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Abstract:

Schistosomiasis, a prevalent neglected tropical disease, continues to burden populations in resource-constrained regions globally.
Conventional diagnostic methodologies are labour-intensive and demand significant time and resources. This study investigates the
efficacy of advanced machine learning algorithms, particularly Convolutional Neural Networks (CNNs) and K-Nearest Neighbors
(KNN), for automating the detection of Schistosoma eggs in microscopic images. Comparative performance analysis revealed that
although the KNN algorithm achieved superior metrics in accuracy, precision, recall, and F1 score, its limitations in feature extraction
and handling complex image patterns hindered its applicability as the primary diagnostic tool. Conversely, despite slightly lower
preliminary metrics, the CNN model demonstrated robust feature extraction capabilities and adaptability to intricate patterns, making
it the optimal choice for the automated diagnosis of Schistosomiasis. The selected CNN model exhibited high diagnostic performance,
with significant accuracy, precision, recall, and F1 scores, thereby offering a viable solution for enhancing the efficiency and accuracy of
Schistosomiasis diagnostics. This approach could revolutionize diagnostic workflows, particularly in low-resource settings, by
minimizing procedural complexity and improving diagnostic outcomes.

Keywords: Schistosomiasis, Convolutional Neural Networks, K-Nearest Neighbors, Detection, Performance metrics and Neglected
Tropical Diseases.

which aims to ensure healthy lives and promote well-being for

l. INTRODUCTION

ISABLING and chronic diseases that prevail in tropical,

subtropical, and resource-constrained areas with poor
sanitation are called Neglected Tropical Diseases (NTDs) [1].
They are commonly caused by viruses, parasites and bacterial
diseases, of which affect more than 500 million people in sub-
Saharan Africa [2]. In Africa, the majority of NTDs are caused
by a variety of pathogens including viruses, bacteria, parasites,
fungi and toxins. Also, these poverty-related infections result in
over 415,000 annual deaths and the loss of 43.5 million daily-
adjusted life years [3]. Preschoolers, school-aged, and
adolescent children have higher parasitic counts than older age
groups, resulting in impaired growth and physical fitness, and
development, and decreased neurocognitive abilities. NTDs are
also major causes of maternal morbidity and pregnancy
complications in women [4].

Neglected Tropical Diseases (NTDs) are mainly prevalent
in tropical areas, affecting over 1 billion people in impoverished
communities. NTDs pose health, economic and social
problems, leading to substantial illness and contributing to
mother and child illness and death. These diseases often have
complex epidemiology, are frequently vector-borne, and are
associated with environmental conditions, making their control
challenging [5]. NTDs include Buruli ulcer; Chagas disease;
Dengue and chikungunya; Leishmaniasis; Lymphatic filariasis;
Onchocerciasis; Schistosomiasis and so on. They significantly
impact public health, leading to low productivity and decrease
in socioeconomic and educational developments. There are
attempts to respond to NTDs which are aligned with the
Sustainable Development Goals, (particularly the third goal)

all ages [1,6].

Demographic impact of NTDs is particularly severe among
preschoolers, school-aged children, and adolescents, who
experience higher parasite counts compared to other age
groups. This heightened parasitic burden contributes to stunted
growth, developmental impairments, reduced physical fitness,
and compromised neurocognitive abilities in affected children
[7]. Notably, hookworms and Schistosomiasis also emerge as
significant  contributors to maternal morbidity and
complications during pregnancy, further exacerbating the
public health challenges posed by NTDs [8]. As these diseases
predominantly afflict regions with limited resources and
healthcare infrastructure, addressing NTDs becomes imperative
for promoting overall well-being and breaking the cycle of
poverty-associated infections [9].

Schistosomiasis also known as snail fever, bilharzia, and
Katayama fever is a disease caused by parasitic flatworms
called Schistosomes. The disease can be contacted when people
are in contact with fresh water infested with the larval forms of
this parasite [10]. The microscopic adult worms live in the
veins, draining the urinary tract and intestines. Most of these
infections are caused by Schistosoma mansoni, S.
haematobium, or S. japonicum. It's a significant health problem
and one of those illnesses many folks forget about. To find out
if someone has it, doctors look for the eggs of these worms in
pee or poo samples. The good news is that a medicine called
Praziquantel can treat it [11]. But it's also essential to stop it
before it gets bad. Scientists are working hard to control it and
hopefully make a vaccine to prevent it [12].
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Schistosoma haematobium is a species of digenetic
trematode, belonging to a group of blood flukes that is the major
agent of a disease called Schistosomiasis. It can also be referred
to as the urinary blood fluke because it localises in the vesical
plexus, causing symptoms such as painless hematuria (blood in
the urine), and, in advanced cases, it can lead to bladder cancer
[13]. The adult S. haematobium has male and female forms that
are permanently paired, and the female lays eggs in the blood
vessels of the bladder and the urinary tract, leading to the
characteristic symptoms of the disease. The disease can also
cause kidney damage, fibrosis of the bladder and ureter, and
genital lesions, vaginal bleeding, and pain during sexual
intercourse in women [14].

Schistosoma haematobium is a tiny parasite that lives in
certain body parts and causes Schistosomiasis. It's often called
the urinary blood fluke because it settles in the bladder area,
bringing symptoms like blood in the urine without pain. In
severe cases, it can even lead to bladder cancer [15].

Machine Learning (ML) is a subfield of Artificial
Intelligence (Al) that focuses on developing and studying
statistical algorithms which can effectively analyze data and
make predictions or decisions without being explicitly
programmed to perform the task [16]. It enables computers to
improve their performance over time by learning from their
experiences.

Machine learning algorithms are trained to analyze
historical data to make predictions, classify information, and
identify patterns. They require a firm grasp of mathematics,
statistics, and large amounts of good-quality data for training
[17]. As the volume of data generated by modern societies
grows, machine learning becomes increasingly vital to various
industries and aspects of human life.

Machine learning is like teaching a computer to learn from
examples and experiences without giving exact instructions for
every little thing. It's a part of Al that focuses on creating
intelligent programs that can improve tasks over time by
looking at data and making predictions or decisions [18].

Machine learning offers to revolutionize the field of
Schistosomiasis research by providing automated and accurate
solutions for disease detection, classification, and monitoring.
Advanced algorithms can analyze large datasets derived from
diverse sources, including imaging and diagnostic tests, to
identify trends and correlations that may not be readily
discovered through traditional means [19]. Applying machine
learning in Schistosomiasis research promises to improve
diagnostic accuracy, streamline treatment strategies, and
ultimately contribute to more effective public health
interventions. By harnessing the power of artificial intelligence,
researchers aim to develop innovative tools that can enhance
the speed, precision, and accessibility of Schistosomiasis
diagnosis and management, thereby advancing global efforts to
control and combat the disease [20].

Machine learning algorithms can detect Schistosoma
haematobium eggs in excretion, reducing the complexity of the
diagnostic process [21]. These algorithms can analyze images
captured using mobile phone microscopy or automated digital
microscopes and achieve high sensitivity and specificity rates,
even outdoors. Also, these algorithms can analyze images

captured using mobile phone microscopy or automated digital
microscopes and achieve high sensitivity and specificity rates,
even in field settings. While egg clumping and edge effects may
affect the overall accuracy of egg counts, these factors have a
limited impact on the sensitivity and specificity of the
algorithms [22].

As larger training datasets are collected, machine learning
is expected to become an increasingly effective method for
analyzing images and detecting Schistosoma haematobium
eggs. This approach presents a promising solution for
improving the efficiency and accuracy of Schistosomiasis
diagnosis, especially in resource-limited areas where traditional
diagnostic methods may be impractical and/or unavailable [23].

Several studies have been conducted on Schistosomiasis
using machine learning algorithms and the biological method;
some of them are:

The author in [24] conducted research on Schistosoma
haematobium eggs in resource-limited areas using automated
microscopes together with Al for detection of the eggs. The
development and potential application of the Schistocyte; an
automated microscope integrated together with Al designed in
detecting Schistosoma haematobium eggs in urine samples. It
encompasses an optical system, an electronic system,
supporting structures, and an enclosure. It includes
autofocusing and auto-scanning systems for improved imaging
and employs a Deep Neural Network (DNN) based on a U-Net
architecture for segmenting egg pixels. This device achieved
96.7% sensitivity and 98.3% specificity for spiked samples and
90.9% sensitivity and 100% specificity for clinical samples.

A study by [25] aims to predict diagnostic methods for
parasitic diseases using machine learning and clinical data. The
study involves creating a model to predict parasitic infections
and the appropriate diagnostic methods based on patient
information, such as symptoms, nationality, age, gender, and
travel history. The model consists of two parts: predicting the
presence of parasitic infection and predicting the suitable
diagnostic method if an infection is present. Four models were
used: Support Vector Machines, Random forest, Multilayer
Perceptron, and Gradient boosting. Techniques like SMOTE or
Tomek Links were used to address data imbalance issues.
Performance metrics used included AUC, precision, recall, and
F1 score, with AUC values ranging from 70% to 87%.

In [26], the study explores using convolutional neural
networks (CNNs) to classify medically necessary shails and
Schistosoma stages. The dataset consists of 5,500 snail images
and 5,100 cercariae were split into training and validation sets.
The study used seven pre-trained CNN models, achieving the
best results with InceptionResNetV2. Performance Metrics.
The CNNs were evaluated using accuracy, sensitivity,
specificity, and F1 score of the models. The model with 91.21%
accuracy was considered the best.

Similarly, in [27] a comparison of Support Vector Machine
models in the classification of susceptibility to Schistosomiasis
was conducted. The research evaluates the performance of
different Support Vector Machines models in classifying
Schistosomiasis susceptibility. SVM is identified as an essential
ML algorithm for classification and regression tasks. The paper
compared six different SVM models: linear; quadratic; cubic;
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fine; medium and coarse Gaussian. It was concluded that the
Medium Gaussian SVM model outperformed the other models
based on its accuracy and efficiency. They were evaluated using
the Confusion Matrix (CM), Receiver Operating Characteristic
(ROC) and Parallel Coordinate Plots.

This research primarily focuses on Schistosoma
haematobium, a species that predominantly affects Africa,
given the continent's status as this study's main area of interest.
Additionally, Schistosoma haematobium is emphasised because
Schistosomiasis is considered a neglected tropical disease in
Africa, thereby warranting specific attention and research
efforts. Because of its prevalence in Africa and the Middle East,
Schistosoma haematobium is most common Schistosome
species; this species causes urinary Schistosomiasis, resulting
in symptoms like hematuria, dysuria, bladder scarring, chronic,
and possibly bladder cancer. Schistosoma haematobium is the
primary species affecting Africa, and Schistosomiasis is
classified as a neglected tropical disease. Lastly, developing
diagnostic and screening tools for Schistosoma haematobium is
essential for successful control strategies, particularly in
endemic settings. In this study we try to use Machine Learning
to detect Schistosoma eggs in excretion and reduce the
diagnostics process's complexity.

1. METHODOLOGY

In this Section, the methodology employed for the
diagnosis of Schistosomiasis using a machine learning
algorithm will be discussed. The methodology includes the
following steps:

i.Data collection and Preparation

ii.Data preprocessing and Feature extraction
iii.Model selection and Training
iv.Performance Evaluation and Testing

( Start ]
)

Data Collection and
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| Data Preprocessing |
L
Dataset Splitting

|| Train data |
L

| Test Data
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(st )

Figure 1: Flowchart for the Schistosomiasis diagnosis model

A. Data Collection

Over 10,000 image datasets of Schistosoma eggs were
collected from Kaggle. To support our study, a secondary
dataset containing microscopy images of excretion samples that
specifically included Schistosoma eggs. The dataset covers the
Sub-Saharan part of Africa. A comprehensive set of microscopy
images from Kaggle that perfectly fit our criteria. These images
are essential for training and validating our machine-learning
models. By utilising this dataset from here, we ensured that all
these images are of high-quality, diverse images, which are
crucial for the accuracy and robustness of our study.

B. Data Preprocessing

The next crucial step in the methodology was data
preprocessing. This step is essential to ensure that the images
are in an optimal format for our machine-learning models.
Preprocessing involves several techniques to standardise and
enhance the images' quality, making them more suitable for
analysis. These are:

° Resizing the Images

° Image Augmentation:
The specific augmentation techniques we used included:
Flipping Left-Right, Flipping Up-Down, Brightness

Adjustment, Contrast Adjustment, Converting an image to
grayscale.

These preprocessing steps are not just technical necessities
but critical enhancements that ensure the images fed into our
machine-learning models are high quality and diverse. This
meticulous preprocessing is foundational to the success of the
subsequent steps, where the models learn to identify
Schistosoma eggs with high accuracy and reliability. Through
these enhancements, we aim to develop a powerful diagnostic
tool that can operate effectively in varied and challenging real-
world conditions, ultimately aiding the fight against
Schistosomiasis.

C. Feature Extraction

Feature Extraction is a crucial step in building a machine-
learning model. The initial layers of a CNN detect basic features
like edges and textures. As the data progress through the deeper
layers, the network identifies different complex patterns, such
as shapes and patterns. The hierarchical feature extraction is
crucial for accurately detecting and classifying Schistosoma
eggs, which have distinct morphological characteristics that
must be recognized amidst other elements in the microscopic
images.

D. Model Selection and Training

After extracting features and data preprocessing, the next
step was to select a suitable machine-learning algorithm for
diagnosing the Schistosomiasis model. In this project, the
machine learning algorithms selected were:

i.Convolutional neural network (CNN)
ii.K-nearest neighbors (KNN) algorithm

The machine learning algorithms chosen are suitable in
image classification, object detection and segmentation. The
datasets were divided into training and testing sets with ratios
of 80:20, respectively. In data training, the model iteratively
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processes batches of training images. The model makes a
prediction for each image, compares it to the actual label
(presence or absence of Schistosoma eggs), and adjusts its
internal parameters to reduce the prediction error. This process
is repeated over multiple iterations, known as epochs for CNN
and KNN batches, until the model's performance stabilises. The
performance metrics for each algorithm are shown in the next
section.

E. Performance Evaluation and Testing

After training, it is essential to evaluate how well our model
performs. This involves several key activities:

i.Validation: We measure performance of a
model using various metrics such as accuracy,
sensitivity (recall), and specificity.

ii.Error Analysis: We analyse cases where the
model made incorrect predictions to understand
potential reasons for these errors. This can involve
examining specific images where the model failed
to identify Schistosoma eggs correctly and
identifying patterns or characteristics that may
have led to the mistake.

iii.Model Tuning: Based on the evaluation
results, the model may fine-tune by adjusting
parameters, trying different architectures, or
applying additional data augmentation techniques
to improve performance.

iv.Making Predictions: With a well-trained
and evaluated model, we move on to making
predictions on new data using the following
performance metrics employed: Accuracy,
Precision, Recall, F1-score.

11. IMPLEMENTATION

The implementation process involved several vital stages
such as: Data Collection, Data Preprocessing, Model
Development, Training, and Validation.

A. System and Libraries Requirement

The software that was used in conducting this project
includes: Python, Jupyter Notebook IDE, Windows 11 Home
Simple Language version 23H2 operating system

The libraries used in conducting this project include:
TensorFlow, Matplotlib, Pandas, Keras, Scikit-Learn,
Imbalanced-learn, CV2.

The hardware used in carrying out this project includes;
11" Gen Intel(R) Core (TM) i5-1135G7 @2.40GHz 2.42GHz,
8.00GB RAM, 64-bit operating system, x64-based processor.

B. Data Collection

A comprehensive dataset containing microscopy images of
excretion samples with Schistosoma eggs to support our study
was used. After conducting thorough research, an invaluable
resource was found on Kaggle, a well-known platform that
provides various datasets for data scientists and researchers.
From this platform, a dataset of exactly 13,040 images that
perfectly matched our criteria was found.

C. Model Development

For this research study on detecting Schistosoma eggs in
microscopic images, a Convolutional Neural Network and a K-
Nearest Neighbor algorithms were chosen as the model
algorithm. CNNs are exceptionally well-suited for tasks
involving visual data analysis and pattern recognition, while
KNNs offer simplicity and flexibility, making them ideal
choices for our objective.

Importing of Necessary Libraries:

: JUpyTEr Schistosomiasis Model Last Checkpoint: 10 hours ago

File Edit View Run Kemel Settings Help

B+ XOM0P»EC» Cde v
numpy as np

pandas as pd

random

matplotlib.pyplot as plt
tensorflow as tf

Sequential

ConvaD, MaxPooling2D, Dense, Flatten
layers, models

Figure 2: Code snippet for libraries imported for CNN

Figure 3: Code snippet for libraries imported for KNN
Data preprocessing

Preprocessing an image, such as resizing, data augmentation, or
grayscale image, is a crucial step in any machine learning
project involving images.

(inage):
7¢(inage, [1AG HETEHT, THG WIDTH))

inage - tf. 1

inage - Inage

inage

Figure 4: Code snippet to resize for CNN
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(image, label):

f,

tf.

tf. 55(inage, max_delta-0.1)
tf. inage. randon_contrast(inage, lower-0.5, upper-1.1)
inage, label

Figure 5: Code snippet for data augmentation for CNN

Additionally, converting images to grayscale was employed to
conserve memory and expedite computation.

Training and validation

The training process itself was iterative and involved
multiple epochs:

In [8]: # Function to load images from a directory
def load images_from_folder(folder):
images = []
labels = []
class_folders = os.listdir(folder)
for class_label, class folder in enumerate(class_folders):
class_path = os.path.join(folder, class_folder)
for filename in os.listdir(class_path)
img_path = os.path. join(class_path, filename)
img = cv2.imread(img_path, cv2.IMREAD_GRAYSCALE) # Read image as grayscale
if img is not None
img = cv2.resize(img, (64, 64)) # Resize
images. append (img)
labels.append(class_label)
return np.array(images), np.array(labels)

image to 64x64

Figure 6: Code snippet for resizing and image grayscale for
KNN

Figure 7: Code snippet for epochs of CNN

[165]:
test Toss, test accuracy = nodel..evaluste(test

( test_accuracy ‘140

/% §5 18%s/step - accuracy: 1.8080 - loss: 0.0300e+0
Test Accuracy: 106.0
Figure 8: Code snippet for Accuracy of CNN

In [34]: | # Make predictions
y_pred = knn.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, y_pred)*1ee

precision = precision_score(y_test, y_pred, average='weighted')*1ee
recall = recall_score(y_test, y_pred, average='weighted')*1ee
print(f'Accuracy: {accuracy}')

print(f'Precision: {precision}')

print(f‘Recall: {recall}')

print("\nClassification Report:')
print(classification_report(y_test, y pred))

Accuracy: 189.0

Precision: 186.
Recall: 180.8

Figure 9: Code snippet for Accuracy of KNN

V. RESULT

The performance evaluation of our machine learning
models is critical for determining their efficacy in recognising
Schistosoma eggs in microscope pictures. This section
describes the measures used to evaluate the models'
performance and offers information about their capabilities.

The following subsection presents the performance
evaluation results of the machine learning models:

Table 1: Result of performance evaluation of the algorithms
compared to a previous study by [27]

SIN | Metrics CNN KNN Kritetal.,
Model 2021(CNN)

1 Accuracy (%) | 100 100 91.21

2 Precision 0.954 1.000 0.983

3 Recall 0.998 1.000 0.977

4 F1 - Score 0.973 1.000 0.885

From the table above, the algorithm with the best
performance was KNN. However, KNN cannot recognize
complex patterns and shapes, so it cannot be categorized as the
best algorithm. The best algorithm is the CNN model, with
accuracy of 100%, precision of 0.954, recall of 0.998, and F1
Score of 0.973.

The study highlights machine learning ability by
dramatically advancing automated picture recognition and
classification tasks in medical diagnostics and beyond when
combined with appropriate datasets and algorithms. The
findings show these models' technical capabilities and practical
uses in enhancing diagnostic accuracy and efficiency in
healthcare applications.

V. DISCUSSION OF RESULTS

The performance evaluation indicated that the K-Nearest
Neighbors (KNN) algorithm has higher accuracy, precision,
recall, and F1 score compared to the Convolutional Neural
Network (CNN) model. Despite these vital performance
metrics, KNN was not selected as the final model for
Schistosomiasis diagnosis in this study. This decision was
primarily due to KNN's limitations in feature extraction and its
inability to effectively manage the complex patterns inherent in
the dataset, which ultimately compromised its suitability for the
task. Consequently, the CNN model was chosen as the optimal
diagnostic tool. The CNN model demonstrated promising
results, achieving high levels of accuracy, precision, recall, and
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F1 score that underscore its effectiveness in accurately
identifying Schistosoma eggs in excretion samples. This
advancement significantly simplifies the diagnostic process for
Schistosomiasis, making it both more efficient and reliable.

The study underscores transformative ability of machine
learning models, particularly CNNs, in accurately classifying
Schistosoma eggs from microscopic images. The findings
highlight the critical role of advanced computational techniques
in revolutionizing disease detection methods and affirming their
validity in medical diagnostics. The integration of an automated
diagnostic tool with such precision and efficiency represents a
significant breakthrough in the clinical diagnosis of
Schistosomiasis. This innovation can significantly enhance
public health outcomes by enabling earlier and more accurate
diagnosis, facilitating timely treatment interventions and
reducing the overall burden of Schistosomiasis in affected
populations.

However, the study has limitations. Key challenges
include:

° The variability of datasets.

° The applicability of these models in
real-world scenarios.

° The need for continuous

optimization of algorithmic performance.

Addressing these challenges methodically and pursuing further
research could expand the potential applications of machine
learning technologies in medical diagnostics. Collaborative
efforts among researchers, healthcare professionals, and
policymakers will be crucial in advancing the development and
deployment of these technologies. Such concerted efforts are
paving the way for a new era in healthcare delivery
characterized by precision medicine and widespread access to
advanced diagnostic tools. Ultimately, the goal is to enhance
healthcare outcomes universally, ensuring that cutting-edge
technologies like CNNs realize their full potential and
contribute to more significant healthcare equity.

Healthcare professionals are encouraged to consider
integrating machine learning-based diagnostic tools as
complementary methods alongside conventional diagnostic
techniques. Policymakers should actively support developing
and integrating these technologies within healthcare systems,
particularly in regions where Schistosomiasis poses a
significant public health challenge. Additionally, healthcare
practitioners should engage in training programs to ensure the
effective implementation and utilization of these diagnostic
tools.

Future research should focus on expanding the scope of
these models to enable the simultaneous classification of
various parasitic infections. While this study primarily focused
on detecting Schistosoma eggs, a more comprehensive
approach that includes other parasitic diseases could
revolutionize  automated  diagnostic ~ systems.  These
advancements would improve diagnostic accuracy and extend
these tools' applicability across diverse healthcare settings and
geographical regions. The capability to classify multiple
infections could lead to developing comprehensive, adaptable,
and scalable diagnostic tools that more effectively address
pressing public health challenges.

VI. CONCLUSION

This study has demonstrated the significant potential of
CNNs during the automated diagnosis of Schistosomiasis,
specifically in identifying Schistosoma eggs from microscopic
images. While the K-Nearest Neighbors (KNN) algorithm
initially showed better performance metrics, its limitations in
feature extraction and handling complex patterns made it
unsuitable as the final diagnostic model. The selection of CNN
as the optimal tool underscores the importance of robust feature
extraction capabilities and adaptability in complex diagnostic
tasks. The CNN model has higher accuracy, precision, recall,
and F1 score highlight its efficacy and promise in streamlining
the diagnostic process for Schistosomiasis, thus offering a more
efficient and accurate alternative to traditional diagnostic
methods.

The broader implications of this work suggest a
transformative impact on public health, particularly in resource-
constrained regions where Schistosomiasis is endemic. By
reducing diagnostic complexity and improving accuracy, CNN-
based models can enable earlier detection and timely
intervention, thereby reducing the disease burden and
improving patient outcomes. However, this study also
acknowledges the remaining challenges, including the need for
dataset diversity, real-world applicability, and ongoing
algorithmic optimization. Future research and interdisciplinary
collaboration will be essential to overcome these challenges,
extend the applicability of these models to other parasitic
diseases, and ensure the equitable deployment of such advanced
diagnostic tools across various healthcare settings.
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