  Malarial epidemic paradigm 
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Exploratory Factor Analysis (EFA) [18] is a technique used to identify complex relationships among the 
climatic factors which are grouped under a common name. Factor Analysis (FA) can be explained easily using 
the mathematical equations. Consider the following variables X1, X2, X3… XN of size N which has small 
identified factors F1, F2, F3, … FM with  M<<N, such that, the variables can be expressed as the factors plus 
leftover terms. The above description has been be sketched to mathematical equations as. 
 

 
 
 
. 

 

where r1, r2, r3,…rN are the leftover terms 
 

Structural Equation Modeling (SEM) [19] is used in social sciences since it has the capacity of identifying 
complex relationships between the observed and latent variables. The SEM for the malarial incidence study 
have been represented as,  

 
 
 
 
 

Mean 
Std. 

Deviation N 

MalI 0.4585 0.49835 3653 

MaxT 35.2146 5.32038 3653 

MinT 23.7735 3.76556 3653 

PPT 4.4354 11.30130 3653 

Wind 2.6026 0.75488 3653 

RH 0.6556 0.14087 3653 

S 18.7512 5.82425 3653 

Table 2. Descriptive statistics of the dataset 

 

 

MalI MaxT MinT PPT Wind RH S 

MalI 
1 0.020 0.011 0.020 -0.022 -0.003 -0.017 

N 3653 3653 3653 3653 3653 3653 3653 

MaxT  
0.020 1 .635** -.284** .036* -.850** .332** 

N 3653 3653 3653 3653 3653 3653 3653 

MinT  
0.011 .635** 1 .074** .185** -.525** -.156** 

N 3653 3653 3653 3653 3653 3653 3653 

PPT  
0.020 -.284** .074** 1 -.056** .409** -.328** 

N 3653 3653 3653 3653 3653 3653 3653 

Wind  
-0.022 .036* .185** -.056** 1 -.236** .055** 

N 3653 3653 3653 3653 3653 3653 3653 

2222121202 ... rFFFX MM  

3232131302 ... rFFFX MM  

1212111101 ... rFFFX MM  

NMMNNNN rFFFX   ...22110

11211101 )()()( rWRHMinTF  

22221202 )()()( rRHSMaxTF  

33231303 )()()( rMalIWMinTF  

44241404 )()()( rWMalIPPTF  
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RH  
-0.003 -.850** -.525** .409** -.236** 1 -.244** 

N 3653 3653 3653 3653 3653 3653 3653 

S  
-0.017 .332** -.156** -.328** .055** -.244** 1 

N 3653 3653 3653 3653 3653 3653 3653 
**. Correlation is significant at the 0.01 level (2-tailed). 
*. Correlation is significant at the 0.05 level (2-tailed). 

Table 3. Correlation matrix of Climatic factors with malarial incidence 

 

Initial Extraction 

MalI 1.000 0.679 

MaxT 1.000 0.893 

MinT 1.000 0.857 

PPT 1.000 0.622 

Wind 1.000 0.413 

RH 1.000 0.653 

S 1.000 0.868 

Table 4. Communalities 

 

Component 
Initial Eigen values 

Extraction Sums of Squared 
Loadings 

Total 
% of 

Variance 
Cumulative 

% 
Total 

% of 
Variance 

Cumulative 
% 

1 2.586 36.936 36.936 2.586 36.936 36.936 

2 1.381 19.727 56.663 1.381 19.727 56.663 

3 1.019 14.558 71.221 1.019 14.558 71.221 

4 0.958 13.685 84.906 

5 0.688 9.834 94.739 

6 0.286 4.082 98.821 

7 0.083 1.179 100.000 

Table 5. Total variance explained with Components, initial Eigen values and Extraction Sums of Squared Loadings (SSL) 

 
 

 
Component 

1 2 3 

MalI 0.005 0.080 0.820 

MaxT 0.929 0.079 0.153 

MinT 0.653 0.657 0.007 

PPT -0.464 0.637 0.014 

Wind 0.265 0.142 -0.568 

RH 0.378 -0.714 0.015 

S -0.931 -0.028 -0.001 

Table 6. Component matrix 
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Fig. 4.  Scree plot 

 
Table. 2 represents the descriptive statistics such as mean and standard deviation of the dataset containing 3653 
observations, Table. 3 entails the Pearson correlation [20] between the climatic factors with malarial incidence 
where the correlation is significant at the 0.01 level (2-tailed) for some factors and 0.05 level (2-tailed) for other 
factors. Table. 4 shows the communalities of the climatic factors with malarial incidence, they define how one 
variable correlates with other variables, and Maximum Temperature (MaxT) has high communality with the 
malarial incidence (0.893), whereas Wind (W) significantly has low communality with the malarial incidence 
(0.413), so the temperature has a major effect in the incidence of malaria. Table. 5 depicts the total variance with 
components, initial Eigen values, and Extractions of Sums of Squared Loadings (SSL). Table. 6 shows the 
component matrix which estimates the correlation between each variable with the components, in this analysis 
three components, were extracted, the Maximum Temperature, Minimum Temperature, Malarial Incidence 
having the positive values whereas the Precipitation, Wind, Solar have negative values, this is due to the bi-
annual rainfall in the regions of Chennai. With Table. 1, the Scree plot [21] is obtained, which depicts that two 
components namely Malarial Incidence (MalI) and Maximum Temperature (MaxT) are greater than the unity 
and other factors such as Precipitation (PPT), Wind (W), Relative Humidity (RH) and Solar (S) are lesser than 
the unity which is shown in Fig. 4. 

3. Results and Discussion 

The next step is to identify the patterns which will provide the accuracy for malarial prediction. Machine 
learning classifiers learn complex patterns from the climatic factors such as Maximum Temperature, Minimum 
Temperature, Precipitation, Solar, Wind, and Relative Humidity with the malarial incidence parameter and 
predict the forthcoming. Machine learning classifiers like Support Vector Machine (SVM) [22], Decision Tree 
(DT) [23], K- Nearest Neighbor (K-NN) [24], and Multi-Layer Perceptron (MLP) [25] are applied to the 
structurally modeled data from the previous stage. A dataset containing 3653 observations with malarial 
incidence data are split into training and test dataset with split criteria of 70% and 30% training and test data 
respectively. To evaluate the classifier model, 10-fold cross-validation technique has been used. Table 7 
represents the MLP network information, containing factors, hidden layers, and dependent variables. Hyperbolic 
tangent is used as an activation function for the construction of hidden layers. The following tables represent the 
initial settings and results obtained for machine learning classifiers. 
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Input 
Layer 

Factors 

1 MaxTemperature 

2 MinTemperature 

3 MalarialIncidence 

Number of Unitsa 4726 

Hidden 
Layer(s) 

Number of Hidden 
Layers 

1 

Number of Units in 
Hidden Layer 1a 

8 

Activation Function Hyperbolic tangent 

Output 
Layer 

Dependent 
Variables 

1 Precipitation 

2 RelativeHumidity 

3 Solar 
4 Wind 

Number of Units 4 
Rescaling Method for 

Scale Dependents 
Standardized 

Activation Function Identity 

Error Function Sum of Squares 
a. Excluding the bias unit 

Table 7. Multi-Layer Perceptron network information 

 
 

Trainin
g 

Sum of Squares Error 5187.198 

Average Overall Relative 
Error 

1.016 

Relativ
e Error 

for 
Scale 

Depend
ents 

Precipitation 1.015 
RelativeHumidit

y 
1.008 

Solar 1.017 

Wind 1.022 

Stopping Rule Used 
1 consecutive step(s) with 

no decrease in errora 
Training Time 0:02:25.89 

Testing 

Sum of Squares Error 23.338 

Average Overall Relative 
Error 

0.908 

Relativ
e Error 

for 
Scale 

Depend
ents 

Precipitation 1.088 
RelativeHumidit

y 
0.908 

Solar 0.980 

Wind 0.757 

Table 8. MLP model summary 

 
Table 8. shows the Multi-Layer Perceptron model summary containing sum of the squares error, average overall 
relative error, relative error for scale dependents, training time to build the model. 
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Specifications 

Growing Method CHAID 
Dependent 
Variable 

MaxTemperature 

Independent 
Variables 

MalarialIncidence, 
MinTemperature, 

Precipitation, Wind, 
RelativeHumidity, Solar 

Validation None 
Maximum Tree 

Depth 
3 

Minimum Cases 
in Parent Node 

100 

Minimum Cases 
in Child Node 

50 

Results 

Independent 
Variables 
Included 

RelativeHumidity, Solar, 
MinTemperature, Wind, 

Precipitation 
Number of Nodes 62 

Number of 
Terminal Nodes 

41 

Depth 3 

Table 9. Model Summary for DT 

 
 

Node N Percent Mean 
13 99 2.7% 44.9731 
12 132 3.6% 42.7951 
43 74 2.0% 41.6982 
16 95 2.6% 41.6699 
49 147 4.0% 40.7170 
44 114 3.1% 40.6569 
47 63 1.7% 39.8069 
42 60 1.6% 39.4775 
21 87 2.4% 38.9078 
45 69 1.9% 38.7321 
48 61 1.7% 38.2742 
50 133 3.6% 38.1382 
14 87 2.4% 38.1157 
19 168 4.6% 37.5490 
46 95 2.6% 37.1383 
20 110 3.0% 36.9827 
51 93 2.5% 36.8323 

Table 10. Gain Summary for DT 

 
Table. 9 shows the model summary of decision tree, the growing method is chosen as CHAID [26] with 
MaxTepmerature as dependent variable and Malarial Incidence, MinTemperature, Precipitation, Wind, 
RelativeHumidity, Solar as independent variables, the maximum depth is chosen as 3 with minimum case in 
parent node as 100 and minimum case in child node as 50. Table. 10 shows the various gain of Decision Tree 
with node number, number of observations with its percentage and mean. Table 10 shows the gain summary for 
decision tree. 
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K=2 K=3 K=4 

N Percent N Percent N Percent 

Sample 
Training 2548 69.8% 2591 70.9% 2555 69.9% 
Holdout 1105 30.2% 1062 29.1% 1098 30.1% 

Valid 3653 100.0% 3653 100.0%  3653 
Excluded 779    779   779 
Total 4432    4432   4432 

Table 11. Case processing for K-NN 

 
Table. 11 represents the case processing of K- Nearest Neighbor with K=2, 3, 4 with its training and test 
percentage and validity. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Fig. 5.  Predictor Space for KNN (K=2) 

 

 
Fig. 6.  Predictor Space for KNN (K=4) 
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Fig. 5 and 6 shows the Predictor Space of K-NN when K=2, with selected predictors as 3 and Predictor Space of 
K-NN when K=4, with selected predictors as 3. 
 

 
Classifier 

 
MLP 

 
DT 

 
SVM 

 
KNN2 

 
KNN3 

 
KNN4 

 
AB-J48 

Accuracy 83% 78% 94% 71% 67% 65% 
 

95% 
 

Execution 
Time (s) 

0.24 0.64 0.12 0.23 0.29 0.25 0.68 

Table 12. Comparison of machine learning classifier accuracy and execution time, MLP: Multi- Layer Perceptron, DT: Decision Tree, 
SVM: Support Vector Machine, KNN: K- Nearest Neighbor 

 
Multi-Layer Perceptron predicts the malarial incidents with an accuracy of 83% with an execution time of 0.24s 
due to its supervised learning capability with three layers, Decision Tree has achieved an accuracy of 78% with 
an execution time of 0.64s due to the fuzzy nature of the dataset, K-NN achieved an accuracy of 71% with 0.23s 
when K=2, 67%  with 0.29s when K=3, 65% with 0.25s when K=4 failed to predict, this may be due to the noise 
in data, further preprocessing has to be done for improving its accuracy. Support Vector Machine (SVM) has 
achieved an accuracy of 94% with an execution time of 0.12s. The AB-J48 has outperformed all classifiers 
under analysis by producing an accuracy of 95% with an execution time of 0.68s in predicting malarial 
incidence as shown in Fig. 7 and Fig. 8.  Fig. 9 shows the Receiver Operating Characteristics (ROC) for AB-J48 
which is calculated to be 0.9538. 
Several studies have utilized machine learning classifiers in their work such as network anomaly detection [27], 
breast cancer [28], aerobic granular sludge [29], acute kidney disease [30], student’s performance [31], 
melanoma detection [32], recognizing human activity [33], regression-based model [34], Sentiment Analysis 
[35], predicting chronic kidney disease [36], Soybean leaf disease detection [37], investigating dengue outbreak 
[38], sentiment of mobile unboxing [39, 40]. 
 
 
 

 
Fig. 7. Accuracy of the classifiers 

 
 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 N. Komal Kumar et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2022/v13i1/221301107 Vol. 13 No. 1 Jan-Feb 2022 166



Fig. 8. Execution time of the classifiers 

Fig. 9. Receiver Operating Characteristics (ROC) for AB-J48 

4. Conclusion

In this study, we have investigated the malarial incidence in the areas of Greater Chennai Corporation (GCC), 
Tamil Nadu, India. Prediction of malarial incidence is done by analyzing the climatic factors with the help of 
statistical techniques and machine learning classifiers. The AB-J48 decision tree-based machine learning 
classifier outperformed all the classifiers under analysis. This investigation paradigm helps the hospitals, clinical 
centers, and health organizations to take preventive measures before the occurrence of the disease. The climatic 
factors causing the malarial outbreak in the study region are also discussed. The results inferred from the 
investigation show that temperature and relative humidity has a greater effect on the growth of mosquitoes 
causing malaria. Further development of the system can be done through dynamic data collection and 
processing which saves time and human beings. 
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