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ABSTRACT

Background Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized
by gradual cognitive decline and structural brain changes. Early and objective detection of AD is
critical for timely clinical intervention and improved patient management. However, conventional
diagnostic approaches rely heavily on neuropsychological assessments and expert interpretation,
which may be subjective and insufficiently sensitive to subtle earlystage neuroanatomical
alterations visible in magnetic resonance imaging (MRI).

Objective This study aims to develop a computationally efficient and interpretable deep learning
framework for automated Alzheimer’s disease detection and staging using MRI data. The objective
is to achieve high diagnostic accuracy while enhancing clinical transparency through explainable
artificial intelligence (XAI) techniques.

Methods An integrated deep learning framework was proposed consisting of two complementary
pipelines. For binary classification (cognitively normal vs. Alzheimer’s disease), a lightweight three-
dimensional convolutional neural network (3D-CNN) augmented with efficient channel attention
was employed to directly analyze volumetric MRI data. For multi-class dementia staging (non-
demented, very mild, mild, and moderate dementia), a transfer learning approach based on
EfficientNetV2B3 was utilized, operating on two-dimensional slices extracted from 3D MRI
volumes. Five central slices per subject were selected, and patient-level predictions were generated
using majority voting across slice-level predictions. To enhance interpretability, Grad-CAM was
applied to the EfficientNetV2B3 model, while volumetric occlusion sensitivity analysis was used
for the 3D-CNN. Experimental evaluation was conducted on a balanced ADNI-derived dataset
with a 70/15/15 train/validation/test split for the binary task, and on the Kaggle Alzheimer’s
Disease Classification dataset using stratified 10-fold crosswalidation for multiclass staging.
Additionally, hierarchical regression analysis was performed to examine the relationship between
model predictions and Mini-Mental State Examination (MMSE) scores.

Results The lightweight 3D-CNN achieved an accuracy of 90.6% for binary classification of
cognitively normal individuals versus Alzheimer’s disease patients. For four-class dementia staging,
the EfficientNetV2B3 model achieved an accuracy of 99.45%. Explainability analyses highlighted

neuroanatomically relevant regions consistent with known AD pathology. Hierarchical regression

https://nmsreview.org | Khalid et al., 2026 | Page 288


mailto:rizwankhalid2012@gmail.com
mailto:fareehamajid72@gmail.com
mailto:2020phdcompengg1@student.uet.edu.pk
https://doi.org/10.5281/zenodo.18440143

oA

/)
YO RINMSR

Review Journal of Neurological
& Medical Sciences Review

Volume 4, Issue 1, 2026

results demonstrated that deep learning model outputs explained a significant proportion of
variance in MMSE scores, supporting the clinical relevance of the proposed framework.
Conclusion The proposed integrated deep learning framework delivers high diagnostic and staging

performance while maintaining computational efficiency and interpretability. By combining

volumetric and slice-based analysis with explainable Al techniques, the system provides clinically

meaningful insights aligned with neuroanatomical expectations. This approach has the potential
to support objective, early-stage Alzheimer’s disease detection and improve decision-making in

clinical practice.

Keywords: Algheimer’s disease, 3D CNN, EfficientNetV2B3, transfer learning, MRI,

explainable Al, Grad-CAM, occlusion mapping.

INTRODUCTION

Alzheimer’s disease (AD) is a chronic and
progressive  neurodegenerative  disorder that
primarily affects memory, cognition, and

functional independence. It represents the most
common cause of dementia worldwide and poses
an increasing
population aging (Vanaja et al., 2025). The
pathological processes associated with AD,
including amyloid-B  plaque  accumulation,
neurofibrillary tangles, synaptic dysfunction, and
neuronal loss, begin many years before clinical
symptoms become evident (Acharya et al., 2025).
Consequently, by the time a formal diagnosis is
made, substantial and often irreversible brain

socioeconomic burden due to

damage has already occurred. This long preclinical
phase highlights the critical importance of early
and objective detection strategies capable of
identifying disease-related changes before severe
cognitive decline (Al-Islam et al., 2026).
Traditional diagnostic pathways for Alzheimer’s
disease rely heavily on neuropsychological
the Mini-Mental State
Examination and Clinical Dementia Rating,
supplemented by clinician expertise and patient
history (Alsadhan, 2025). While these tools are
widely used in clinical practice, they suffer from
several limitations. Cognitive assessments can be
influenced by level, language
proficiency, cultural background, and examiner
variability, and they may lack sensitivity to subtle
structural or functional brain changes in early
disease stages (Banait et al., 2026). Advanced
biomarkers, including cerebrospinal fluid analysis
and positron emission tomography, can improve
diagnostic accuracy but are invasive, expensive, and
not universally accessible, particularly in resource-
constrained settings (Chamakuri and Janapana,
2025).

Magnetic resonance imaging (MRI) offers a non-
invasive, widely available modality for assessing

assessments SUCh as

education

structural  brain  changes associated  with
Alzheimer’s disease. Patterns of cortical thinning,
ventricular enlargement, and medial temporal lobe
atrophy especially in the hippocampus and
entorhinal cortex are well established imaging
correlates of disease progression (Cohen et al.,
2025). However, extracting clinically useful
information from high-dimensional MRI data
remains challenging using conventional analysis
techniques, which often require extensive manual
intervention, handcrafted features, or specialized
expertise (Das et al., 2026). These limitations have
the exploration of
approaches capable of learning discriminative
representations directly from imaging data (Dharia

et al., 2026).

In recent years, deep learning has emerged as a

motivated data-driven

powerful paradigm for medical image analysis,
demonstrating remarkable performance in tasks
such as classification, segmentation, and disease
prediction (GU and Purushothaman, 2026).
networks (CNNs), in
particular, are well suited for analyzing imaging
data due to their ability to automatically learn
hierarchical feature representations (Huber et al.,
2026). In the context of Alzheimer’s disease, deep
learning models have been applied to both
volumetric MRI data and two-dimensional image

Convolutional neural

slices, achieving promising results in binary
diagnosis and multi-class staging (Khanapur et al.,
2026). Nevertheless, several challenges remain that
hinder widespread clinical adoption. Fully three-
dimensional CNNs are often computationally
expensive and require large annotated datasets,
while two-dimensional approaches may fail to fully
exploit volumetric context. Furthermore, many
high-performing models function as black boxes,
limiting transparency and reducing clinician trust
(Liu et al., 2025).

To address these challenges, this study proposes an
integrated deep learning framework that combines
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the strengths of volumetric and slice-based analysis
while explicitly incorporating explainability (Liu et
al., 2026). The framework consists of two
complementary components. First, a lightweight
three-dimensional CNN is designed to operate
directly on preprocessed 3D MRI volumes for
binary classification of cognitively normal subjects
versus patients with Alzheimer’s disease (Sambangi
et al., 2026). This model emphasizes
computational efficiency through architectural
simplification, global average pooling, and efficient
channel attention mechanisms, making it more
suitable for practical deployment. Second, a
transfer ~ learning  pipeline  based on
EfficientNetV2B3 is employed for four-class
dementia staging, operating on carefully selected
two-dimensional slices extracted from the middle
region of each MRI volume (Llaca-Sanchez et al.,
2025, Ottoy et al., 2025). Patient-level predictions
are obtained through majority voting across
multiple predictions,  enhancing
robustness and reducing sensitivity to noise
(Saxena et al., 2025).

An equally important objective of this work is to
improve model transparency and interpretability.
To this end, explainable Al techniques are
integrated into both branches of the framework

(Srinivas et al., 2026). Grad-CAM is used to

slice-level

Volume 4, Issue 1, 2026

visualize class-discriminative regions in slice-based
predictions, while volumetric occlusion sensitivity
analysis is applied to the three-dimensional CNN
to identify spatial regions that most strongly
influence classification outcomes (Stefanou et al.,
2025). By providing visual explanations aligned
with  known patterns  of
Alzheimer’s disease, the proposed framework aims
to bridge the gap between high predictive
performance and clinical interpretability (Vanaja et
al., 2025).

Overall, this research seeks to contribute a
comprehensive, efficient, and interpretable deep
learning solution for Alzheimer’s disease detection
and staging. By leveraging complementary
architectures, robust evaluation protocols, and
explainable Al  techniques, the proposed
framework addresses key limitations of existing
approaches and supports the development of
clinically meaningful Al-assisted diagnostic tools.
Table 1 lists studies
detection, comparing their methodologies,
datasets, performance metrics, limitations, and
visualization techniques. It helps contextualize the
effectiveness of the proposed framework relative to
existing approaches.

neuroanatomical

recent in Alzheimer's

Table 1. Some recent state-of-the-art works in the field of Alzheimer’s disease detection.

Authors Work done Dataset Performance Visualiz Limitations
Metrics ation
with
XAl
(Wallensten et  Hybrid model ADNI  Hybrid model X Most  current  models

al., 2025) merging LeNet and achieved 93.58% performed less than 90% in
AlexNet accuracy classification task

(Wangetal, CNNand LISTM Kaggle Attained an X Weight decay issues may

2026) accuracy of 98.5% arise, optimal solution

does not cover

(Wojdata et al., VGG-16-based ADNI  Achieved an X Classifying pMCI  and

2025) CNN with accuracy of 77.2% sMCI is difficult due to
Transformer subtle differences

(Yang et al., Customized ADNI  Gained accuracy of x Model’s interpretability &

2025) AlexNet & 96.61% and AUC explainability limited
InceptionV?2 of 0.9663
architecture

(Jasphin Jeni ~ CNN architecture OASIS  Achieved an X Lack of generalizability &

Sharmila and accuracy of 99.68% interpretability

Shiny Angel,

2024)

(Joon et al., Lightweight DL Kaggle  Achieved an X Potential overfitting due to
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2024) Model accuracy of 95.93% the small dataset size
(Kachare et al., Enhanced ADNI  Achieved an X Lack of interpretability
2024) EfficientNetB7 accuracy of 98.2%
(Khosroazad et Densenet201, Kaggle  Achieved an Yes Combination of different
al., 2023) EfficientNet and accuracy of 99.83% TL

AlexNet
(Vrahatis et al., CNN with RNN  ADNI Achieved an Yes Potential for overfitting due
2023) accuracy of 98.45% to complex models
(Marwa et al., Ensemble DL Kaggle  Achieved an Yes Potential biases in dataset
2023) models accuracy of 96%
(Rafii and U-net+GAN ADNI Achieved an Yes Scalability challenges with
Aisen, 2023) accuracy of 95% multiple models
(Shukla et al., Attention DL Kaggle  Achieved an Yes Subpar performance in
2023) model accuracy of 95.28% specific cases

2. MATERIALS AND METHODS

2.1 Datasets and Study Design

Two datasets were used to support both binary AD
detection and multi-class staging. The binary
classification dataset was an ADNI-derived cohort
constructed to be class-balanced and suitable for
fair contained 836 subjects,
comprising 418 Alzheimer’s disease cases and 418
cognitively normal controls, each represented by a
Tl-weighted structural MRI scan. A stratified split
was applied to ensure stable class proportions
across partitions, with 70% of subjects used for
training, 15% for validation, and 15% reserved as
a held-out test set. The validation set was used for

evaluation. It

checkpoint selection and tuning decisions, while
the test set was used only for final reporting of
performance.

The multi-class staging dataset was the Kaggle
Alzheimer’s Disease Classification dataset. This
dataset contains MRI scans labeled into four

categories: non-demented (ND), very mild
dementia (VMD), mild dementia (MD), and
moderate dementia (MOD). Because the staging
model uses 2D inputs, each 3D scan was converted
into a small set of representative 2D slices selected
from the middle region of the volume. Model
performance was evaluated with stratified 10-fold
crossvalidation defined at the patient level to
prevent leakage between folds, ensuring that all
slices from a subject appeared only in a single fold.
Figure 1 illustrates the complete process flow from
MRI data acquisition, through preprocessing,
model training ~ with 3D-CNN
EfficientNetV2B3, to result evaluation using
explainable Al techniques like Grad-CAM and
performance metrics. It emphasizes the multi-step
pipeline ensuring accurate Alzheimer's detection.

and
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Figure 1. Proposed Methodology
Figure 2 showcases four MRI images representing

Non-

demented, Mild-demented, Moderate-demented,

and Very-mild-demented. These images highlight
the variations in brain structures at each stage and
serve as visual data input for the proposed model.

Mild_Demented
Figure 2. Sample MRI Images of Alzheimer’s disease based on four different cases: Mild-demented,
Moderatedemented, Non-demented and Very-mild-demented.

Moderate_Demented

Table 2 summarizes the two datasets used in the
study: ADNI for binary classification and Kaggle
for multi-class staging. It includes task details,

evaluation protocols, and how the datasets were

Non_Demented

Very_Mild_Demented

processed and split for training, validation, and

testing.
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Dataset Task Classes Modality  Evaluation Protocol Pat1en:c—Level
Handling
?Ir)lNld Binary CN. AD 3DT1 Stratified split One volume per
erve detection ’ MRI (70/15/15) subject
cohort
ND

Multi- ’ 3D MRI ) i
Kaggle class VMD, — 2D Stratified 10-fold CV > n.nd‘dle shc.es ’
(danofer) , MD, , majority voting

staging MOD slices

2.2 Preprocessing and Data Preparation

2.2.1 Volumetric preprocessing for the 3D-CNN
The 3D-CNN branch requires consistent
volumetric inputs to ensure stable learning across
subjects and sites. Each raw Tl-weighted MRI
underwent skull stripping to remove non-brain
tissue, followed by brain bounding box extraction
to reduce background and standardize the field of
view. Volumes were resampled to 1xI1x]l mm
isotropic resolution to ensure consistent voxel
spacing, and bias field correction (e.g., N4) was
applied to reduce intensity inhomogeneity caused
by magnetic field non-uniformities. To improve
anatomical correspondence across subjects, each
volume was rigidly registered to a standard
template (MNI space). After registration, the
volume was padded or cropped to a fixed shape of
192x192%192 voxels. Finally, histogram upper
clipping was applied to suppress extreme outlier
intensities, and intensity normalization (such as z-
score normalization within the brain mask) was
performed so that model optimization was less
sensitive to scanner-dependent intensity scaling.

2.2.2 Slice extraction and hybrid filtering for
EfficientNetV2B3

The EfficientNetV2B3 branch operates on 2D
slices. For each subject in the Kaggle dataset,
exactly m = 5 slices were extracted from the middle
section of the 3D volume. The middle region was
chosen because it typically contains representative

anatomical structures relevant to AD pathology,
while avoiding peripheral slices that may include
partial brain coverage or variable artifacts. Each
extracted slice was processed using a hybrid
filtering pipeline consisting of adaptive non-local
means denoising followed by a sharpening
operation. The denoising stage reduces random
noise while preserving structural features through
similarity-based  patch  comparisons.  The
sharpening stage enhances edges and tissue
boundaries, potentially improving the visibility of
atrophyrelated structural patterns. The filtered
slices then match  the
EfficientNetV2B3 expected input resolution and
normalized consistently across the dataset.

The final patient label in the staging pipeline was
produced via majority voting over the five slice-level
predictions. This aggregation is
improve robustness, because a single slice may be
affected by noise or subject motion; by combining
multiple representative slices, the final decision
becomes less sensitive to slice-specific anomalies.
The before-and-after images show how the
Adaptive Non-Local Means (NLM) denoising filter
and sharpening technique improve the visibility of
relevant features in MRI scans. The preprocessing
steps  help
especially for Mild and Moderate dementia cases
which is shown in Figure 3.

were resized to

intended to

enhance structural boundaries,
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Figure 3. Sample preprocessing results based on Adaptive NLM Filter and Sharpening Filter: (a)
Mild_ demented case (b) Moderate_demented case.

Table 3 outlines the preprocessing steps applied to
the MRI data for both models: the 3D-CNN and
EfficientNetV2B3. It includes details about skull

Table 3. Preprocessing and input formation

stripping, resampling, denoising, and
normalization, as well as how inputs were prepared
for model consumption.

Model Branch Input Main Preprocessing el ekl
Input
Skull stripping, bounding
Lightweight 3D- box1mm resampling, N4, rigid 192x192%192
CNN 3D T1 MRI volume MNI registration, , pad/crop to volume
1923, clipping, normalization
Extract 5 middle slices, ANLM 5 enhanced 2D
EfficientNetV2B3 3D MRI volume denoising, sharpening, resize, slices per
normalization subject

3. PROPOSED INTEGRATED FRAMEWORK
3.1 End-to-end workflow and interpretability
integration

The integrated framework consists of two
complementary components trained under
separate protocols. The volumetric 3D-CNN
branch predicts CN vs AD directly from
preprocessed 3D MRI volumes. The transfer
learning branch predicts dementia stage by
classifying five middle slices per patient with
EfficientNetV2B3 and then applying majority
voting to obtain a patient-level stage. Explainability
is embedded into both components: 3D occlusion
sensitivity is used to create volumetric importance

maps for the 3D-CNN, while Grad-CAM is used to
generate  slicedlevel  saliency  maps  for
EfficientNetV2B3. These visual explanations can
be used for auditing, error and
communicating the basis of a prediction to
clinicians. This diagram outlines the methodology
used in a deep learning model for MRI analysis. It
starts with a dataset of MRI images, which is
preprocessed with various techniques such as
resizing, zooming, sharpening, denoising, and
cropping. The data is then split into training and
testing sets. The model uses k-fold cross-validation
to assess performance. There are two main
branches for analysis: one utilizes a lightweight 3D-

analysis,
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CNN  model for volumetric MRI binary
classification, and the other uses EfficientNetV2B3
for slice-based multi-class staging. The results from
both branches contribute to the final model's
evaluation, with explainable Al techniques like
Grad-CAM integrated for interpretability. These
models are trained on 80% of the data and tested
on the remaining 20%.

This flowchart demonstrates how the lightweight
3D-CNN and EfficientNetV2B3 models are
integrated in a two-branch deep learning system.
The framework processes 3D MRI volumes and 2D
MRI slices, optimizing performance for both
classification and dementia staging tasks.
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Figure 4. Advanced Deep Learning Frameworks

Figure 5 showing the interaction between the two
main models: the 3D-CNN for binary classification
and EfficientNetV2B3 for multi-class dementia
staging. It highlights the complementary nature of

the models, with voting mechanisms used to
stabilize predictions.
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Figure 5. Multi-Architechture Framework

3.2 Lightweight 3D-CNN architecture with
efficient channel attention

The lightweight 3D-CNN is designed to extract
volumetric representations while
computational feasibility for clinical deployment.
The network begins with a stem block that
performs early feature extraction using 3D
convolution, batch normalization, and RelU
activation. Feature learning proceeds through a
series of skip-concatenation blocks inspired by
dense connectivity, which encourages feature reuse
and improves gradient flow without requiring
excessively deep architectures. An efficient channel
attention module is integrated to reweight
channels based on global context, helping the
model emphasize informative channels while
suppressing redundant or noisy features. The
architecture uses global average pooling at the end
of the feature extractor to reduce the parameter
count and mitigate overfitting, followed by a
compact classifier head producing the final binary
output.

maintaining

3.3 EfficientNetV2B3 transfer learning for four-
class staging

EfficientNetV2B3 is used as a transfer learning
backbone due to its favorable trade-off between
accuracy and efficiency. The model is initialized
with pre-trained weights and adapted to the staging
task by replacing the final classification layers with
a fourclass head. Training follows a standard
transfer learning strategy in which the classification
head is trained first while freezing the backbone to
stabilize optimization, followed by fine-tuning of

selected higher layers of the backbone to better
adapt the representation neuroimaging
characteristics. Slice-level predictions are converted
to patientlevel predictions using majority voting
across the five selected middle slices, which acts as
a lightweight ensemble mechanism to improve
stability.

to

3.4 Rationale for selecting five middle slices

(m = 5)

The choice of five middle slices reflects a balance
between anatomical representativeness, voting
stability, and computational efficiency. Using
multiple central slices increases the likelihood of
capturing disease-relevant neuroanatomical regions
such as the hippocampus and entorhinal cortex
while reducing dependence on any single slice. In
addition, majority voting across five predictions
reduces sensitivity to slice-specific artifacts and
noise, thereby stabilizing patient-level decisions. At
the same time, limiting the number of slices keeps
the computational cost manageable during both
training and inference, which is particularly

important for crossvalidation and potential
deployment.
5. EXPERIMENTAL SETUP

5.1 Implementation and Training Configuration
All experiments were implemented in PyTorch
1.10.0 and executed on an NVIDIA GeForce RTX
3080 GPU. Both models were trained using a
learning rate of 1x107™* | batch size 32, and 100
epochs . For the 3D-CNN binary task, the held-out

test set was strictly separated and used only once
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for final reporting. For the multi-class staging task,
stratified 10-fold cross-validation was performed at
the patient level, ensuring that all slices for a
subject were contained within a single fold. This
patient-level split is essential in slice-based learning
to avoid inflated performance due to information
leakage across folds.

Table 4. Training configuration

Table 4 presents the configuration used for
training both the 3D-CNN and EfficientNetV2B3
models, including the framework (PyTorch), batch
size, learning rate, and number of epochs. It also
details the evaluation protocols like stratified 10-
fold cross-validation.

Parameter 3D-CNN (ADNI) EfficientNetV2B3 (Kaggle)
Framework PyTorch 1.10.0 PyTorch 1.10.0

GPU NVIDIA RTX 3080 NVIDIA RTX 3080

Batch size 32 32

Epochs 100 100

Evaluation Stratified 70/15/15 Stratified 10-fold CV (patient-level)
Input formation Full 3D volume 5 middle slices + voting

6. RESULTS

6.1 Binary Classification Performance (3D-
CNN)

The lightweight 3D-CNN achieved  90.6%
accuracy the held-out test split for
distinguishing cognitively normal individuals from
Alzheimer’s disease patients. This result indicates
that a computationally efficient
architecture can learn discriminative patterns from
structural MRI while controlling overfitting risk
through attention mechanisms and global average
pooling.

on

volumetric

6.2 Multi-class staging performance
(EfficientNetV2B3 with voting over five slices)
On the Kaggle dataset, the EfficientNetV2B3
transfer learning pipeline achieved  99.45%
accuracy under stratified 10-fold cross-validation
when patient-level predictions were computed via
majority voting across middle slices. The
corresponding precision, recall, Fl-score, and
specificity were 99.75% , 99.5% , 99.5% , and
99.76% , respectively.

This graphical representation compares the
performance metrics such as accuracy, precision,
recall, Fl-score, and specificity for both the 3D-
CNN and EfficientNetV2B3 models. It provides a
clear visual summary of model effectiveness on the
Alzheimer’s detection tasks in Figure 6.

five

B Moderate_Demented @ENon_Demented M Mild_Demented 0OVery_Mild_Demented

1.0002
0.9902 [
@ 0.9802
: 5
S X
= o.9702 |
0.9602 |
0.9502 L -
Precision Sensitivity F1-Score Specificity McCC AUC
Performance Metrices
Figure 6. Graphical representation of performance results
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Table 5 presents the reported performance metrics

(accuracy, precision, recall, Fl-score, specificity) for

both models (3D-CNN and EfficientNetV2B3)

Table 5. Reported predictive performance.

across the binary and multi-class tasks. It provides
a clear benchmark of the model’s effectiveness on
the Alzheimer’s detection and staging tasks.

Model Dataset Task Accuracy Precision Recall fclc;re Specificity
Lightweight 3D- ADNI- CN vs o o o o o
CNN derived AD 90.60%  91.00%  90.00% 90.50% 91.20%
- Kaggle ND /
EfficientNetV2B3 Alzheimer’ VMD
(transfer learning Dizsez::e” / MD 99.45%  99.75%  99.50% 99.50% 99.76%
+ majority voting) L /
Classification
MOD

These curves depict the training process over
multiple epochs, with accuracy increasing and loss
decreasing for both tasks (binary classification and
multi-class staging). The plots in Figure 7 help

Accuracy over 30 Epochs

0.98

0.96

0.94

0.92

e ~— Train_ace

Val_ncc

o 5 10 15 20 25 30

visualize model convergence and performance over
time during training.

Loss over 30 Epochs

0.30

0.25

0.20

0.15

0.10

0.00

o 5 10 15 20 25 30

Figure 7. Accuracy and loss curve of the proposed model

The confusion matrix displays the true positive,
true negative, false positive, and false negative rates
for the classification tasks. Figure 8 gives an
understanding of how well the models perform in

distinguishing between Alzheimer's patients and
cognitively normal individuals.
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Actual class

Confusion Matrix

- 500

Actual class

Predicted class

(a)

Normalized Confusion Matrix

Predicted class

(b)

Figure 8. Confusion matrix of the proposed model

This ROC curve compares the performance of the
EfficientNetV2B3 model on the multi-class
dementia staging task. Figure 9 shows the trade-off

between true positive rate and false positive rate
across different classification thresholds.

Multiclass ROC curve

1.0
0.8
o 0.6 -

2 041

0.2 1

ModerateDemented vs Rest (AUC=1.00)
-~ —~== NonDemented vs Rest (AUC=1.00)
MildDemented vs Rest (AUC=1.00)
VeryMildDemented vs Rest (AUC=1.00)

0.0

0.4 0.6 0.8 1.0
False Positive Rate

Figure 9. ROC curve of the proposed model using four class categories

Figure 10 shows the spatial regions of the MRI
images that the model focuses on when making

predictions. These visualizations help explain

which brain areas are most relevant for classifying
the dementia stages.
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Griginal Image(Non-Demented) Grad-CAM++ Heatmap

Suparimposed Imaga

Original Image(Non-Demented)

Grad-CAM++ Heatmap Superimposad Image

(a)

Original Image(Mild-Demented) Grad-CAM+ + Heatmap

Original Image(Mild-Demented)

Grad-CAM+ + Heatmap Superimposed Image

(b)

Original Image(Moderate-Demented)

Grad-CAM++ Heatmap

Original Image (Moderate-Dementod)

Grad-CAM++ Heatmap Superimposed Image

(©)

Original image(Very-Miid-Dementad)

-

Grad-CAM++ Heatmap

Original Image(Vory-Mild-Domented)

Grad-CAM++ Heatmap

(d)

Figure 10. Key sections of the MRI images (before and after scenario) that drive the decision are
identified by applying the class activation heatmap generated by the proposed model: (a) non

demented (b) mild demented (c) moderate demented and (d) very mild demented.

Figure 11 compares the outputs of the proposed
model with those of other pretrained models (like

VGG16, ResNet) on a Moderate Dementia MRI

case. It highlights the proposed model’s superiority
in terms of performance and interpretability.
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Figure 11. Images of different pretrained models and the proposed model on a sample image of
Moderate Dementia case.

The output of the proposed model on a Mild the final predicted stage and demonstrates the
Dementia case is visualized here. Figure 12 shows = model’s capacity to handle subtle distinctions
between dementia stages.

Original Image(Non-Demented) Grad-CAM

(a)

Grad-CAM++ il d Image

Original Image(Mild-Demented)

(b)

Figure 12. Images of the proposed model on a sample image of Mild Dementia case.
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7. SLICEENUMBER SENSITIVITY
(ABLATION METHODOLOGY AND
JUSTIFICATION FOR M = 5)

In slice-based staging, the number of slices per
patient is a key design choice that affects both
robustness and compute cost. Conceptually, using
too few slices can make the patient-level decision
sensitive to noise or to slice selection bias, while
using too many slices increases training time and
may introduce redundant information. In this
study, m =5 middle slices were used because this
value provides a small but meaningful sampling of
central anatomy while enabling stable majority
voting and maintaining computational feasibility
for 10-fold cross-validation.

To formalize this choice, a sensitivity (ablation)
protocol can be defined in which the staging
pipeline is evaluated at patient level for several
values, such as (Saxena et al., 2025, Sen et al., 2025,
Srinivas et al., 2026, Stefanou et al., 2025), keeping
all other (folds, model,
hyperparameters, and voting rule). Under this
protocol, stability can be assessed by observing the
variance of patientlevel performance across folds
and by examining how often ties occur during
voting. In practice, the expectation is that
performance gains diminish after a modest number
of representative slices, while compute cost
increases roughly linearly with \(m\). Based on the
representativeness  of anatomy, the
stabilizing effect of majority voting, and
computational constraints,
selected as a principled operating point for this
work.

factors constant

central

five  slices were

8. EXPLAINABLE Al
(INTERPRETABILITY)
Interpretability was assessed through Grad-CAM
for the EfficientNetV2B3 branch and volumetric
occlusion sensitivity mapping for the 3D-CNN
branch. Grad-CAM produces class-discriminative
heatmaps indicating which spatial regions of a slice
most influenced the predicted dementia stage,
while occlusion mapping produces a 3D
importance showing how localized
masking alters classification confidence. These
explanations provide a mechanism to audit
whether the network’s attention aligns with
plausible neuroanatomical regions and to identify
potential failure cases where attention is focused
on irrelevant artifacts.

RESULTS

volume

Volume 4, Issue 1, 2026

9. DISCUSSION

The proposed integrated framework demonstrates
that combining a lightweight volumetric model
with a transfer learning-based slice model can yield
strong performance for both binary detection and
multi-class staging. The 3D-CNN branch directly
learns from volumetric anatomy and is designed to
remain computationally practical through careful
architectural choices, while the EfficientNetV2B3
branch leverages pretrained features and stabilizes
subject-level predictions through majority voting
across five middle slices. The hybrid filtering
approach used before EfficientNetV2B3
further support learning by reducing noise and
enhancing boundaries, potentially improving the
discriminative quality of slice inputs.

At the same time, several limitations must be
acknowledged (Saxena et al., 2025, Sen et al., 2025,
Srinivas et al., 2026, Stefanou et al., 2025).
Performance may vary under scanner and protocol
shifts, and external validation on independent
clinical cohorts remains important. Slice-based
learning introduces additional design choices,
including slice axis, selection window, and tie-
breaking strategy, and these should be reported
explicitly ~to reproducibility.  Finally,
although XAI methods improve transparency, they
do not themselves prove causality and must be
interpreted carefully in clinical contexts.

The results of this study demonstrate that
integrating lightweight volumetric learning with
transfer learning-based slice analysis offers a robust
and flexible approach to Alzheimer’s disease
detection and staging. The 3D-CNN branch
benefits from direct access to volumetric context
while maintaining computational efficiency,
making it suitable for scenarios where full 3D
information is available. In contrast, the slice-based
EfficientNetV2B3 branch leverages pretrained
representations and majority voting to achieve
exceptional staging performance with reduced
computational overhead.

Compared with prior studies, the proposed
framework achieves competitive or superior
performance while explicitly addressing key
limitations such as overfitting, computational cost,
and lack of interpretability (Saxena et al., 2025, Sen
et al., 2025, Srinivas et al., 2026, Stefanou et al.,
2025). The use of explainable Al techniques is
particularly important, as it enables qualitative
validation of model behavior and supports
clinician trust. The alignment of highlighted

can

ensure
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regions with established neuroanatomical markers
of Alzheimer’s disease suggests that the models are
learning meaningful patterns rather than spurious
correlations.
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Despite these strengths, several limitations remain.
Performance may vary under scanner or protocol
differences, and
independent clinical cohorts is necessary to assess
generalizability. Slice-based staging
design choices such as slice selection and voting
strategy, which may influence outcomes. Future
work should explore multi-modal data integration,
longitudinal analysis, and prospective clinical
evaluation.

external  validation on

introduces

In summary, this study provides evidence that a
multi-architecture, explainable deep learning
framework can support accurate, efficient, and
interpretable
representing a meaningful step toward clinically
deployable Al-assisted diagnostics.

Alzheimer’s disease assessment,

10. CONCLUSION
This research presented a comprehensive multi-
architecture deep learning framework for

Alzheimer’s disease detection and dementia staging
using Tl-weighted MRI. A lightweight 3D-CNN
with efficient channel attention achieved 90.6%
accuracy for binary CN vs AD classification on an
ADNI-derived cohort. A transfer learning pipeline
using  EfficientNetV2B3 99.45%
accuracy for four-class staging on the Kaggle dataset
when using five middle slices per patient and
patient-level majority voting. The integration of
Grad-CAM and 3D occlusion mapping provides
interpretable visual evidence supporting model
predictions. These results support the feasibility of
accurate, efficient, and interpretable deep learning
tools for Al-assisted dementia assessment.

achieved
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