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ABSTRACT 
  Malaria is a life-threatening disease that leads to death globally, its early prediction is necessary for preventing the rapid transmission. In this 

work, an enhanced ensemble learning approach for predicting malaria outbreaks is suggested. Using a mean-based splitting strategy, the dataset is 

randomly partitioned into smaller groups. The splits are then modelled using a classification and regression tree, and an accuracy-based weighted 

aging classifier ensemble is used to construct a homogenous ensemble from the several Classification and Regression Tree models. This approach 

ensures higher performance is achieved. Seven different Algorithms were tested and one ensemble method is used which combines all the seven 

classifiers together and finally, the accuracy, precision, and sensitivity achieved for the proposed method is 93%, 92%, and 100% respectively, which 

outperformed better than machine learning classifiers and ensemble method used in this research. The correlation between the variables used is 

established and how each factor contributes to the malaria incidence. The result indicates that malaria outbreaks can be predicted successfully using 

the suggested technique. 
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INTRODUCTION 

Malaria becomes the deadly disease globally that is 

transmitted via a bite of an infected mosquito, it is possible to prevent 

these deaths by identifying people who are at risk and ensuring that 

they receive proper and sound care whereby word Health 

Organization classified it under communicable disease [1]. 

Relationship between climatic factors, malaria incidence and non-

climatic factors have been identified and are related to the 

development and biting ability of the mosquitoes. Factors 

that contribute more for the malaria incidence are Temperature, 

Rainfall, and Humidity, Temperature between 200C  to  300 C gives the 

conducive environment for the vector development below 160C and 

above 300C curtails their ability to survive, humidity above 60% is 

said to increase the incidence of malaria and rainfall above 50mm 

monthly brings favourable conditions for the mosquitoes survival 

while a combination of high rainfall and high temperatures decreases 

the likelihood of an occurrence. 

Malaria has more effect on African Countries due to their 

limited health facilities, lack of proper medicine and new modern 

equipment for diagnosis, poor housing settlements that is why when 

an outbreak occurs, they cannot control it easily. Its prevention is  

 

 

very challenges to those countries due to economic instability and 

hardship [2]. Advancement in technology brings about mechanisms 

used for early detection and prediction to help control diseases spread 

and make sure the agencies concern has more time to prepare in 

advance which can save many lives. 

Proper prediction is essential to make sure the authority 

concern takes all the necessary actions to rescue people in vulnerable 

areas. When good policies are re-implemented, it reduced or 

eradicates the malaria incidence. Atmospheric factors, non-climatic 

factors are important in determining the occurrence of malaria 

outbreaks in the society and many techniques have been used for the 

prediction purpose that shows some Algorithms outperform better 

than others depending on the dataset used[3]. Accuracy is required in 

knowing how, when, and where the malaria outbreak is liable to 

happen based on the situations on ground to take measures and save 

lives from the causative agent of death. 

Machine learning Algorithms has been used in many areas, 

however, researchers are still finding ways to optimize the methods. 

Ensemble approached is used to enhance the accuracy performances 

of the classifiers [4]. Different classifiers and techniques are 
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combined in a predictive model to get better accuracy by reducing 

variances and minimizing bias [5]. 

In this study, a new malaria prediction technique is 

developed that uses CART algorithms to model each part after 

randomly splitting the datasets into subgroups. To alter the weighted 

aging ensemble classifier, the accuracy-based weighted aging 

ensemble classifier (AB-WAE) is utilized, resulting in a more 

accurate and robust model. For evaluation of the newly proposed 

model, well-known techniques were tested such as k-nearest 

Neighbors (KNN), support vector machine (SVM), Naïve Bayes, 

Decision Tree, Random Forest, Adaboost, Gradient Boost, and 

Logistic Regression which is used as a stacking ensemble and found 

out that the newly method proposed has more accuracy for the dataset 

used. The relationship between the variables used has also been 

identified and how they contributed to the outbreak. 

Related works  

Approaches used for the prediction can be statistical 

modelling, mathematical and machine learning methods [6]. All of 

these techniques, in combination with computational engineering 

models, are critical in making decisions and forecasts. Machine 

learning has been used in health care for diagnoses of many diseases 

like cancer [7-8], fall detection [9], selecting a better treatment for 

patients [10], pest prediction and disease detection in Agricultural 

production [11], detection of mental problems as a result of long time 

usage of social networking site [12], also in marketing for the 

prediction of stock exchange [13]. 

Malaria predictions have been conducted in different 

countries mostly by considering meteorological variables in the 

regions, in order to forecast malaria incidence in specific geographic 

areas over time [14]. Different predicting techniques apply to the same 

dataset by analysing the effectiveness of variables, Researchers use 

different performances measures to compare methods and models 

which will provide more prediction accuracy than others for malaria 

prediction [15]. 

Machine learning Classifiers that do classification are 

widely utilised in a variety of field and researchers are continually 

developing new methods to improve classification performances, one 

of which is ensemble learning which combines multiple models either 

heterogeneous or homogeneous using the technique of stacking and 

Random Forest [16], bagging [17] and boosting [18]. Numerous medical 

diagnostic problems have utilized ensemble learning [19-20]. 

Performance can be improved when the ensemble technique is 

utilized. Many researchers have suggested multiple ways 

to make ensemble learning by trying to utilized models in different 

ways to reduce variance and minimize bias. Voting techniques has 

impacts on the Algorithms performance used in the dataset which has 

different level of difficulty in analysing the effect of voting 

techniques [21]. Majority voting is considered usually when using the 

homogeneous method, some ensemble techniques outperform better 

than others. According to some research random forest, boosting, and 

randomized trees performs better than bagging [22]. Also, random 

partitions of the dataset in the ensemble classifier result achieved 

more improve boosted compatibility than that of 

the individuals’ model [23]. An enhanced ensemble model for malaria 

outbreaks predictions is built in this study. 
 

MATERIALS AND METHODS 

Dataset Analysis 

Malaria dataset used in this research obtained from a 

database maintained by the World Health Organization 

(apps.who.int/gho/data/node.gswcah, kaggle.com/lydia70/malaria-in-

africa) and the weather dataset from world climatic database 

(climateknowledgeportal.worldbank.org/download-data).  

This dataset was formed to examine malaria outbreak, 

identify country with highest number of cases and how incidence 

spread yearly wise, Relationship between variables, identify classifier 

that perform better during prediction and used for testing the 

proposed method. The dataset features that contribute the most to the 

prediction variable were selected. The dataset contains parameters 

like; Country Name, reported cases of malaria, incidence of malaria 

in the population’s percentage, average Rainfall, Average 

Temperature, Peoples using basic drinking water services, Latitude, 

Longitude and basic sanitation services of the population.  

Figure 1. Malaria Incidence of the Country 

 

Figure 2.  Reported Cases of Malaria Country Wise 
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Figure 3: Percentage of Reported Cases Distributed Among the Countries 

 

Figure 4: Reported Cases of Malaria with the Country 

 

 

Figure 5: Malaria Spread According to Years 

 

Parameters Analysis 

Algorithm used 

Logistic Regression 

This algorithm is use to predict discrete values or 

categorical variables in which the output takes two values either 0 or 

1, yes or no, True or False. It can also be used to forecast discrete 

values and handle classification task. Also used to classify 

observations using different types of data and easily determines the 

most effective variables used for the classification. S shape is use to 

fit in predicting values of 0 or 1. The logistic regression is get from 

linear regression equation where y value ranges between 0 and 1.  

Written as: 

Log[
𝑦

1−𝑦
]=𝑎0+𝑎1𝑥1+𝑎2𝑥2+𝑎3𝑥3+𝑎4𝑥4+ … . +𝑎𝑛𝑥𝑛  ----------      (1) 

Figure 6: Comparison of the Parameters through Correlation 
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Figure 7: Logistic Regression Diagram 

 

Decision Tree Algorithm 

This algorithm is use to solve both classification and 

regression problems, it’s a tree-like arrangement with nodes and 

branches that begins from the root node and extends to the leaf node, 

and it can function with both categorical and continuous variables. 

The internal node displays the dataset's features, while the branches 

show the decision rules and the leaf node reflects the problem's result. 

Cart Algorithm is use in building the tree which it uses decision by 

answering either yes/no then it further split the tree in to subtrees. 

Figure 8: How decision Tree works 

 

Support Vector Machine 

This Classifier applies to both classification and regression 

matters; Its purpose is to develop a hyperplane data point that can 

classify datasets into distinct groups. Support vector is a data point 

that defines the hyperplane. [28]. 

Figure 9: SVM Diagram 

 

Naïve Bayes Algorithm 

This classifier is use to produce prediction based on the 

object’s probability in such a way that variables are independent to 

each other.  

P(𝐴 𝐵⁄ )    =       
𝑃(

𝐵

𝐴
) 𝑃(𝐴)

𝑃(𝐵)
      ------------------------ (2) 

K-Nearest Neighbors (KNN) 

Both classification and regression issues are solved using 

this method. It works on the basis of assumptions, in which the 

similarity between new data points and existing data points is 

checked, and new data points are placed in the most comparable 

categories based on these similarities. It's also known as the lazy 

learner algorithm since it keeps all of the data during the training 

stage and then classifies new data into appropriate classes when it 

comes in. This means it doesn't learn from the training set right away. 

It uses Euclidean formula to find the distance between classes. 

Written as: 

Distance between two points = √(𝑥2 − 𝑥1)2 + ((𝑦2 − 𝑦1)2 --------(3) 

Figure 10: Diagram of How KNN Algorithm Works 

 

Random Forest 

This is one of the rapid, efficient and powerful supervised 

learning Algorithm that contain multiple decision trees and both 

classification and regression problems can be solved using this 

method. It employs an ensemble approach by combining multiple 

classifiers to improve the model performance during predictions.  

Figure 11: How Random Forest Work 

 

AdaBoost Classifier 

This Algorithm used to fit a series of weak base learners on 

modified version of data repeatedly. To get the given output, it uses a 

weighted majority vote to integrate the predictions of all the base 

learners. It involves applying weights to each of the training dataset.  
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Gradient Boosting Algorithm 

This is an effective and correct method used to tackle 

classification and regression issues. It involves ensemble of weak 

models’ prediction more especially decision tree which it allows 

optimization of the arbitrary differentiable loss function and the 

model is built in a stage-wise like other boosting methods. 

Stacking Classifier  

Stacking is a machine learning approach that combines 

predictions from numerous base learners to create a final prediction 

that outperforms any single model in the ensemble. Meta model uses 

the output from the base learners as inputs in the case of regression, 

the outputs from the base models are real values, while in the case of 

classification, the outputs are probability values. It uses a K-fold 

cross-validation approach for dataset training preparation. 

Proposed Technique 

Some of the methods applied in this work include: 

(a) Naive Bayes (b) K-Nearest Neighbors (c) Support Vector 

Machine (d) Random Forest (e) Decision Tree (f) Adaboost classifier 

(g) Gradient Boost classifier (h) Stacking Technique (i) New 

proposed model. This research takes a purely data-driven approach 

whereby seven classification Algorithms are employed to assess the 

accuracy, precision and sensitivity of the predictions. Stacking 

ensemble technique is used to improve the accuracy and lastly, a new 

technique developed for the prediction and its result is compare with 

all other classifiers. 

The diagram below shows how the dataset is partitioned in 

to multiple groups from  𝑇1  to  𝑇𝑚𝑎𝑥, a predicted values were 

obtained using CART from  𝑦1 to  𝑦𝑚𝑎𝑥 which allows the 

computation of the ensemble technique from the various CART 

models, the accuracy-based weighted ageing classifier ensemble 

(AB-WAE) is utilised to get the final prediction. 

Figure 12: Methodology of the Newly Proposed Method 

 

A new proposed method for making a prediction is shown in figure 

12. Let assume the dataset be represented as D,  

where D = {(Xi + Yi), and i = 1,2,3,4….,M}.---------------------- (4) 

The predictor variables X can be written as Xi = [Xi1, Xi2, Xi3, 

Xi4... XiN] and the response variable Y in the dataset such that yi ∈ 

{0,1}. Looking at the individual independent variables of different 

instances or rows represented as: 

 Xj=[Xij,X2j,X3j,X4j…,XMj] ----------------------------------- (5) 

The weighted mean of the variable Xj can be computed using 

𝑋̅𝑗=∑ 𝑄𝑖
𝑚
𝑖=1 𝑋𝑖𝑗 ,𝑄̀𝑖 ≥ 0, ∑ 𝑄𝑖

̀𝑚
𝑖=1 =1 ------------------------------- (6) 

From the above equation, it indicates that the weighted 

mean is influenced more by data elements having a high weight than 

that with a low weight. The weights can't be negative, despite that 

some value can be 0. 

Randomization is used in the creation of the proposed data 

partitioning technique. The algorithm pulls at random in the set of 

variables, {1,2,.3..., N} at each partitioning. This randomization can 

generate any number of trees, reducing variation and improving 

performance [29].  

Consider the root node, which denote the entire class that 

can be divided into distinct homogenous classes. Choose a point of 

data at random from the variable, {1, 2 , .3..., N} and name it j. This 

point of data is removed from the set to allow more options. Using 

the mean-based partitioning rule, divide D into two partitions 

Consider each child node separately D11 and D12   as root nodes and 

by applying equation 7 above. The datasetD11 creates D21 and D22 

and D12 creates D22 and D24. 

𝐷 = {
𝐷11,     𝑖𝑓  𝑋𝑖𝑗 < 𝑋𝑗̅̅ ̅

𝐷12,     𝑖𝑓  𝑋𝑖𝑗 ≥ 𝑋𝑗̅̅ ̅
       ------------------------------------ (7) 

This process of partitioning will continue until the stopping 

rules are reached. In this new technique, to avoid over partitioning the 

dataset, two restrictions are employed. The minimum tree height is 

the first criterion, which prevents the algorithm from dividing the tree 

when it reaches a certain height at H =  The tree height is 

defined as H = 0 for the root node and H = 1 for  

and  continuously. In the second rule, the tree will remain 

inactive if the partition has a small number of instances. 

Let assume M(𝐷𝑘𝑖) represent the number of instances in 

node 𝐷𝑘𝑖, this process will stop when M(𝐷𝑘𝑖) < 𝑀𝑚𝑖𝑛, in which 

𝑀𝑚𝑖𝑛  is the partition's intended minimum instance count. As a result, 

the tree reaches a point where it can no longer grow if,  

H=𝑇𝐻𝑚𝑎𝑥   orM(𝐷𝑘𝑖) <  𝑀𝑚𝑖𝑛   -------------------------------(8) 

Following the portioning of the dataset, because decision 

tree models offer a high level of accuracy and reliability, each 

partition is modelled using a classification and regression tree. When 

a specific variable is picked at random, CART uses Gini Impurity to 

assess the likelihood of it being erroneously classified. 

To determine the Gini Impurity for a group of J-class 

elements. Use the following formula: 

Let say j ∈{1,2…,J} 

 Gini=1- ∑ 𝑃𝑖
2𝑗

𝑖=1      --------------------------------------------- (9) 

Where 𝑃𝑖 denotes the likelihood of an object being 
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categorised into a specific category, 𝑇𝑚𝑎𝑥 represent the forest of tree 

which are all fitted with CART Algorithm. To compute the ensemble 

from the various CART models, the accuracy-based weighted ageing 

classifier ensemble (AB-WAE) is utilised. The weighted aging 

classifier ensemble has been modified to create the AB-WAE. [25]. 

Let say 𝑃𝛼(𝛽𝑖) indicates the proportion accurate responses 

of classifier 𝛽𝑖  while itter (𝛽𝑖) represent the number of times 𝛽𝑖  has 

changed in the ensemble. Therefore, the classifier weight w (𝛽𝑖) can 

be written as: 

𝑃𝛼(𝛽𝑖) > 𝑃𝛼
𝜋 then w(𝛽𝑖) = 𝑃𝛼 (Psii) 

Else,    w(𝛽𝑖) = 
𝑃𝛼(𝛽𝑖)

√𝑖𝑡𝑡𝑒𝑟(𝛽𝑖)
    -------------------------------------(10) 

Such that 𝑃𝛼
𝜋 reflect the ensemble's classifier's average accuracy 𝜋. 

The ultimate prediction can be obtained as: 

𝛽(𝑥) = 𝑖 if 

∑ w(𝛽𝑖)
𝑇𝑚𝑎𝑥
𝑡=1 𝐹𝑡

𝑖(x)= 
𝑚𝑎𝑥

j∈{1,2,…,J}
  ∑ w(𝛽𝑖)

𝑇𝑚𝑎𝑥
𝑡=1 𝐹𝑡

𝑗
(x) -------------- (11) 

Classifiers are given weights based on the time taken and 

the accuracy to complete the ensemble. A classifier is eliminated 

from the ensemble if its weight falls below a specific threshold [26]. 

The ensemble gets perfect outcomes when the accuracy is used as the 

optimization criterion [30].  

Model Evaluation 

Python code is used to calculate the prediction of the 

malaria dataset to determine accuracy, precision, recall, error rate, 

sensitivity macro, and weighted average of different classification 

techniques. The accuracy of any classification method is calculated 

using a confusion matrix and is defined as: 

True Positive (TP) - Positive target variables that are predicted as                      

                                   Positive correctly. 

False Positives (FP) –Total numbers of negative variables that are  

                                      Predicted as positive wrongly. 

True Negatives (TN) – Negative Variables targets that are predicted  

                                       Correctly as negative. 

 False Negatives (FN) - Positive variables targets that are predicted 

as negative wrongly 

Accuracy is the rate of correct classifications  

                   Accuracy = 
 Number of correct predictions made

Total number of predictions made
 ------ (12) 

Precision: Is the proportion of true positive outcome to positive 

outcome anticipated. 

                     Precision =     
TP

TP+FP
 ------------------------------(13) 

Sensitivity: The proportion of correct positive forecasts to total 

positive cases. 

                                Recall =  
TP

TP+FN
 ------------------------------(14) 

F1-score: Is the harmonic mean of accuracy and sensitivity  

               F1 Score = 2 * 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
----------------(15) 

RESULT 

Three types of experiments are carried out in this section to assess the 

efficacy of the proposed method. To begin, the performance of 

individual classifiers is determined by employing seven well-known 

Machine Learning Algorithms; support Vector Machine, naïve Bayes, 

K-Nearest Neighbours, Decision Tree, Random Forest, Ada boost 

classifier, and Gradient Boost classifier. Secondly, a Logistic 

Regression is used as a stacking classifier to enhanced the accuracy 

performance of the Algorithms which combined all seven classifiers. 

Lastly, the method proposed was tested using malaria datasets and 

compare its classification accuracy to those of other machine learning 

methods 

Table 1: Performance of Individual Classifiers 
Algorithms Accuracy 

(%) 

AUC 

(%) 

Precision 

(%) 

Recall (%) F1 score (%) Std Mean(+/-) Specificity Error Rate(%) Macro Average Weighted 

Average 

SVM 85.2 85 77 85 81 0.046 93 12.5 85 88 

KNN 85.7 87 73 80 76 0.034 90 15.63 82 85 

Random Forest 91.6 90 83 100 91 0.042 100 6.25 92 95 

Decision Tree 90.5 90 86 95 90 0.072 98 6.25 92 95 

Naïve Bayes 84.1 88 71 100 83 0.056 100 12.5 86 91 

AdaBoost Classifier 85.2 80 87 100 93 0.046 100 4.69 93 96 

Gradient Boost Classifier 88.4 88 87 100 93 0.033 100 4.69 93 96 

 

The significance performance of one classifier over another is 

shown in table 1, which indicates, Random Forest classifier has the  

 

highest performance in accuracy than all other classifiers that are 

involved in the analysis. 

Table 2:  Ensemble Method and New Proposed Technique 
Algorithms Accuracy 

(%) 

AUC 

(%) 

Precision (%) Recall (%) F1 score (%) Std Mean(+/-) Specificity Error Rate(%) Macro Average Weighted 

Average 

Stacking Classifier 92.1 91 83 96 89 0.059 97 9.37 90 92 

Proposed Method 93 90 92 100 93 0.051 100 4.55 93 96 
 

Table 2, as shown it represent the Ensemble of all the seven 

base learners’ classifiers performances using Logistic Regression by 

applying stacking technique of ensemble method, to enhanced the 

accuracy and lastly the effectiveness of the newly presented method. 

To confirm the effectiveness and accuracy of the proposed technique,  

 

Analysis is done on all the classifiers in table 1 and 2, outlined the 

test results of multiple classifiers on the datasets used, 

it is observed that the stacking ensemble learning method performed 

better than individual classifier and the proposed method out 

performed all other classifiers in terms of performance 
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CONCLUSION  

Machine learning techniques are crucial in the prediction of

 malaria outbreaks and can be used to create a model that can help 

forecast various forms of illness. Malaria is a greatest cause of 

mortality more particular in developing countries. Timely 

identification can aid the prevention of disease development. 

There is clear evidence that rainfall, Temperature, 

Environmental sanitation and basic drinking water plays an important 

role in malaria incidence; thus, proper sanitation is required to avoid 

malaria incidence in a community. 

Various data mining techniques for malaria outbreak 

prediction were identified. The following machine-learning 

techniques are used: Nave Bayes, Support Vector Machine, Decision 

Tree, Random Forest, k-Nearest Neighbors, Adaboost and Gradient 

Boosting. Logistic Regression was employed as a stacking classifier 

to enhance the accuracy of the individual classifiers, and it was 

discovered that the new approaches give more effectiveness than that 

of the ensemble method. 

The methodology allows spontaneously splitting the data 

into smaller units using a mean-based splitting algorithm, followed 

by classification and regression to model every division to correctly 

predict malaria outbreaks. The suggested method obtained accuracy, 

precision, and sensitivity of 93%, 92%, and 100%, respectively. In 

comparison to previous machine learning approaches suggested, the 

proposed ensemble obtained showed improved performance. 
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