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ABSTRACT

Many countries still struggle with malaria, a deadly disease spread by Plasmodium parasites
in infected mosquitoes. Malaria therapy and control require early and precise detection.
Healthcare workers can perform speedy and accurate malaria tests in distant or resource-
limited situations using portable diagnostic instruments using the automated malaria detection
system. The approach can help epidemiologists and health organizations track malaria
prevalence and transmission, improving resource allocation. Traditional malaria detection
involves experienced personnel manually examining blood smears under a microscope.
Reliable, yet time-consuming, laborious, and dependent on microscopist expertise.
Regression-based blood smear analysis can yield false-negative or false-positive results.
Recently, machine learning-based methods have showed promise in automating malaria
parasite detection in blood samples. Therefore,this research provides a high-accuracy,
efficient machine learning-based malaria infection detection approach from blood smear
image analysis. The proposed system employs two machine learning models such as naive
bayes, and ensemble learning model for performance assessment. Obtained simulation results
demonstrate the ensemble learning model outperforms the naive bayes classifier with
improved prediction accuracy.

Keywords: Public health, Malaria disease, Machine learning, Portable diagnostic devices,
Naive Bayes model, Ensemble learning model.

1. INTRODUCTION

Plasmodium parasite-infected female Anopheles mosquitoes spread malaria, a devastating
disease. Blood samples are used to diagnose and monitor malaria because they reveal its
prevalence and severity. A malaria patient's blood sample undergoes laboratory tests to
confirm the diagnosis and assess parasite activity. Thin or thick blood smears under a
microscope are the main diagnostic approach. Thin blood smears indicate the Plasmodium
species causing the infection, while thick ones count the parasites. This information is crucial
for illness severity assessment and therapy options. Molecular methods like polymerase chain
reaction (PCR) can also confirm parasite presence and distinguish species with great
accuracy. Other essential characteristics like haematocrit levels can be assessed during blood
sample analysis, including malaria-related anaemia. Serological testing can also identify
Plasmodium antigen-specific antibodies, revealing parasite exposure and assisting
epidemiological investigations. Malaria management and control require rapid and reliable
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blood sample analysis. Rapid and accurate diagnosis allows doctors to start treatment right
away, minimizing the chance of serious complications and death. Monitoring blood parasite
load over time helps doctors evaluate therapy efficacy and make modifications. Thus, blood
sample analysis is essential to malaria prevention and elimination, aiding patient care and
public health efforts.

Malaria infection analysis using blood sample pictures is motivated by several factors and has
major consequences for healthcare and epidemiology. First, malaria is a global health issue,
especially in underserved areas. It is the biggest cause of death and illness, especially in
children and pregnant women. Effective therapy and illness management require timely and
accurate diagnosis. Thus, researchers want to improve diagnostic tools for early detection and
better patient outcomes. Second, microscopy-based diagnosis is accurate but laborious and
requires skilled technicians, which can be scarce in resource-limited settings. To aid malaria
diagnosis, automated image analysis tools and Al algorithms are being developed. These
technologies could make diagnosis faster, easier, and less dependent on expert staff. This is
critical for improving malaria diagnosis in remote or underserved areas and healthcare access.
For vector control and treatment distribution, malaria epidemiology must be monitored and
understood. Blood samples can reveal Plasmodium species prevalence, medication resistance,
and transmission patterns. Researchers want to employ image analysis to analyze malaria
parasite distribution and evolution to improve policies and targeted therapies. Last, using
image analysis and Al in malaria detection fits with the growing trend of using digital health
technologies to improve healthcare. This inspires researchers to use biology, computer
science, and medicine to transform malaria diagnosis and treatment, helping to eradicate this
horrible illness worldwide. In conclusion, blood sample image malaria infection analysis has
the ability to improve diagnosis, healthcare access, public health initiatives, and cutting-edge
technology to tackle a global health concern.

2. RELATED WORK

According to the World Health Organization (WHO), malaria case rates (i.e., cases per 1000
population) fell from 82 in 2000 to 57 in 2019 but rose to 59 in 2020. The WHO reported that
this unusual 2020 increase in malaria case rates was related to service supply disruptions
during the COVID-19 pandemic [1]. In fact, the number of malaria cases increased from 227
million in 2019 to 241 million in 2020, and the number of malaria deaths in 2020 was
estimated at 627,000, a 12% increase from 2019 [2].Moreover, in the case of malaria, the
more severe problem is that the existing malaria diagnosis method relies on direct human
observation, which takes much time for diagnosis, making it difficult to test many patients
simultaneously. Additionally, there is a limitation in that diagnostic accuracy is greatly
affected by variability between observers. In other words, the effectiveness of the
conventional microscopic diagnosis is highly dependent on the expertise of parasitologists.
Besides, it is common for parasitologists to work in resource-constrained environments
without stringent systems to maintain their know-how or diagnostic quality [3]. This can
often lead to erroneous diagnoses and inappropriate treatment, which can have fatal
consequences [3-5].
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There are several promising prior studies on the capabilities of ML-based techniques in
detecting infectious diseases. For instance, using a machine learning framework, Colubri et
al. [6] introduced an application that can predict the outcome of Ebola patients from early
clinical symptoms. Smith and Kirby [7] described ML applications for analyzing different
types of microbial image data, particularly progress in smear and plate interpretation. Another
notable study on ML-based infectious disease diagnosis is that of Das et al. [8], who
developed a computer-aided malaria parasite characterization and classification based on
light microscopy images of peripheral blood smears collected from 600 patients using an ML
approach. Their proposed ML scheme applying the Bayesian approach provides 84.0%
accuracy and 98.1% sensitivity by selecting the 19 most significant features, and the support
vector machine (SVM) achieved 83.5% screening accuracy and 96.6% sensitivity with the 9
most significant features [8].

Similarly, there are other studies that have applied various machine learning methods to
detect malaria parasites. Bibin et al. [9] proposed a deep belief network (DBN)-based trained
model to classify 4100 peripheral blood smear images into parasitic or nonparasitic classes.
The proposed method showed an F-score of 89.66%, a sensitivity of 97.60%, and a
specificity of 95.92% [9]. Gopakumar et al. [10] used a customized CNN model operating on
a focus stack of images for automated quantitative detection of Plasmodium falciparum
malaria in blood smears. The detection accuracy of the CNN model was 97.06% sensitivity
and 98.50% specificity [10].Yang et al. [3] developed a method using a deep learning
algorithm to detect malaria parasites in thick blood smear images, run on a smartphone. They
trained and tested a deep learning method using 1819 thick smear images from 150 patients
[3]. The study results showed the effectiveness of the CNN model in distinguishing positive
(parasitic) image patches from negative image patches, with performance metrics of accuracy
(93.46% =+ 0.32%), precision (94.25% =+ 1.13%), and negative predictive value (92.74% =+
1.09%) [3].

Especially in the case of the COVID-19 pandemic, Dandekar et al. [11] applied the neural
network module of ML to develop a globally applicable COVID-19 diagnosis model to
analyze and compare the role of quarantine control policies globally across the continents of
Europe, North America, South America, and Asia. Dandekar et al. [11] also hosted
quarantine diagnosis results from 70 countries around the world on a public platform:
https://covid19ml.org/ (accessed on 15 March 2023).One example of a notable literature
review source for ML-based infectious disease diagnosis is the work of Baldominos et al.
[12]. The study performed a computer-based systematic literature review in order to
investigate where and how computational intelligence (i.e., different types of machine
learning techniques) is being utilized to predict patient infection [12].Deep learning, a
specific subset of machine learning, is a computational processing system composed of
artificial neural networks, heavily inspired by how biological nervous systems process
information and make decisions [13].

3. PROPOSED SYSTEM
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The methodology leverages image processing and machine learning techniques to automate
the detection of malaria parasites in blood sample images. It is a promising approach to
improve the efficiency and accuracy of malaria diagnosis, particularly in resource-limited
settings where access to skilled technicians may be limited. However, it's important to note
that developing and fine-tuning the RFC model typically requires a substantial amount of
labeled data and expertise in machine learning and image analysis. Additionally, the
performance of the model should be rigorously evaluated to ensure its accuracy and
reliability in real-world healthcare applications. Figure 4.1 shows the proposed system model.
The detailed operation illustrated as follows:

Step 1: Image Processing: This is the initial step where you process the blood sample images.
Image processing techniques may include preprocessing steps such as noise reduction,
contrast enhancement, and image segmentation to isolate the relevant features (in this case,
malaria parasites) from the background and other elements in the image. This step is essential
for preparing the images for further analysis.

Step 2: Random Forest Classifier (RFC) Building: After image processing, the next step
involves training a machine learning model, specifically a Random Forest Classifier (RFC).
In this step, you would typically use a labeled dataset of blood sample images, where each
image is associated with a known diagnosis (e.g., whether it contains malaria parasites or
not). The RFC is trained to learn patterns and features in the images that distinguish between
infected and uninfected samples. This classifier can handle complex relationships in the data
and is capable of making predictions based on these learned patterns.

Step 3: RFC Prediction: Once the RFC model is trained, it can be used to predict whether
new, unseen blood sample images contain malaria parasites or not. When a new blood sample
image 1is input into the trained RFC, the model evaluates the image based on the patterns it
has learned during training and produces a prediction. This prediction can help automate the
process of diagnosing malaria from blood sample images, reducing the need for manual
examination and potentially increasing the speed and accuracy of diagnosis.
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Figure 1: Proposed methodology
3.1 Random Forest Algorithm

Random Forest is a popular machine learning algorithm that belongs to the supervised
learning technique. It can be used for both Classification and Regression problems in ML. It
is based on the concept of ensemble learning, which is a process of combining multiple
classifiers to solve a complex problem and to improve the performance of the model. As the
name suggests, "Random Forest is a classifier that contains a number of decision trees on
various subsets of the given dataset and takes the average to improve the predictive accuracy
of that dataset." Instead of relying on one decision tree, the random forest takes the prediction
from each tree and based on the majority votes of predictions, and it predicts the final output.
The greater number of trees in the forest leads to higher accuracy and prevents the problem of
overfitting.
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Figure 2: Random Forest algorithm.
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Random Forest algorithm

Step 1: In Random Forest n number of random records are taken from the data set having k
number of records.

Step 2: Individual decision trees are constructed for each sample.
Step 3: Each decision tree will generate an output.

Step 4: Final output is considered based on Majority Voting or Averaging for Classification
and regression respectively.

Important Features of Random Forest

e Diversity- Not all attributes/variables/features are considered while making an
individual tree, each tree is different.

¢ Immunetothecurseofdimensionality- Since each tree does not consider all the
features, the feature space is reduced.

e Parallelization-Each tree is created independently out of different data and attributes.
This means that we can make full use of the CPU to build random forests.

e Train-Testsplit- In a random forest we don’t have to segregate the data for train and
test as there will always be 30% of the data which is not seen by the decision tree.

e Stability- Stability arises because the result is based on majority voting/ averaging.
Assumptions for Random Forest

Since the random forest combines multiple trees to predict the class of the dataset, it is
possible that some decision trees may predict the correct output, while others may not. But
together, all the trees predict the correct output. Therefore, below are two assumptions for a
better Random Forest classifier:

e There should be some actual values in the feature variable of the dataset so that the
classifier can predict accurate results rather than a guessed result.

e The predictions from each tree must have very low correlations.
Below are some points that explain why we should use the Random Forest algorithm
e It takes less training time as compared to other algorithms.
e [t predicts output with high accuracy, even for the large dataset it runs efficiently.
e [t can also maintain accuracy when a large proportion of data is missing.
Types of Ensembles

Before understanding the working of the random forest, we must look into the ensemble
technique. Ensemble simply means combining multiple models. Thus, a collection of models
is used to make predictions rather than an individual model. Ensemble uses two types of
methods:
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Bagging— It creates a different training subset from sample training data with replacement &
the final output is based on majority voting. For example, Random Forest. Bagging, also
known as Bootstrap Aggregation is the ensemble technique used by random forest. Bagging
chooses a random sample from the data set. Hence each model is generated from the samples
(Bootstrap Samples) provided by the Original Data with replacement known as row
sampling. This step of row sampling with replacement is called bootstrap. Now each model is
trained independently which generates results. The final output is based on majority voting
after combining the results of all models. This step which involves combining all the results
and generating output based on majority voting is known as aggregation.

Boosting— It combines weak learners into strong learners by creating sequential models such
that the final model has the highest accuracy. For example, ADA BOOST, XG BOOST.

4. RESULTS AND DISCUSSION
4.1 Dataset Description

Table 1 provides the dataset description. The dataset contains total of 1047 images with 530
images in uninfected class and 517 images in parasitized class.

Table 1: Dataset description.

S. No. | Number of images | Class type

1 530 Uninfected

2 517 Parasitized

4.2 Results Analysis

Figure 3 shows a selection of images from the dataset that are classified as belonging to the
parasitizedclass. These images exhibit characteristics associated with parasitized in blood
smear samples. Figure 4 displays sample images from the dataset categorized as uninfected.
These images are examples of blood smear samples with no signs of parasitized or
abnormalities. Figure 5 represents the numerical data of the input images after they've
undergone preprocessing, which involve tasks such as resizing, normalization, and flattening
to prepare the images for input to the machine learning model. In Figure 6, the target array
data is depicted. Each value in this array corresponds to the classification of the
corresponding input image as "uninfected" (0) or "parasitized" (1).Figure 7 demonstrates the
results of making predictions using the proposed machine learning (ML) model on a set of
test data. It shows a few test images, and the predicted class labels. Figure 8 contains the
classification report generated for the random forest model, which provides the quality
metrics such as precision, recall, and Fl-score for each class, allowing us to assess the
model's performance on different metrics
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Figure 3: Sample images of dataset with parasitized class.
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Figure 4: Sample images from dataset with uninfected class.
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Figure 5: Array data of input images after preprocessing.
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Figure 6: Target array data (uninfected
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Figure 7: Sample prediction on test data using proposed ML model.
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Figure 8: Classification report of random forest model.

Confusion Matrix

80
a0

=

[T}
o 70

W

=
y 5 “
= -50
=40
E - 30
8 -20

m

= i
Uninfected Parasitized
Predicted

Figure 9: Obtained confusion matrix with actual and predicted labels using random forest
model.
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Figure 10: Classification report of proposed Naive bayes model.

Figure 11: Confusion matrix of proposed Naive bayes model for detection and classification

In Figure 9, a confusion matrix visualizes the performance of a classification model. This
presents a heatmap-style confusion matrix showing the relationship between actual labels and
predicted labels from the random forest model. Figure 10 displays the classification report for
the proposed Naive bayes model, which has improved performance over random forest
model. Figure 9 shows the confusion matrix for the RFC model. It illustrates how well the
RFC model correctly classified images into different classes (uninfected or parasitized).
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Table 2: Overall performance comparison of proposed ML models.

Model name Accuracy (%) Precision (%) Recall (%) F1-score
Random Forest | 87.14 87 87 87
Naivebayes 65.23 66 65 64
classifier

Table 2 presents a comprehensive comparison of the overall performance of two proposed
ML models used for parasitized detection and classification in blood smear samples. The
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models under consideration are the "Random Forest" model and the " Naive bayes classifier."
The evaluation is based on key performance metrics, including "Accuracy," "Precision,"
"Recall," and "F1-score." Accuracy, which signifies the ratio of correctly predicted labels to
the total predictions, is an essential metric. The "Random Forest" model achieves an accuracy
of 87.14%, while the " Naive bayes classifier" demonstrates very less accuracy of 65.23%.
Precision, indicating the correctness of predicted positive instances, is 87% for the "Random
Forest" model and 66% for the " Naive bayes classifier." Recall, also known as sensitivity,
reveals the capability to correctly identify actual positive instances. Both models showcase
comparable recall values, with the "Random Forest" and " Naive bayes classifier" achieving
87% and 65% respectively. Fl-score, a balance between precision and recall, harmonizes the
trade-offs between false positives and false negatives. Notably, the Fl-scores mirror the
accuracy and precision values for both models, with 87% for "Random Forest" and 64% for
the " Naive bayes classifier."

5. CONCLUSION

In conclusion, the methodology involving image processing followed by Random Forest
Classifier (RFC) building and prediction for malaria diagnosis from blood sample images
represents a significant advancement in the field of healthcare and disease management. This
approach addresses critical challenges related to the efficiency, accuracy, and accessibility of
malaria diagnosis. By automating the analysis of blood sample images, it streamlines the
diagnostic process, reducing the time required for diagnosis and treatment initiation.
Additionally, it enhances diagnostic consistency, reduces the potential for human error, and
offers scalability, making it suitable for both routine diagnostics and large-scale screening
efforts. The integration of machine learning and image analysis technologies into healthcare
systems holds promise for improving malaria control, early detection of outbreaks, and
enhancing overall healthcare access. While there may be initial development costs, the long-
term benefits in terms of improved healthcare delivery, reduced costs, and better disease
surveillance make this methodology a valuable addition to the fight against malaria.
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