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This study aims to classify the number of malaria cases in Asahan Regency using
the Random Forest method. This method was chosen because it is able to handle
data with many and complex variables and reduce the risk of overfitting. Data were
collected from the Asahan Regency Health Office. The research stages include data
collection, preprocessing, model training, and model evaluation. The dataset used
consists of 568 malaria case data from 25 sub-districts. The data is divided into
80% for training and 20% for testing. Of the total data, there are 109 data 19.2% in
the low category, 334 data 58.8% in the medium category, and 125 data 22.0% in
the high category. This classification aims to assist in mapping the level of malaria
risk in the area. In this study, several variables were used for model training,
including health centers, sub-districts, age, month, and gender. The results of the
analysis showed that the most influential variables were health centers 47.53%,
followed by sub-districts 43.77%, age 6.07%, months 2.18%, and gender 0.45%.
The Random Forest model built was evaluated using accuracy, precision, recall,
and F1-Score metrics. The evaluation results showed that the model was able to
classify the number of malaria cases well, with an accuracy value of 0.97. With
these results, Random Forest has proven effective as a classification method in

malaria cases in Asahan Regency.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Malaria is a disease spread by the bite of a female
Anopheles mosquito infected with parasites from the genus
Plasmodium [1]. There are four types of Plasmodium
parasites that infect humans, namely: Plasmodium vivax,
Plasmodium falciparum, Plasmodium malariae, and
Plasmodium ovale. This disease is known as one of the main
causes of a fairly high risk of death [2]. In 2018, an
estimated 228 million cases were contaminated with a death
toll of 405,000 people due to malaria globally, where
children under the age of 5 years are the most vulnerable
group, contributing 67% of deaths in the world. The most
cases of malaria are found in the African region 93%,
followed by the Southeast Asian region 3.4%, and the
Eastern Mediterranean region 2.1% [3]. Almost all countries
in Southeast Asia have reported cases of malaria, in 2018 the
World Health Organization (WHO) estimated 8 million

cases and 11,600 deaths caused by malaria in the Asian
region.

In Indonesia itself, the highest number of malaria cases
occurred in 2012 with a total of 417,819 cases and
experienced a downward trend to 222,084 cases in 2018.
The number of malaria cases continued to increase after
2018. The peak occurred in 2022, surpassing the number of
cases in 2012 [4]. In 2016, the highest malaria cases in
Sumatra Island were in North Sumatra Province. North
Sumatra Province ranked fifth in the highest malaria cases in
Indonesia after Papua, NTT, West Papua and Maluku
Provinces. Malaria cases in North Sumatra Province were
reported at 6,840 cases [5] . Environmental factors include
humidity, rainfall, the presence of animals and plants,
temperature, and deforestation. Tropical conditions in
Southeast Asia amplify the influence of these factors in
increasing the spread of malaria [6].
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Asahan Regency is an endemic area for malaria in North
Sumatra, the incidence of malaria based on routine reports
has decreased, this can be seen from the Annual Parasite
Incidence (API) figures, namely in 2015 the API value of
Asahan Regency was 706,283 per 1,000 with a risk of
1.44%. In 2016, there were 712,684 per 1,000 with a risk of
0.96%. In 2017, there were 18,718 per 1,000 with a risk of
0.65%. And in 2018, there were 724,379 per 1,000 with a
risk of 0.28% [7]. Behavioral and environmental factors play
an important role in the spread of malaria. Behavioral factors
include not using mosquito nets when sleeping, going out

often at night, low employment, and low income.
Environmental factors include humidity, rainfall, the
presence of animals and plants, temperature, and

deforestation. Tropical conditions in Southeast Asia amplify
the influence of these factors in increasing the spread of
malaria [8].

The Asahan District Health Office faces problems in
controlling malaria, including unstable fluctuations in cases
every year, especially in endemic areas. The available data is
generally only a summary of the number of cases without in-
depth analysis, making it difficult to determine intervention
priorities. Limited resources, such as budget, medical
personnel, and health facilities, also hamper targeted control
efforts. Therefore, the application of data-based technology,
such as the Random Forest algorithm for classifying areas
based on risk levels, is needed. This solution will help the
Health Office allocate resources more effectively, improve
the quality of interventions, and optimize malaria control in
Asahan.

There are several previous studies with the same method,
namely random forest classification. in previous research,
conducted by Hidayat et al with a case study of heart disease
obtained high accuracy results of 94%. The process includes
data preprocessing, normalization, data split, classification,
and evaluation [9]. Then the research conducted by Hadi et
al., using a case study of diabetes produced an accuracy of
74.78% [10].

Based on the research description above, it can be
concluded that random forests are able to provide a high
level of accuracy in classifying data. The purpose of this
study is to implement the Random Forest method in
classifying the number of malaria cases in Asahan Regency
into risk level categories, namely, low, medium and high.
Assisting the Health Office and related agencies in making
more appropriate decisions in malaria control, such as
determining intervention priorities in high-risk areas, based
on the classification results.

Il. METODOLOGY

Research methods are the steps used by researchers to
collect, analyze, and interpret data to answer questions or
solve research problems [11]. Figure 1 presents a research
process scheme that shows each part and stage of the overall
procedure. This illustration provides a comprehensive
picture of the designed plan, and facilitates understanding of

the reciprocal relationship between components that support
each other in achieving the main objectives of the research.

input dataset
Split Data

Application of Random Forest
Method

Random Forest Method
Classification Results

Model Evaluation

What is the Optimal
Model?

Visualization of
Results

Figure 1. Flowchart of the System Work Process Using the Random Forest
Algorithm

A. Data collection

In this initial process, the author looks for a dataset that
is in accordance with the topic of this research. In this study,
the dataset used is primary data obtained directly from the
Asahan Regency Health Office. The data includes
information on the number of malaria cases in 2023 that are
relevant to the research objectives. The dataset consists of 5
variables, namely month, sub-district, gender, age and health
center, by grouping them into 3 categories, namely low,
medium and high based on the number of cases in 25 sub-
districts in Asahan Regency with a total dataset of 568 data.

B. Preprocessing

Data preprocessing is the initial stage in the data analysis
process that includes cleaning, transforming, and preparing
raw data so that it can be used optimally in further analysis
processes, such as data mining, machine learning, and
statistical analysis. The main purpose of this preprocessing is
to improve data quality so that the analysis results are more
accurate and efficient, reduce the presence of noise and
irrelevant data that can affect the final results, and adjust the
data to suit the requirements of the algorithm that will be
applied in the modeling process [12].
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The stages in the data preprocessing process that will be
discussed include [13]:

1. Data Cleaning

This stage includes the process of identifying and
handling incomplete data (such as blank values),
outliers, and invalid data. Missing values can be
handled by deleting them or replacing them with
values that are considered appropriate. Meanwhile,
outliers can be handled by deleting them or using
statistical approaches such as trimming and
winsorizing. In addition, at this stage, duplicate data
is also deleted.

2. Data Transformation

Some attributes in the dataset may need to be scaled
or distributed to suit the needs of the analysis or
modeling. Techniques often used in this stage
include normalization and standardization to adjust
the scale of the data. In addition, logarithmic
transformation can also be applied to change the
distribution of attributes that have an exponential
pattern.

3. Feature Selection

At this stage, the most relevant attributes are
selected and provide significant information for the
analysis objectives. Proper feature selection can
increase the effectiveness and accuracy of the
model. Attributes that are less relevant or have high
correlation with other attributes can be removed
from the dataset to avoid redundancy.

4. Encoding Categorical Variables

If there are categorical variables in the dataset, then
an encoding process is needed to convert them into
numeric form so that they can be processed by the
machine learning algorithm. Common encoding
techniques include one-hot encoding and label
encoding.

C. Algorithm Random Forest

The random forest algorithm approach was proposed by
an expert named Breiman. Random forest is a machine
learning algorithm that has many decision trees as a
combined base classifier. This algorithm is a combination of
the Random Subspaces and Bagging methods [14]. Random
Forest is a development of the Classification and Regression
Tree (CART) method, which uses the bag or bootstrap
aggregation method and random feature selection [15].

The process of implementing the Random Forest method
involves several steps, namely the process begins with
bootstrap sampling, which is taking random samples from
training data with replacement. Each subset formed has the
same size as the initial data, but one data can be selected
more than once [16]. This subset is used to build decision
trees individually with the formula (1).

D ={(x1,y1), (x2,¥2), -, Oy V) }
D; : Bootsrap (D),i = 1,2, ...,t (D

With
n : Amount of data
t : Number of trees in the forest

When forming a tree, random feature selection is
performed at each node. This aims to reduce the correlation
between trees using the formula (2).

m=.p (2)
With

p: Total number of features
m: The number of features selected to determine the split at
each node.

Each decision tree is built based on a subset of the data
and a selected subset of features. At each node, the best split
is determined by measuring impurity using the Gini index or
entropy, which respectively measure how pure the data is.
The Gini Index value can be calculated using formula (3) as
follows.

k
Gini Index = 1 — 2 D2 3)
i=1

The Gini index is used to determine the best features in
each separation process by minimizing the level of impurity,
resulting in a more efficient decision tree and being able to
separate data more accurately. The smaller the Gini value,
the better because it indicates that the data in the group is
more homogeneous. Meanwhile, entropy is used to evaluate
the quality of separation by calculating the weighted average
of the Gini value in each subset formed. The Gini Gain value
can be calculated using the formula shown in equation (4).

k
Entropy = — Z pi Log, (p)) 4)
i=1

With
p;: is the proportion of samples included in class - i
K: is the number of classes in the target variable

After all the trees are formed, voting is done to determine
the final classification result. Each tree provides a prediction
and the final result is determined based on the majority vote
of all the trees in the forest using a formula (5).

T
Class = ArgMax, Z Sy — k) (5

i=1

With
T: Number of trees in the forest
y;: Class prediction from tree to tree-i
k: Number of classes being calculated
8(y; — k): is 1 if the tree-i prediction is class k, and O
otherwish . The class with the most votes will be chosen as
the final prediction.

The use of the Random Forest method in the
classification process has been proven to provide good
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performance based on the results of various previous studies.
The positive performance of this method is achieved through
a series of structured and systematic steps, as explained in
the reference literature. The stages in the Random Forest
calculation process can be seen in Figure 2.

take sample datasetl
(TrainirI:; Data)

determine the number
of predictor variables
randomly

|

| forming a decision tree |

perform classification of ‘
prediction testing data

conduct a majority
vote

|

Calculate the
classification accuracy
of training data

A 4

Calculate the
accuracy of testing
data classification

Is the classification
accurate?

/ Classification Results /

Figure 2. The Flowchart of Classification Malaria Cases Using Random
Forest

D. Evaluation and Validation

The next stage is to analyze and evaluate the
classification results obtained from the performance of the
Random Forest algorithm. This evaluation aims to
understand how the algorithm can improve accuracy in

processing datasets regarding academic stress levels. One of
the tools used in the evaluation process is the Confusion
Matrix, which is a table that describes the comparison
between the model's prediction results and actual data. It
consists of four cells: True positive (TP), True Negative
(TN), False Positive (FP) and False Negative (FN) [17].

Confusion Matrix dibentuk melalui pelatihan dan model
prediksi, lalu hasil klasifikasi setiap sampel ditabulasi.
Akurasi tinggi ditunjukkan oleh nilai dominan pada diagonal
utama, sedangkan kesalahan ditandai oleh nilai besar pada
sel False Positive (FP) atau False Negative (FN). The overall
effectiveness level of the model performance is indicated by
the accuracy value. Accuracy represents the proportion of
correct predictions compared to all data analyzed in the
study [18]. Formula (6) describes how to calculate the
accuracy value.

2 TP +TN
CUraY = TP Y TN+ FP + FN ©®

Precision measures the proportion of correct positive
predictions to all positive predictions, and indicates the
accuracy of the model in classifying positive data [18].
Formula (7) shows how to calculate the precision value.

TP
TP + FP 2

Recall is a measure of the average of true positives used
to determine how well the model is able to recognize or
detect the normal class [18]. The calculation of the recall
value is shown in formula (8).

TP 8
TP+ FN ®

F1-Score is used to evaluate the performance of a
classification model by considering the balance between
precision and recall. Formula (9) shows how to calculate F1
Score.

Precision =

Recall =

Precision X recall

F1—score =2 X

)

Precision + recall

I11. RESULT AND DISCUSSION

A. Dataset Retrieval

The data used in this study came from the Asahan
Regency Health Office in 2023. The data obtained were 568
data which had five research variables which were used as
the basis for the analysis, namely month, sub-district,
gender, age and health center. Can be seen in Table 1.
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TABLE |
DATASET
No | Bulan Kecamatan | Jenis Kelamin | Umur Puskesmas
1 | Januari | Tanjung Balai Laki-laki 42 Sei Apung
2 | Januari | Tanjung Balai Laki-laki 9 Sei Apung
3 | Januari Air Batu Perempuan 26 | Hessa Air Genting
4 | Januari | Kisaran Barat Laki-laki 2 Sidodadi
5 | Januari | Kisaran Barat Laki-laki 14 Sidodadi
6 | Januari | Kisaran Barat | Perempuan 53 Sidodadi
7 | Januari | Kisaran Barat | Perempuan 24 Sidodadi
564 |Desembelf Tanjung Balai [ Perempuan 20 Sei Apung
565 |Desembelf Tanjung Balai [ Perempuan 20 Sei Apung
566 |Desembelf Tanjung Balai Laki-laki 20 Sei Apung
567 |Desember| Simpang Empat| Perempuan 34 Simpang Empat
568 |Desember Simpang Empat| Perempuan 34 Simpang Empat

B. Preprocessing Data

1. Class Label Creation (Labeling)

Labeling is done by calculating the number of malaria
cases based on sub-district. Each row in the dataset
represents one case of malaria, so the number of cases per
sub-district is calculated based on the frequency of
occurrence of the sub-district name. Then, the number of
cases is categorized into three labels, namely:

a. Low: if the number of malaria cases < 20 cases

b. Medium: if the number of malaria cases > 20 to 50

cases

c. High: if the number of malaria cases > 50 cases

The provisions for the category limits for the number of
cases refer to the guidelines and considerations of the P2
(Prevention and Control) Disease Division of the Asahan
District Health Office, which technically understands the
distribution pattern and level of alertness to malaria cases in
the Asahan District area. The following are the labeling
results of the number of cases per sub-district, which can be
seen in table 2 below.

TABLE Il
LABELING RESULT

No Bulan Kecamatan Jenis Kelamin | Umur Puskesmas Kategori
1 | Januari Tanjung Balai Laki-laki 42 Sei Apung Tinggi
2 | Januari Tanjung Balai Laki-laki 9 Sei Apung Tinggi
3 | Januari Air Batu Perempuan 26 | Hessa Air Genting | Sedang
4 | Januari Kisaran Barat Laki-laki 2 Sidodadi Sedang
5 | Januari Kisaran Barat Laki-laki 14 Sidodadi Sedang
6 | Januari Kisaran Barat Perempuan 53 Sidodadi Sedang
7 | Januari Kisaran Barat Perempuan 24 Sidodadi Sedang
563 | Desember| Tanjung Balai Laki-laki 20 Sei Apung Tinggi
564 | Desember| Tanjung Balai Perempuan 20 Sei Apung Tinggi
565 [ Desember| Tanjung Balai Perempuan 20 Sei Apung Tinggi
566 | Desember| Tanjung Balai Laki-laki 20 Sei Apung Tinggi
567 | Desember| Simpang Empat | Perempuan 34 Simpang Empat Rendah
568 | Desember| Simpang Empat | Perempuan 34 Simpang Empat Rendah

2. Data Transformation

The data transformation is carried out as follows:
categorical values are converted into numeric using the label
encoding method, so that they can be processed by the
random forest classification algorithm. In this study, the data
consists of five variables and is classified into three
categories, namely category 0 (low), category 1 (medium),
and category 2 (high). The following are the results of data
encoding can be seen in table 3 below.

TABLE Il
DATA TRANSFORMATION

No | Bulan [Kecamatan [Jenis Kelamin| Umur [Puskesmas| Kategori
1 0 2 0 42 3 2
2 0 2 0 9 3 2
3 0 5 1 26 6 1
4 0 11 0 2 14 1
5 0 11 0 14 14 1
6 0 11 1 53 14 1
7 0 11 1 24 14 1
8 0 12 1 12 15 2
564 | 11 2 1 20 3 2
565 11 2 1 20 3 2
566 | 11 2 0 20 3 2
567 | 11 4 1 34 5 0
568 | 11 4 1 34 5 0

After successfully changing the data type, the author can
calculate the number of target data from the category
variable. The goal is to find out how much data is included
in the low, medium and high categories from all available
data. From the results of manual calculations, the following
data were obtained: Low category as many as 109 data,
medium category as many as 334 data and high category as
many as 125 data. With a total of 568 data. So that the
following visualization results are obtained.

Persentase Count Plot Variabel Kategori
350 S8 8%

300 A

250 A

200 A

150 4
22.0%

Jumlah Kategori

19.2%
100 4

501

Kategori Rendah Kategori Tinggi

Kategori Sedang
Kategori

Figure 3. Visualization of categorical variables
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Figure 3 shows the distribution of the number of malaria
cases classified into three categories, namely Low Category,
Medium Category, and High Category. Based on the graph,
it can be seen that most of the data is in the Medium
Category with a percentage of 58.8%, followed by the High
Category at 22.0%, and the Low Category at 19.2%.
Although there is a slight difference in the proportion
between categories, overall the data distribution is still quite
balanced. There is no extreme dominance in one class that
can cause the data to be significantly unbalanced
(imbalanced dataset). Therefore, there is no need for data
balancing  techniques such as oversampling or
undersampling at the preprocessing stage. Thus, the data can
be used directly in the model training process without the
risk of bias towards one of the classes.

3. Handling Missing Value

This stage aims to check for the presence of missing
values in the dataset. If empty values are found, then the data
cleaning process will be carried out. However, based on
figure 4, it is known that the dataset does not contain
missing values.

=2 %)
Num 0
Month 0

Subdistrict 0
Gender 0
Age 0
Health Center 0

dtype: intb4
Figure 4. Missing Value

Based on Figure 4, it can be concluded that there are no
missing values in the dataset. Each attribute shows a number
of empty values of zero, indicating that all data has been
filled in completely. Thus, the dataset is ready to be used for
further analysis stages without the need for additional
preprocessing related to missing values. In this study, the
data normalization process was not carried out because the
algorithm used is resistant to the presence of outliers and
differences in scale between features. Normalization is
generally applied to standardize the scale of variables in
order to improve algorithm performance. However, in this
context, algorithms such as Random Forest used are
included in the type of decision tree, which divides data
based on feature values without considering the absolute
scale. Therefore, normalization does not have a significant
effect on model performance.

C. Split Data

After the preprocessing stage is complete, the next step is
to divide the data into training data and testing data. Training
data is used to build a model by optimally studying the

patterns and characteristics of the data. Meanwhile, test data
is used to evaluate the performance of the model in
generalizing to data that has never been seen before.

In this study, the dataset was divided into 80:20 ratios,
where 80% was used as training data and 20% as testing
data. From a total of 568 data, 454 data were randomly
selected to train the model, while the remaining 114 data
were used to test the performance of the model that had been
built. This stage is a crucial step before entering the further
analysis process.

D. Classification with Random Forest
This study uses the Random Forest method to classify
the number of malaria cases. The accuracy of the system in
classifying is highly dependent on the model training
process. The Random Forest algorithm has a number of
parameters that are usually adjusted or tested to improve
performance and optimize the results of the model being
built.
Some of these parameters include [19]:
1. n_estimators
The number of decision trees used in a Random
Forest ensemble affects the performance of the

model. The more trees used, the greater the chance
of the model being more robust against overfitting.

However, this also results in increased
computational time and resources required.
2. max_depth

The max_depth parameter on each decision tree
serves to set the level of model complexity. If this
parameter is not specified, the tree will continue to
grow until each leaf contains a completely
homogeneous class or until it reaches the minimum
number of samples allowed on each leaf

3. random_state

It is an integer number used to set the initialization
of random numbers in the model. By setting this
value, the model training results will remain
consistent every time it is run, making it easier to
compare between different models.

E. Evaluation Method

At this stage, the development of the machine learning
model is carried out by randomly dividing the dataset into
training data and testing data. The purpose of this step is to
perform cross-validation in order to obtain an optimal level
of prediction accuracy. This study uses the Random Forest
algorithm as a classification method. In the initial process,
the data is divided with a proportion of 80% for training and
20% for testing, which is used to assess model performance.
The classification results using the Random Forest algorithm
show very good performance with accuracy, precision,
recall, and fl-score of 97% each. This stage includes data
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division, feature extraction, model training, performance
evaluation, and confusion matrix creation. The following are
the results of the model evaluation with the application of
the Random Forest algorithm.

S+ Model Accuracy: 8.97

Classification Report:

precision recall fil-score  support

Rendah 1.08 8.88 8.93 24
Sedang 8.98 1.88 .99 62
Tinggi 8.03 1.06 8.97 28
accuracy @.97 114
macro avg 8.97 @.96 @.96 114
weighted avg .97 8.97 8.97 114

Figure 5. Random Forest Classification Results

From the prediction results of the Random Forest
algorithm, it can be analyzed that out of 114 testing data,
there are 3 data that are predicted incorrectly, and there are
111 data that are predicted correctly. To find out more
clearly about how accurate the prediction results are made
by the Random Forest method, a model evaluation is carried
out from the prediction results that have been produced by
the Random Forest method by calculating the level of
accuracy of the prediction data that has been produced using
Accuracy, precision, recall, and F1-Score. The following is
the visualization result of the confusion matrix.

Confusion Matrix

-
gn 0 0 - 30
<
-20
~ 0 0 28 10
' ' I -0
0 1 2

Prediksi

Figure 6. Confusion matrix visualization

Figure 6 shows the confusion matrix of the classification
results using the Random Forest algorithm. This confusion
matrix is used to evaluate the performance of the model in
predicting each class, namely Low (0), Medium (1), and
High (2). Based on the evaluation results, the model
successfully classified most of the data very well.

The Medium class is the class with the highest accuracy,
where all 62 actual data were successfully predicted
correctly without any misclassification true positive = 62.
This shows that the model has a recall rate of 100% and very

high precision for this class. For the High class, as many as
28 actual data were also successfully predicted correctly, so
that the recall also reached 100%. However, there were two
data from the Low class that were incorrectly classified as
High, so that the precision of the High class decreased
slightly to 93.3%.

Meanwhile, in the Low class, out of a total of 24 actual
data, only 21 data were predicted correctly, while 3 other
data were incorrectly classified: one data to the Medium
class and two data to the High class. This causes the recall
value for the Low class to drop to 87.5%, although the
precision remains high. Overall, the Random Forest model
shows a total accuracy of 97.4%, with very good
performance in recognizing patterns from each class.
Although there are few errors in the Low class, these results
show that the model has strong and reliable classification
capabilities in the context of the data used.

In addition, to understand the contribution of each
feature to the classification process, a feature importance
analysis was performed. This analysis provides information
on which features are most influential in decision making by
the Random Forest model, thus providing additional insight
into the data patterns and characteristics that are most
important in predicting the number of malaria cases.

Pentingnya Fitur dalam Random Forest

43.77%

Tingkat Kepentingan

Pusks
K

Figure 7. Fiture Importances

Figure 7 is the level of feature importance. Of all the
variables, the health center is the most influential variable in
this study, namely the health center with a result of 47.53%,
43.77% for the District, 6.07% for age, 2.18% for months
and 0.45% for gender.

1V. CONCLUSION

Based on the analysis conducted using the dataset of the
number of malaria cases that have 3 categories, it can be
concluded that the Random Forest method can classify the
number of malaria cases in Asahan Regency very well. By
using a dataset of 568 data, which is divided into 80% for
training data with a total of 454 data, and 20% for test data
with a total of 114 data. From a total of 568 data, consisting
of 25 sub-districts in Asahan Regency, 3 categories were
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produced, namely the low category with 12 sub-districts, the
medium category with 11 sub-districts and the high category
with 2 sub-districts. Of all the variables, the health center is
the most influential variable in this study, namely the health
center with a result of 47.53%, 43.77% for the Sub-district,
6.07% for age, 2.18% for months and 0.45% for gender.
Then, there are 109 data 19.2% for the low category, 334
data 58.8% for the Medium category and 125 data 22.0% for
the high category. The Random Forest model managed to
achieve an accuracy level of 97%, precision of 97%, recall
of 97%, and F1-Score of 97%. There are several research
techniques that help find the right model conditions so that
they produce good accuracy when the classification process
is carried out, namely data preprocessing to correct errors in
the dataset, then classification and model parameter settings
are carried out.
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