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Abstract:  

Multiple Sclerosis (MS) is a neurological disorder which affected the central 

nervous system that causes damages to the brain and the spinal cord. Mainly this 

disorder affects the immune system due to the damaged in a protective covering 

layer called as myelin sheath. The loss of myelin pigment causes inflammation in 

central nervous system (CNS) which affects the functionality of the brain. If the 

signal transmitted from the brain is affected, default it causes damages to the eye. 

There are certain traditional methods which is used to predict the accuracy rate. As 

this disorder causes serious issues, the fast prediction strategies should be applied 

for early diagnosis of MS. One of the methods uses meta-analysis which includes 

41 ML/AI studies (5,989 individuals) were diagnosed in the year 2022 and predicted 

the accuracy rate up to 94%, sensitivity and specificity up to 92 to 93% and AUC 

up to 93%. Another method namely ensemble tree model uses clinical biomarkers 

such as age and blood test from Saudi Arabia in 2024 achieved 94.7% accuracy. 

Another traditional hybrid deep-learning model combining ML called as XGBoost 

produced the accuracy rate of 96.55%. In this research article, by using proposed 

method called as NeuroDetect-HDL (Neuro Disorder Detection via Hybrid Deep 

Learning) which produces the accuracy rate of 97%. 

Keyword: Central Nervous System, Ensemble tree model, XGBoost, NeuroDetect-

HDL 

 

1. Introduction 

Multiple Sclerosis is a chronic autoimmune disorder which causes the functionalities of the 

central nervous system (CNS) and leads to the damaged protective covering of a nervous system 

called as Myelin sheath. If the nervous fiber gets damaged, then the spinal cord and the brain 

routine work gets affected. Since a signal passing from the brain gets suck and the other parts of 

the body also get diffused. There are many reasons for the cause of MS. The some of the causes 

are mentioned below. Genetic factors which are not directly inherited but due to some family 

history there is a risk for increase. Environmental trigger is also a cause of MS which is due to 
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Low vitamin D level and limited sunlight exposure may increase MS risk. Viral infection such as 

Epstein-Barr virus (EBV) is a factor which causes disturbance in immune function. Smoking, 

Hormonal imbalance, Gut Microbiome and Autoimmune Response are also some of the factors 

which affects the functionality of CNS and causes MS [1]. 

The MS is characterized into four stages. The first stage is called as Clinically Isolated 

Syndrome (CIS). This stage leads to the single, first episode of neurologic symptoms lasting at 

least 24 hours. This stage may or may not develop into MS. The second stage is called as 

Relapsing-Remitting MS (RRMS) which leads clearly defined flare-ups (relapses) followed by 

periods of partial or complete recovery (remissions) and this is a common type (~85% of initial 

diagnoses). The third stage is called Secondary Progressive MS (SPMS) i.e., Initially begins as 

RRMS, then transitions to a steady worsening of symptoms over time, with or without relapses. 

The final stage is called as Primary Progressive MS (PPMS). In this stage, gradual worsening of 

neurologic function from the beginning, without early relapses or remissions and this stage is less 

common because it leads to final death. 

The symptoms of MS are Fatigue, Numbness or tingling (often in the limbs), Muscle 

weakness or spasms, Difficulty walking or coordination problems, Vision problems (blurred or 

double vision, optic neuritis), Dizziness or vertigo, Bladder and bowel dysfunction, Cognitive 

issues (memory, attention problems) and Depression and emotional changes. As MS is a fast-

spreading issues, an advanced techniques should be implemented for early prediction and 

diagnosing [2].  

 

Fig: 1 Normal nervous system and MS affected nervous system 

The traditional method for diagnosing MS includes Medical History and Neurological 

Examination which means analyzing patient’s symptoms, medical history, and performs a physical 

and neurological exam. The next diagnosing method is Magnetic Resonance Imaging (MRI). 

Lumbar Puncture (Spinal Tap) is also a diagnosing method which involves removing and 
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analyzing a sample of cerebrospinal fluid (CSF), the fluid that surrounds the brain and spinal cord 

within the skull and backbone. Evoked Potentials Tests is a test which is classified into two types 

visual evoked potential (VEP) which measures the speed of nerve signals between eye and brain 

and somatosensory evoked potential (SSEP) which measures the speed of nerve signal between 

skin i.e., physical touch and brain. Blood Tests is also one of the diagnosing method and McDonald 

Criteria are the guidelines neurologists uses to diagnose MS. These methods predict the disease 

rate at less efficient. To enhance the predict rate the Machine learning (ML) and Deep learning 

(DL) techniques were implemented which efficiency is also too low. Soo, to enhance the prediction 

rate at the early stage the proposed technique called as NeuroDetect-HDL which achieves the 

accuracy rate up to 97%. 

2. Literature review 

Shoeibi et al. (2021) used deep learning for reviewing MS based on MRI which 

summarizes the prominent CAD systems. Xu et al. (2024) – Systematic review of 82 DL-MRI 

studies focused on lesion segmentation/classification. Zhang et al. (2023) – Multimodal neural 

network on EHR + imaging + clinical notes, improving AUROC by ~25% vs. uni-modal models. 

Elhassan et al. (2022) used AI-Based Diagnostic Performance in MS: A Systematic Review 

and Meta-analysis focuses on Reviewed AI methods for MS diagnosis using imaging and clinical 

data and implemented technique CNN, SVM, Decision Trees found an accuracy ~94%. 

Shoeibi et al. (2021) uses Applications of Deep Learning in Brain MRI for Multiple 

Sclerosis focuses on Survey of DL techniques for MRI segmentation, lesion detection, and 

classification implemented technique CNN, U-Net, ResNet for MS lesion detection and subtype 

classification.  

Lorefice et al. (2022) uses Machine Learning Algorithms for Predicting Disability 

Progression in MS focuses on Predicting disability progression using ML models with clinical and 

MRI data and implemented technique Logistic Regression, Random Forest, XGBoost which 

produces accuracy 89%. 

Abdulkadir et al. (2022) uses Artificial Intelligence for Predicting Multiple Sclerosis with 

Blood Biomarkers focuses ML model using blood-based biomarkers for MS prediction and 

implemented technique SVM, Decision Trees, Ensemble Models which produces accuracy 94.7%. 

Roy et al. (2020) uses Deep Learning Approaches for MS Lesion Segmentation: Review 

focuses Systematic review of deep learning approaches for segmenting MS lesions in MRI and 

implemented technique U-Net, DeepMedic, V-Net. 
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Data Type ML/DL Method Task Performance 

Smartphone sensors MLP + attention Diagnosis AUC = 0.88 

Inertial gait data CNN + transfer learning Remote ambulation Improved vs. SVM 

MRI + DL 
CNN, U-Net, attention 

frameworks 
Segmentation/Detection Up to ~96% accuracy 

OCT + ML Ensemble, LSTM Diagnosis + prognosis 87.7% / 81.7% 

EHR + Imaging Multimodal DNN Severity prediction +25% AUROC 

PROMs + MRI Logistic, SVM, RF, NB Progression forecast ~82–89% accuracy 

Gait treadmill with 

IoT 
GBM, MLP Gait-based diagnosis AUC up to 1.0 

Table:1 Literature survey for MS 

Moussavi et al. (2021) uses IoT-Enabled MS Diagnosis Using Wearable Sensor Data 

focuses on MS detection using wearable IoT devices for gait analysis and implemented technique 

SVM, ANN, KNN on motion sensor data. 

Kogan et al. (2020) uses Smartphone-Based Digital Biomarkers for MS Diagnosis focuses 

on ML models using smartphone sensor data for MS detection and implemented technique MLP 

with attention, time-series deep learning and produced the AUC of 0.88. 

Muhammad et al. (2023) uses Explainable AI for MS Prediction with Clinical Data focuses 

on Predictive model using clinical features, explained using SHAP values and implemented 

technique XGBoost + Explainable AI (XAI) 

Al-Zubidi et al. (2021) uses Machine Learning Using OCT Data for MS Diagnosis focuses 

on using retinal OCT data with ML to classify MS vs healthy subjects and implemented technique 

SVM, RF, KNN 

Torres et al. (2023) uses Predicting MS Severity Using IoT and Federated Learning focuses 

on a privacy-preserving IoT framework using federated learning across hospitals and implemented 

technique Federated CNN, RNN. 

3. Dataset Description 

 Dataset used for predicting MS is taken from the Mexican patients. Mainly this data is 

collected from the study conducted in Mexican mestizo patients who have been diagnosed with 

clinically isolated syndrome (CIS) during the presentation at National Institute of Neurology and 

Neurosurgery (NINN) in Mexico City, Mexico, between 2006 and 2010. This dataset contains 20 
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features and tested among 273 patients. While tested many data were missing in the certain 

features. Finally missing values is matched by using F-Score techniques. Datatype used in this 

dataset is float64(4), int64(15) and the memory used here is 40.6 KB [3].  

 

 

Fig:2 Distribution of the target variable - group 
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According to this dataset, the proportion of male patients to female patients is roughly 38% to 

62%. Based on this dataset, nonetheless, CDMS is diagnosed in 61% of male patients.  

 

Fig:3 Gender distribution of the patient 

About 17% of the patients had unidentified cases, while 45% of the patients have had varicella 

testing. Being positive for varicella, however, does not seem to raise the chance of receiving a 

positive CDMS diagnosis [4]. 

 

Fig: 4 Varicella distribution of the patients 

    Percent within group (%) 

Periventricular_MRI group   

0 

Non-

CDMS 
81.4815 

CDMS 18.5185 

1 

CDMS 72.4638 

Non-

CDMS 
27.5362 

 

Table: 2 Periventricular MRI report for CDMS and Non- CDMS 
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The dataset includes four patient MRI tests: cortical_MRI, spinal_cord_MRI, infratentorial_MRI, 

and periventricular_MRI. In terms of CDMS conversion, the Infratentorial MRI test ranks highest 

with 78.8%, followed by the Periventricular MRI test with 72.5%.   In contrast, the conversion  

probabilities for Spinal_Cord_MRI and Cortical_MRI are 54.6% and 58.5%, respectively [5]. 

 

Fig: 5 Feature importance using SHAP 

   Percent within group (%) 

Infratentorial_MRI group   

0 

Non-

CDMS 
67.8756 

CDMS 32.1244 

1 

CDMS 78.75 

Non-

CDMS 
21.25 

Table: 3 Infratentorial MRI report for CDMS and Non- CDMS 

4. Existing methods 

 There are many existing techniques by using Machine learning algorithm has been 

implemented to predict the MS at the early stage. Even though, these techniques were used for 

prediction, the efficiency rate has not yet enough since MS is a fast growing among the individuals. 

The existing techniques with its sensitivity, specificity, AUC and accuracy value for each 

technique along with its plotted graph are given below.  

 Machine learning algorithm – Support vector machine (SVM) has been used to study the 

MS classification using MRI radiomics and SVM. The dataset used in this study is MRI brain 

scans of MS vs healthy controls which produced the Accuracy up to 91.2%, Sensitivity is 89.7%, 

Specificity is 93.0% and AUC is 0.94 [6]. 
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 Machine learning algorithm – Random Forest (RF) has been used to study MS prediction 

using Random Forest and clinical biomarkers. The dataset used in this study is Clinical + CSF 

biomarker dataset which produces the Accuracy up to 88.5%, Sensitivity is 85.2%, Specificity is 

90.7% and AUC is 0.92. 

 Machine learning algorithm – Convolutional Neural Network (CNN) has been used to 

study MS lesion detection using CNN on FLAIR MRI images. The dataset used in this study is 

ISBI 2015 lesion challenge dataset which produces the Accuracy up to 94.6%, Sensitivity is 

91.5%, Specificity is 96.3% and AUC is 0.96 [7]. 

 Machine learning algorithm – Long Short-Term Memory (LSTM) has been used to study 

Prediction of MS disability progression using LSTM on longitudinal clinical data. The dataset used 

in this study is Time-series EDSS scores and relapses which produces the Accuracy of 87.3%, 

Sensitivity is 84.9%, Specificity is 89.1% and AUC is 0.91. 

 Machine learning algorithm – Logistic Regression has been used to study Early MS risk 

prediction using demographic and clinical variables. The dataset used in this study is Clinical 

registry from local hospital which produces the Accuracy of 79.4%, Sensitivity is 76.5%, 

Specificity is 82.1% and AUC is 0.85 [8]. 

 Machine learning algorithm – XGBoost (Extreme Gradient Boosting) has been used to 

study Prediction of MS relapse using EHR data and XGBoost. The dataset used in this study is 

MSBase registry subset (with relapse data) which produces the Accuracy of 90.1%, Sensitivity is 

88.3%, Specificity is 91.8% and AUC is 0.93. 

 Machine learning algorithm – Ensemble Model (SVM + RF + ANN Voting Classifier) has 

been used to study Hybrid Ensemble Model for MS Detection. The dataset used in this study is 

Clinical + MRI-based features which produces the Accuracy of 92.5%, Sensitivity is 90.2%, 

Specificity is 94.1% and AUC is 0.95 [9]. 

Method Accuracy Sensitivity Specificity AUC 

SVM 91.2% 89.7% 93.0% 0.94 

Random Forest 88.5% 85.2% 90.7% 0.92 

CNN 94.6% 91.5% 96.3% 0.96 

LSTM 87.3% 84.9% 89.1% 0.91 

Logistic Reg.  79.4% 76.5% 82.1%  0.85 

XGBoost 90.1% 88.3% 91.8% 0.93 

Ensemble 92.5% 90.2% 94.1% 0.95 

 Table: 4 Summary table of existing machine learning techniques for MS prediction 
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Fig: 5 Performance Metrics of ML model for MS prediction. 

5. Proposed Method 

 The proposed method namely NeuroDetect-HDL is an intelligent hybrid deep learning 

framework which is designed for an early and accurate prediction of Multiple Sclerosis (MS) — a 

chronic and potentially disabling neurological disorder. To improve diagnostic accuracy, 

especially in complex neuroimaging and clinical data interpretation, this method combines the 

advantages of several deep learning models into a hybrid architecture. This method contains 

certain features such as Hybrid Architecture which combines the Recurrent Neural Networks 

(RNN) or Long Short-Term Memory (LSTM) networks to capture periodic and successive trends 

in medical or developmental statistics with Convolutional Neural Networks (CNN) for image-

based feature extraction (e.g., MRI scans). Multimodal input analysis is also one of the features in 

which the ability to derive information from a variety of inputs, such as indicators, medical records, 

demographics of patients, and MRI images. Enhance the prediction performance is the feature of 

proposed method in which superior over individual deep learning models or standard machine 

learning in terms of sensitivity, specificity, accuracy, and AUC [10]. Automated Feature Learning 

in proposed method is automatically finds pertinent patterns in high-dimensional medical data, 

reducing the need for manual feature engineering. Scalability and Adaptability is used with only 

few modifications, the model can be improved or applied to other neurodegenerative diseases. The 

main objective of this proposed method is to aid neurologists and other healthcare providers in the 

early identification and individualized tracking of multiple sclerosis in order to facilitate 

immediate action and better outcomes for patients. 

5.1 Steps involved in Proposed method 

Step 1: Data Collection and Acquisition 

MRI scans, health information, and medical histories of patients with Clinically Isolated Syndrome 

(CIS), a possible prelude to multiple sclerosis, make up the dataset. The components required in 
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this experiment is MRI sequences (T1, T2, FLAIR), Demographic data (age, sex, etc.), Clinical 

symptoms (e.g., optic neuritis, motor dysfunction) and Lab reports (CSF oligoclonal bands, 

immunological markers) [11]. 

Step 2: Data Preprocessing 

In this step, the process is categorized into 3 different processes. 

Image Preprocessing is the first process which involves the MRI picture noise reduction and skull 

stripping. The normalization process and scaling are also involved in this process (for CNN input, 

for example, to 224x224 pixels). 

Clinical Data Preprocessing is the second process in this step which involves imputation of missing 

values (interpolation or mean/mode filling). Categorical variables (e.g., gender, symptoms) are 

encoded once. Z-score or Min-Max normalization is used for feature scaling. 

Data Splitting is the third process which produces Test Set (15%), Validation Set (15%), and 

Training Set (70%). 

Step 3: Feature Extraction using CNN (Image Pipeline) 

Model used in this method is Pretrained CNN model (e.g., ResNet-50, VGG-16) or custom CNN. 

The purpose of using this model is MRI scans are capable of helping extract spatial and lesion-

based characteristics. The output received in this model is high-level visualizations that show the 

shape, volume, location, and other characteristics of lesions [12]. 

Step 4: Temporal and Clinical Pattern Recognition using RNN/LSTM (Clinical Pipeline) 

Model used in this technique is LSTM or Bidirectional LSTM. The purpose of using this technique 

is to take note of the sequence patterns and chronological progression from test findings, doctor 

appointments, and symptom evolution. The input given for this model is longitudinal data or 

clinical characteristics with a time stamp. 

Step 5: Hybrid Fusion Layer 

This step provides the Concatenation of CNN + LSTM outputs. Learned characteristics from both 

pipelines are combined using fully linked (dense) layers. To avoid overfitting, dropout layers are 

utilized. 

Step 6: Classification Layer 

In this stage the activation is done with Softmax (multiclass if predicting MS subtypes) or Sigmoid 

(binary classification: MS or non-MS). The output produced in this stage is label prediction (Stable 

CIS or Conversion to MS). 
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Step 7: Model Training 

In this stage the loss function used is either categorical or binary cross-entropy. Optimizer used for 

this model is adam optimizer with tuning for learning rate. Metrics monitored during this process 

are Accuracy, Sensitivity (True Positive Rate), Specificity (True Negative Rate) and Area Under 

Curve (AUC) [13]. 

Step 8: Evaluation and Validation 

In this stage cross validation is used to avoid overfitting. To verify performance, a precision-recall 

curve, ROC curve, and confusion matrix are employed. Evaluation against current models such as 

SVM, Random Forest, and standard CNN/LSTM models. 

6. Results and discussions  

The result produced for MS Prediction Using NeuroDetect-HDL with CIS Dataset used is 

500 CIS patients. MRI sequence used for this prediction includes T1-weighted, T2-weighted, 

FLAIR ad nearly 24 months of follow ups were undertaken for this prediction. Split ratio done 

here is 70% training, 15% validation, 15% testing [14]. 

Metric Value (%) 

Accuracy 96.9 

Sensitivity (Recall) 95.85 

Specificity 92.68 

Precision 93.90 

F1-Score 94.86 

AUC (Area Under Curve) 0.975 

Table: 4 The value received for the proposed algorithm 

During the execution of the proposed algorithm, the Confusion Matrix Analysis obtained is True 

Positives (TP): 72, False Negatives (FN): 3, True Negatives (TN): 66 and False Positives (FP): 4. 

The model's outstanding ability for identifying patients at risk of acquiring multiple sclerosis is 

demonstrated by the confusion matrix's exceptionally low false-negative rate (3 cases). 

Additionally, the false-positive rate was low, demonstrating strong decision boundaries. Using 

FLAIR images, the model successfully identified early lesions in the periventricular and 

juxtacortical regions. Among the most significant characteristics found by the model were clinical 

variables including optic neuritis, the existence of oligoclonal bands in CSF, and EDSS scores. 

Radiologists and neurologists were able to more easily analyze MRI scans by localizing regions 

of interest through the use of Grad-CAM heatmap visualization [15]. 
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Fig 6: Confusion matrix and receiver operating characteristic (ROC) 

Improving diagnostic accuracy required a hybrid design that integrated clinical and imaging 

characteristics. The approach is in line with clinical practice, which diagnoses MS by taking into 

account both MRI results and symptom development. In contrast to current models, NeuroDetect-

HDL provides a more comprehensive and scalable method that may be modified to address other 

neurodegenerative conditions. Among the drawbacks are the requirement for high-quality 

annotated data and the requirement for model recalibration when using the model in various 

institutions or populations [16]. 

 

Fig: 7 Comparison of model performance for MS prediction (CIS Database) 

Through the integration of clinical and imaging data into a deep learning framework, the 

NeuroDetect-HDL model dramatically enhances the early prediction of Multiple Sclerosis in 

patients with CIS. It shows itself as a useful clinical decision-support tool that could help 

neurologists start prompt treatment and individualized care plans because of its high sensitivity 

(95.85%) and specificity (92.68%) [17].  
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7. Conclusion 

The medical profession still faces several obstacles in accurately and promptly diagnosing 

Multiple Sclerosis (MS) because of the disease's intricate biology, fluctuating symptoms, and 

shared traits with other neurological conditions. This work addressed these issues by putting forth 

a unique method called NeuroDetect-HDL (Neuro Disorder Detection by Hybrid Deep Learning), 

which aims to improve the diagnostic effectiveness and predictive accuracy for MS. The method 

combined clinical features from patients in the Clinically Isolated Syndrome (CIS) phase, which 

frequently occurs before the start of Multiple Sclerosis, with a variety of deep learning models. 

With a 97% accuracy rate, the experimental results validate NeuroDetect-HDL as a strong and 

viable structure for MS identification. 

This work's main contribution is the development and application of a hybrid deep learning 

model that combines the advantages of attention-based architectures, recurrent neural networks 

(RNN), and convolutional neural networks (CNN). With the help of this hybrid method, the model 

was able to precisely determine both spatial and temporal aspects from clinical, imaging, and 

neurological data. While RNN layers found patterns across time in longitudinal clinical records, 

CNN components recognized spatial interdependence in neuroimaging and biomarker data. By 

enabling the model to concentrate on the most pertinent characteristics influencing the 

development of MS, the addition of attention mechanisms improved the prediction process even 

more. 

A standardized dataset comprising individuals with CIS, a crucial population for early MS 

prediction, was used to thoroughly train and assess the model. This dataset's thorough inclusion of 

MRI sequences, clinical scores, immunological markers, and demographic information was among 

its most beneficial features. The model was fed clean, standardized, and representative data to the 

preprocessing methods used. Methods including feature selection, data augmentation, and 

oversampling minority classes improved the model's generalizability and decreased the possibility 

of overfitting. The model's outstanding performance—97% accuracy—showcases its 

dependability in a variety of clinical settings and patient profiles. 

Other performance indicators, including precision, recall, specificity, sensitivity, F1-score, 

and the area under the ROC curve (AUC), were taken into consideration in addition to accuracy. 

These measures demonstrated the model's capacity to reduce false positives and false negatives, 

which is very important when diagnosing multiple sclerosis. While a false negative could postpone 

important treatment and impair patient outcomes, a false positive could result in needless anxiety, 

costly testing, and possible side effects from therapy. The majority of MS patients were accurately 

diagnosed NeuroDetect-HDL's high sensitivity, and the incorrect classification of non-MS cases 

was reduced to its specificity. 
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Excellent discriminative power was indicated by the model's Receiver Operating 

Characteristic (ROC) curve, which displayed an AUC close to 0.98. The model's robustness was 

further confirmed by the confusion matrix analysis, which showed a high true positive rate and 

few erroneous classifications. Because of these findings, NeuroDetect-HDL is a potent diagnostic 

aid, particularly in clinical settings where skilled neurologists might not always be on hand or 

where it would be simple to miss early MS symptoms. 

The NeuroDetect-HDL model's scalability and adaptability are two more important 

advantages. Because of the architecture's modular design, adding new features or updates as more 

data becomes available is simple. It provides flexibility to hospitals, diagnostic centers, and 

research institutes globally by being able to be implemented in both offline and cloud-based 

healthcare systems. The approach could streamline the diagnostic procedure and lower human 

error by giving doctors real-time analysis and alarms when properly integrated into electronic 

health record (EHR) systems. 

Additionally, the model could help with tailored treatment. NeuroDetect-HDL can assist 

with personalized therapy selection and prognosis estimates by detecting patient-specific patterns 

in the progression of MS. Better long-term health outcomes, more individualized treatments, and 

increased patient compliance could result from this. Additionally, it opens the door for predictive 

analytics in neurology, which will allow for proactive surveillance of those who are at a high risk 

of developing multiple sclerosis before their clinical symptoms fully appear. It is important to 

recognize a number of limitations in spite of these encouraging outcomes. First off, while the 

model performed well on the dataset that was supplied, external validation on bigger, more varied, 

and multi-center datasets is required to guarantee its general applicability. The model needs to be 

tested across these variables because MS might manifest differently in various populations based 

on factors like genetics, environment, and access to healthcare. Second, even though the hybrid 

model is quite good at making predictions, it functions as a "black box," which may make it harder 

to understand. The explain ability of predictions needs to be improved, especially for clinical 

acceptance and ethical deployment, even though attention processes increase transparency to some 

degree. 

In summary, NeuroDetect-HDL is a deep learning-based system for the early prediction of 

multiple sclerosis that is incredibly accurate, effective, and flexible. Its promise as a neurological 

decision-support tool is highlighted by its 97% accuracy rate and strong performance on other 

parameters. This study is a significant advancement in AI-assisted healthcare since it combines 

clinically relevant data with sophisticated deep learning techniques. NeuroDetect-HDL has the 

potential to greatly increase diagnosis accuracy, decrease the diagnostic delay of multiple sclerosis, 

and ultimately improve patient outcomes and quality of life with further development, validation, 

and integration. 
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