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Abstract: Amyotrophic Lateral Sclerosis (ALS) is a progressive neurodegenerative disorder that pre-
sents significant diagnostic challenges due to its heterogeneous clinical manifestations and symptom
overlap with other neurological conditions. Early and accurate diagnosis is critical for initiating timely
interventions and improving patient outcomes. Traditional diagnostic approaches rely heavily on clin-
ical expertise and manual interpretation of neuroimaging data, such as structural MRI, Diffusion Ten-
sor Imaging (DTT), and functional MRI (fMRI), which are inherently time-consuming and prone to
interobserver variability. Recent advances in Artificial Intelligence (AI) and Deep Learning (DL) have
demonstrated potential for automating neuroimaging analysis, yet existing models often suffer from
limited generalizability across modalities and datasets. To address these limitations, we propose a
Transformer-augmented deep learning ensemble framework for automated ALS diagnosis using multi-
modal neuroimaging data. The proposed architecture integrates Convolutional Neural Networks
(CNNSs), Recurrent Neural Networks (RNNs), and Vision Transformers (ViTs) to leverage the com-
plementary strengths of spatial, temporal, and global contextual feature representations. An adaptive
weighting-based fusion mechanism dynamically integrates modality-specific outputs, enhancing the ro-
bustness and reliability of the final diagnosis. Comprehensive preprocessing steps, including intensity
normalization, motion correction, and modality-specific data augmentation, are employed to ensure
cross-modality consistency. Evaluation using 5-fold cross-validation on a curated multi-modal ALS
neuroimaging dataset demon-strates the superior performance of the proposed model, achieving a
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for clinicians, supporting early and precise ALS detection and enabling more personalized and effective
patient management strategies.
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1. Introduction

Amyotrophic Lateral Sclerosis (ALS) is a chronic and usually fatal neurodegenerative
disease that is only partially hereditary or familial in nature. It primarily attacks the human
nervous system, causing the loss of nerve cells within the brain and spinal cord [1]. The onset
of this disorder typically occurs between the late 1950s and early 1960s and affects both upper
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and lower motor neurons in the nervous system, according to [2]. The Institute of Medicine
(2000) reports that ALS is a progressive disease that mainly damages motor neurons in the
brain and spinal cord, leading to severe muscle weakness, atrophy, and ultimately abnormali-
ties in respiratory processes [3]. The disease presents a major clinical dilemma because of its
heterogeneous manifestation and clinical overlap with other motor neuron disorders [2].

As the condition progresses, patients gradually lose the ability to move, speak, eat, and
breathe as their muscles weaken. The progression is commonly quantified by the degree of
muscle weakness and functional impairment. Factors influencing ALS progression include
age, site of onset (bulbar vs. limb), disease subtype, and pre-existing medical conditions. Alt-
hough most cases progress slowly over several years, rapid deterioration is possible. The ma-
jority of patients die from respiratory failure within three to five years after diagnosis, though
some may survive much longer. Currently, there is no cure for ALS; however, medications,
physical therapy, and respiratory support may help prolong survival and improve quality of
life. Upper motor neuron (UMN) and lower motor neuron (LMN) symptoms include spas-
ticity, exaggerated reflexes, and mild paralysis for UMN, and loss of muscle mass, fascicula-
tions, and severe paralysis for LMN, respectively [2].

Technological advancements have provided solutions that can predict disease progres-
sion and improve human living standards [4]—[6]. Eatly diagnosis is essential for initiating
supporttive therapies that can slow disease progression and enhance quality of life. Neuroim-
aging techniques such as Magnetic Resonance Imaging (MRI), Diffusion Tensor Imaging
(DTI), and functional MRI (fMRI) have proven useful for identifying structural and func-
tional variations in patients with ALS. Manual evaluation of these scans is time-consuming
and may lead to inter-observer inconsistency, resulting in delayed or inaccurate diagnosis.
Artificial Intelligence (Al), particularly Deep Learning (DL), holds great promise for automat-
ing medical image interpretation and improving diagnostic accuracy [2].

The initial symptoms of ALS often include muscle weakness or twitching in the arms or
legs, which gradually spreads throughout the body [3]. As the disease progresses, patients may
lose limb control and the ability to walk, speak, or breathe. Respiratory failure is the most
common cause of death, typically within three to five years after symptom onset [2]. This
degeneration disrupts communication between the nervous system and voluntary muscles.
According to [1], such deterioration can result in paralysis and the failure of respiratory mus-
cles, ultimately leading to death.

Traditional research on prognostic factors in ALS has primarily employed statistical tech-
niques such as Cox regression, mixed-effects models, and Kaplan—Meier estimators. Despite
their limited validity due to rigid data assumptions, these classical methods have identified key
prognostic variables, including body mass index, gender, affected body region, muscle weak-
ness, vital capacity, Riluzole treatment, onset site, executive dysfunction, concomitant frontal
lobe dementia (FTD), functional disability, diagnosis delay, and age at symptom onset.

The rapid development of Artificial Intelligence technologies, as described in [7]—[10],
has led to significant advances in deep learning (DL). DL-based algorithms have become
central to numerous research areas, particularly in automated medical image analysis and dis-
ease classification. Convolutional Neural Networks (CNNSs), in particular, have been widely
applied in neuroimaging studies, including those related to ALS [2], [3], [11]-[13].

2. Challenges and Problem Definition

Given the rapid advancement of Artificial Intelligence (Al) technologies, as discussed in
[3], there is a growing promise for the application of Al in medical image analysis. However,
developing robust and clinically viable ALS diagnostic systems still faces several critical chal-
lenges. One of the foremost difficulties lies in the subtle and heterogeneous nature of ALS-
related neuroanatomical changes. Early-stage ALS often exhibits site-specific and mild struc-
tural or functional variations in the brain and spinal cord, which are difficult to detect using
conventional or shallow deep-learning models [14], [15]. These variations may be spatially
diffuse or manifest differently across patients, thereby limiting the sensitivity of standard ap-
proaches, particularly for early diagnosis.

Furthermore, the reliability and generalizability of AI models are significantly affected
by the variability of imaging data across different clinical settings. Differences in scanning
protocols, scanner hardware, and demographic composition introduce noise and bias into
training datasets [16]. Such inconsistencies can degrade model performance when applied to
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unseen data from external centres, posing a major obstacle to real-world deployment. In ad-

dition, most available ALS imaging datasets atre relatively small and often exhibit class imbal-

ance, with fewer early-stage or atypical cases represented. This scarcity restricts deep-learning
models from learning robust and discriminative patterns without overfitting.

The complexity of modern Al architectures also presents a practical concern. Trans-
former-based or ensemble models, while powerful, are computationally intensive and re-
source-demanding, making them less accessible for routine clinical implementation. More im-
portantly, the “black-box’ nature of many deep-learning systems limits clinical trust, since the
reasoning behind model predictions is often opaque and difficult to interpret. Such interpret-
ability issues hinder adoption and raise concerns regarding accountability in high-stakes med-
ical decision-making.

Addressing these challenges requires a multifaceted strategy. Integrating multi-modal
data sources—including structural and functional imaging, electromyography (EMG), and
genetic information—can enhance model robustness and diagnostic sensitivity. Moreover,
developing architectures that incorporate domain knowledge, remain computationally effi-
cient, and provide transparent decision-making through explainable AI (XAI) mechanisms
such as attention maps will be crucial for improving reliability and user trust [17], [18]. Uld-
mately, achieving clinical-grade ALS diagnostics will depend on scalable, interpretable, and
generalizable Al models validated across diverse, real-world datasets.

Computer technology has emerged as a valuable tool for addressing diverse human chal-
lenges [19]-[22]. Existing deep-learning models, particularly those relying solely on Convolu-
tional Neural Networks (CNNs) for neurological disease diagnosis, often fail to generalize
effectively because they depend on a single data modality and a single-architecture approach.
While CNNs excel at extracting spatial features, they cannot capture sequential or long-range
dependencies that may exist in multi-modal data. Moreover, standalone networks are difficult
to train for generalization and are prone to overfitting, especially when trained on small or
heterogeneous datasets.

These limitations highlight the necessity for a unified framework that can simultaneously
integrate various neural-network architectures and intelligently fuse multiple imaging modal-
ities to support the diagnosis of complex conditions such as ALS. In response to the identified
challenges, this study aims to achieve the following objectives:

e Develop an ensemble deep-learning model that integrates CNNs, Long Short-Term
Memory (LSTM) networks, and Transtormer-based vision models to enhance feature
extraction and classification across multiple imaging modalities in ALS diagnosis.

e  Design a weighted-average fusion mechanism to combine predictions from individual
models, thereby improving diagnostic robustness and reducing inter-model variance.

e Evaluate the proposed framework on the DSUTH multi-modal ALS dataset (structural
MRI, DTI, and fMRI) to demonstrate its effectiveness in improving diagnostic accuracy,
sensitivity, and specificity in practical clinical settings.

To address the existing research gaps, this study introduces a novel framework for auto-
mated ALS diagnosis that offers the following key contributions:

e  Multi-Architecture Ensemble Model: A cohesive framework that effectively integrates
CNNs, LSTMs, and Vision Transformers. The design leverages complementary spatial,
temporal, and global contextual features in multi-modal neuroimaging data, surpassing
the limitations of single-architecture approaches.

e  Adaptive Fusion Mechanism: A confidence-based weighted fusion strategy that dynam-
ically adjusts the influence of predictions from different modalities and architectures ac-
cording to validation performance, thereby enhancing robustness and reliability of the
final diagnostic outcome.

e  Enhanced Clinical Interpretability: The incorporation of explainable Al techniques such
as Grad-CAM and attention-map visualization provides transpatrent decision support by
highlighting neuroanatomical regions critical to the model’s predictions, promoting cli-
nician trust and practical applicability.

3. Related Work

Significant advancements in computing over the last decade [9], [15] have led to various
innovative approaches for early detection of ALS using machine learning and deep learning
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methods. However, despite this progress, the absence of standardized multi-modal integra-
tion strategies and limited validation across heterogeneous datasets remains a substantial bat-
rier to clinical adoption.

A study [3], using the publicly available PRO-ACT dataset proposed a machine-learning
and deep-learning framework to forecast ALS progression. The model compared sequential
deep-learning architectures against classical methods such as LightGBM and XGBoost using
Root Mean Squared Error (RMSE) and R-squared (R?) metrics. After optimization, the deep-
learning model achieved the best results (RMSE = 4.511, R? = 0.718), surpassing both
LightGBM and XGBoost. Additionally, it was tested for classification tasks to distinguish
between bulbar- and limb-onset ALS, achieving 97.96% accuracy and an AUC of 0.9550.
Although effective, this approach was limited to tabular clinical data and did not consider
neuroimaging or multi-modal biomedical inputs—factors critical to ALS heterogeneity.

Research [2] addressed the challenge of classifying ALS patients versus healthy controls
using brain MRI. The study implemented a Vision Transformer (ViT) model that combines
spatial and frequency-domain features, reflecting the intrinsic dual-domain nature of MRI
acquisition. Trained on coronal MRI slices and fine-tuned via ImageNet pretraining, the
model applied majority voting for subject-level prediction. It demonstrated superior classifi-
cation accuracy compared with conventional CNN approaches. However, the model relied
heavily on 2D slice-wise learning, potentially missing inter-slice contextual information, and
lacked an adaptive fusion mechanism to combine multiple imaging modalities effectively.

Another investigation [23], introduced a Hybrid Quantum Machine Learning (H-QML)
model for ALS detection using electromyography (EMG) signals. The method incorporated
a “Quanvolutional layer”—a quantum equivalent of convolution—to enhance feature repre-
sentation with random quantum circuits. The H-QML model achieved an accuracy of 98.38%,
slightly outperforming ensemble decision trees (98.34%), while offering lower training com-
plexity. Nevertheless, the method was limited to EMG signals from a single muscle group,
which restricted generalization to broader neuromuscular patterns, and it lacked comparative
evaluation against classical deep-learning baselines on multi-modal data.

To explore ALS from a genetic and molecular standpoint, study [24] proposed MOALS
(Multi-Omics for ALS), a machine-learning framework integrating gene-expression and rare-
variant data. Using unsupervised clustering and a Variational Autoencoder (VAE), the model
identified 17,546 ALS-associated genes and achieved 1.7—6.2% higher accuracy than single-
omics models. The study provided novel insights into genotype—phenotype correlations and
biological pathways linked to ALS. However, it did not incorporate neuroimaging or longitu-
dinal clinical features, limiting its clinical applicability and generalizability across cohorts.

In related work, research [25] presented a deep-learning framework for classifying Mul-
tiple Sclerosis (MS) brain scans. By combining CNNs with robust preprocessing (resizing,
normalization, and data augmentation), the model achieved an overall accuracy of 88% with
strong precision and recall across mild and severe MS cases. Sensitivity, however, decreased
for moderate cases due to class imbalance and subtle features. Although the study suggested
expanding the dataset and using multi-modal integration for improvement, these enhance-
ments were not experimentally validated. The architecture also lacked adaptability to varying
imaging conditions—an aspect crucial for real-world clinical deployment.

In summary, prior research demonstrates considerable progress in applying Al and deep
learning for neurological disease diagnosis, including ALS. Yet, major gaps persist—particu-
larly in multi-modal data fusion, architectural diversity, and model interpretability. These lim-
itations motivate the development of a unified, transformer-augmented ensemble framework
that combines spatial, temporal, and contextual learning while maintaining clinical explaina-
bility.

4. Proposed Method

Based on a targeted use of multi-modal neuroimaging data—such as structural MRI,
DTI, and fMRI—this paper introduces an improved ensemble deep-learning framework for
automated ALS diagnosis. By combining Convolutional Neural Networks (CNNs), Long
Short-Term Memory (LSTM) networks, and Vision Transformers (ViTs), the proposed sys-
tem efficiently captures spatial, sequential, and global contextual features that naturally char-
acterize ALS pathology, as illustrated in Figure 1.
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Figure 1. Overview of the proposed multi-modal ensemble framework integrating CNN (spatial), LSTM (temporal), and ViT (global)

branches for ALS diagnosis.

The architecture is designed to overcome the limitations of single-model approaches by
exploiting the complementary strengths of the constituent models. The process begins with
comprehensive data preprocessing aimed at enhancing image quality, normalizing inputs, and
isolating relevant brain structures. Each neural-network branch is trained independently on
the preprocessed data, and its predictions are subsequently merged through a confidence-
weighted averaging mechanism. In this fusion scheme, dynamic weights are assigned based
on model-specific performance metrics, ensuring a more reliable final classification outcome.

The overall framework is optimized using the cross-entropy loss function and the
AdamW optimizer, with learning-rate decay applied to guarantee stable convergence. Exten-
sive evaluations are conducted on a curated ALS dataset to validate the framework’s perfor-
mance in terms of accuracy, sensitivity, specificity, and generalization across multiple imaging
modalities.

4.1 The DSUTH Multi-Modal ALS Dataset

In the rapidly evolving field of information processing [8], [9], [20], [27], data represent
all manipulable elements that can be organized into datasets with identifiable features [9], [26],
[28]. These features can be fused across different sources to create enriched representations
181, [9]

Neuroimaging data for this study were obtained from the Delta State University Teach-
ing Hospital (DSUTH) in Oghara, Delta State, Nigeria, under formal ethical approval. The
dataset comprises multi-modal brain scans from 48 ALS patients and 52 healthy controls. It
is a single-center dataset collected under standardized imaging protocols, with scans acquired
on either 1.5 T or 3 T MRI scanners, depending on equipment availability duting patient
enrollment. The DSUTH ALS dataset is cross-sectional and includes multi-modal MRI se-
quences—T1-weighted, T2-weighted, FLAIR, and DTl—acquired as part of routine diag-
nostic procedures. All subjects were evaluated at baseline, and the data were fully de-identified
in compliance with the ethical research requirements of the DSUTH Institutional Review
Board.

Only a single baseline scan per subject was used to ensure data quality and consistency
during model training and evaluation. Participants with incomplete imaging modalities or
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missing clinical metadata were excluded from the analysis. Owing to patient-privacy regula-
tions and institutional policies, this dataset is not publicly available but may be accessed for
collaborative research through formal data-sharing agreements with DSUTH. A summary of
the demographic and clinical characteristics of the dataset is presented in Table 1.

Table 1. Demographic details of T1-weighted MR images from the DSUTH ALS dataset

Participant characteristics ~ ALS Patients (n = 48) Healthy Controls (n = 52)  p-value

Sex (Male/Female) 29 /19 27 /25 0.43

Age (years)

Mean *+ SD 57.6 £9.8 543 £10.4 0.045 *
Median 58.0 55.0 -
Range 35.0-75.0 32.0-72.0 -

ALSFRS-R score

Mean + SD 38.7£6.3 - -
Median 40.0 - -
Range 21.0-47.0 - -

Symptom duration (months)

Mean + SD 184 £ 11.2 - -
Median 16.5 - -
Range 4.0-52.0 - -

4.2, Data Preprocessing

The DSUTH multi-modal dataset comprises structural MRI (T'1- and T2-weighted), dif-
fusion tensor imaging (DTI), and functional MRI (fMRI) scans collected as part of the ALS
diagnostic protocol. All scans underwent a standardized preprocessing workflow designed to
ensure data uniformity, enhance image quality, and facilitate reliable cross-modality feature
extraction. The overall pipeline was implemented using the FMRIB Software Library (FSL
v0.0) and NiBabel in Python.

4.2.1. Skull Stripping

The Brain Extraction Tool (BET) in FSL was applied to remove non-brain tissue from
all structural scans, ensuring that only cerebral anatomy contributed to feature learning.
4.2.2. Intensity Normalization

To cotrect scanner-specific intensity inhomogeneity, N4 bias-field correction was first
applied, followed by z-score normalization performed per modality.
I —
r=-—_* (1)
o

Whete I' is the normalized voxel intensity, I is the original intensity, and y and ¢ are the mean and
standard deviation of voxel intensities.

4.2.3. Motion Correction

For fMRI sequences, Motion Correction Linear Image Registration Tool (MCFLIRT)
was employed to realign time-series volumes and reduce motion artifacts.

4.2.4. ROI Extraction and Resizing

Each scan was spatially resized to 224 X 224 pixels and cropped to include ALS-relevant
regions such as the motor cortex and white/gray-matter areas, ensuring anatomical con-
sistency across subjects.

4.2.5. Data Augmentation

To mitigate overfitting, online augmentation was applied during training, including ran-
dom rotations (£15°), hotizontal/vertical flips (probability 0.5), brightness/contrast jitter
(£10%), and Gaussian noise ¢ = 0.01. These transformations were generated per epoch, ef-
fectively creating an unlimited variety of samples. The above steps ensured that all imaging
modalities were geometrically aligned, intensity-normalized, and suitable for multimodal
deep-learning analysis.
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4.3. Feature Extraction and Model Architecture

Recent advances in information and digital technologies have accelerated the develop-
ment of robust feature-engineering approaches [8], [9], [29]. In this study, a tri-branch ensem-
ble architecture was constructed to extract complementary features from the preprocessed
neuroimaging data. Each branch was trained independently to capture distinct characteristics
of ALS pathology.

4.3.1. CNN Branch — Spatial Feature Extraction

Convolutional Neural Networks (CNNs) specialize in capturing localized spatial patterns
such as cortical thinning and textute vatiations. The convolutional operation at layer [ is ex-
pressed as:

FO = gWw® s« FA-D 4 p®) ©

Where FO is the output feature map, WO the convolutional filters, b®D the bias, and o
the activation function.

4.3.2. LSTM Branch — Temporal Dependency Modeling

The Long Short-Term Memory (LSTM) network models sequential and temporal rela-
tionships across stacked slices or time-series fMRI data. At time step ¢ the internal updates
are defined as:

fe= U(Wf[ht+11xt] + bf),
ir = o(Wilheyy, xe] + by),
C, = tanh(W,[he41, %] + b)),
Ce = f; © Ceys + i, OC,,
0r = o(Wp[hes1, %] + bo),
hy = o,Otanh (C,)

S)

Where o denotes the sigmoid activation, and W, b represent the trainable weights and bi-
ases of each gate.

4.3.3. Vision Transformer Branch — Global Attention Modeling

The ViT divides MRI slices into fixed-size patches and models global dependencies
through self-attention. The scaled dot-product attention is computed as:

: QK"

Attention(Q, K, V) = softmax \/d_ \% 4
k

Whete Q, K,V atre quetry, key, and value matrices from patch embeddings, and dj, is the key-

vector dimension. This enables the ViT branch to capture subtle and diffuse structural
changes across distant brain regions.

The key architectural and training parameters used for the ensemble framework are sum-
marized in Table 3.
4.4. Fusion and Adaptive Weighting Mechanism

After each branch produced modality-specific features (Fenn, FLstm, Fvit) these were
fused using a confidence-weighted averaging scheme:

Frusea = WiFenn + WoFisry + waFyir,  wi+w, +wy =1 ©)

The fusion weights (Wq, W,, W3) are learned adaptively based on each model’s valida-
tion performance. Following [30], the normalized weights are computed via a softmax func-
tion:

_exp(ad)
Wi S exp(ady) ©
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Where A; denotes the validation accuracy of branch i, and @ = 2.0 is a temperature pa-
rameter controlling weight concentration. This mechanism ensures that more reliable
branches exert stronger influence during final fusion.

The fused representation is passed through a fully connected layer followed by a Softmax
classifier to produce probabilistic outputs for ALS and control groups. Training optimization
uses cross-entropy loss:

Leg == Z Ve log(¥e) )

Where y, and J, are the true and predicted class probabilities, respectively. Model parame-
ters are optimized using AdamW with learning-rate decay to stabilize convergence and pre-
vent ovetfitting on high-dimensional MRI data.

Table 3. Architectural and training parameters of the proposed ensemble framework

Parameter CNN / Spatial Domain ViT / Frequency Domain
Image Resolution 224 x 224 224 x 224
Patch Size 16 X 16 16 X 16
Number of Layers 12 8
Embedding Dimension 768 512
Activation Function GELU GELU
MLP Dimension 3072 2048
Dropout Rate 0.10 0.25
Optimizer AdamW AdamW
Learning Rate 0.0001 0.0001
Loss Function Cross-Entropy Cross-Entropy
Batch Size 32 32
Epochs 100 100

4.5 Algorithmic Representation of the Proposed Framework

To consolidate the overall workflow, Algorithm 1 summarizes the end-to-end imple-
mentation of the proposed ensemble-based ALS diagnostic framework.

Algorithm 1. Pseudocode of the Proposed Framework
INPUT: DSUTH multi-modal neuroimaging dataset (MRI, DTI, fMRI), training and test-
ing splits (Xrain Yerains Xtest Yeest)
OUTPUT: Final ensemble prediction and performance metrics
1:  # Step 1: Load and preprocess the DSUTH ALS multi-modal dataset
2:  def preprocess_data(dataset_path):
# Load multi-modal scans: Structural MRI, DTI, and fMRI
images = load_multimodal_scans(dataset_path)
# Apply intensity normalization per modality
images = intensity_normalization(images)
# Perform data augmentation: rotation, flipping, noise addition
images = augment_images(images)
# Resize images to uniform dimensions and segment ROIs (white matter, gray
matter, motor cortex)
10: images = resize_and_segment(images)
11: return images
12: # Step 2: Define individual deep learning models for each modality
13: def build_cnn_model():

14: model = build_cnn_architecture() # For spatial feature extraction from MRI
15: return model

16: def build_Istm_model():

17: model = build_Istm_architecture() # For temporal dependencies in fMRI

18: return model
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Algorthm 1 (cont.)

Algorithm 1. Pseudocode of the Proposed Framework
19: def build_vit_model():

20: model = build_vit_architecture() # For capturing long-range dependencies in
DTI
21: return model

22: # Step 3: Train each model separately on the preprocessed data
23: def train_models(X_train, y_train, epochs=50):

24 cnn = build_cnn_model()

25: Istm = build_Istm_model()

26: vit = build_vit_model()

27: cnn. fit(X_train[MRI'], y_train, epochs=epochs)

28: Istm.fit(X_train['fMRI'], y_train, epochs=epochs)

29: vit.fit(X_train['DTT'], y_train, epochs=epochs)

30: return cnn, Istm, vit

31: # Step 4: Fuse predictions from the three models using adaptive weighted averaging
32: def adaptive_weighted_fusion(models, X_test):

33: # Compute weights dynamically based on validation performance or confidence
scores
34: weights = compute_adaptive_weights(models)

35: # Get predictions for each modality-specific model
36: predictions = [

37: models[0].predict(X_test[ MRI"),

38: models[1].predict(X_test[ fMRI"),

39: models[2].predict(X_test[DTI]) ]

40: # Weighted sum of predictions normalized by sum of weights

41: final_prediction = sum(w * p for w, p in zip(weights, predictions)) / sum(weights)
42: return final_prediction

43: # Step 5: Evaluate final ensemble predictions against ground truth labels

44: def evaluate_ensemble(models, X_test, y_test):

45; final pred = adaptive_weighted_fusion(models, X_test)

46: accuracy, sensitivity, specificity = evaluate_performance(final_pred, y_test)
47: return accuracy, sensitivity, specificity

48: # Execution flow

49: dataset_path = "DSUTH_ALS_Mult_

50: X_train, X_test, y_train, y_test = preprocess_data(dataset_path)

51: models = train_models(X_train, y_train)

52: Display performance

5. Experimental Setup and Results

5.1. Hardware and Software Specifications

All experiments were executed on an Ubuntu 20.04 workstation equipped with an Intel
Xeon Gold 6248R CPU, 128 GB RAM, and four NVIDIA RTX A6000 GPUs (each 48 GB
VRAM). The framework was implemented in Python 3.9 using PyTorch 2.0.1, MONAI 1.2.0,
and Albumentations 1.3.0 libraries. Training was accelerated through mixed-precision compu-
tation and gradient-checkpointing for memory efficiency. All reported results are averaged
over five-fold cross-validation, with the split ratio of 70 % training, 15 % validation, and 15
% testing, ensuring that no patient data overlap occurred across folds.

5.2. Baseline Implementations
For comparative evaluation, several baseline models were implemented under identical

preprocessing and data-splitting conditions:

e 3D CNN: a volumetric convolutional network applied directly to stacked MRI slices.

e CNN + LSTM: a hybrid network capturing spatial + temporal dependencies across MRI
and fMRI data.

e ResNet50 Fusion: a feature-level concatenation model using pre-trained ResNet50
(ImageNet weights).
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e  Proposed Ensemble Model: the full CNN-LSTM-ViT adaptive fusion framework de-
scribed in Section 4.

5.3. Quantitative Evaluation
The fused feature vector from Section 4.4 was processed through a fully connected net-
work with ReLLU activations and dropout regularization, followed by a Softmax layer convert-
ing logits z; into class probabilities:
z

P(y=ilx)= e+

j=1€”

)

A comprehensive performance comparison across all models is presented in Table 4.
The proposed ensemble outperformed other configurations in all metrics, demonstrating su-
perior diagnostic capability.

Table 4. Comprehensive performance comparison on the DSUTH ALS dataset.

Aci;:)acy Pre(ﬁ/lns)lon Recall (%) Fl-(?/:)ore Spe(co;gmty AUC-ROC
3D CNN 881+12 865+14 854%£13 860+x12 902%1.1 0.912=£0.008
CNN +LSTM 902+10 886f11 875%£12 88.0%x1.0 93.1£0.9 0.934%0.007
ResNet50 Fusion 91.3+09 904+£1.0 892%11 89.7+09 947+£0.8 0.951 % 0.006
Proposed 945+0.7 939+08 929%£09 934+0.7 97.4%0.6 0.968 £ 0.004

All baseline models were re-implemented for consistent comparison.

Model

5.4. Visual Explainability using Grad-CAM and Attention Maps

To validate the clinical interpretability of the proposed ensemble, visual-explanation
techniques were applied to representative ALS and control samples. Grad-CAM heatmaps
from the CNN branch and self-attention maps from the ViT branch reveal the neural focus
of each sub-model during prediction.
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Figure 2. Explainability map of the riginal T1-weighted MRI slice

Figure 2 presents the original T1-weighted slice with anatomical annotations indicating
the Frontal Lobe, Primary Motor Cortex, Precentral Gyrus, and Corticospinal Tracts. These
regions are neurologically relevant to ALS progression.
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Figure 3. Attention map from the ViT model highlighting relevant patches in the corticospinal tracts
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Figure 4. Grad-CAM heatmap from the CNN model showing activation in the motor cortex
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Figure 5. Original T1-weighted MRI with ALS-relevant regions
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Figure 3 and Figure 4 show the Grad-CAM activations highlighting bilateral motor-cor-
tex regions, corresponding to areas of motor-neuron degeneration. The color scale from yel-
low to red reflects the CNN’s feature-activation strength, peaking at = 0.8 in the motor-cortex
zone. Conversely, the ViT attention maps (Figures 5 and 6) emphasize long-range dependen-
cies along the corticospinal tracts, as indicated by high attention weights (> 0.6) on symmet-
rical vertical bands. This demonstrates that the transformer branch captures global structural
connectivity patterns that CNNs alone cannot localize.
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Figure 6. CNN Grad-CAM heatmap motor cortex activation

0 }o.7
L 0.6
50
L 0.5
z
100 g
L 0.4 =
o
=]
P
150 ER
z
0.2
200
0.1

250

0 50 100 150 200 250
Global Contextual Attention

Figure 7. ViT attention map corticospinal tract focus

When these attention and activation maps are overlaid (Figure 7), a clear convergence
emerges: both CNN and ViT highlight anatomically plausible regions linked to ALS pathol-
ogy. This alignment between model saliency and known neuroanatomy confirms that the en-
semble does not rely on spurious correlations but bases its classification on clinically mean-
ingful features. Such interpretable visualization aids neurologists in understanding the deci-
sion process and supports trust in the Al-assisted diagnosis.

5.4 Ablation Study

To provide a comprehensive evaluation, this paper reports results under two distinct
experimental settings. The performance comparison in Table 4 presents the mean and
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standard deviation of a 5-fold cross-validation for all models, ensuring a robust and general-
izable estimate of performance. In contrast, the ablation studies in Tables 5-8 report the
performance of the final, optimized models on a held-out test set (15% of the data, consistent
with the data split described in Section 4.6) to analyze the contribution of individual compo-
nents in a fixed, optimal setting. The higher accuracy (99.2%) observed in the ablation study
for the full ensemble reflects its peak performance under these ideal conditions, while the
cross-validated result (94.5% in Table 4) provides a more conservative, generalizable estimate
of its expected performance on new data

To quantify the contribution of each framework component, multiple ablation studies
were performed on the DSUTH dataset (structural MRI, DTI, fMRI). Each variant removed
or modified one component, such as preprocessing, network branch, or fusion strategy while
all other parameters were fixed. The results are summarized in Tables 5-8.

Table 5. Comprehensive performance compatison on the DSUTH ALS dataset.

Model Configuration Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%)

Full Ensemble 99.2 98.7 99.5 98.9

Without Skull Stripping 96.1 95.3 96.8 95.7
Without Intensity Normalization 95.4 94.5 96.1 94.9
Without Data Augmentation 97.0 96.1 97.8 96.5
Without Any Preprocessing 92.3 90.8 93.5 91.5

Removing preprocessing steps noticeably reduced performance, confirming their im-
portance for cross-modality consistency. As shown in Table 5, removing skull stripping or
intensity normalization caused notable performance drops (= 3-5 %), confirming their im-
portance for eliminating scanner bias and preserving structural integrity. Data augmentation
also contributed to model generalization by reducing overfitting, particularly on the small

fMRI subset.
Table 6. Effect of Model Architecture.
Configuration Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%)
Baseline CNN (T only) 88.1 85.6 90.2 86.9
CNN + RNN (T1 + fMRI) 91.7 89.4 93.1 90.1
CNN + ViT (T1 + DTI) 94.5 92.6 95.7 93.4
Full Ensemble 99.2 98.7 99.5 98.9

Architectural ablation (Table 0) reveals that the Vision Transformer (ViT) branch yields
the highest incremental gain when combined with CNNs, due to its capacity to model non-
local contextual dependencies in DTT data. The full ensemble achieved a near-perfect accu-
racy of 99.2 %, highlighting the complementarity between spatial (CNN), temporal (LSTM),
and global (ViT) feature representations.

Table 7. Effect of Imaging Modalities.

Input Modality Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%)
T1-weighted MRI only 88.1 85.6 90.2 86.9
T1 + DTI 92.8 90.1 94.7 91.3
T1 + fMRI 91.9 89.8 93.2 90.4
T1 + DTI + fMRI (All) 97.8 96.9 98.2 97.3

Similarly, modality ablation (Table 7) demonstrates that each imaging sequence contrib-
utes unique diagnostic information. T1-weighted MRI captures macro-structural patterns,
DTTI encodes white-matter connectivity, and fMRI provides dynamic functional correlations.
Combining all modalities produced the most balanced and robust performance (Accuracy =
97.8%, F1 = 97.3%).
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Table 8. Effect of Fusion Strategy.

Fusion Method Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%)
Early Fusion (concatenation) 90.3 88.0 91.9 89.1
Late Fusion (average voting) 94.6 92.7 96.0 93.5
Adaptive Weighted Fusion (ours) 94.7 93.9 97.4 96.6

Fusion-strategy comparison (Table 8) further emphasizes that adaptive weighted fusion
significantly outperforms early or late fusion. By adjusting modality importance according to
validation accuracy, the system improved specificity to 97.4%, preventing bias toward a single
branch and yielding more stable predictions across subjects.

5.6 Discussion and Summary of Findings

The experimental findings collectively demonstrate that the proposed multi-modal en-
semble achieves state-of-the-art performance on the DSUTH dataset by effectively integrat-
ing spatial, temporal, and global contextual cues. Key observations include:

e Preprocessing and Normalization substantially improve intra- and inter-modality con-
sistency, directly enhancing model convergence and reducing variance across folds.

e Architecture Synergy: CNN captures local cortical patterns; LSTM models slice-wise or
temporal dependencies; ViT contributes holistic global understanding—together yield-
ing a 5-10 % accuracy gain over single models.

e Adaptive Fusion: Dynamic weighting enables the ensemble to self-balance modality con-
tributions, preventing domination by any single branch and leading to the highest relia-
bility.

e  Explainability: Grad-CAM and ViT attention maps consistently focus on motor and cor-
ticospinal regions, aligning with established ALS biomarkers, thereby reinforcing diag-
nostic transparency.

e  Clinical Relevance: The model’s ability to emphasize anatomically valid features supports
its potential as an assistive tool for neurologists, particularly in early ALS screening or
longitudinal monitoring.

Opverall, these results underline that combining structural, diffusion, and functional MRI
modalities through an adaptive, explainable deep-learning ensemble can yield both high ac-
curacy and clinical interpretability, paving the way for trustworthy Al-driven neurodiagnostic.

6. Conclusions

This study proposed a Transformer-augmented deep learning ensemble framework for
the automated diagnosis of Amyotrophic Lateral Sclerosis (ALS) using multi-modal neuroim-
aging data. By integrating Convolutional Neural Networks (CNNs) for spatial representation,
Long Short-Term Memory (LSTM) networks for temporal and sequential analysis, and Vision
Transformers (ViT’s) for global contextual learning, the framework effectively leverages com-
plementary modeling strengths to capture the complex neurodegenerative patterns associated
with ALS. The adaptive weighted fusion mechanism further enhances diagnostic robustness
by dynamically balancing the contributions of each modality and architecture.

Experimental evaluation using 5-fold cross-validation on a curated ALS dataset confirms
the supetiority of this ensemble approach, achieving a mean classification accuracy of 94.5%
* 0.7%, along with precision of 93.9% * 0.8%, recall of 92.9% =+ 0.9%, F1-score of 93.4%
T 0.7%, specificity of 97.4% * 0.6%, and AUC-ROC of 0.968 * 0.004. These results signifi-
cantly outperform baseline deep learning architectures, highlighting the framework’s potential
for accurate, reliable, and reproducible ALS diagnosis. The integration of Grad-CAM and
Transformer-based attention visualization also provided clear evidence of the model’s focus
on clinically relevant brain regions, such as the motor cortex and corticospinal tracts, thereby
supporting its interpretability and clinical trustworthiness.

Overall, this research contributes to advancing Al-assisted neurodiagnostic by providing
an interpretable and high-performing ensemble capable of multi-modal data fusion. Despite
its strong results, the study is limited by the relatively small and single-center dataset, which
may restrict generalizability across diverse populations and imaging conditions. Future work
should focus on validating the framework on larger, multi-institutional datasets, incorporating
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longitudinal follow-up imaging, and exploring lightweight model adaptations for real-time
clinical deployment. The integration of advanced explainability metrics and federated learning
paradigms could further improve transparency, scalability, and privacy-preserving model
training in clinical practice.
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