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ABSTRACT

The early detection of Alzheimer's disease (AD) is crucial for timely treatment and management. However, the
development of accurate machine learning models is challenged by the limited availability of labeled medical imaging data
and inherent variability in brain scans. This study introduces a framework that integrates data augmentation with transfer
learning to enhance the performance of deep learning models in early AD detection. By employing advanced data
augmentation techniques on MRI and PET images and refining pre-trained models, this approach addresses the challenges
of small datasets and overfitting, thereby improving the model robustness and efficiency. Experimental results demonstrate
that the proposed framework achieves state-of-the-art performance in early AD detection, offering a promising solution for
real-world clinical applications, including the Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset. Data
augmentation methods, such as random rotations, flipping, scaling, and intensity adjustments, have been utilized to
diversify training data and enhance model generalization. Pre-trained models, including ResNet-50, VGG-16, and
EfficientNet-B0, were fine-tuned using the augmented dataset. The models were evaluated using metrics, such as accuracy,
precision, recall, Fl1-score, and AUC-ROC. These findings indicate that the proposed framework surpasses the baseline
model and other contemporary methods. EfficientNet-B0O achieved the highest performance, with an accuracy of 93.8%
and an AUC-ROC of 0.97. High AUC-ROC values (> 0.94) reflected the models' capability to effectively distinguish
between AD and non-AD cases. The combination of data augmentation and transfer learning significantly enhances the
accuracy and efficiency of early AD detection, making the framework suitable for clinical applications. Future research
should aim to expand the framework to incorporate multimodal data, explore advanced augmentation techniques, and
develop methods to interpret model predictions, thereby increasing their reliability for clinical practitioners
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1. INTRODUCTION

Alzheimer's disease (AD) is a progressive neurodegenerative condition that affects millions of people worldwide. Early
detection is vital for slowing the progression and enhancing the outcomes. Traditional diagnostics are subjective and time
intensive. In contrast, machine learning, especially deep learning, shows significant potential for automating and improving
Alzheimer's detection accuracy by analyzing medical imaging data, such as MRI and PET scans. Despite advances,
challenges persist: scarcity of labeled data due to high costs and complexities in data collection and considerable variability
in brain scans due to differences in imaging protocols, patient demographics, and disease stages. This study addresses these
challenges by proposing a framework that combines data augmentation and transfer learning to enhance the effectiveness
of deep learning models in early Alzheimer's detection.

2. RELATED WORK:

Data Augmentation in Medical Imaging: Shorten et al. reviewed data augmentation methods for deep learning and
highlighted their role in overcoming data constraints in medical imaging [1]. Perez et al. explored how data augmentation

© 2025 Journal of Carcinogenesis | Published for Carcinogenesis Press by Wolters Kluwer-Medknow pg.547


mailto:gujju.sivakrishna@ibsindia.org
mailto:madhavi.latha@ibsindia.org
mailto:knmurty16@ibsindia.org
mailto:devarajsaravanan@ibsindia.org
mailto:dennisjoseph@ibsindia.org
mailto:maruthy.subrahmanyam@ibsindia.org
mailto:anushasreeram@ibsindia.org

Enhancing Early Alzheimer's Detection: A Framework Combining Data Augmentation and Transfer Learning

enhances CNN generalization for medical image classification [2]. Chlap et al. focused on data augmentation techniques
for medical imaging, emphasizing methods such as rotation, flipping, and intensity adjustment [3]. Zhao et al. demonstrated
the effectiveness of advanced augmentation techniques such as elastic deformations in improving brain MRI segmentation
models [4]. Frid-Adar et al. introduced GANs for data augmentation in medical imaging, improving liver lesion
classification [5].

Transfer Learning for Alzheimer’s Detection: Tajbakhsh et al. explored transfer learning in medical image analysis,
emphasizing its benefits for scarce labeled data [6]. Shin et al. applied transfer learning to CNNs to detect Alzheimer's
disecase using brain MRI [7]. Hosseini-Asl et al. proposed a 3D CNN-based transfer learning framework for Alzheimer's
disease classification, outperforming traditional methods [8]. Islam and Zhang examined pre-trained models such as VGG
and ResNet for Alzheimer's disease detection, highlighting fine-tuning strategies [9]. Qiu et al. improved Alzheimer's
disease classification accuracy by combining transfer learning with multimodal data, including MRI and PET [10].

Hybrid Approaches: Data Augmentation + Transfer Learning: Wang et al. introduced a hybrid approach combining data
augmentation with transfer learning to enhance brain tumor segmentation, improving model performance [11]. Kumar et
al. used data augmentation and transfer learning to classify neurodegenerative diseases like Alzheimer's using MRI data
[12]. Li et al. created a deep learning model for detecting Alzheimer's using data augmentation and transfer learning to
achieve strong performance on small datasets [13]. Zhang et al. explored advanced augmentation techniques, including
GAN:Ss, with transfer learning for the early detection of AD, resulting in better generalization [14]. Chen et al. developed a
framework integrating data augmentation, transfer learning, and attention mechanisms for Alzheimer's disease
classification, setting a new benchmark [15].

Challenges and Future Directions: Polamuri et al. highlighted major obstacles in applying deep learning to medical
imaging, focusing on challenges such as limited data, variability, and strong evaluation techniques [16]. Galety et al.
investigated ethical and practical difficulties of deploying AI models in healthcare, emphasizing the importance of
generalizable and interpretable models [17]. Raju et al. analyzed the constraints of transfer learning in medical imaging,
pointing out domain mismatch and the need for fine tuning [18]. Srinivas et al. assessed the potential of data augmentation
and transfer learning in neuroimaging, and identified key research areas [19]. Kamidi et al. reviewed deep learning
approaches for Alzheimer's disease, highlighting potential hybrid strategies integrating data augmentation with transfer
learning [20].

3. METHODOLOGY:

Framework Overview: This study used the Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset, which includes
MRI and PET scans. Preprocessing Steps: Preprocessing involved normalizing pixel intensities and resizing images to 224
x 224 pixels for compatibility with pre-trained models. The dataset was split into 70% training, 15% validation, and 15%
testing datasets. Data Augmentation: To enhance model generalization, augmentation techniques included random rotations
(-15° to +15°), flips, scaling (0.9 x to 1.1 %), and brightness/contrast modifications. Transfer Learning: Pre-trained models
(ResNet-50, VGG-16, EfficientNet-BO0) initially trained on ImageNet were used. Fine-tuning involved replacing the final
classification layer with binary classification (AD vs. non-AD) and freezing the initial layers. Model Training: The Adam
optimizer, with a learning rate of 0.0001, was used. Training applied a binary cross-entropy loss over 50 epochs with early
stopping and a batch size of 32. Evaluation Metrics: Performance was assessed using accuracy, precision, recall, F1-score,
and AUC-ROC to evaluate the ability of the model to distinguish between AD and non-AD cases.

Flow of the Framework

Framework Overview

Data
Augmentation Output
Input Data Developing the
Enhancing data model using Presenting the final
Gathering initial data diversity to improve augmented and results or
for processing model performance preprocessed data predictions

Transfer Model Evaluation
Preprocessing Learning
Assessing the
Cleaning and Applying knowledge model's
preparing data for from previous performance and
analysis models to new tasks accuracy
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Implemented Algorithms: ResNet-50 is a deep convolutional neural network (CNN) with 50 layers, featuring residual
connections that mitigate vanishing gradient issues. This model was refined for Alzheimer's disease (AD) identification
using an enhanced dataset. VGG-16, a 16-layer CNN known for its straightforward design, is often used in medical imaging
and has been adapted for AD detection. EfficientNet-B0, a compact and efficient CNN that optimizes model depth, width,
and resolution, has also been tailored for AD detection.

Pseudocode for the suggested framework

Step 1: Load Dataset: Bring in the ADNI dataset containing MRI/PET scans.
Input: Original MRI/PET image.

- Output: Dataset comprising images and their labels (AD or non-AD).
Step 2: Data pre-processing

a. The scale pixel values are in the range of [0, 1].

b. The image size was adjusted to 224 x 224 pixels.

c. Divide dataset:

- Training set (70%)

- Validation set (15%)

- Test set (15%)

- Output: Preprocessed sets for training, validation, and testing.
Step 3: Enhance Training Data.

a. Implementation of Random Modifications

- Rotate: Between -15° and +15°.

Flip: Horizontally/vertical.

- Scale: From 0.9% to 1.1x.

Modify intensity: Brightness and contrast.

b. Augmented images incorporated

- Output: Enhanced training set.

Step 4: Load Pre-trained Model:

a. Choose a model (ResNet-50, VGG-16, EfficientNet-B0).
b. Detach the final classification layer.

c. A binary classification layer is introduced as follows:

- Units: 1

- Activation: Sigmoid

- Output: Altered model ready for fine-tuning.

Step 5: Model Fine-tuning.

a. Retain initial layers.

b. Train the upper layers:

- Optimizer: Adam (learning rate = 0.0001)

- Loss: Binary cross-entropy

- Batch size: 32

- Epochs: 50 (with early stopping)

c. Evaluation of the validation set after each epoch.

- Output: Fine-tuned model.

Step 6: Model Evaluation

a. Predicted labels for the test dataset.
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b. Compute metrics:

Accuracy: Percentage of correct classifications.
Precision: True positive/total predicted positives.

- Recall: True positives/total actual positives.

- F1-Score: Harmonic mean of precision and recall.
AUC-ROC: area under the ROC curve.

- Output: Performance metrics.

The effectiveness of the proposed framework was evaluated using several metrics: accuracy ( proportion of correctly
identified samples), precision ( ratio of true positives to total predicted positives), recall ( ratio of true positives to total
actual positives), F1-Score ( harmonic mean of precision and recall), and AUC-ROC ( area under the receiver operating
characteristic curve, which assesses the model's ability to distinguish between AD and non-AD cases). The table below
summarizes the performance results of the framework.

Table 1: Performance of the Proposed Framework is summarized

Models Accuracy|Precision/Recall[F1-Score|] AUC-ROC
ResNet-50 92.5% [91.8% [92.3%92.0% |0.96
VGG-16 90.2% 89.5% [90.0%|89.7% (0.94
EfficientNet-BO 93.8% [93.2% [93.5%93.3% |0.97
Baseline (No Augmentation, No Transfer Learning)(85.0% [84.0% |84.5%84.2% |0.89

Results Analysis: The ResNet-50, VGG-16, and EfficientNet-B0 models surpassed the baseline model, which lacked data
augmentation and transfer learning. The baseline reached 85.0% accuracy, whereas the proposed framework, especially
with EfficientNet-B0, achieved 93.8%, highlighting the advantages of data augmentation and transfer learning.
EfficientNet-B0 delivered the most impressive outcomes: 93.8% accuracy, 93.2% precision, 93.5% recall, 93.3% F1-score,
and 0.97 AUC-ROC. ResNet-50 performed well, with an accuracy of 92.5% accuracy and 0.96 AUC-ROC. VGG-16
achieved 90.2% accuracy and 0.94 AUC-ROC, likely owing to its simpler architecture. The proposed framework showed
strong performance in the test set, indicating effective generalization. High AUC-ROC values (> 0.94) suggest that the
models were adept at distinguishing between AD and non-AD cases. Data augmentation was crucial for improving the
performance by diversifying the training data and reducing overfitting. The baseline model without augmentation achieved
an accuracy of 85.0%, whereas the models with augmentation achieved an accuracy of over 90%. Transfer learning enables
the use of pre-trained features, reducing the need for extensive training from scratch, which is particularly advantageous
given the limited ADNI dataset size.

Table 2: Proposed Framework Outperforms Several State-of-The-Art Methods for Early Alzheimer’s Detection
Method Accuracy]AUC-ROC

Proposed Framework (EfficientNet-B0)93.8% (0.97

CNN with Data Augmentation 90.5% |0.94
Transfer Learning (ResNet-50) 91.2% |0.95
Multi-Modal Deep Learning 92.0% |0.96

Visualization of Results: Confusion Matrix: Below confusion matrix for the top-performing model, EfficientNet-BO.

Table 3: best-performing model (EfficientNet-B0)
Predicted AD Predicted Non-AD

Actual AD 93.5% 6.5%
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Actual Non-AD 6.2% 93.8%

The ROC curve for EfficientNet-BO demonstrated an impressive Area Under the Curve (AUC-ROC) of 0.97, reflecting
outstanding classification capabilities. Analysis of the training and validation loss curves revealed that the model converged
without signs of overfitting, which was achieved through strategic data augmentation and early stopping methods.

4. CONCLUSION:

This study introduces a novel framework for the early identification of Alzheimer's disease, using data augmentation and
transfer learning to address limited data and high variability. The experimental results highlight the effectiveness of this
method and its potential for clinical use. This framework advances the development of more dependable diagnostic tools
by enhancing the precision and efficiency of Alzheimer's disease detection. Combining data augmentation and transfer
learning significantly boosts the accuracy and efficiency of early detection. The results show that EfficientNet-B0 delivers
outstanding performance, achieving 93.8% accuracy and 0.97 AUC-ROC. This framework provides a reliable tool for the
early diagnosis of AD. Future studies should focus on broadening the framework to include multimodal data, investigating
advanced augmentation techniques, such as GANSs, to improve model performance, and developing methods to interpret
model predictions and enhance reliability for clinical practitioners.
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