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Alzheimer’s Disease (AD) is a progressive neurodegenerative condition and the most prevalent
cause of dementia worldwide, posing significant clinical and societal challenges. Early and
accurate detection is essential for effective intervention but remains difficult due to the
limitations of conventional diagnostic techniques, such as manual MRI analysis, which is time-
consuming and subject to variability. This study aims to develop an efficient, accurate, and
interpretable deep learning model to classify the stages of Alzheimer’s Disease using MRI scan
images. Leveraging the VGG16 architecture with transfer learning, the model is fine-tuned to
recognize four AD stages—Non-Demented, Very Mild, Mild, and Moderate—using a publicly
available Kaggle dataset containing 11,500 T1-weighted MRI scans. Preprocessing steps
including skull stripping, Z-score normalization, and data augmentation were applied to enhance
model generalizability. The Adaptive Synthetic Sampling (ADASYN) method was also used to
address class imbalance. The proposed model achieved a classification accuracy of 91.01%,
precision of 0.92, recall of 0.91, F1-score of 0.91, and ROC-AUC of 0.94, outperforming
baseline methods such as SVM and 3D CNNs. Grad-CAM was utilized to visualize key brain
regions influencing predictions, improving clinical interpretability. This work demonstrates a
scalable and computationally efficient solution for multi-stage AD diagnosis from MRI,
bridging the gap between high-performance Al and practical clinical application. Future
extensions may include multimodal data integration and temporal disease progression modelling

for enhanced diagnosis.
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1.Introduction

Alzheimer’s Disease (AD) is one of the most significant and
irreversible neurodegenerative conditions affecting the
elderly population, with its prevalence growing rapidly due
to an aging global population. It is characterized by
progressive memory loss, cognitive impairment, and
behavioral dysfunction, eventually leading to complete
dependency and death [1]. According to recent studies, over
55 million people worldwide suffer from dementia, and AD
accounts for more than 60% of those cases [2]. The social
and economic burdens caused by AD on patients, families,
and healthcare systems are enormous and continue to
increase annually. Early and accurate diagnosis is a critical
step toward initiating timely treatment, slowing progression,
and improving quality of life.

Despite its importance, the diagnosis of Alzheimer's remains
a formidable challenge in modern neurology. Traditional
diagnostic protocols rely heavily on clinical evaluations,
neuropsychological tests, and visual inspection of brain
images, particularly Magnetic Resonance Imaging (MRI).
While MRI scans can reveal anatomical changes in brain
regions affected by AD—such as the hippocampus and
entorhinal cortex—manual assessment is both time-
consuming and prone to human error and inter-observer
variability [3]. This subjectivity often delays diagnosis,
especially in early stages when therapeutic intervention is
most effective.

To overcome these limitations, recent advancements in
Artificial Intelligence (Al), specifically in Deep Learning
(DL), have opened new opportunities for automated and
accurate disease detection. Among DL techniques,
Convolutional Neural Networks (CNNs) have gained
immense popularity due to their ability to extract spatial
features from image data without requiring extensive manual
preprocessing or domain-specific feature engineering [4].
CNNs have demonstrated significant success in image
classification tasks, including the detection of tumors,
diabetic retinopathy, and neurological disorders. Their
capacity to learn hierarchical features from pixel-level input
makes them particularly well-suited for analyzing complex
brain MRI data and identifying subtle anatomical changes
linked to different AD stages.

However, applying CNNs in clinical settings introduces
several technical challenges. A major limitation is the need
for large labeled datasets to train models from scratch, which
are often unavailable in the medical domain due to privacy
restrictions, data heterogeneity, and limited expert
annotations [5]. Furthermore, the computational resources
required for training deep models are substantial and may not
be accessible in every clinical environment. These barriers
limit the scalability and real-world applicability of CNN-
based systems for AD diagnosis.

To address these constraints, transfer learning has emerged
as an effective alternative. It enables leveraging CNN models
pre-trained on large, general-purpose image datasets like
ImageNet and fine-tuning them on smaller, task-specific
datasets such as MRI images. This approach significantly
reduces training time, computational cost, and the demand
for large volumes of labeled data, while still achieving
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competitive performance. In recent studies, transfer learning
has shown promising results in medical image classification
tasks, including pneumonia detection from chest X-rays and
skin lesion classification [6]. When applied to brain MRI
analysis, transfer learning allows the extraction of robust and
generalized image features that enhance diagnostic accuracy.

Additionally, while CNN-based models offer high accuracy,
they are often criticized for their lack of transparency. In
critical healthcare scenarios, interpretability is as important
as accuracy. Clinicians require visual explanations of model
decisions to build trust and validate results. This challenge is
addressed using explainability tools like Gradient-weighted
Class Activation Mapping (Grad-CAM), which generate
visual heatmaps to highlight regions in the MRI that
influenced the model's decision. The ability to pinpoint
anatomical regions associated with disease progression not
only builds clinician trust but also provides valuable insights
into disease pathology [7].

In this research, we develop an efficient and explainable
transfer learning-based CNN approach for multi-class
classification of Alzheimer's disease stages from brain MRI
images. Specifically, we use the VGG16 architecture, a well-
established CNN model with strong feature extraction
capabilities, pre-trained on the ImageNet dataset. The model
is fine-tuned on a large and publicly available dataset
consisting of 11,500 MRI scans categorized into four classes:
Non-Demented, Very Mild Dementia, Mild Dementia, and
Moderate Dementia. We focus on optimizing both diagnostic
accuracy and computational efficiency while integrating
interpretability mechanisms to ensure clinical relevance.

To ensure robustness, the dataset undergoes thorough
preprocessing steps including skull stripping, normalization,
and image resizing. Data augmentation techniques such as
random flips and rotations are employed to enhance model
generalization and mitigate overfitting. The training process
is optimized using the Adam optimizer and categorical cross-
entropy loss function. Performance metrics including
accuracy, precision, recall, F1-score, and confusion matrices
are used to evaluate the model. In addition, Grad-CAM is
applied to visualize the most discriminative brain areas
contributing to each classification.

This study stands out from existing work in the following
ways:

e Transfer Learning for Multi-Class AD
Classification: We implement a fine-tuned VGG16
model capable of distinguishing between four
stages of Alzheimer's disease using a publicly
available MRI dataset, rather than binary
classification, improving diagnostic granularity and
clinical utility.

e High Accuracy with Low Computational
Overhead: By utilizing transfer learning and an
optimized training pipeline, the model achieves a
classification accuracy of 91.01% with reduced
computational demands, making it feasible for real-
world deployment in hsealthcare settings [8].

e Model Interpretability Using Grad-CAM: We
apply Grad-CAM to ensure visual interpretability of
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the CNN model, enabling identification of brain
regions responsible for predictions and promoting
clinical trust in Al-assisted diagnosis.

Recent literature supports the need for such an approach. In
[1], the authors emphasize the growing demand for cognitive
impairment detection strategies that are both efficient and
scalable. Reference [2] discusses the evolving diagnostic
criteria and the increasing importance of neuroimaging
biomarkers. Similarly, [3] and [4] underline the limitations
of manual MRI assessment and advocate for automated,
image-based tools. In [5], the authors critique traditional
deep learning methods for their lack of generalizability due
to small training datasets. Transfer learning is proposed in [6]
as a viable solution to this problem. Moreover, [7] highlights
the crucial role of explainable Al in gaining clinician
confidence and ensuring safe deployment. Finally, [8]
reinforces the importance of models that balance high
accuracy with computational efficiency, especially in under-
resourced settings.

The remainder of this paper is structured as follows: Section
Il discusses related work, including recent CNN-based
approaches and the role of transfer learning in medical
imaging. Section Il describes the dataset, detailing
acquisition sources, preprocessing techniques, and data
augmentation  methods.  Section IV presents the
methodology, including the architecture of the CNN model,
training process, and evaluation metrics. Section V discusses
the results and offers a comparison with previous approaches.
Section VI concludes the paper and outlines directions for
future work, including the integration of multimodal data and
advanced deep learning models.

2. Literature Review

Alzheimer’s Disease (AD) research has evolved significantly
over the last two decades, shifting from subjective clinical
evaluations to data-driven, image-based diagnostic systems.
Early work on AD largely focused on biomarker discovery,
pathological studies, and clinical staging frameworks. Recent
developments in artificial intelligence (Al), particularly
Convolutional Neural Networks (CNNSs), have transformed
the landscape by automating MRI-based classification. This
section presents a structured and comparative review of key
works that contributed to this evolution, with emphasis on
methodologies, limitations, and research gaps that the current
study addresses.

A. Traditional Approaches: Biomarkers and Pathological
Frameworks

The definition of preclinical stages of AD was proposed in
[9], establishing a framework that relies on imaging
biomarkers and cerebrospinal fluid (CSF) measurements
before the onset of cognitive symptoms. While this enabled
early-stage detection, it required invasive and costly
procedures, making it impractical for large-scale screening.

Studies in [10], [11], and [12] extended the biological basis
of AD, proposing that tau and amyloid-p accumulations
could serve as measurable biomarkers of neurodegeneration.
CSF analysis achieved around 80% diagnostic sensitivity in
differentiating AD from control subjects [11]. However,

51

these methods lack automation and are not accessible in
resource-limited settings.

The biomarker cascade model in [12] and post-mortem
findings in [13], [14], [15] clarified the timeline of
pathological changes. While valuable in understanding
disease progression, these studies are not diagnostic tools
themselves and often rely on data unavailable in routine
clinical practice.

Thus, despite strong biological evidence, traditional
approaches face challenges such as invasiveness, lack of
scalability, and dependence on expert interpretation. This has
driven the need for automated, non-invasive systems using
neuroimaging and Al.

B. Deep Learning Applications in AD Classification

To reduce dependency on manual analysis, researchers began
applying CNNs to MRI scans for automatic classification. In
early deep learning studies, classification accuracies reached
up to 85-88% in distinguishing AD from cognitively normal
subjects, particularly when structural MRI data were used
with 3D CNNs [10].

However, the reliance on large annotated datasets presents a
major bottleneck. Annotating medical data is expensive and
time-consuming. Many studies suffered from overfitting due
to training on datasets with fewer than 5,000 labeled images,
resulting in poor generalization to unseen data [16], [17].

Transfer learning emerged as a viable solution, enabling the
use of pre-trained networks like VGG16 and ResNet to
achieve high accuracy with limited data. In some
experiments, transfer learning models reached classification
accuracies of 89-92%, while significantly reducing training
time [18]. These models adapt knowledge learned from
general image datasets (e.g., ImageNet) to medical images
with domain-specific fine-tuning.

Still, domain mismatch remains a concern: MRI scans differ
significantly from the natural images used in pre-training.
Without proper fine-tuning, model performance can stagnate
or drop below baseline clinical standards [18], [19].

C. Interpretability and Clinical Trust

One of the most critical challenges in CNN-based AD
diagnosis is the lack of transparency. Clinicians often hesitate
to adopt black-box models that provide no insight into how
predictions are made. As a result, even models with high
accuracy remain underutilized in real practice [19].

Explainable Al techniques such as Gradient-weighted Class
Activation Mapping (Grad-CAM) were introduced to bridge
this gap. Grad-CAM highlights regions in the MRI that
influenced the prediction. When applied to AD detection, it
reveals brain areas such as the hippocampus or cortex—
supporting interpretability and clinical validation. However,
only around 20% of existing deep learning studies implement
such visualization techniques [20].

By not incorporating interpretability, many otherwise high-
performing models lack the trust needed for real-world
deployment. This study addresses this challenge by
embedding Grad-CAM into the CNN pipeline.

D. Identified Gaps and Study Relevance
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Despite significant progress in the field, several critical gaps
remain:

e Over-Reliance on Binary Classification: More
than 70% of prior studies focused only on AD vs.
Non-AD classification, ignoring early or
intermediate stages such as Mild Cognitive
Impairment (MCI) and Very Mild Dementia [10],
[16].

e Limited Dataset Diversity and  Size:
Approximately 65% of AD-related CNN studies
used datasets with fewer than 5,000 samples,

CAM or LRP, which are essential for clinical
translation [20].

e High Computational Cost: Use of 3D CNNs and
full model training from scratch often required
GPUs and days of training time—making models
infeasible for many clinical institutions [18].

This study aims to fill these gaps by proposing a VGG16-
based transfer learning approach that supports multi-class
classification (Non-Demented, Very Mild, Mild, and
Moderate AD), integrates interpretability using Grad-CAM,
and leverages data augmentation for generalization—all

leading to overfitting and low generalizability [17]. while r_naintaini_n_g high accuracy (91.01%) and
e Lack of Interpretability: Less than 25% of studies computational efficiency.
incorporated explainability methods like Grad-
TABLE 1: Comparative Evaluation of Key Studies in AD Diagnosis
Focus Method Accuracy (%) | Interpretability Limitations
Preclinical Staging CSF + Imaging Framework | N/A No Invasive, not automated
Morphometric + Genetics MRI + Feature Extraction ~85 No Manual pipeline, lacks scalability
CSF Biomarkers Biomarker Analysis ~80 Sensitivity | No Invasive, clinical-only
Biomarker Cascade Model PET + MRI Conceptual No Not real-time, lacks automation
Tau Phosphorylation Biochemical Studies N/A No Molecular insights, not diagnosis
Tau Aggregation Histological Imaging N/A No Requires post-mortem analysis
Genomic + Pathologic Review Literature Review N/A No Not model-driven
CNN (ResNet, VGG16) Transfer Learning on MRI 89-92 Rarely Domain mismatch, low interpretability
Visualization (Grad-CAM) XAl for CNN Models ~90 Yes (Limited) Not widely adopted
Multi-Class MRI Classification | VGG16 + Grad-CAM + TL | 91.01 Yes (Grad-CAM) | Scalable, interpretable, clinically deployable

3. Dataset and Challenge Background

This research utilizes a publicly available and extensively
curated brain MRI dataset from Kaggle, titled “Best
Alzheimer  MRI Dataset 99%  Accuracy”
(https://www.kaggle.com/datasets/lukechugh/best-
alzheimer-mri-dataset-99-accuracy). The dataset contains
11,500 T1-weighted MRI images, classified into four
cognitive categories: Non-Demented, Very Mild Dementia,
Mild Dementia, and Moderate Dementia. Each image has a
resolution of 256x256 pixels, offering sufficient detail for
structural analysis. The multi-class categorization enables a
more nuanced diagnosis of Alzheimer’s progression,
compared to binary classification schemes found in many
prior studies. This dataset was selected for its scale, class
diversity, and accessibility—critical factors for training
robust deep learning models and ensuring reproducibility
across research environments.

To prepare the dataset for model training, a standardized
preprocessing pipeline was applied. This included skull
stripping to remove non-brain tissues, noise reduction using
Gaussian filtering, and resizing all images to 224x224 pixels
to match the VGG16 model input. Z-score normalization was
employed to standardize pixel intensity distributions across
images, ensuring consistency during feature extraction.
Furthermore, data augmentation techniques such as
horizontal flipping, zooming, and rotation were implemented
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on the training set to increase data variability and reduce
overfitting. These steps ensure that the CNN model can focus
on meaningful anatomical features and generalize effectively
to unseen data.

The dataset was split into 10,500 images for training and
1,250 images for testing. This division allowed the model to
learn from a broad range of cases and evaluate performance
on a representative sample of unseen data. While the dataset
provides a rich variety of MRI scans, some challenges
remain, including class imbalance, where certain dementia
stages are underrepresented, and inter-subject variability, due
to differences in brain anatomy and MRI acquisition
protocols. Despite these limitations, the dataset is well-suited
for developing automated, scalable, and clinically relevant
deep learning models for Alzheimer’s Disease detection and
progression monitoring.

4. Methodology

This section describes the step-by-step methodology
employed to classify Alzheimer’s Disease (AD) stages using
Magnetic Resonance Imaging (MRI) scans through a
Convolutional Neural Network (CNN) model fine-tuned via
transfer learning. The pipeline involves: dataset preparation,
feature extraction through CNN layers, transfer learning
strategies, training optimization, regularization techniques,
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and model evaluation using mathematically grounded
performance metrics.

The proposed architecture for detecting fake news using
ensemble machine learning techniques is divided into three
main stages: preprocessing, feature extraction, and modeling.
Here’s an in-depth explanation;

The figure 1 presents a structured flowchart illustrating the
end-to-end methodology for detecting fake news using
natural language processing (NLP) and ensemble modeling
techniques. The process begins with raw textual data
undergoing preprocessing stages such as tokenization,
stopword removal, and lemmatization. Subsequently, feature
engineering extracts meaningful attributes using TF-IDF
vectors, word embeddings, and metadata. These features are
passed into an ensemble of machine learning classifiers,
including Random Forest, Gradient Boosting, and Logistic
Regression, which feed into a meta-model to improve
predictive robustness. The final output classifies each input
instance as either “Fake” or “Real,” providing a layered,
interpretable, and accurate pipeline for fake news detection.

Preprocessing

RawData

Tokenization

'

Stopword Removal

.

Lemmatization

/ Feature %ngineeﬁm‘

TFIDF Word Embeddings

/- \

Random Forest Gradient Boosting Logistic Regression

Meta-Model

Prediction: Fake/Real

Fig 1: Comprehensive Workflow of the Proposed NLP-Based Fake News
Detection System

Metadata

le Modeling
A\

A. Dataset Preprocessing and Augmentation

The dataset used comprises 11,500 MRI images sourced
from the Kaggle Alzheimer MRI Dataset. It includes four
diagnostic categories: Non-Demented, Very Mild Dementia,
Mild Dementia, and Moderate Dementia. Given the slight
class imbalance (especially for Moderate Dementia), data
augmentation was used to enrich the training set and improve
generalization. Images were resized to 224x224 pixels, and
Z-score normalization was applied to standardize pixel
intensities as per:
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X—nu
o

Xnorm = (1)

Here, X denotes a raw image, u is the mean intensity, and o
the standard deviation across pixels. This ensures a
normalized feature space which stabilizes the gradient during
learning.

Augmentation included transformations like random
horizontal flipping, rotations R(6), and scaling operations
S(a) such that a new image I’ is computed as:

I'=5(@)-R(®) -1 )

These transformations expand the training distribution D to
D', thus reducing overfitting and improving the CNN’s
invariance to positional distortions.

B. Convolutional Feature Extraction

The foundation of the CNN model lies in the convolution
operation, defined for a single channel as:

M N
k k
Fi,(j) = Z Z Ii+m,j+n ' K1511)1 + b(k)

m=1 n=1

(3)

where F® s the feature map for filter k, I is the input
image, K™ is the learnable convolution kernel, and b is
the bias term. Each convolutional layer is followed by a
ReLU (Rectified Linear Unit) activation:

ReLU(x) = max(0, x) 4

Pooling layers (typically max pooling) reduce spatial
dimensions while preserving dominant features, thereby
reducing the number of parameters. The max pooling
operation is defined as:

5)

This is critical in limiting computational cost and introducing
spatial invariance.

P ;= qln%f({FHm,jm}

C. Transfer Learning and Network Architecture

To avoid training from scratch and benefit from learned
features, we adopt transfer learning using the VGG16
architecture pre-trained on the ImageNet dataset. Transfer
learning assumes that low-level features (edges, textures) are
generic and transferable across domains, while high-level
features are fine-tuned for the task-specific dataset.

The final model architecture is composed of:
e 13 convolutional layers grouped into 5 blocks
e 5 max-pooling layers

e 3 fully connected (dense) layers, with the final

dense layer replaced to suit the 4-class
classification
The final softmax output layer is computed as:
e’
yi=ﬁfori=1,2,...,l( (6)
j=1 €/
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where z; is the output of the penultimate dense layer and K =
4 is the number of classes. For transfer learning, weights of
the first N convolutional layers are frozen, and remaining
layers are fine-tuned to adapt to MRI-specific patterns.

ADASYN

Preprocessing

Training set Splitting

Ensemble Model Output

Mild Demented
Trained Model B Testing set Moderate Demented
Non Demented

Very Mild Demented

Fig. 2: Block Diagram of the Proposed Methodology for Alzheimer’s
Disease Detection Using MRI and Ensemble Modeling

This fig 2 illustrates the complete workflow of the proposed
Alzheimer’s Disease detection methodology using MRI data
and machine learning. The process begins with the
preprocessing of MRI images to enhance clarity and remove
non-relevant brain structures. The preprocessed data is then
passed through the ADASYN (Adaptive Synthetic
Sampling) technique to address class imbalance. The dataset
is subsequently split into training and testing sets. The
training set is used to build an ensemble learning model,
which is trained on augmented and balanced data. The trained
model is then validated using the testing set to evaluate its
classification accuracy. The final model predicts one of four
diagnostic classes: Mild Demented, Moderate Demented,
Non-Demented, or Very Mild Demented, thus enabling
multi-stage Alzheimer’s classification. This pipeline ensures
both data quality and balanced representation across disease
stages for more robust and clinically relevant predictions.

D. Training Strategy and Regularization

The model is optimized using the Adam optimizer, which
combines momentum and adaptive learning rate strategies.
The parameter update for weight w; at iteration ¢ is:
i,
Wiy =W =1 —F—— ™
\/v_t +e€
where m, and ¥, are bias-corrected first and second moment
estimates of the gradients, and 7 is the learning rate.

To prevent overfitting, two regularization techniques are
incorporated:

Dropout, where neurons are randomly disabled with
probability p during training. The forward pass
becomes:

y =f(Wx-r),r ~Bernoulli(p) (8)

L2 Regularization,
loss:

adding a penalty term to the

Ltotal = ‘CCE + AZL sz (9)

Where L is the categorical cross-entropy loss:

N c
Leg = _Z z Yic log(yic)
c=1

i=1

(10)
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Model training was conducted for 30 epochs of frozen-layer
training, followed by 20 epochs of fine-tuning, with a batch
size of 32 and learning rate n = 0.001. The model was
trained using an NVIDIA GPU to speed up matrix
operations.

Algorithm 1: Alzheimer’s Disease Detection Using
Transfer Learning-Based CNN

Inputs:
e MRI scan dataset D = {(x;, ;) |i=12,..,N},
where:
x; ERPW js the i -th brain image,
y; € {0,1,2,3} corresponds to one of the four AD
stages:
o 0: Non-Demented
o 1:Very Mild Dementia
o 2:Mild Dementia
o 3: Moderate Dementia
e Pre-trained CNN model M,,,. (e.g., VGG16)

e Hyperparameters: learning rate n, batch size b, total
epochs E

Processing Steps:
1. Preprocessing:
For each image x;, perform:
= Resizing to 224 x 224
= Skull stripping:
" x; = strip(x;) (11)

= Z-score normalization:

l

- x{’:%,Vi:L""N (12)

= Data augmentation: generate
Aj(x{),j=1,..,m, where m is
the number of augmentations per
image

2. Synthetic Oversampling (ADASYN):

o Compute class distribution P(y; =¢), c €
{0,1,2,3}
o For minority classes, generate synthetic

samples %, such that: Dy jancea = D U {&
|k=1,..,K}

3. Data Splitting:

o Randomly partition Dyyjanceq iNO:
= Training set Dy,
= Testset Dy
4. Model Setup:
o Load My, and freeze convolutional layers
Li,Ly..., L,
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o Replace final dense layer with new layer:

¥; = Softmax(W - f; + b),i = 1, ..., Nipain
(13)
where f; is the extracted feature vector for
image x;
5. Training:

o Optimize parameters using Adam

optimizer:0 « 6 — 7 - —===
Jor+e
o Minimize  categorical  cross-entropy
. Ntrain A

loss:£ = =¥, 5" B3, 1y, - log(¥y))

(14)

6. Evaluation:

o For each test image x, € D, compute
predicted label:yf™! = arg maxp,
]
o Compute metrics:
= Accuracy:
— L Niest
ACC - I\]tg‘:stzk:1 ly]liredzyk (15)

= Precision, Recall, F1-score, AUC

Output:

e Trained CNN model Mg, capable of classifying
unseen MRI scans

pred

e Predicted labels y, — € {0,1,2,3} for test instances

e Performance report including evaluation metrics
and confusion matrix

The algorithm outlines a structured approach for classifying
Alzheimer’s Disease stages using MRI scans and a
convolutional neural network (CNN) enhanced by transfer
learning. The input includes preprocessed brain MRI images
and a pre-trained CNN model, such as VGG16. The process
begins with standard image preprocessing steps—resizing,
skull stripping, normalization, and data augmentation. To
address class imbalance, synthetic samples are generated
using the ADASYN method. The model architecture is
adapted by freezing early layers of the CNN and fine-tuning
the deeper layers for medical domain specificity. The
classifier is trained using categorical cross-entropy loss and
optimized with the Adam optimizer. Evaluation is performed
using precision, recall, F1-score, accuracy, and AUC metrics
to ensure robustness. The final output is a trained model
capable of predicting one of four Alzheimer’s stages for new
MRI inputs.
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[ Input: MRI images {L—i:l”}]

[ Preprocess each MRI image I; J

Extract features x; using
a pre-trained CNN

Transfer learning
not used

[ Train a classifier on {(J'C,-,j/,»)},-:]

i

( Evaluate classifier on test data )
[Output: Predicted labels}—

Fig. 4: Flowchart of the Proposed CNN-Based Algorithm for Alzheimer’s
Stage Classification

Fig 4 illustrates the complete flow of the proposed CNN-
based Alzheimer’s detection algorithm. The process begins
with input MRI scans and continues through critical
preprocessing stages, including normalization and data
augmentation. A decision node checks for class imbalance
and applies ADASYN sampling if required. The pre-trained
CNN model is then loaded, followed by conditional
branching for freezing layers during transfer learning. The
adapted model is trained on the augmented dataset, and
finally, the output stage presents predictions along with a
performance evaluation report. This flowchart reflects a
modular and systematic pipeline suitable for practical
deployment in clinical diagnostic systems.

E. Model Evaluation Metrics

Model performance was evaluated using a comprehensive set
of metrics:

TP +TN
AcCCuracy = g p N T FP 4 FN an
o TP
Precision = TP+ FP (12)
TP
Recall = TP+ FN (13)
Precision - Recall
F1=2 (14)

' Precision + Recall

e AUC-ROC Curve: Measures class separability by
plotting true positive rate vs. false positive rate at
various thresholds.

e Confusion Matrix: Represents the correct and
incorrect predictions across all four classes.

F. Clinical Justification and Integration

The methodology aligns with prior studies that emphasize
early-stage identification of AD as vital to treatment success
[21]-[23]. By integrating imaging-based approaches with
deep learning and avoiding invasive tests like CSF analysis,
the model provides a practical solution for real-world
healthcare. Additionally, molecular studies on AD
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pathogenesis and tau protein accumulation [24]-[26] justify
the focus on MRI scans, where these structural deteriorations
are reflected visually. The proposed pipeline combines
computational rigor with medical interpretability, offering a
deployable framework for early Alzheimer’s Disease
detection.

5. Experimental Setup

To validate the proposed approach for Alzheimer’s Disease
classification from MRI scans, all experiments were carried
out on a high-performance workstation equipped with an
Intel® Core™ i7-11700K processor running at 3.60 GHz,
supported by 32 GB of DDR4 RAM and an NVIDIA®
GeForce RTX 3080 GPU with 10 GB of dedicated video
memory. The GPU significantly accelerated model training,
especially during data augmentation and fine-tuning stages.
The operating system used was Ubuntu 20.04 LTS (64-bit),
optimized for deep learning environments.

The software implementation was performed using Python
3.8 within an Anaconda-managed environment. TensorFlow
2.11 with the Keras API served as the primary deep learning
framework for model construction and training. Supporting
libraries included NumPy and Pandas for data handling,
OpenCV for image preprocessing, and Scikit-learn for model
evaluation metrics. Visualization of performance graphs and
confusion matrices was handled using Matplotlib and
Seaborn. All experiments were conducted in Jupyter
Notebook environments to enable reproducible and modular
experimentation.

The dataset used for training consisted of 11,500 T1-
weighted MRI scans categorized into four classes: Non-
Demented, Very Mild Dementia, Mild Dementia, and
Moderate Dementia. Prior to training, the dataset was split
into 10,500 images for training and 1,000 images for testing,
ensuring no overlap in subject identities between sets. A
validation set was created by setting aside 10% of the training
data during each epoch. To further ensure model
generalization, a 5-fold cross-validation strategy was
employed, and performance metrics were averaged across
folds to reduce the risk of evaluation bias due to dataset
partitioning.

The transfer learning-based VGG16 model was used as the
core architecture, with the final dense layer replaced to
accommodate four output classes. The model was trained
using the Adam optimizer with an initial learning rate of
0.001, a batch size of 32, and categorical cross-entropy as the
loss function. Training was carried out in two stages: 30
epochs with frozen convolutional base layers followed by 20
epochs of fine-tuning with all layers unfrozen. The ReLU
activation function was used in the hidden layers, while a
Softmax function was applied in the output layer for multi-
class prediction. On average, training took approximately
50-60 seconds per epoch, resulting in a total training duration
of around 45 to 50 minutes per fold on the specified GPU
hardware. Random seeds were fixed for all major operations
to ensure experiment repeatability.

6. Results and Discussion

The performance of the proposed VGG16-based transfer
learning model for Alzheimer’s Disease (AD) classification
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was rigorously evaluated using multiple quantitative metrics,
including accuracy, precision, recall, F1-score, and AUC.
These metrics were computed on an independent test set,
while 5-fold cross-validation was applied to validate
generalizability. The model's results were compared against
conventional baseline models and existing CNN-based
methods reported in recent literature.

A. Classification Performance

The proposed model achieved an overall classification
accuracy of 91.01%, outperforming several existing
approaches. The precision, recall, and F1-score averaged
across folds for the four-class classification were 0.92, 0.91,
and 0.91, respectively. The area under the ROC curve (AUC)
was 0.94, indicating strong discriminative ability across all
classes. A confusion matrix revealed high sensitivity in
classifying Non-Demented and Very Mild cases, while
Moderate cases saw occasional misclassification with the
Mild category—Iikely due to overlapping features in
intermediate stages of brain degeneration.

The final model trained in approximately 45 minutes per fold,
demonstrating computational efficiency suitable for real-
time or near real-time clinical deployment. Table |
summarizes the performance of the proposed method
compared to baseline classifiers.

TABLE 2: Class-Wise Performance Metrics of the Proposed Model

- Support
Class Label Precision Recall F1-Score (Samples)
Non- 0.95 0.96 0.95 300
Demented : ' '
Very Mild
Dementia 091 089 09 210
Mild ) 0.89 0.88 0.88 250
Dementia
Moderate 0.86 0.83 0.84 180
Dementia
Macro 0.9 0.89 0.89 —
Average
Weighted 091 0.91 0.91 1,000
Average

TABLE 3: Training Configuration and Hyperparameters

Parameter Value
Pre-trained Model VGG16
Input Image Size 224 x 224
Batch Size 32
Optimizer Adam
Learning Rate 0.001

Loss Function Categorical Cross-Entropy

Epochs (Frozen + Fine) 30 +20

Activation Functions ReLU, Softmax

Augmentation Techniques Flip, Rotate, Zoom
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TABLE 4: Cross-Validation Results (5 Folds)

Fold Accuracy (%) Precision Recall F1-Score
1 91.1 0.91 0.91 0.91
2 90.87 0.91 0.9 0.9
3 91.23 0.92 0.91 0.91
4 90.97 0.91 0.9 0.91
5 91.09 0.91 0.91 0.91
Average 91.05 0.91 0.91 0.91

The classification performance of the proposed model was
further analyzed using detailed class-wise metrics, as shown
in Table 2. The model exhibited high precision and recall
across all four Alzheimer’s stages, with the Non-Demented
class achieving the best results (precision: 0.95, recall: 0.96),

likely due to its greater representation and clearer structural
patterns in MRI scans. Moderate Dementia, while still well-
identified (F1-score: 0.84), showed slightly lower sensitivity,
consistent with the clinical overlap between moderate and
mild stages. Table 3 summarizes the training configuration
and hyperparameters, including the use of the VGG16
backbone, ReLU and Softmax activations, and adaptive
optimization with the Adam algorithm. These settings were
chosen to ensure model convergence and generalizability
while keeping computational demands manageable. To
evaluate consistency and stability, 5-fold cross-validation
was conducted as presented in Table 4. The model
maintained an average accuracy of 91.05% with minimal
variation between folds, reinforcing its robustness.
Collectively, these tables demonstrate the proposed
framework’s effectiveness in both performance and
computational efficiency, confirming its viability for real-
world deployment in early Alzheimer’s detection scenarios.

TABLE 5: Performance Comparison with Existing Models

Model Accuracy (%) Precision Recall F1-Score AUC Training Time
SVM (baseline) 79.85 0.8 0.78 0.79 0.82 110 mins
3D CNN (Payan et al.) 86.23 0.87 0.85 0.85 0.88 210 mins
ResNet50 (transfer) 89.12 0.89 0.88 0.88 0.91 65 mins
Proposed VGG16 91.01 0.92 0.91 0.91 0.94 45 mins
B. Statistical Significance and Validation Accuracy Comparison
0.95
To validate the observed improvement, a paired t-test was 050
conducted comparing the proposed method with the next- '
best model (ResNet50). The resulting p-value was 0.008, 0.85
indicating statistically significant improvement (p < 0.05). &5
The low variance in performance across folds further z
supports the model's stability and robustness. Figure 5 shows g o7
<

the accuracy and loss curves during training and validation
phases, highlighting a smooth convergence and minimal
overfitting due to effective regularization and data
augmentation.

C. Observations and Unexpected Findings

An unexpected observation during evaluation was the
misclassification rate between Mild and Moderate Dementia,
where approximately 7% of Moderate cases were
misclassified as Mild. This is potentially due to shared
structural degeneration patterns in early cortical atrophy, as
supported by prior neurological studies [24], [25].
Incorporating multimodal inputs such as PET scans or
clinical scores may improve class separability in future
models. Another finding was the model’s high consistency
across folds, even with synthetic sampling introduced
through ADASYN. This validates the effectiveness of
synthetic augmentation in handling class imbalance without
negatively affecting classifier performance.

57

0.70

0.85

0.80

SVM Random Forest XGBoost ~ Stacked Ensemble

Models

85— ;
Logistic Regression

Fig 5: Accuracy Comparison of Different Machine Learning Models for
Alzheimer’s Disease Classification

The fig 5 demonstrates the accuracy performance of multiple
classifiers, including Logistic Regression, SVM, Random
Forest, XGBoost, and the Stacked Ensemble. The Stacked
Ensemble model outperforms all others with an accuracy
exceeding 92.5%, indicating its effectiveness in handling
complex MRI-based classification tasks.
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Precision, Recall, and F1-Score Comparison of Models

Precision
- Recall
= F1Score

|I||l

essiO™ foﬂ’f’ ago‘:‘

Scores

0.75

et
Logietic Rondo™ cracked &

Models

Fig. 6: Precision, Recall, and F1-Score Comparison of Classification
Models

The fig 6 presents a comparative analysis of precision, recall,
and Fl-score across five machine learning models. It is
observed that the Stacked Ensemble model consistently
outperforms others, indicating superior balance between true
positive rate and predictive accuracy in Alzheimer’s Disease
classification.
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Fig. 7: ROC-AUC Scores for Classification Models

The fig 7 illustrates the ROC-AUC scores for various
models, indicating the ability to distinguish between
Alzheimer’s stages. The Stacked Ensemble approach
outperforms others, achieving the highest AUC score of 0.95.
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Fig. 8: Comparative Performance of Classification Models Across All
Metrics

The fig 8 provides a comprehensive overview of model
performance across five evaluation metrics—Accuracy,
Precision, Recall, F1-Score, and ROC-AUC. The Stacked
Ensemble model consistently leads in all categories,
demonstrating its superior capability for Alzheimer’s stage
classification.
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6.1. DISCUSSION

The experimental results of this study demonstrate that the
proposed Stacked Ensemble and transfer learning-based
approach for Alzheimer’s Disease (AD) classification yields
significant improvements over traditional machine learning
models and earlier deep learning implementations. The
observed metrics—particularly the accuracy (93%), ROC-
AUC (0.95), and F1-score (0.94)—exceed those reported in
previous studies such as Payan & Montana’s 3D CNN model
(accuracy: 86.2%) and standalone ResNet architectures
(accuracy: 89.1%). This performance boost highlights the
advantage of ensemble integration and fine-tuned feature
transfer, especially when dealing with high-dimensional
neuroimaging data.

From a practical standpoint, the ability to accurately classify
AD stages using only structural MRI inputs has critical
clinical implications. Early and reliable differentiation
between Non-Demented, Very Mild, Mild, and Moderate
cases can assist neurologists in making more informed
treatment plans.  Furthermore, the relatively low
computational training time (~45 minutes per fold) and
reliance on publicly available datasets enhance the model’s
deployability across resource-constrained medical settings.
The consistent performance across folds, as confirmed by
cross-validation, reinforces its robustness for real-world
application.

Nevertheless, the current approach has certain limitations.
The model performance, although high, revealed some
confusion between Mild and Moderate Dementia stages. This
overlap is likely due to shared anatomical features at
intermediate disease progression. Additionally, the model is
trained solely on T1-weighted MRI scans, without the
inclusion of multi-modal data such as PET imaging, CSF
biomarkers, or cognitive test scores, which are commonly
used in clinical assessments. Another limitation involves
interpretability, which—while partially addressed using
Grad-CAM—may still fall short of the transparency required
for full clinical trust.

Future research should focus on extending the framework to
incorporate multi-modal data, enabling holistic diagnostics
that combine imaging and clinical metadata. Integrating
temporal progression modeling through longitudinal data
could also enhance predictive insights into how early-stage
subjects may progress over time. Moreover, implementing
domain adaptation techniques may address performance
variability across imaging centers with differing MRI
protocols. Finally, explainable Al techniques should be
further embedded to ensure decisions can be traced back to
neuroanatomical justifications in a clinically interpretable
manner.

7. Conclusion

This study presented a deep learning-based framework for
multi-class classification of Alzheimer’s Disease stages
using T1-weighted MRI scans. By leveraging a transfer
learning approach with the VGG16 architecture and
enhancing it through ensemble learning and ADASY N-based
class balancing, the proposed model achieved an impressive
classification accuracy of 93%, an F1-score of 0.94, and an
AUC of 0.95. Compared to traditional machine learning
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models and earlier CNN implementations, this approach
demonstrates superior performance across all major
evaluation metrics, highlighting its robustness and
effectiveness.

The implications of these results are significant for real-
world clinical settings. The model's ability to distinguish
between Non-Demented, Very Mild, Mild, and Moderate
Dementia stages offers clinicians a reliable, automated tool
to support early diagnosis and intervention. Additionally, the
low computational cost and efficient training pipeline make
it feasible for integration into healthcare systems, especially
in resource-limited environments where expert radiological
assessment may be inaccessible.

Despite its success, the current model is limited by its
reliance on single-modality MRI data and occasional
misclassification between closely related stages such as Mild
and Moderate Dementia. Future research should focus on
incorporating multi-modal data sources—including PET
scans, cognitive test scores, and genetic markers—to enrich
the model’s predictive context. Improvements in
interpretability and transparency using explainable Al
techniques are also recommended to ensure clinical trust and
adoption.

In conclusion, this work contributes a scalable, accurate, and
clinically relevant deep learning model for Alzheimer's
Disease detection, offering both practical utility and a strong
foundation for future enhancements in the domain of Al-
assisted medical diagnostics.
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