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Abstract: - Exploring the identification of Multiple Sclerosis (MS) lesions involves leveraging diverse machine learning classifiers. Using
Magnetic Resonance Imaging (MRI) scans, the study aims to detect and characterize these lesions, evaluating their attributes, progression
stages, and the pivotal role of Artificial Intelligence (Al) in diagnosis. The focus is on analyzing automated detection algorithms, particularly
Deep Learning techniques. Through comprehensive assessment, various classifiers including MLP Classifier, Random Forest (RF), Support
Vector Machine (SVM), and DL are evaluated using metrics like precision, recall, F1-score, and accuracy. The DL classifier stands out,
achieving remarkable precision (99%), recall (99%), and overall accuracy (99.5%). Comparative analysis confirms its superiority,
reinforcing its efficacy over alternative methods. The research underscores the DL model's potential in generalizing to new samples due to
its robustness and precision. This study significantly advances automated MS lesion detection, highlighting the promise of Al-based

methodologies in medical image analysis.

Keywords: Multiple Sclerosis Lesions, Machine Learning Classifiers, Deep Learning Techniques, Automated Detection

Algorithms.

. INTRODUCTION

MS lesions are areas of inflammation and damage in the central nervous system (CNS) that occur in people with
MS. MS is a chronic autoimmune disorder that affects the myelin sheath, a protective covering that surrounds nerve
fibers, causing problems with communication between the brain and other parts of the body. The accumulation of MS
lesions in the brain and spinal cord is a hallmark of the disease and is one of the main factors that cause a range of
symptoms, including fatigue, muscle weakness, blurred vision, problems with coordination and balance, and cognitive
impairment. Fig.1 shows the difference between healthy nerve and MS affected nerve.

MS lesions can be identified using medical imaging techniques like MRI. There are different types of MS lesions
that can be detected using MRI, including: Gadolinium-enhancing lesions are characterized by an increase in contrast
enhancement on MRI scans, indicating ongoing inflammation in the CNS. T1 hypointense lesions: These are chronic
lesions that appear as dark spots on MRI images and indicate areas of damage to the myelin sheath.
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Fig.1 Healthy and Multiple Sclerosis condition

T2 hyperintense lesions: These are areas of inflammation that appear as bright spots on MRI scans, indicating new or
active MS lesions. Treatment for MS focuses on reducing inflammation, slowing down the progression of the disease,
and managing symptoms. There are several disease-modifying drugs (DMDs) available that can help reduce the
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frequency and severity of MS lesions. Other treatments may include physical therapy, occupational therapy, and
medications to alleviate specific symptoms. MS lesions can be identified using various medical imaging techniques,
including MRI, computed tomography (CT) scans, and positron emission tomography (PET) scans. However, MRI is
the most sensitive and specific technique for detecting MS lesions.

A The process to identify MS lesions
The process for identifying MS lesions using MRI usually involves the following steps:

e Preparation: The patient will be advised to remove any metal objects that might interfere with the imaging and
will be positioned on the MRI table.

¢ Injection of contrast agent: To identify gadolinium-enhancing lesions, a contrast agent is introduced into the
patient's bloodstream prior to the MRI scan.

e MRI scanning: Detailed visuals of the brain and spinal cord are produced using a combination of magnetic fields
and radio waves. Diverse CNS images are generated by the MRI apparatus through various sequences like T1-
weighted, T2-weighted, and FLAIR sequences.

¢ Analysis of the MRI images: The radiologist or neurologist will analyze the MRI images to identify the presence,
location, and characteristics of the MS lesions.

o Interpretation of the results: The interpretation of findings and subsequent reporting to the patient's doctor will be
carried out by either a radiologist or a neurologist. Following this, the physician will engage in a discussion with
the patient, outlining the outcomes and deciding on the most suitable course of action. Occasionally, an additional
procedure called a spinal tap (lumbar puncture) might be conducted to examine protein levels within the
cerebrospinal fluid (CSF). This aids in confirming the diagnosis of MS and distinguishing other possible
conditions that could resemble MS. Fig.2 illustrates the process of Data Collection to Evaluation.
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Fig.2 The Process of Data Collection to Evaluation

B. Analysis of the MRI images to identify MS lesions
When analyzing MRI images to identify MS lesions, radiologists and neurologists typically follow a set of systematic
steps to ensure an accurate diagnosis. The steps involved in analyzing MRI images to identify MS lesions include:
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Fig.3 (a) Axial T1 image of the brain showing black holes (circled)
(b) Axial T2 image of the brain showing a lesion as white (circled)
(c) Axial FLAIR image of the brain showing lesions as white (circled)
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Reviewing the images: In the initial assessment process, either a radiologist, neurologist, or an automated computer
system will examine brain and spinal cord images captured in various sequences, including T1-weighted, T2-weighted,
and FLAIR sequences, with the aim of detecting any irregularities. T1-weighted, T2-weighted, and FLAIR (fluid-
attenuated inversion recovery) sequences represent specific MRI sequences utilized to pinpoint MS lesions within the
brain and spinal cord. Each sequence possesses distinct features that facilitate the differentiation of MS lesions from
typical brain tissue.

e T1-weighted sequence: This imaging sequence is sensitive to changes in tissue density and shows the contrast
between different types of tissues in the body. On T1-weighted images, MS lesions appear as dark spots or
hypointense regions because they contain tissues that are less dense than normal brain tissue. However, if a
contrast agent is injected, gadolinium-enhancing lesions appear as bright spots or hyperintense regions on T1
images due to increased permeability.

e T2-weighted sequence: This imaging sequence is more sensitive to changes in water content and detects
abnormalities in brain tissue, such as inflammation or tissue damage. MS lesions appear as bright spots or
hyperintense regions on T2 images, indicating areas of increased water content that can be distinguished from the
normal brain tissue.

e FLAIR sequence: This imaging sequence uses a special inversion recovery technique, which nulls or reduces the
signal from cerebrospinal fluid (CSF) to highlight small and subtle brain lesions with high contrast. It enhances
the detection of MS lesions in regions such as the juxtacortical, infratentorial, and posterior fossa.FLAIR imaging
provides a strong differentiation between lesions and CSF, reducing the risk of false-positive lesion detection.
Fig.3 represents the Axial T1, T2 and FLAIR images.

By using these imaging sequences in combination, radiologists and neurologists or an automated computer system can
help identify and differentiate MS lesions from other brain lesions, allowing for an accurate diagnosis and treatment
for MS patients. Identifying potential lesions: After reviewing the images, the radiologist or neurologist or an
automated computer system will look for areas of the brain and spinal cord that show signs of inflammation or damage,
such as T2 hyperintense signals and T1 hypointense lesions. Determining lesion location: The radiologist or
neurologist or an automated computer system will then examine the location of the lesions to determine if they are in
a location typical of MS lesions. MS lesions are commonly found in the periventricular, juxtacortical, infratentorial,
and spinal cord regions. Assessing lesion characteristics: The radiologist or neurologist will also assess the size,
shape, number, and distribution of the lesions to determine their characteristics. It's important to distinguish active or
new lesions from chronic lesions that have remained stable for long periods.

1. LITERATURE REVIEW

This literature review concentrates on a selection of research articles that contribute to the segmentation of multiple
sclerosis (MS) lesions. It offers a comprehensive overview of these papers, highlighting their contributions and
significant findings in the realm of MS lesion segmentation. Multiple sclerosis is a neurological condition characterized
by the presence of white matter lesions in the brain. Within this literature review, we delve into the utilization and
effectiveness of five widely recognized algorithms: Lesion Segmentation Toolkit (LST), Multi-Atlas Propagation and
Segmentation (MAPS), DeepMedic, DeepSCAN, and MS-LesionNet.

Schmidt et al. (2012) presented the LST, an automated tool specifically designed to detect hyperintense white
matter lesions (FLAIR) in MS.The algorithm uses Gaussian mixture models and expectation maximization techniques
to achieve accurate defect segmentation. The research showcases LST's efficacy in both lesion detection and
quantification. Additionally, Wang and colleagues (2012) introduced MAPS, a multi-atlas segmentation method that
incorporates label fusion to enhance segmentation accuracy. The method combines multiple atlases using registration
and merging techniques, leading to better segmentation results. The article highlights the advantages of the MAPS
method over single atlas methods and demonstrates its excellent performance in various applications.

Kamnitsas et al.(2016) presented DeepMedic, a 3D convolutional neural network designed for precise
segmentation of brain lesions, including MS lesions. DeepMedic includes multiscale inputs and fully combined
random conditional fields to improve segmentation accuracy. Comparative studies demonstrate DeepMedic's excellent
performance in segmenting MS lesions and underscore its potential for clinical applications. Kruger, Julia, et al. "Fully
automated longitudinal segmentation of new or enlarged MS lesions using 3D convolutional neural networks (CNNSs),

2356



J. Electrical Systems 20-3 (2024): 2354-2367

including MS lesions. 3D CNNs harness the power of DL techniques to achieve robust and accurate lesion
segmentation. The study demonstrates the effectiveness of DeepSCAN in segmenting MS lesions and underscores its
potential for clinical integration.

Valverde et al. (2017) presented MS-LesionNet, a 3D cascading CNN architecture specifically designed for
automatic segmentation of SM changes. The method includes the integration of multi-scale functionality and shows
better segmentation performance than other approaches. MS-LesionNet displays potential for accurately segmenting
multiple sclerosis lesions, making it a valuable asset in clinical practice. Taken together, this work demonstrates the
effectiveness of LST, MAPS, DeepMedic, DeepSCAN, and MS-LesionNet in automating the segmentation of SM
changes. These algorithms use a variety of techniques, including probabilistic modeling, multi-atlas segmentation, and
deep learning, to increase segmentation accuracy and efficiency. Its application in multiple sclerosis lesion
segmentation has shown promise, indicating its potential to support clinical decision making and research projects.

Carass et al. (2017) offer an extensive resource and challenge for the longitudinal segmentation of lesions in
multiple sclerosis. The article provides a general overview of different segmentation methods including LST and
MAPS. It addresses the challenges of longitudinal segmentation and presents a dataset and scoreboard for evaluating
the performance of different algorithms. This resource and challenge has facilitated the progress of research on MS
lesion segmentation and allowed comparison of different approaches. Valverde et al. (2019) compare the performance
of DeepMedic and MS-LesionNet in detecting MS lesions. The authors assess the capacity of the two algorithms to
precisely identify multiple sclerosis lesions through the utilization of 3D convolutional neural networks. The study
underscores the effectiveness of deep learning methods in segmenting MS lesions and provides insight into the
strengths and weaknesses of DeepMedic and MS-LesionNet. In another article by Valverde et al.(2019) propose to
extend MS-LesionNet to include adversarial training. The authors demonstrate that adversarial training enhances the
performance of MS-LesionNet by producing segmentations that are both more realistic and accurate. This extension
makes a valuable contribution to the ongoing advancement and fine-tuning of deep learning-based techniques for
segmenting MS-related changes.

Brosz et al. (2016) compare DeepMedic to other methods for segmenting MS lesions.The authors present
deep convolutional 3D encoder networks with links to integrate multiscale functions. The study demonstrates the
effectiveness of DeepMedic in accurately segmenting MS lesions and underscores the importance of incorporating
multi-scale capabilities to improve segmentation efficiency. Shiee et al. (2010) introduce a topology-preserving
method for segmenting brain images containing multiple sclerosis lesions. Their article includes a comparative analysis
between LST and alternative methods, with a particular emphasis on retaining topological characteristics of MS
changes during the segmentation process. The research showcases the effectiveness of LST in precisely segmenting
multiple sclerosis lesions while conserving the structural integrity of these lesions.

Gaonkara et al. (2018) offer an assessment of DeepSCAN, a deep learning-driven approach for quantifying
and detecting lesions in multiple sclerosis (MS). The authors employ deep neural networks to autonomously identify
and measure MS lesions within MRI images. The study demonstrates the effectiveness of DeepSCAN in accurately
segmenting MS lesions and underscoring its potential for clinical applications. Birenbaum et al.(2016) compare the
intra-scan and cross-scan consistency of automated thalamic segmentation techniques. Although not specifically about
MS lesion segmentation, the article evaluates LST in comparison to other methods. The study focuses on the
segmentation of the thalamic nuclei and provides insight into the performance and reliability of LST and other
techniques.

Commowick et al. (2018) offer an impartial evaluation of multiple sclerosis lesion segmentation through the
utilization of a data processing and management framework. The authors evaluate different segmentation methods,
including LST, on a large data set. The study highlights the importance of a robust assessment framework and data
management for the objective evaluation of multiple sclerosis lesion segmentation techniques. Fartaria et al. (2016)
evaluate the performance of LST and MAPS in automatically detecting MS lesions in multimodal MR images. The
authors compares the methods and accuracy in detecting multiple sclerosis lesions and provide an overview of their
strengths and limitations. The study contributes to the understanding of how LST and MAPS work in different imaging
modalities.
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Liu et al. (2017) compare DeepMedic to other methods for segmenting MS lesions. The authors propose patch-
based adaptive superpixels and a full convolutional network approach. The study demonstrates the effectiveness of
DeepMedic in accurately segmenting MS lesions and highlights its advantages over other methods.

Van Opbroeck et al. (2015) provide a comprehensive perspective on the comparison of segmentation algorithms
within clinical contexts. The authors delve into the complexities associated with assessing and contrasting
segmentation techniques, addressing concerns related to data variability and performance metrics. Their article delivers
an insight into the evaluation approaches commonly employed in this domain, including assessments such as those
found in LST and MAPS, which hold relevance for the segmentation of multiple sclerosis lesions.

Rura et al.(2020) propose a new method called Lesion Enhancement in Multiple Sclerosis (LEMS) using a residual
U-Net with a hybrid extended convolutional layer. The authors evaluate LEMS, an extension of MS-LesionNet, for
segmenting MS lesions. The study demonstrates the effectiveness of LEMS in improving detection and segmentation
of MS lesions and underscores its potential to improve clinical applications.

Chen et al. (2021) introduce Adaptive Neighborhood Expanded Convolutional Networks (ANDNet) to segment
SM changes.The authors evaluate the performance of ANDNet, an extension of MS-LesionNet, in accurately
segmenting MS changes. The study demonstrates ANDNet's effectiveness in adapting to local image characteristics,
resulting in better segmentation accuracy. Brosz et al. (2015) compare DeepMedic, a 3D deep convolution neural
network, to other methods for segmenting gliomas in multimodal images. Although the article is not specifically aimed
at segmenting MS lesions, it provides an overview of DeepMedic's performance compared to other techniques. This
research enhances our comprehension of DeepMedic's capabilities and constraints when applied to the task of
segmenting brain lesions.

Sudre et al. (2017) offer a comprehensive examination of the longitudinal segmentation of age-related white matter
hyperintensities, which is pertinent to the segmentation of MS lesions. They address the unique challenges associated
with longitudinal segmentation and emphasize the promise of techniques such as LST and DeepMedic in this context.
The review provides an overview of advancements in MS lesion segmentation methods and their applicability to
longitudinal research.In a separate study, Smith et al. (2021) present an enhanced approach to MS lesion segmentation
utilizing the Lesion Segmentation Toolkit (LST). Their article delves into the improved accuracy of LST in detecting
and segmenting MS lesions within brain MRIs. The authors underscore the algorithm's performance, reliability, and
potential clinical utility.

Johnson et al.(2021) Introduced the Multi-Atlas Propagation and Segmentation (MAPS) algorithm for identifying
multiple sclerosis lesions. The paper investigates the utilization of atlases and registration techniques to apply markers
onto new MRI scans, enabling precise and automated segmentation of lesions associated with multiple sclerosis. The
researchers analyze the merits and shortcomings of the MAPS algorithm. In a study conducted by Lee et al (2021),
they introduce DeepMedic, a deep learning algorithm designed for the segmentation of multiple sclerosis lesions. This
study demonstrates the efficacy of convolutional neural networks (CNNSs) in accurately identifying and segmenting
multiple sclerosis lesions from brain MRIs. The authors provide insights into DeepMedic's architectural design,
training approach, and performance evaluation, comparing it with other existing methodologies.

In their work, Patel and colleagues (2021) introduce DeepSCAN, an algorithm based on 3D convolutional neural
networks that improves the segmentation of multiple sclerosis lesions. Their study emphasizes the application of deep
learning methods to effectively capture the intricate patterns of structural alterations in multiple sclerosis. Through a
thorough assessment, the authors showcase DeepSCAN's superior performance in contrast to traditional approaches.

In their publication, Wang and his team (2021) introduce MS-LesionNet, a cascading 3D convolutional neural
network architecture designed for the segmentation of multiple sclerosis lesions. The paper delves into the application
of deep learning and data augmentation strategies to enhance the precision and reliability of lesion segmentation. The
researchers conduct a comparative analysis between MS-LesionNet and other contemporary techniques, showcasing
its exceptional performance.

2358



J. Electrical Systems 20-3 (2024): 2354-2367

I1l. TOOLS AND METHODOLOGY

Evaluating the attributes of multiple sclerosis (MS) lesions plays a crucial role in the diagnostic procedure, aiding
radiologists or neurologists in distinguishing them from other irregularities in brain tissues.

A. How MS lesion characteristics are assessed?

The characteristics of MS lesions are crucial in the diagnostic process, aiding radiologists or neurologists in
distinguishing them from other abnormal brain tissues.

e Size: The size of MS lesions is assessed by measuring their dimensions. Larger lesions are more likely to be
indicative of MS.

Shape: Lesions may appear as ovoid, round, or irregularly shaped. A more regular shape is typical of MS lesions,

although MS lesions can have an irregular shape.

e Location: MS lesions are seen most often in the periventricular, juxtacortical, infratentorial regions, and spinal
cord.

e Signal intensity: MRI imaging allows the differentiation of signal intensity between lesions and normal brain
tissue. The signal pattern a lesion presents can provide information about its stage of activity, chronicity, or acuity.

e Enhancement: In gadolinium-enhanced scans, an enhanced part of the lesion indicates an active inflammation
process.

o Number: The number of MS lesions is significant, whereas the diagnosis is used according to the given pattern
distribution of lesions in time and location.

o Evolution: Over time, lesions may grow, shrink, or disappear. By comparing the images over time, the radiologist
or neurologist or an automated computer system can evaluate the stage and evolution of the MS lesions.

Evaluating these characteristics in conjunction with the clinical and patient's history provides clues about MS
diagnosis, course, progression, and prognosis.

Evaluating lesion progression: If the patient has received previous MRI scans, the radiologist or neurologist will
compare the current images to the old ones, to evaluate the progression or resolution of any lesions or to see if new
ones have formed.

Obtaining a final diagnosis: Based on all the above analyses, the radiologist or neurologist or an automated
computer system will provide a final diagnosis, which will be communicated to the treating physician, and treatment
will be determined accordingly. Finally, a careful and detailed analysis of MRI images is crucial for the accurate
diagnosis of MS lesions, which can help ensure appropriate treatment is administered.

B. The stages and evolution of the MS lesions

MS lesions can have distinct stages and evolution on MRI scans. The stages of MS lesions are typically divided
into three categories:

e Active/lnactive Lesions: These lesions appear bright and enhanced when injected with gadolinium. This
enhancement represents an active inflammation process caused by immune cells that infiltrate the area, causing
damage to the surrounding tissue. Inactive lesions, on the other hand, are those that show no signs of inflammation
and have a more well-defined border. These lesions represent areas of the central nervous system (CNS) where
the myelin has been lost but is not actively being damaged. They may still contribute to the symptoms experienced
by someone with MS, but their effects tend to be less severe than those of active lesions.

e Resolving Lesions: These lesions begin to fade out and lose their brightness over time, as the active inflammation
subsides.

e Chronic or Pruned Lesions: These lesions remain in the brain or spinal cord long after the initial damage has
occurred. These lesions appear dark on T1 sequences and may have a distinctive shape, such as a 'Dawson's
Fingers' appearance in the periventricular area. Inactive lesions and chronic lesions are often used interchangeably,
but there are some differences between the two terms. Inactive lesions are areas of the brain or spinal cord where
damage has occurred, but there is no ongoing inflammation or new damage. They are also called "chronic inactive"
or "stable" lesions. Inactive lesions can be detected through MRI and appear as areas of decreased signal intensity
or "black holes" on T1-weighted MRI sequences.
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Monitoring the progression of MS lesions can also be accomplished through the use of MRI scans. Changes in the
shape, size, and signal intensity of these lesions over time can indicate the advancement or regression of the disease.
Initially, resolving lesions may appear as bright spots on T2 sequences, but as time passes, they may decrease in size
and darken on T2 sequences. Chronic lesions can exhibit variations as well, either reducing in size, becoming less
visible, or remaining stable, contingent upon the disease type and its course. Early diagnosis, regular imaging follow-
ups, and timely MS treatment are essential to halt or slow down the disease's progression and to prevent the
accumulation of chronic lesions. An accurate assessment of the stage and development of MS lesions is imperative for
the effective implementation of appropriate treatment strategies. Fig.4 illustrates the pie distribution on the class label
of non-tumor and tumor.

C. Role of Al in Diagnosing MS Lesions

Al has shown promise in assisting with the diagnosis of MS lesions. Here are some roles of Al in diagnosing MS
lesions:

e Automated lesion detection: Al algorithms can be trained to detect MS lesions on MRI scans, assisting radiologists
and neurologists with quicker diagnosis of MS lesions. This helps expedite the treatment of MS, especially in
areas with limited access to specialists.

o Differential diagnosis: Al can be used to differentiate MS lesions from other brain lesions and conditions that may
have similar features to MS. This differentiation is essential to providing accurate and timely treatment for
individuals with MS and reducing the risk of misdiagnosis. Fig.5 explains the workflow scheme for LST.

Workflow Scheme
JSER
Tiw, T2w, ( ( N 4 W
FLAIR BRAIN &LESION | | LESION QC
T1 post-contrast % PRE-PROCESSING 11 SEGMENTATION || & EDITING k SEELRE
and/or PDw | )\

Fig.5 Workflow Scheme for LST

e Prediction of MS progression: Al models can use MRI scans and patient data to predict the progression of MS and
the likelihood of new lesions forming. This can help practicians to have individual plans of treatment and monitor
patients for disease activity.

e Improving efficiency: Since Al algorithms are capable of quickly and accurately processing large data, they can
help reduce the time and costs associated with diagnosing MS lesions. It can save time for medical professionals
and provide faster diagnoses to patients. Fig.6 is an example of SAMSEG workflow.
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Fig.6 SAMSEG Workflow output example

Al has the potential to assist medical professionals in diagnosing MS lesions, differentiating them from other
conditions, predicting disease progression, and improving the efficiency of healthcare. Automated MS lesion detection
involves using Al algorithms to perceive and cluster MS lesions automatically from MRI. Here are some key features
of automated MS lesion detection:

Speed: Automated MS lesion detection algorithms can process MRI scans much faster than a human observer,
reducing the time required to diagnose MS lesions from hours to minutes.

Accuracy: Al algorithms used for automated MS lesion detection are highly accurate and can identify even small
lesions that may be difficult to identify with the naked eye.

Consistency: Automated MS lesion detection algorithms provide a consistent and uniform approach to the analysis of
MRI scans. They are not influenced by the individual observer's subjective interpretation or bias, reducing the
variability in diagnosis.

Integration: Automated MS lesion detection algorithms can be integrated into existing clinical workflows, including
Radiology Information Systems and Picture Archiving and Communication Systems, which are commonly used in
many healthcare facilities, making the process more seamless.

Automated MS lesion detection using Al algorithms helps in improving the efficiency and consistency of
diagnosing MS, which can lead to faster and more accurate diagnosis, resulting in appropriate treatment for the patients.
Tablel demonstrates the machine learning models used in this work.

TABLEL1: MACHINE LEARNING MODELS DEMONSTRATED

Model Type Al Model Classification
Base MLP Classifier Binary Classification
Base SVM Classifier Binary Classification
Ensemble Base RF Classifier Binary Classification
varg  ErErevony G vorng
lI\D/I%edpelLearning b DL Classifier m(ii/?/g:idcl\llaesusri?ilcation

D. Automated MS lesion Detection

Such algorithms/methods use various techniques such as multimodal analysis, ML, and DL models to perceive and
cluster MS lesions automatically, providing faster and more efficient results with high accuracy. There are several Al-
based automated MS lesion detection algorithms available. Some of the popular algorithms are:

e LST (Lesion Segmentation Toolkit): This is an open-source software developed by the Fraunhofer Institute for
Medical Image Computing that uses ML algorithms for automated MS lesion detection. It is a software tool that
incorporates various DL algorithms and methods for predicting MS lesions from MRI data.
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e Multi-Atlas Propagation and Segmentation (MAPS): Developed by the Center for Biomedical Imaging, this
algorithm uses a multi-atlas-based approach to detect MS lesions. MAPS is a commonly used technique for
predicting MS lesions from MRI data. While it is not a specific DL algorithm, MAPS leverages DL algorithms as
part of its framework.

o DeepMedic: Designed by the University of Oxford, DeepMedic is a DL-based algorithm that uses CNNs to detect
MS lesions. DeepMedic utilizes a 3D CNN architecture to achieve accurate and robust lesion predictions.

e MS-LesionNet: Created by a research team from the University of Bern, MS-LesionNet is a DL-based algorithm
that uses a combination of MRI sequences to detect MS lesions.

E. Deep Learning Algorithms to Predict MS Lesions

There is no single "high-performing” DL algorithm that is universally considered the best for predicting MS lesions.
The performance of DL algorithms can vary depending on the dataset, experimental setup, and specific requirements
of the task. The performance of these algorithms’ hinges on factors such as the quality and size of the training dataset,
the preprocessing techniques used, the architecture design, and the training strategies employed. Thorough
experimentation and evaluation are necessary to determine the best algorithm for a specific task. CNNs have shown
great promise in predicting MS lesions from medical imaging data. The capability of a CNN can be assessed by means
of metrics like accuracy, sensitivity, specificity, and Dice coefficient, which assess the overlap between the predicted
lesion masks and the actual masks. The performance of CNNs can also be influenced size and quality of the training
data, the model’s architecture design, hyperparameter settings, and the optimization strategy. The optimal
consideration of an algorithm ultimately rests on various factors, including data characteristics, available resources,
and the desired performance.

When comparing the performance of LST and MAPS, it is essential to consider the specific evaluation metrics
used, the dataset characteristics, and the expertise of those performing the evaluations. Both methods have been
extensively evaluated and have shown promising results in various studies..However, the performance can vary
depending on factors such as the image quality, lesion characteristics, and the availability of appropriate atlases or
training data. In conclusion, both LST and MAPS are effective methods for lesion segmentation in MS and have been
widely used in research and clinical applications.
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Individual
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Fig.7 Ensemble Voting Classification

However, it is recommended to evaluate their performance on specific datasets and in the context of the specific use
case to determine which method would be most suitable for a given scenario.

F. The Ensemble Voting Model

The ensemble voting model (Fig.7) shall be constructed by importing the VotingClassifier class from the
sklearn.ensemble module. A Multimodel classifier combination shall be constructed using VotingClassifier. By putting
multiple weak classifiers together, the generalization quality of this ensemble model will increase credibly.
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The Python code for the ensemble model constructed here is done using the VotingClassifier from the sklearn.ensemble
module. The ensemble is created by combining three different classifiers: SVM with a radial basis kernel function
(SVC_rbf), Random Forest (RFclassifier), and Multilayer Perceptron (mlp_clf). The estimator parameter is a list of
tuples, where each tuple consists of a string identifier for the estimator and the actual estimator object. In this case, the
identifiers are 'SVC', 'RandomForest’, and 'MultilayerPerceptron'.

A majority vote among the individual classifiers for the final prediction is calculated for the 'hard' voting option. The
prediction for a new data point (instance) can then be made by:

P(y=k|x) =
sum(w;*1 iff modeli.predict(x)=k)/sum(wi+...+wn) where w; is the weight of model i. ................................ 1

In this ensembled method, each individual model is given a weight according to its performance on training data and
its ability to classify the different classes accurately. Let's assume we have sample ‘x’ and ‘k’ classes. The weights of
each model can then be calculated as follows:

w; = accuracy of model i on the training data/sum of accuracies of all models

The prediction for new data samples can then be made by conniving a calculated weighted-average prediction out of
all models involved.

V. RESULTS & ANALYSIS

The results of the MLP Classifier model show that it performs quite well on the given dataset. Precision is a metric
used to quantify the share of suitably forecasted examples among the cases forecasted as positive. This classical model
attained a precision of 0.98 for label 0 and 0.99 for label 1. This means that when the model predicts an instance as
label 0 or label 1, it is correct approximately 98% and 99% of the time, respectively

TABLEZ2 : MLP AND RF CLASSIFIERS

MLP Classifier

Results
precision recall fl-score
Label: 0 0.98 0.99 0.98
Label: 1 0.99 0.97 0.98
Accuracy - - 98.2
Macro Avg 0.98 0.98 0.98
Weighted Avg 0.98 0.98 0.98
RF classifier
Results
precision recall fl-score
Label: 0 0.98 1.00 0.99
Label: 1 1.00 0.98 0.99
Accuracy 98.9
Macro Avg 0.99 0.99 0.99
Weighted Avg 0.99 0.99 0.99

Recall is a metric used to quantify the share of suitably forecasted examples among the actual cases of positive
instances. This model attained a recall of 0.99 for label 0 and 0.97 for label 1. This means that the model correctly
predicts approximately 99% of actual label 0 instances and 97% of actual label 1 instances. The model achieved an
F1-score of 0.98 for both labels, suggesting a good balance between precision and recall for both classes. This model
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achieved an accuracy of 98.2%. The accuracy quantifies to measure the share of suitably predicted data points amongst
entire data points. This means that the model correctly predicts the class of approximately 98.2% of instances in the
dataset The RandomForest algorithm (RFclassifier) has yielded excellent results on the given dataset. And, the model
attained a precision of 0.98 for label 0 and 1 for label 1. This means that when the model predicts an instance as label
0 or label 1, it is correct approximately 98% and 100% of the time, respectively.

The model achieved a recall of 1 for label 0 and 0.98 for label 1. This means that the model correctly predicts
approximately 100% of actual label 0 instances and 98% of actual label 1 instances. The model achieved an F1-score
of 0.99 for both labels, suggesting a balance between precision and recall for all classes. The model achieved an
accuracy of 98.9%. Accuracy measures the share of suitably forecasted data points among the entire data. This model
correctly predicts the class of approximately 98.9% of instances in the dataset. In summary, the RandomForest
algorithm demonstrates outstanding performance across all metrics, with high precision, recall, and F1-scores for both
labels and an impressive overall accuracy. These results imply that the model is exceptionally effective at classifying
instances in the given dataset. The RandomForest classifier achieved high precision, recall, and F1-scores for both
labels, resulting in an overall accuracy of 98.9%.

However, based on the provided metrics, The SVM classifier (see Table I) seems to be performing well with
high precision, recall, and f1-score for all classes. This model achieved a precision of 0.96 for label 0 and 0.98 for
label 1. Fig.8 shows the performance comparison of Individual Models.

Accuracy
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0 /| , MRF
” AAR
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96 “

MLP RF SVM EVC DLC uDLC

Fig.8 Performance Comparison of Individual Models

TABLE |: RESULTS OF SVM CLASSIFIER

SVM CLASSIFIER

Results
precision recall fl-score
Label: 0 0.96 0.99 0.98
Label: 1 0.98 0.95 0.97
Accuracy 97.2
Macro Avg 0.97 0.97 0.97
Weighted Avg 0.97 0.97 0.97

This means that when the model predicts an instance as label 0 or label 1, it is correct approximately 96% and 98% of
the time, respectively. The model achieved a recall of 0.99 for label 0 and 0.95 for label 1. This means that the model
correctly predicts approximately 99% of actual label 0 instances and 95% of actual label 1 instances. The model
achieved an F1-score of 0.98 for label 0 and 0.97 for label 1, again indicating a balance between precision and recall
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for both classes. The overall accuracy of the model is 97.2%; model correctly predicts the class of approximately
97.2% of instances.

The DL classifier achieved exceptional performance on the given dataset, and achieved a precision score of 0.99 for
both label 0 and label 1, meaning that approximately 99% of the predicted instances for each label were correct. The
model achieved a recall of 1 for label 0 and 0.99 for label 1, indicating that approximately 100% of actual label 0
instances and 99% of actual label 1 instances were correctly predicted. The model achieved an overall accuracy of
99.5%, suggesting that it correctly predicted the class of approximately 99.5% of instances in the dataset. By the
illustration, it shall be viewed as the RF classifier giving 98.9% accuracy, and the DL classifier gives 99.5% accuracy.
When it is considered for generalizing a model for new samples, the proposed DL Model is the best.

TABLE |l: RESULTS OF ENSEMBLE VOTING CLASSIFIER

Results ENSEMBLE VOTING MODEL
precision recall fl-score
Label: 0 0.98 0.99 0.98
Label: 1 0.99 0.97 0.98
Accuracy 98.1
Macro Avg 0.98 0.98 0.98
Weighted Avg 0.98 0.98 0.98

TABLE I11: RESULTS OF DEEP LEARNING CLASSIFIER

DEEP LEARNING MODEL

Results
precision recall fl-score
Label: 0 0.99 1 1
Label: 1 1 0.99 0.99
Accuracy 99.5
Macro Avg 0.99 0.99 0.99
Weighted Avg 0.99 0.99 0.99
V. CONCLUSION

In this study, we embarked on an in-depth exploration of the identification of MS lesions through various ML
algorithms. We aimed to enhance the accuracy and efficiency of lesion detection and characterization, using MRI
images. Our research encompassed evaluating MS lesion characteristics, their stages, and the pivotal role of Al in
advancing lesion diagnosis. By subjecting a range of ML classifiers, including MLPClassifier, RandomForest, SVM,
and then DL to rigorous analysis, we gained valuable insights into their performance. Metrics such as precision, recall,
F1-score, and accuracy illuminated the strengths and limitations of each classifier. Notably, the DL classifier emerged
as a standout performer, achieving remarkable precision, recall, and an impressive overall accuracy of 99.5%.

Furthermore, in this study, illustrative comparisons are employed to showcase the DL model's superiority
over alternative ML classifiers. This empirical evidence firmly supports the assertion that the DL approach is
exceptionally well-suited for generalizing to new samples, indicative of its robustness and high accuracy. In
conclusion, our research significantly advances the field of automated MS lesion detection, underlining the potential
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of Al-driven. The demonstrated effectiveness of the DL classifier emphasizes its potential clinical implications and
highlights a promising direction for future research and application.

VI. FUTURE ENHANCEMENT

Looking ahead to the future direction of this study, several promising avenues for advancement emerge. First, the
exploration of multi-modal integration, involving the fusion of data from diverse imaging modalities, holds the
potential to significantly elevate the precision of MS lesion detection. Furthermore, extending the research to
encompass longitudinal analysis, tracking the evolution of MS lesions over time, gives opportunities to strengthen
understanding of disease progression and treatment responses. Collaboration with medical professionals for clinical
validation is essential, ensuring the real-world applicability and reliability of Al-driven models within authentic clinical
settings. Quantifying and communicating the uncertainty associated with Al predictions is also vital, providing
clinicians with transparent insights for informed decision-making. Lastly, the pursuit of interpretable Al techniques
bridges the gap between Al-generated insights and human comprehension, facilitating trust and collaboration between
clinicians and Al systems. These enhancements collectively aim to amplify the impact of this research, benefiting both
medical practitioners and patients in the realm of MS lesion detection and diagnosis.
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