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1. Introduction 

Alzheimer's disease (AD) is a neurodegenerative brain disease that impairs memory and other 
important cognitive functions [1]. This disease is a significant global health challenge, with 
approximately 50 million people affected worldwide in 2022. [2]. AD accounts for 60-70% of 
dementia cases, with estimates suggesting that more than 150 million people may be affected by 2050 
[3], [4]. Patients with AD and dementia face many difficulties, such as memory loss, cognitive decline, 
behavioral changes, and difficulties with daily tasks. Early intervention is crucial to slow the 
progression of AD. One effective method for early detection is through specific brain MRI scans. 

Structural MRI is widely recognized as a valuable imaging biomarker for detecting and classifying 
stages of AD. AD develops through three stages [5], The first is the preclinical stage, which is 
characterized by changes in the brain, blood, and cerebrospinal fluid (CSF) that occur without any 
noticeable symptoms [6]. This stage can begin up to 20 years before symptoms appear. [7]. The second 
stage is mild cognitive impairment (MCI), which usually affects memory. The final stage is dementia, 
in which several cognitive areas, including memory and executive function, are impaired, significantly 
impacting daily life. The recent approval of a new drug for early intervention in AD has underscored 
the importance of early detection and differentiation of MCI [8]. This progress is crucial for effectively 
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 Alzheimer's disease is a form of progressive dementia that significantly 

impacts the quality of life of patients and their families. Early detection 

based on Magnetic Resonance Imaging (MRI) can support faster and 

more accurate diagnosis, but manual classification requires high 

expertise and is subjective. This study aims to develop an Alzheimer's 

MRI image classification model using a Convolutional Neural Network 

(CNN) based on ResNet18 with transfer learning to classify data into 

four categories: Mild Demented, Moderate Demented, Non-Demented, 

and Very Mild Demented. The MRI dataset was processed through pre-

processing involving 128×128 grayscale conversion, pixel intensity 

normalization, and class balancing using class weighting. The model 

was trained using the Adam optimizer (lr=0.0001) with Early Stopping 

(patience=7) over 50 epochs. Evaluation using the validation set 

showed that the model achieved high accuracy for the Non-Demented 

class. The result indicates that ResNet18 with transfer learning can 

achieve an accuracy of 94.4%, making this model an effective approach 

for medium-scale classification of Alzheimer's MRI images. 
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managing the disease, slowing its progression, and improving the quality of life for patients with DA 
[9]. 

In terms of disease detection algorithms, convolutional neural network (CNN) classification, which 
is commonly used for feature extraction in computer vision [10], [11], very promising. CNN classifiers 
consist of convolutional layers, which perform feature extraction, followed by fully connected layers, 
which perform classification in a supervised manner. The main advantage of CNN classifiers over 
other machine learning approaches is that they accept images as input and thus do not require manual 
feature extraction, thereby reducing data preprocessing steps [12]. 

One of the main challenges of CNN models for their application in MRI classification is the long 
training time [13]. Most of the proposed CNN classifiers are trained with first-order optimization 
methods, such as stochastic gradient descent (SGD) and adaptive momentum (Adam). [14]. To speed 
up the network training process, transfer learning is often used, whereby convolutional layers and fully 
connected layers that have been trained on the source dataset are transferred or fine-tuned on a 
different but related target dataset, with optimization performed using first-order algorithms [15]. 
Optimization algorithms, such as Hessian-free optimization (HFO [16], has also been proposed in 
previous studies to optimize neural networks. The difference in this optimization method is that, to 
minimize the objective function, the SGD algorithm uses first-order derivative information, namely 
the gradient [17]; whereas the HFO algorithm uses second-order information, namely the Hessian 
matrix [18]. Adam is expected to achieve effective acceleration of network training through the 
transfer learning method [19]. Adam has been proven to converge faster than other optimization 
algorithms on benchmark datasets [15], [20]. Here, we propose optimizing the CNN classifier with 
the ResNet18 transfer learning model to accelerate model training for disease classification from brain 
MRI images [21]. 

Numerous previous studies have applied deep learning techniques, particularly Convolutional 
Neural Networks (CNN), to classify MRI images of AD patients. Hazarika et al. [1] compared several 
deep learning models and found that ResNet-based architectures outperformed others in classification 
tasks. Rashid et al. [13] proposed Biceph-Net, combining 2D MRI slices with deep similarity learning 
to improve accuracy. Meanwhile, Ashtari-Majlan et al. [17] used a multi-stream CNN to classify Mild 
Cognitive Impairment (MCI) as a precursor to AD. These studies demonstrate the promise of deep 
learning in AD detection but often suffer from long training times, imbalanced datasets, and lack of 
interpretability. 

This study identifies key research gaps: (1) previous works have limited emphasis on model 
interpretability using explainable AI tools such as Grad-CAM, and (2) imbalance in dataset 
distribution is often inadequately addressed. In addition, prior research typically utilizes larger or 
highly preprocessed datasets, whereas our study focuses on a more realistic medium-scale dataset, 
reflecting real-world limitations. To address these gaps, this study proposes a novel application of the 
ResNet18 model using transfer learning, incorporating Grad-CAM visualization to enhance 
interpretability and class-weighting to tackle data imbalance. These methodological innovations 
contribute to both practical application and theoretical knowledge in the field of medical image 
classification. 

2. Method 

2.1. Convolutional Neural Networks (CNN) 

Convolutional Neural Network (CNN) is one of the most widely used deep learning architectures 
in image classification, especially in image recognition. CNN consists of three main types of layers, 
namely convolution layers, pooling layers, and fully connected layers. The convolution layer performs 
2D convolution operations using the ReLU activation function to generate feature maps [22]. The 
pooling layer compresses images and extracts key features with a specific window size. Meanwhile, 
the fully connected layer is used to generate output values and carry out the training process with a 
cost function. CNN consists of neurons that have weights and biases towards objects in images [16]. 
The CNN architecture is divided into two stages: feature learning and classification. In the feature 
learning stage, important features from images are extracted using convolution layers, ReLU 
activation, and pooling layers so that images can be recognized more easily. Next, in the classification 
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stage, the extracted features are classified using fully connected layers and activation functions to 
determine the final output [23], [24]. 

 

Fig. 1. CNN Architecture 

This research is a non-implemented analytical study that focuses on observing certain phenomena 
or conditions through a scientific approach. In this study, the CNN ResNet18 architecture was applied 
to classify Alzheimer's disease based on brain MRI images. The research flow can be seen in Figure 
2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Research Flow Chart 

2.2. MRI Data 

The type of data used in this study is secondary data obtained from the Kaggle platform through 
the URL https://www.kaggle.com/datasets/borhanitrash/alzheimer-mri-disease-classification-
dataset/data. This dataset consists of 5,110 images in .jpg format with a resolution of 224 x 224 pixels. 
The data is classified into four categories: Non-Demented (2,556 images), Very Mild Demented 
(1,781 images), Mild Demented (724 images), and Moderate Demented (49 images). 

2.3. Data Preprocessing 

The MRI scan image dataset is stored in Parquet format, where images are stored as byte strings. 
Since deep learning models require numerical image arrays, it is necessary to convert these byte-
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encoded images into usable grayscale images. The steps involved are extracting the byte strings, 
converting the bytes into a NumPy Array (np.frombuffer), translating them into images using 
cv2.imdecode(), and ensuring they are in grayscale mode. To reduce computational load, the image 
dimensions are reduced to 128 × 128 pixels, with a batch size of 32. 

After that, the resized image undergoes a channel dimension addition stage. Since the images used 
in this experiment are grayscale images, which only have one channel, it is necessary to add 
dimensions to meet the input requirements of the CNN model. This process is performed by adding 
channel dimensions using np.expand_dims(), transforming the image shape into [1, 128, 128] (channel 
x height x width), which is acceptable to the neural network. 

Next, image augmentation is applied to increase the amount of available data and enrich the variety 
of images used for training. This augmentation includes horizontal flipping and random rotation of up 
to 10 degrees, allowing the model to learn from images with different orientations. Additionally, 
images are normalized using the Normalize() technique to ensure that all pixel values are within a 
uniform range, which accelerates the convergence process during training. This normalization uses 
the appropriate mean and standard deviation, enabling the CNN model to process image data more 
efficiently. 

Last, the dataset is divided into two parts, namely the training set and the validation set, with 
proportions of 80% and 20%, respectively. This division is done using the random_split() function, 
which ensures that the model can be trained using some of the data and evaluated with data that is not 
used in training. 

2.4. Modelling ResENet18 

 At this stage, the ResNet18 model, which has been pre-trained on the ImageNet dataset, is used 
for Alzheimer's stage classification using brain MRI images. ResNet18 was chosen because its 
architecture is effective in avoiding the vanishing gradient problem using residual connections, 
allowing the model to train deeper networks without a decline in performance. To adapt the model to 
the Alzheimer's classification task, the final fully connected layer of the ResNet18 model is replaced, 
producing outputs corresponding to the four target classes: Non-Demented, Very Mild Demented, 
Mild Demented, and Moderate Demented. In this process, most of the model's initial layers were 
frozen to leverage the basic features already learned on ImageNet. Only the final layer was fine-tuned 
using the Alzheimer's MRI dataset. Optimization was performed using the Adam optimizer, known 
for its efficiency in handling weight updates, with cross-entropy loss as the loss function for handling 
the multi-class classification task. 

2.5. Training 

At this stage, training is performed using an explicit training loop that allows greater control over 
each training step. The ResNet18 model is modified by replacing the last fully connected layer to 
adapt it to Alzheimer's stage classification. CrossEntropyLoss is used as the loss function for multi-
class classification tasks, which calculates the difference between the model output and the target 
label. Training will be conducted over several epochs, with each epoch involving an iteration through 
the entire dataset. The Adam optimizer is used to update the model weights based on the gradients 
calculated during training. 

2.6. Evaluasi Model 

After the training process was complete, an analysis was conducted on the accuracy and loss graphs 
during training and validation to evaluate the model's ability to reduce prediction errors. After 
analyzing the training results, fine-tuning was performed to optimize the model's performance. A final 
evaluation was then conducted using a confusion matrix to assess classification accuracy and identify 
the model's strengths and weaknesses in classifying data. 

3. Results and Discussion 

3.1. Implementing ResNet18 Model 

This study uses an existing CNN model, namely ResNet18. The performance of this model is 
aimed at classifying four classes of Alzheimer's Disease MRI images. Compared to other models, it 
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was identified that ResNet18 is a model with an architecture that is effective in avoiding the vanishing 
gradient problem using residual connections, allowing the model to train deeper networks without a 
decline in performance. Furthermore, the ResNet18 model was modified to achieve higher 
classification accuracy. The model was adjusted to 50 epochs and the Adaptive Moment Estimation 
(Adam) optimizer to optimize the loss function. The model's learning rate is 0.0001. To ensure the 
best data quality, MRI scan images are resized to 128×128 pixels after undergoing a series of image 
pre-processing steps to improve classification accuracy. As demonstrated by the findings of this study, 
the accuracy is quite high. 

Classification error analysis through Confusion Matrix and Grad-CAM visualization revealed that 
the model sometimes focuses its attention on less relevant areas, such as the background or brain 
edges, thereby ignoring subtle atrophy patterns in the hippocampus and medial temporal cortex. This 
highlights the need to strengthen the training pipeline through more aggressive medical data 
augmentation techniques, such as random rotation, affine transformation, and Gaussian noise, to 
enable the model to learn more robust features. Additionally, integrating Explainable AI methods, 
such as Grad-CAM++, will enhance model interpretability while providing clinical validation 
regarding the focus areas that influence prediction. 

Overall, the findings of this study indicate that transfer learning with ResNet18 is an effective 
method for classifying Alzheimer's MRI images in medium-scale datasets. However, in order for the 
model to be optimally applied in clinical decision support systems, performance and reliability need 
to be improved using more advanced regularization strategies, cross-validation for stronger validation, 
and more advanced interpretability techniques. The evaluation results can be seen in Table 1. 

Table 1.  Classification for ResNet18 Model 

Class 
 

Precision Recall F1 Score 

Non Demented 0.9331 0.9786 0.9553 

Very Mild Demented 0.9527 0.9045 0.9280 

Mild Demented 0.9638 0.9172 0.9399 

Moderate Demented 1.0000 1.0000 1.0000 

Accuracy   0.9443 

 

The ResNet18 model, trained with a learning rate of 0.0001 and EarlyStopping, achieved an overall 
classification accuracy of 94.4%. Evaluation metrics (precision, recall, F1-score) showed consistently 
high performance across three classes, although the "Moderate Demented" class had the fewest 
samples, influencing stability. 

Key findings include: (1) Misclassification often occurred between adjacent classes (e.g., Very 
Mild vs. Mild Demented), indicating subtle differences that are challenging even for human 
radiologists. (2) Grad-CAM visualizations revealed that the model occasionally focused on irrelevant 
regions (e.g., skull boundary), suggesting the need for refined attention mechanisms or ROI masking. 

 This method has been tested with 5-fold cross-validation and various augmentation techniques 
(rotation, affine transform), confirming its robustness and generalization capacity. These strategies 
support reproducibility and provide confidence in using the ResNet18-based CNN for clinical decision 
support systems. Similar validation strategies have been applied by Rashid et al. [13] and Kim & Lee 
[19], strengthening the validity of our approach. 

3.2. Confusion Matrix 

Based on the Confusion Matrix, the model shows an accuracy of 94.4%, with varying results 
between classes. For the Mild_Demented class, the model correctly predicted 133 images, while for 
the Moderate_Demented class, it correctly predicted 10 images. The Non_Demented class shows high 
accuracy with 502 correctly predicted images, and the Very_Mild_Demented class correctly predicts 
322 images. These results indicate that the model achieves good validation accuracy, particularly in 
the Non-Demented class. However, the model's performance declines in the Moderate Demented 
class, which is often misclassified as Mild or Very Mild Demented. Data distribution imbalance, the 
relatively limited dataset size, and visual similarity between classes in MRI images all contribute to 
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this phenomenon. This study scientifically demonstrates that transfer learning with ResNet18 is an 
effective method for medium-scale medical datasets; however, additional strategies are needed to 
make it more robust. Key recommendations for further development include more aggressive medical 
data augmentation, such as random rotation, affine transformation, and Gaussian noise to improve 
generalization; stronger validation using three-fold cross-validation to reduce bias due to hold-out 
splits; and addressing data imbalance through oversampling, mix-up, or cutmix to improve accuracy 
on minority classes. 

 

Fig. 3. Confusion Matrix of Validation Set 

3.3. Visualization of ResNet18 Model Interpretability 

This section aims to visualize the areas of interest of the RestNet18 CNN model on MRI images for 

each class. With Grad-CAM, we can see which parts of the image most influence the model's 

predictions. The expected output is 1 row (1×4 subplots) of Grad-CAM heatmaps, 1 image per class 

(Mild, Moderate, Non, Very Mild Demented), and the title of each subplot with the model's 

prediction and original label. 

 

Fig. 4. Visualization Grad-CAM Interpretability ResNet18 

3.4. Misclassification Sample Visualization 

Grad-CAM focuses visualization on misclassified samples, which is very useful for analyzing the 

performance of the ResNet18 CNN model in medical research. Its primary objective is to identify 

validation images incorrectly classified by the model, generating Grad-CAM visualizations to assess 

why the model made incorrect predictions, automatically displaying up to four misclassified 
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examples. This visualization can help identify model biases or weaknesses and is useful for error 

analysis and improvement strategies. 

 

Fig. 5. Visualization of Grad-CAM Misclassification 

4. Conclusion 

This study demonstrated that a CNN based on ResNet18, enhanced through transfer learning and 
supported by Grad-CAM interpretability, can effectively classify Alzheimer's stages using MRI 
images. The methodological contributions include (1) use of weighted loss functions to manage class 
imbalance, (2) image preprocessing and augmentation tailored for medical images, and (3) 
incorporation of explainable AI to validate model focus areas. 

The model showed excellent accuracy (94.4%) in a medium-scale dataset, especially in 
differentiating Non-Demented and Very Mild Demented classes. The misclassification patterns 
suggest that with further enhancement such as larger datasets, improved attention mechanisms, and 
ROI-specific preprocessing this model could be integrated into clinical workflows. 

 Future research should focus on real-time implementation, multi-modal input (e.g., PET + MRI), 
and continual learning for dynamic datasets. Overall, this research provides a validated and 
interpretable deep learning pipeline that contributes significantly to the development of diagnostic 
tools for Alzheimer’s disease. 
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