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ABSTRACT

The diagnosis of multiple sclerosis (MS) by magnetic resonance imaging (MRI) re-
mains a challenge due to the complex spatial distribution of the lesions. Although Convolutio-
nal Neural Networks (CNNss) are effective at identifying local textures, they often fail to capture
the broader spatial relationships between distant areas of the brain. In this study, we propose
and compare three deep learning architectures for automated MS classification: a standalone
ResNet18 baseline, a hybrid CNN-ViT model trained with cross-entropy loss, and a CNN-ViT
variant trained with prototypical loss for metric learning. To ensure a reliable performance as-
sessment, all models were validated using a 5-fold cross-validation and an independent test set
of 60 subjects. The hybrid CNN-ViT architecture achieved 86.67% accuracy and 90.00% spe-
cificity, consistently outperforming the CNN-only baseline. The prototypical variant achieved
83.33% accuracy and 80.00% specificity, offering a complementary metric learning perspective.
Additionally, we analyzed the model’s attention maps to interpret its decision-making process,
which highlighted both its ability to focus on relevant neurological features and its current limi-
tations with non-brain tissues. These results indicate that combining self-attention mechanisms
with convolutional layers improves classification performance and interpretability, providing a

robust framework for automated MS detection even with limited datasets.

Keywords: Multiple Sclerosis. Hybrid Architecture. Vision Transformer. MRI Classification.
Metric Learning. Prototypical Networks. Deep Learning.

1 INTRODUCTION

Multiple sclerosis can be defined as a chronic autoimmune disease of the central
nervous system characterized by inflammatory and neurodegenerative processes that lead to

structural damage in the tissues of the brain and spinal cord (Haki ez al., 2024; |Ferguson et al.,
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1997} |Oh; Bar-Or; Marrie, [2023). Early diagnosis of the disease is crucial to enable thera-
peutic interventions capable of slowing its progression, preserving the functional abilities of
the patient, and promoting a better quality of life (Multiple Sclerosis International Federation,
2020).

The diagnosis is made with the result of clinical signs first and then validated with
MRI images. Differences in resolution, acquisition protocols, and sequences used directly im-
pact image quality and, consequently, diagnostic accuracy. Furthermore, the detection of small
or atypical lesions can go unnoticed in visual assessments, requiring tools capable of identifying
subtle and recurring patterns in large datasets (Rocca et al.,|[2024).

Radiology specialists still outperform automated methods in MS detection, mainly
in terms of precision and clinical interpretation of images (Commowick et al., 2018). Neverthe-
less, the diagnostic imaging process is often time-consuming, subject to variability among spe-
cialists and, in many contexts, limited by the availability of qualified professionals (Commowick
et al.,2023)).

In MS research, deep learning approaches, especially 2D and 3D CNNs applied
to MRI, have shown promising results for lesion segmentation and disease analysis (Belwal;
Singh, 2025; |Daqqgaq; Alhasan; Ghunaim), [2024). However, existing studies consistently report
limitations related to heterogeneous experimental designs, variability in imaging protocols, li-
mited availability of standardized public datasets, and insufficient external clinical validation,
which restrict model generalization and clinical applicability. Recent studies have explored
hybrid neural network architectures that combine CNNs with attention mechanisms or transfor-
mers, demonstrating improved performance and interpretability in complex medical imaging
and clinical decision-support tasks (Djoumessi; Mensah; Berens, 2025} |[Eguia et al., 2024).

In this paper, three deep learning frameworks for automated multiple sclerosis clas-
sification are proposed and compared from MRI images. The first is a standalone ResNet18
serving as a convolutional baseline. The second integrates a ResNet18 backbone with a Vision
Transformer (ViT), using the convolutional layers to extract local feature representations and
a Transformer encoder to model global contextual dependencies through self-attention, trained
with weighted cross-entropy loss. The third architecture reuses the same CNN-ViT backbone
but replaces the classification head with a prototypical learning strategy, training the network
to produce L2-normalized embeddings in a metric space where classification is performed by
nearest-prototype assignment. The effectiveness of all three architectures is evaluated using
metrics such as accuracy, precision, recall, specificity, F1 score, and confusion matrix analy-
sis. Model performance is assessed through 5-fold stratified cross-validation in the training
set and validated in a fixed independent test set comprising 30% of the total dataset. Additio-
nally, attention map visualization is performed to provide interpretability of the learned feature

representations and demonstrate the model’s focus regions within the brain MRI.



2 METHODS

The methodology consisted of developing and training three deep learning models
to classify brain magnetic resonance images according to the presence or absence of MS, fol-
lowing the workflow illustrated in Fig. [l MRI data were collected from two main datasets,
one publicly available dataset with images of MS patients and healthy controlﬂ and the other,
the data were provided by the Functional and Molecular Neuroimaging Program, IRCCS Is-
tituto delle Scienze Neurologiche di Bologna (Fiscone et al., 2024 Data were analyzed to
verify integrity, quality, and consistency. Both datasets were combined into a single cohort of
199 subjects, comprising 50 healthy controls (subjects 001-099) and 149 MS patients (subjects
100-199). The preprocessing steps included loading NIfTI (.nii.gz) volumes, selecting the cen-
tral axial slice of each 3D image, applying min-max intensity normalization to the range [0, 1],
and resizing all images to a resolution of 224 x224 pixels. The dataset was then divided into
training, validation, and test subsets: 30% of the subjects (60 subjects) were held out as a fixed
independent test set using stratified random splitting (random_state=42), and the remaining 70%
(139 subjects) were used for training and validation through 5-fold stratified cross-validation.

To address class imbalance, class weights were computed inversely proportional to
class frequencies and applied to the loss function. Training data augmentation was performed
on the fly using random horizontal flipping (probability 0.5), random vertical flipping (pro-
bability 0.3), random rotation within +10° (probability 0.3), and Gaussian blur with a 3x3
kernel (probability 0.3). Augmentation was applied with higher probability to healthy subjects
(0.75) compared to MS patients (0.50) to further compensate for class imbalance. Validation
and test images were not augmented. Images were normalized using ResNet standard statistics
(mean=0.485, std=0.229) and resized to 224 x224 pixels prior to model input.

The choice of ResNet18 as the convolutional backbone for local feature extraction is
motivated by both architectural and computational considerations. ResNet18 employs residual
connections of the form y = F'(z, {W;})+x, where the identity shortcut enables stable gradient
propagation across 18 layers without vanishing gradient degradation, allowing the network to
learn discriminative low- and mid-level features, such as edges, textures, and intensity gradients,
relevant to MS lesion characterization in T1-weighted MRI. By truncating the forward pass at
the output of the third residual block (layer3), the backbone produces spatially rich feature maps
of dimension 14 x 14 %256, where each of the 196 spatial positions encodes a 256-dimensional
descriptor capturing local convolutional activations over a receptive field that covers a subs-
tantial portion of the 224 x224 input. This spatial resolution deliberately preserves sufficient
structural detail for the subsequent tokenization step: each 14x 14 spatial cell is treated as an
independent patch token, enabling the Transformer encoder to reason over 196 distinct local

descriptors without the spatial collapse that would result from using the full ResNet18 output

! Publicly dataset from Imperial College London
2 MRI dataset for susceptibility-based radiomic feature extraction


https://brain-development.org/ixi-dataset/
https://zenodo.org/records/11189468
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Figura 1 — Proposed Hybrid CNN-ViT architecture for MS classification, with a ResNet-18
backbone and a Transformer encoder with CLS token extraction for final classification.



after global average pooling. Furthermore, ResNet18 offers a parameter-efficient inductive bias
for local feature extraction; its convolutional filters inherently capture translation-equivariant
patterns, which complements the global, permutation-invariant self-attention of the Transfor-
mer encoder, achieving a structured division of labor between local and global representation
learning within a single unified architecture.

The third architecture reuses the same ResNet18 backbone and Transformer encoder
described above, but replaces the conventional classification head with a metric learning strategy
based on prototypical networks (Djoumessi; Mensah; Berens, 2025 |/Azad et al., 2024). The
model is trained to produce 256-dimensional L2-normalized embeddings, where classification
at inference time is performed by assigning each sample to the nearest class prototype computed
from the full training set.

During training, the prototypical loss is computed by measuring the Euclidean dis-
tance between each embedding and the per-batch class prototypes, converting distances to

temperature-scaled logits, and applying cross-entropy:

exp(—7 - d(&;, py,;))
Z 8 exp(—7 - (& b)) o

proto =

where €; is the L2-normalized embedding of sample 7, p.. is the L2-normalized mean embedding
of class ¢ within the batch, 7 = 10.0 is a fixed temperature, and d(+, -) is the Euclidean distance.
This formulation encourages same-class embeddings to cluster while separating inter-class re-
presentations, which is particularly relevant for small and imbalanced medical imaging datasets
(Haruna et al., 2025). The training procedure employed AdamW (Ir = 10~%, weight decay
0.02) with gradient clipping (norm 1.0), maintaining the same backbone fine-tuning strategy as

the cross-entropy variant.
3 RESULTS

The standalone CNN model achieved an accuracy of 0.83 in the fixed test set, with
a precision of 0.81, a recall of 0.86, and a specificity of 0.80, giving an F1 score of 0.83.
During the training of k-fold cross-validation, the validation accuracies exhibited variability
across the folds, ranging from 0.75 to 0.96 in the final epochs. The hybrid CNN-ViT model
demonstrated mean validation accuracy of 0.82 + 0.05, precision of 0.81 £ 0.07, recall of
0.85 4= 0.11, and specificity of 0.81 &£ 0.02, resulting in F1 score of 0.82 4= 0.06. Although the
mean validation accuracy was slightly lower than the ResNet18 test performance, the hybrid
architecture achieved superior results on the fixed test set, with accuracy of 0.8667, precision of
0.89, recall of 0.83, specificity of 0.90, and F1 score of 0.86. A summary of the accuracy and
precision metrics for all three proposed architectures is presented in Table[I]

The CNN-VIT with prototypical loss demonstrated mean validation accuracy of



Tabela 1 — Quantitative Comparison of Proposed Models

Architecture Accuracy (%) Precision (%) Recall (%) Specificity (%)
CNN (ResNet18) 83.33 81.25 86.67 80.00
Hybrid CNN-ViT 86.67 89.29 83.33 90.00
CNN-ViT + Metric Learning 83.33 81.25 86.67 80.00

0.7918 £ 0.0908, precision of 0.8160 + 0.0616, recall of 0.7494 £ 0.1303, and specificity of
0.8153 £ 0.0905, resulting in an F1 score of 0.7779 £+ 0.0880. On the fixed independent test
set, this model achieved an accuracy of 0.8333, precision of 0.8125, recall of 0.8667, specifi-
city of 0.8000, and F1 score of 0.8387. These results indicate that the prototypical formulation
maintains competitive test performance relative to the cross-entropy baseline (ResNet18), while
exhibiting higher cross-validation variance, which reflects the additional sensitivity of metric
learning to the batch composition and the limited dataset size. The higher recall (0.8667) com-
pared to the standard CNN-ViT (0.8333) suggests that the prototypical model is more sensitive
toward the positive class (MS patients), a clinically relevant property in screening contexts.

A qualitative inspection of representative test examples further illustrates the mo-
del’s behavior. As shown in Fig. 2] the network correctly classified a patient with multiple
sclerosis, indicating its ability to identify pathological patterns associated with lesion presence.
However, in the misclassified case, a healthy subject was predicted as diseased. Visual analysis
suggests that high-intensity structures near the cortical borders and skull interface, as well as
contrast variations in peripheral regions, may have influenced the attention mechanism. These
edge-related patterns can resemble lesion-like hyperintensities, potentially leading the model to
focus on non-pathological anatomical variations. This behavior indicates that peripheral arti-
facts, intensity inhomogeneities, or dataset-specific biases may still affect the decision process,
highlighting the need for improved spatial regularization or lesion-focused attention mecha-
nisms.

The attention maps generated by the Vision Transformer component across diffe-
rent subjects, depicted in Fig. [3 reveal additional insight into the model’s spatial reasoning.
These maps are produced by extracting the self-attention weights of the CLS token with res-
pect to all 196 patch tokens from the last Transformer encoder layer, averaging across all 8
attention heads, reshaping the resulting vector into a 14 x 14 spatial grid, and upsampling it to
224 x224 pixels via bilinear interpolation. In Fig. 3| the attention weights are concentrated in
anatomically plausible regions, particularly in the superior frontal and parietal white matter,
with a secondary focus in the inferior periventricular region, both areas commonly associated
with MS lesion distribution, with peak activation values approaching 0.8—1.0. This pattern sug-
gests that the self-attention mechanism successfully directed the model toward diagnostically
relevant features within the cerebral parenchyma.

The architectural configuration of the Transformer encoder directly influences this

capacity for structured spatial reasoning. Each of the 196 patch tokens encodes a 16x 16-pixel



Correct MS classification Incorrect MS classification

Figura 2 — Representative test set predictions from the CNN-ViT model. Left: MS patient
correctly classified as diseased. Right: healthy subject misclassified as diseased (false positive).

Figura 3 — Attention map with attention focused on anatomically plausible regions for MS
classification.
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Figura 4 — Attention map with attention focusing on regions outside the brain.

region of the 14 x 14 feature map produced by the ResNet18 layer3, carrying a 256-dimensional
feature representation. The separable 2D positional embeddings, composed of independent
learnable height and width embeddings of dimension 14 %256, inject spatial awareness into the
token sequence, enabling the model to distinguish patches at different anatomical positions.
Across the 4 stacked Transformer encoder layers with 8 attention heads each and a feedforward
dimension of 2048, the model progressively refines its inter-token attention patterns, allowing it
to assign high attention weights to spatially coherent lesion-like regions rather than responding
to isolated intensity artifacts.

However, Fig. ] illustrates a contrasting failure mode, in which high-intensity acti-
vations are concentrated outside the brain boundary, at the skull interface and in regions external
to the cranial vault. This dispersed and anatomically implausible pattern suggests that the self-
attention mechanism failed to suppress non-informative peripheral signals, likely because the
196 patch tokens include regions corresponding to the skull, background, and image borders,
which were not excluded by any brain extraction preprocessing step. This limitation could be
addressed in future work through skull-stripping preprocessing or through attention regulariza-

tion techniques that penalize high weights assigned to anatomically non-informative regions.
4 DISCUSSION

The performance gains observed in the hybrid architecture suggest that the integra-
tion of Transformer-based attention mechanisms addresses inherent limitations of purely con-
volutional approaches for neuroimaging analysis (Umirzakova et al., 2025}, |Aslam et al.,2022).
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While convolutional layers excel at extracting local textural patterns and edge features charac-
teristic of MS lesions, the self-attention mechanism enables the model to establish relationships
between spatially distant brain regions, which is particularly relevant given the multifocal na-
ture of MS pathology. Recent systematic reviews have demonstrated that hybrid CNN-ViT
architectures effectively mitigate the limitations of each component by combining global con-
text understanding with precise local feature extraction (Azad et al.,[2024; Haruna et al., 2025;
Kuang et al., [2025)). The substantial improvement in precision (89.29% vs. 81.25%) indicates
that the model became more conservative in positive predictions, likely due to the Transformer’s
ability to contextualize local features within the global anatomical structure before classifica-
tion. This reduction in false positive rate from 20% to 10% is clinically significant, as it directly
impacts the positive predictive value in real-world screening scenarios where MS prevalence is
relatively low. Meta-analyses of deep learning approaches for MS detection have shown that
2D-3D CNN architectures achieve high diagnostic performance with accuracies ranging from
91% to 98% (Umirzakova et al., 2025)), positioning our hybrid model’s 86.67% accuracy within
a competitive range while demonstrating superior generalization compared to the baseline Res-
Netl8.

The CNN-ViT architecture exhibited accelerated convergence compared to the con-
ventional CNN model. Training loss for the hybrid model decreased from initial values of
0.58-0.77 at epoch 1 to 0.18-0.22 by epoch 40, while validation loss stabilized below 0.45
within the first 10 epochs across most folds. The conventional CNN required approximately
20-25 epochs to achieve comparable validation loss levels, with training loss converging to
values between 0.23 and 0.28 after 40 epochs. These findings indicate that the integration of
Vision Transformer components with positional embeddings enhances both convergence speed
and generalization capability on unseen test data.

The prototypical variant exhibited different training dynamics compared to the
cross-entropy models. Training loss values were considerably lower from the first epoch (ran-
ging from 0.02 to 0.18), reflecting the distinct scale of the prototypical loss, which operates
on normalized embedding distances rather than raw logits. Validation accuracy across folds
ranged from 0.75 to 0.89, with higher fold-to-fold variability (standard deviation of 0.09) than
the cross-entropy CNN-VIiT (standard deviation of 0.05). This increased variance is consis-
tent with the sensitivity of metric learning to batch composition, since prototypes are estimated
from each batch during training and may be unstable when class representation within a batch
is uneven, a factor amplified by the limited dataset size. Despite this variability, the prototy-
pical model achieved competitive test set performance (83.33% accuracy), demonstrating that
the metric learning formulation can learn discriminative representations even without explicit
class-boundary supervision (Haruna et al.l [2025). The advantage of this approach lies in its
potential for generalization to new classes or unseen imaging protocols without retraining the
classification head, a desirable property for future multi-center clinical deployment (Azad et al.,
2024).
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To contextualize our findings within the current state-of-the-art, Table [2] presents
a comparative analysis of recent deep learning approaches for MS classification. While our
hybrid CNN-ViT architecture achieved 86.67% accuracy with 89.29% precision, other con-
temporary studies report significantly higher accuracies, with Daqqagq et al. (Dagqaq; Alhasan;
Ghunaim, 2024) demonstrating 91-98% accuracy across 15 studies in their meta-analysis, and
specialized architectures such as the KNN with Sea-horse Optimizer (Khattap ef al.| 2024} and
MobileNetV2 (Ekmekyapar; Tasci, [2023) achieving 97.97% and 99.05% accuracy, respecti-
vely. However, these elevated performance metrics warrant careful interpretation. The majority
of high-performing models were evaluated on homogeneous, single-center datasets without ri-
gorous external validation, potentially leading to optimistic performance estimates that may not
generalize to diverse clinical settings. In contrast, our study prioritized methodological rigor
through 5-fold stratified cross-validation and evaluation on a completely independent test set,
which likely provides a more realistic assessment of real-world performance. Furthermore, the
balanced performance across precision (89.29%), recall (83.33%), and specificity (90.00%) is
particularly noteworthy when compared to studies that report only accuracy metrics, as this
balance is critical for clinical deployment where both false positives and false negatives carry

significant consequences for patient management and healthcare resource allocation.
S CONCLUSION

This study presented and compared three deep learning architectures for automa-
ted multiple sclerosis classification from T1-weighted MRI images: a standalone ResNetl8
baseline, a hybrid CNN-ViT model trained with cross-entropy loss, and a CNN-ViT variant
employing prototypical metric learning. The cross-entropy hybrid achieved 86.67% accuracy,
89.29% precision, 83.33% recall, and 90.00% specificity on an independent test set of 60 sub-
jects, outperforming both the CNN baseline (83.33% accuracy) and the prototypical variant
(83.33% accuracy). While the prototypical model did not surpass the cross-entropy hybrid in
overall accuracy, its higher recall (86.67%) and its ability to learn compact metric representa-
tions without an explicit classification boundary suggest complementary strengths relevant to
data-scarce clinical scenarios and potential transfer to unseen imaging protocols.

These results cannot definitively establish any of the models as clinically efficient
for deployment in real-world diagnostic settings, but they demonstrate promising performance
that validates the potential of hybrid CNN-ViT architectures in neuroimaging applications. The
integration of self-attention mechanisms with convolutional feature extraction successfully cap-
tured both local lesion characteristics and global anatomical context, as evidenced by the supe-
rior generalization capability of the cross-entropy CNN-ViT compared to the standalone Res-
Net18 baseline. However, the limited dataset size of 199 subjects likely constrained the capacity
of all models to learn robust, generalizable representations across the heterogeneous manifes-

tations of MS pathology. The observed performance variability across cross-validation folds
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further suggests that a more extensive and diverse training dataset would enable the hybrid ar-
chitectures to achieve more consistent and potentially superior diagnostic performance. Future
research should prioritize the acquisition of larger, multi-center datasets to validate model ro-
bustness across different imaging protocols and patient populations. Additionally, extending the
current 2D approach to a 3D convolutional-transformer architecture that incorporates multiple
MRI sequences, specifically T1-weighted, T2-weighted, and FLAIR images, would enable the

model to leverage complementary information for more comprehensive lesion characterization.
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