
70

Neural Horizons: The Uncharted Future of Deep Learning

Deep Learning-Based Early Detection of Alzheimer’s 
Disease Using MRI Scans

Diganta Bhattacharyya
Swami Vivekananda University, Barrackpore, India

digantab@svu.ac.in

Abstract
Alzheimer’s disease (AD) is a neurodegenerative disorder 
characterized by progressive cognitive decline, posing a 
significant burden on healthcare systems globally. Early 
diagnosis is crucial for effective management and potential 
interventions. Recent advancements in deep learning (DL) 
techniques have demonstrated remarkable potential in 
medical imaging for disease detection. In this study, we 
propose a convolutional neural network (CNN)-based 
framework for the early detection of Alzheimer’s disease 
using magnetic resonance imaging (MRI) scans. The proposed 
model employs a transfer learning approach combined with 
fine-tuning to achieve high sensitivity and specificity. By 
leveraging pre-trained models, we address the challenges 
posed by limited datasets. Our results, validated on a publicly 
available ADNI dataset, indicate that the proposed method 
achieves state-of-the-art performance with an accuracy of 
94.7%, outperforming existing methods. The study highlights 
the importance of feature extraction in distinguishing 
between healthy and pathological brain states. Further, we 
employ Grad-CAM for interpretability, providing clinicians 
with insights into the decision-making process. This research 
underscores the transformative potential of deep learning 
in enabling accurate, non-invasive, and timely diagnosis of 
Alzheimer’s disease.
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1. Introduction
Alzheimer’s disease (AD) affects millions of people worldwide, 
with an estimated 55 million cases reported in 2021 [1]. The 
disease progresses from mild cognitive impairment (MCI) to 
severe dementia, making early detection a critical factor in 
patient care. Magnetic resonance imaging (MRI) has emerged 
as a vital imaging modality for identifying structural brain 
abnormalities associated with AD. However, manual 
interpretation of MRI scans is time-consuming, subject to 
interobserver variability, and often requires substantial 
expertise [2]. Machine learning (ML) and, more recently, deep 
learning (DL) approaches offer automated, accurate solutions 
for analyzing complex medical imaging data.
This paper focuses on developing a CNN-based model to 
detect early-stage Alzheimer’s disease using MRI scans. We 
discuss the limitations of traditional diagnostic techniques, 
review recent advancements in DL for medical imaging, 
and outline our methodology. The results are benchmarked 
against existing approaches to validate their effectiveness.
2. Related Work
Several studies have explored the application of machine 
learning in AD diagnosis. Support vector machines (SVMs) 
and random forests (RFs) were among the earliest techniques 
applied to MRI data [3]. However, their reliance on manual 
feature extraction limited their scalability and accuracy. Deep 
learning, particularly convolutional neural networks (CNNs), 
has revolutionized medical imaging by automating feature 
extraction and improving classification performance [4]. For 
instance, Suk et al. [5] proposed a stacked autoencoder-based 
framework, achieving promising results but facing challenges 
with interpretability.
Transfer learning has further enhanced DL-based models, 
enabling effective utilization of pre-trained networks such 
as VGG16, ResNet, and DenseNet for medical applications 
[6]. These models have been fine-tuned to analyze domain-
specific data, addressing the common issue of small datasets. 
Recent studies have also highlighted the importance of 
explainability in medical AI systems, with techniques like 
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Grad-CAM providing visual insights into model predictions 
[7].
3. Methodology
3.1.Dataset
The Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
dataset was used for this study. It comprises MRI scans 
categorized into cognitively normal (CN), mild cognitive 
impairment (MCI), and Alzheimer’s disease (AD) groups. 
Preprocessing steps included skull stripping, intensity 
normalization, and resizing images to pixels for compatibility 
with pre-trained networks [8].
3.2. Model Architecture
We employed a transfer learning approach using the ResNet50 
architecture, pre-trained on the ImageNet dataset. The 
model’s final layers were replaced with task-specific layers, 
including a global average pooling layer, a fully connected 
layer with 256 neurons, and a softmax output layer for 
classification. Dropout regularization (rate=0.5) was applied 
to mitigate overfitting.
3.3. Training and Evaluation
The dataset was split into training (70%), validation (15%), 
and test (15%) subsets. Data augmentation techniques, such 
as rotation, flipping, and zooming, were applied to enhance 
generalization. The model was trained using the Adam 
optimizer with a learning rate of 0.0001 and categorical 
cross-entropy loss. Evaluation metrics included accuracy, 
sensitivity, specificity, and area under the receiver operating 
characteristic curve (AUC).
4. Results
4.1. Quantitative Analysis
The proposed model achieved an accuracy of 94.7% on the 
test set, outperforming existing methods [9]. Sensitivity and 
specificity were 92.5% and 96.3%, respectively, with an AUC 
of 0.97. Table 1 summarizes the performance metrics.
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4.2. Qualitative Analysis
Grad-CAM visualizations highlighted key brain regions, 
such as the hippocampus and entorhinal cortex, relevant 
to AD diagnosis. These visualizations align with known 
pathological patterns, providing clinicians with interpretable 
results.
5. Discussion
The study demonstrates the efficacy of DL in early AD detection 
using MRI scans. The high performance, coupled with model 
interpretability, positions the proposed framework as a viable 
tool for clinical applications. Limitations include reliance on 
a single dataset and the need for external validation. Future 
work will focus on integrating multimodal data, such as PET 
scans and genetic markers, for comprehensive diagnosis.
Conclusion
In conclusion, the study on Deep Learning-Based Early 
Detection of Alzheimer’s Disease Using MRI Scans 
demonstrates the significant potential of artificial intelligence, 
particularly deep learning techniques, in transforming the 
early diagnosis and management of neurodegenerative 
disorders. Alzheimer’s disease is a progressive neurological 
condition that gradually affects memory, thinking ability, 
and behavior. Since the symptoms often appear only after 
significant brain damage has already occurred, early detection 
becomes critically important for effective treatment, patient 
care planning, and slowing the progression of the disease.
The chapter highlights how Magnetic Resonance Imaging 
(MRI) serves as a powerful non-invasive medical imaging 
technique for observing structural changes in the brain. MRI 
scans provide detailed images that allow researchers and 
clinicians to detect subtle variations in brain tissues, such 
as hippocampal atrophy, cortical thinning, and ventricular 
enlargement—changes that are commonly associated with 
the early stages of Alzheimer’s disease. However, manual 
analysis of these scans is time-consuming and highly 
dependent on expert interpretation, which may lead to delays 
or inconsistencies in diagnosis.
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To overcome these limitations, the chapter emphasizes the use 
of deep learning models, particularly Convolutional Neural 
Networks (CNNs) and other advanced neural architectures, 
which are capable of automatically learning complex patterns 
and features from large volumes of MRI data. These models 
can analyze imaging data with high accuracy and efficiency, 
enabling the identification of disease-related patterns 
that may not be easily visible to the human eye. Through 
proper preprocessing, feature extraction, and classification 
techniques, deep learning systems can effectively distinguish 
between healthy individuals, patients with mild cognitive 
impairment (MCI), and those with Alzheimer’s disease.
Another important aspect discussed in the chapter is the 
integration of data preprocessing and feature extraction 
techniques to improve model performance. Steps such as 
image normalization, segmentation, noise reduction, and 
dimensionality reduction help enhance the quality of MRI 
data before it is processed by the deep learning model. Proper 
training with large and well-annotated datasets further 
improves the reliability and generalization capability of the 
model, leading to more accurate predictions.
The results presented in this study indicate that deep 
learning-based diagnostic systems can achieve high accuracy, 
sensitivity, and specificity, making them promising tools for 
clinical decision support. Such systems can assist neurologists 
and radiologists by providing faster and more objective 
analysis of brain scans, thereby improving diagnostic 
confidence and reducing human error. In addition, early 
detection allows doctors to implement preventive strategies, 
monitor disease progression, and provide better treatment 
planning for patients and caregivers.
Despite these promising advancements, the chapter also 
acknowledges several challenges. One of the major limitations 
is the availability of large, high-quality labeled medical 
datasets required to train deep learning models effectively. 
Variations in MRI acquisition protocols across different 
hospitals may also affect model performance. Furthermore, 
deep learning models often function as “black boxes,” making 
it difficult to interpret how certain decisions are made, which 
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raises concerns about transparency and trust in medical 
applications.
Future research directions include developing more 
interpretable AI models, integrating multimodal data sources 
such as PET scans, genetic information, and cognitive test 
results, and improving model robustness across diverse 
populations and imaging conditions. The incorporation 
of transfer learning, federated learning, and explainable 
AI techniques could further enhance the reliability and 
applicability of deep learning systems in clinical environments.
Overall, the use of deep learning for analyzing MRI 
scans represents a powerful step forward in the fight 
against Alzheimer’s disease. By enabling earlier and more 
accurate detection, these technologies have the potential to 
significantly improve patient outcomes, reduce healthcare 
burdens, and support medical professionals in making more 
informed decisions. With continued research, technological 
advancements, and collaboration between clinicians and AI 
researchers, deep learning-based diagnostic tools may soon 
become an essential component of modern neurological 
healthcare systems.
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