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Abstract 
 
Alzheimer’s disease is a progressive brain disorder that causes memory loss and cognitive 
decline, affecting millions of people worldwide. Early detection is critical for slowing the 
disease's progression and improving patient outcomes. Magnetic Resonance Imaging 
(MRI) is widely used to identify brain changes associated with AD, but subtle abnormalities 
in the early stages are often difficult to detect using traditional methods. In this study, we 
used a deep learning approach with a model called ResNet-50 to analyze MRI scans and 
classify patients into four categories: Non-Demented, Very Mild Demented, Mild 
Demented, and Moderate Demented. The model was trained using MRI images, achieving 
an accuracy of 95.63%, with strong sensitivity, precision, and specificity. To make the 
model’s predictions understandable for healthcare professionals, we applied a technique 
called Grad-CAM, which highlights areas of the brain that influenced the model’s 
decisions. These visual explanations help clinicians see and trust the reasoning behind 
the AI's results. While the model performed well overall, misclassifications between 
adjacent disease stages were observed, likely due to class imbalance and subtle brain 
changes. This study demonstrates that explainable AI tools can improve early detection 
of Alzheimer’s disease, supporting clinicians in making accurate and timely diagnoses. 
Future work will focus on expanding the dataset and combining MRI with other clinical 
information to enhance the tool's reliability in real-world settings. 
 

 

Copyright: © 2024 by the authors. This is an open-access article distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

Alzheimer’s disease is a progressive neurodegenerative 
disorder characterized by cognitive decline, memory loss, 
and behavioral changes [1, 2]. It is the most common 

cause of dementia, affecting 50 million individuals 
globally [3, 4]. As the disease progresses, it severely 
impacts the quality of life of patients and places 
significant emotional and financial strain on caregivers 
and healthcare systems [5–7]. Early detection of 
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Alzheimer’s disease is important because it allows for 
timely interventions, such as initiating medications to 
slow cognitive decline, implementing lifestyle changes to 
preserve brain function, and providing patients and 
caregivers with resources for planning and support. 

Current methods for detecting Alzheimer’s disease rely 
heavily on medical imaging techniques such as Magnetic 
Resonance Imaging (MRI) [8]. MRI scans identify 
structural brain abnormalities, such as atrophy in specific 
regions associated with the disease. However, 
conventional analysis of MRI images often requires highly 
specialized expertise and significant time, making early 
detection challenging in clinical practice. Moreover, 
subtle changes in the brain can be difficult to identify in 
the early stages of the disease. 

With the rapid advancements in Artificial Intelligence (AI), 
particularly in the domains of deep learning and machine 
learning, the potential to revolutionize Alzheimer’s 
disease detection has significantly increased [9, 10]. AI 
refers to machines' simulation of human intelligence, 
encompassing the ability to process information, learn 
from data, and make decisions [11, 12]. Deep learning is 
a key subset of AI, which involves neural networks 
capable of automatically extracting and learning complex 
patterns from large datasets [13]. Deep learning models 
are especially well-suited for analyzing medical imaging 
data, enabling the identification of intricate patterns and 
biomarkers that may not be readily apparent to human 
experts. These capabilities allow for faster and potentially 
more accurate detection of Alzheimer’s disease, even in 
its earliest stages. Importantly, AI does not aim to replace 
doctors but rather to assist them by providing powerful 
tools that enhance their ability to diagnose and treat 
patients efficiently. 

Recent studies have utilized deep learning techniques for 
the early detection and classification of AD, leveraging 
MRI brain imaging for diagnosis. Orouskhani et al. [14] 
proposed a novel deep triplet network inspired by 
VGG16, employing a conditional loss function to address 
limited sample availability and improve accuracy, 
outperforming state-of-the-art models on the OASIS 
dataset. Salehi et al. [15] implemented a Convolutional 
Neural Network (CNN) for classifying Alzheimer's disease 
using the ADNI dataset, achieving an impressive 99% 
accuracy, highlighting the superiority of deep learning 
over traditional machine learning for large medical 
datasets. Similarly, Saratxaga et al. [16] developed a deep 
learning-based method achieving a balanced accuracy of 
up to 0.93 for automated diagnosis and disease staging 
using the OASIS dataset, surpassing previous approaches 
and demonstrating the robustness of deep learning in 
Alzheimer's disease diagnosis. 

However, despite these promising advancements, many 
AI systems operate in ways that can be difficult to 
interpret or explain [17]. This lack of transparency poses 
challenges for clinical adoption, as healthcare 
professionals need to trust and understand the 
reasoning behind AI-generated predictions. To address 
these challenges, Explainable Artificial Intelligence (XAI) 
has emerged as an important field [18]. XAI focuses on 
creating systems that provide clear, interpretable, and 
actionable insights into how decisions are made. This 
transparency is vital in medical applications, where 
clinicians and patients must understand the rationale 
behind diagnoses and predictions. By offering 
interpretable and trustworthy AI tools, XAI bridges the 
gap between advanced computational models and 
clinical practice, ensuring trust, informed decision-
making, and improved healthcare outcomes in 
Alzheimer’s detection. 

This study aims to improve early detection of Alzheimer’s 
disease by using XAI methods applied to MRI data. The 
goal is to create an AI system that is not only accurate but 
also easy for healthcare professionals to interpret and 
apply in their practice. By focusing on transparency and 
usability, the study seeks to make advanced 
computational tools more practical and reliable for 
clinical use. This approach is expected to support early 
diagnosis of Alzheimer’s disease, provide clearer insights 
into its progression, and help develop more personalized 
and effective treatment strategies for patients. 

2. Materials and Methods 

2.1. Dataset 

The dataset used in this study was retrieved from the 
Mendeley Data repository, published by Yakkundi [19]. It 
is divided into four classes: Non-Demented, Very Mildly 
Demented, Mildly Demented, and Moderately Demented. 
This dataset was chosen due to its clear categorization 
and publicly available, ensuring accessibility and 
comparability. The distribution can be seen in Table 1, 
and an overview of the MRI images for each class is 
shown in Figure 1. 

To prepare the dataset for the study, the MRI images 
were resized to 224 by 224 pixels to ensure uniformity in 
input dimensions for the AI models. The images were 
then normalized to scale pixel values to a range of zero 
to one, a standard preprocessing step to improve the 
performance and convergence of deep learning 
algorithms. 

The dataset was subsequently split into three subsets: 
70% for training, 20% for validation, and 10% for testing. 
This resulted in 4,480 images for training, 1,280 images 
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Table 1. Distribution of the early Alzheimer's disease MRI dataset 

Class Number of Samples 
Non-Demented 3,200 

Very Mild Demented 2,240 
Mild Demented 896 

Moderate Demented 64 
 

    
    

(a) (b) (c) (d) 

Figure 1. Representative MRI images for each class, (a) Non-Demented, (b) Very Mild Demented, (c) Mild Demented, and (d) Moderate 
Demented. 

 
Table 2. Training parameters summary. 

Parameter Value 
Loss Function Cross-Entropy Loss 
Optimizer Adam 
Learning Rate 0.0001 
Weight Decay 1.00 × 10-6 
Maximum Epochs 100 
Early Stopping Patience 10 epochs 

for validation, and 640 images for testing. The training set 
was used to train the deep learning models, the 
validation set was utilized for hyperparameter tuning and 
monitoring training performance, and the testing set was 
reserved exclusively for evaluating the final model's 
performance. To ensure unbiased evaluation, samples in 
the testing set were excluded from the training and 
validation sets. 

2.2. Deep Learning Model 

This study used ResNet-50, a popular deep-learning 
model well-suited for image classification tasks [20]. 
ResNet-50, short for Residual Network with 50 layers, is a 
type of CNN designed to process and analyze visual data 
like images. What makes ResNet-50 particularly effective 
is its use of "residual connections." These connections 
allow the model to skip certain layers during processing, 
which helps it learn more efficiently and prevents 
performance issues that often arise as networks become 
deeper and more complex. In this study, ResNet-50 was 
specifically chosen for its ability to extract meaningful 
features from images, making it ideal for detecting the 
subtle patterns in MRI scans required for early 
Alzheimer’s diagnosis. Compared to other models, it 
offers an excellent balance between depth, 
computational efficiency, and accuracy, which is crucial 

for effectively handling high-dimensional medical 
imaging data. 

To adapt ResNet-50 for our task of classifying MRI images, 
we customized the model to focus on our specific needs. 
First, we used a pre-trained version of ResNet-50 that had 
already learned general image features from a large and 
diverse dataset. This technique, called transfer learning, 
allows us to benefit from the model's prior knowledge, 
enabling faster training and better performance with a 
relatively small dataset. 

Next, we optimized the model by freezing the early layers 
responsible for detecting basic image features such as 
edges and textures. These layers do not need retraining, 
as they are already well-suited for general image 
processing. Only the final block of layers, which 
specializes in more task-specific patterns, was left 
trainable. Additionally, the original fully connected output 
layer of ResNet-50 was replaced with a custom output 
layer tailored to classify the images into the four required 
categories. This new layer included a dropout mechanism 
to prevent overfitting and a dense layer to output 
predictions for the classes. The training process used the 
parameters summarized in Table 2. 

During training, the loss function used was cross-entropy 
loss, which measures the difference between the 
predicted and actual class labels and helps guide the 
model to improve its predictions. The Adam optimizer 
was employed to adjust the model's parameters based 
on the loss, with a learning rate set to 0.0001 and a small 
weight decay to reduce overfitting. 

The training process was carried out over a maximum of 
100 epochs, but early stopping was implemented to 
monitor the model’s performance on the validation 
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dataset. Early stopping ensures that the training stops 
automatically if the model does not improve for ten 
consecutive epochs. This avoids overtraining and saves 
computational resources. Additionally, the best-
performing model based on validation accuracy was 
saved at the end of each epoch. Once the training was 
complete, this saved model was loaded for final 
evaluation on the test dataset. This carefully designed 
process ensured the ResNet-50 model was accurate, 
efficient, and robust for detecting Alzheimer’s disease 
from MRI scans. 

2.3. Evaluation of Model Performance 

The model's performance was evaluated using five key 
metrics: accuracy, precision, sensitivity, specificity, and 
F1-score [21]. Since this study involves multiclass 
classification, all metrics were calculated using a 
weighted average to account for the class imbalance in 
the dataset [22]. In a weighted average, the contribution 
of each class to the overall metric is proportional to the 
number of samples in that class. This approach ensures 
that metrics for smaller classes, such as Moderate 
Demented, are not overshadowed by metrics for larger 
classes. 

Accuracy represents the proportion of correctly classified 
samples across all classes. It is calculated as the ratio of 
the sum of true positives and true negatives to the total 
number of samples. Precision measures the proportion 
of correctly predicted positive samples among all 
samples predicted as positive for each class, weighted by 
the number of samples in each class. Sensitivity, also 
known as recall, calculates the proportion of true positive 
predictions out of the actual positive samples for each 
class, again weighted by class size. Specificity quantifies 
the ability to correctly identify negative samples, 
reflecting how well the model avoids false positives. 
Finally, the F1-score combines precision and sensitivity 
into a single metric by calculating their harmonic mean, 
providing a balance between these two measures. The 
formulas for each metric are shown in Equation 1-5, 
respectively: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ∑ 𝑤𝑖

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖

𝑁

𝑖=1

 (2) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = ∑ 𝑤𝑖

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝑁

𝑖=1

 (3) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = ∑ 𝑤𝑖

𝑇𝑁𝑖

𝑇𝑁𝑖 + 𝐹𝑃𝑖

𝑁

𝑖=1

 (4) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = ∑ 𝑤𝑖

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑖

𝑁

𝑖=1

 (5) 

where 𝑁 represents the total number of classes, 𝑤𝑖 the 
weight of each class calculated as the proportion of 
samples in that class, and 𝑇𝑃𝑖, 𝑇𝑁𝑖, 𝐹𝑃𝑖 , 𝐹𝑁𝑖  refer to the 
true positives, true negatives, false positives, and false 
negatives for class 𝑖, respectively. 

2.4. Explainable Artificial Intelligence 

We used Gradient-weighted Class Activation Mapping 
(Grad-CAM) to make the deep learning model 
interpretable. Grad-CAM is commonly applied in medical 
imaging to provide visual explanations for CNNs 
predictions. It highlights the regions of an input image 
that contribute most to the model's decision, helping 
researchers and clinicians understand the basis of the 
AI's outputs [23]. 

Grad-CAM works by using the gradients of the target class 
with respect to the final convolutional layer of the model. 
These gradients are used to calculate weights for the 
layer's feature maps. A heatmap is then generated by 
combining the feature maps with these weights, showing 
the areas of the brain MRI that influenced the model’s 
classification [24]. 

In this study, Grad-CAM was applied to the predictions of 
the ResNet-50 model. The resulting heatmaps were 
examined to verify that the highlighted regions 
corresponded to relevant anatomical structures. This 
approach ensures that the model’s predictions are 
accurate and interpretable, making it a practical tool for 
clinical use [25, 26]. 

3. Results and Discussion 

The model was trained for 35 epochs, and early stopping 
was implemented to monitor validation loss. Early 
stopping was triggered at epoch 35 as the validation loss 
showed no significant improvement, ensuring that the 
model stopped training at an optimal point to avoid 
overfitting. 

The training and validation loss curves over the 35 epochs 
are shown in Figure 2. The training loss decreases 
consistently and stabilizes near zero, indicating effective 
learning on the training dataset. In contrast, the 
validation loss drops sharply during the initial epochs, 
reflecting rapid learning and generalization. However, as 
training progresses, the validation loss begins to 
fluctuate, signaling that the model starts to overfit slightly 
to the training data. Despite this fluctuation, the 
validation loss remains relatively low due to the early 
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Figure 2. Training and validation loss curves over 35 epochs. 

 

Figure 3. Training and validation accuracy curves over 35 epochs. 

 

Figure 4. Performance metrics of the ResNet-50 model for Alzheimer’s disease detection. 
 
stopping mechanism, which prevents further 
degradation of generalization performance. 

The training and validation accuracy curves are displayed 
in Figure 3. The training accuracy rises steeply during the 
first few epochs and stabilizes around 99%, showing that 
the model successfully learns the patterns within the 
training data. The validation accuracy increases sharply in 
the early stages and stabilizes between 90% and 95%, 
suggesting strong generalization on unseen data. The 
fluctuations observed in validation accuracy, especially in 
later epochs, align with the trends seen in the validation 
loss. This behavior indicates the model performs well 
overall but exhibits minor instability due to the relatively 
small validation set size or the class imbalance present in 
the dataset. 

The performance of the model was evaluated using 
accuracy, precision, sensitivity, specificity, and F1-score, 
as shown in Figure 4. The model achieved an accuracy, 
precision, and sensitivity of 95.63%, indicating consistent 
performance across different metrics. The slightly higher 
specificity of 97.06% reflects the model’s strong ability to 
correctly identify negative samples, which is particularly 
important in medical applications to avoid false positives. 
The F1-score, which balances precision and sensitivity, 
was 95.62%, demonstrating the model’s robust overall 
performance despite class imbalance. 

Figure 5 shows the confusion matrix for the model’s 
predictions. It provides a breakdown of correctly and 
incorrectly classified samples across the four classes: 
Non-Demented, Very Mild Demented, Mild Demented, 
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Figure 5. Confusion matrix of the ResNet-50 model predictions for Alzheimer’s disease classification. 
 
and Moderate Demented. The results show that the 
model performs well overall but struggles with 
misclassifications between adjacent stages of Alzheimer’s 
disease. 

The model correctly classified 310 out of 320 samples for 
the Non-Demented class. However, 9 samples were 
misclassified as Very Mild Demented, and 1 sample as 
Mild Demented. These errors likely stem from subtle 
structural changes in brain MRI images that overlap with 
the early stages of dementia. Such overlaps can make 
distinguishing between healthy individuals and those in 
the very early stages of the disease challenging, even for 
advanced AI models. 

In the Very Mild Demented class, the model correctly 
classified 203 out of 216 samples, but 10 were incorrectly 
labeled as Non-Demented and 3 as Mild Demented. The 
misclassification between Very Mild Demented and Non-
Demented may be due to the subtle progression of brain 
changes in the early stages of Alzheimer’s, where some 
features still resemble those of healthy individuals. 
Similarly, errors between Very Mild and Mild Demented 
classes occur because these stages share overlapping 
characteristics, making it difficult for the model to draw 
clear boundaries. 

For the Mild Demented class, the model achieved 92 
correct predictions out of 96 samples, but 2 samples were 
misclassified as Non-Demented and another two 
samples as Very Mild Demented. These errors may be 
caused by the gradual nature of brain atrophy, where the 
structural differences between adjacent stages are not 
distinct enough in some cases. Misclassifications in this 
class highlight the challenge of distinguishing Mild 
Demented from both earlier and non-demented stages. 

In the Moderate Demented class, the model correctly 

classified 7 out of 8 samples, with 1 sample being 
misclassified as Very Mild Demented. The small size of 
this class, with only 8 samples available, likely contributed 
to the misclassification. With limited data, the model may 
struggle to generalize and learn the specific features of 
the Moderate Demented stage effectively. This highlights 
the impact of class imbalance on model performance, 
especially for underrepresented stages. 

The misclassifications observed in the confusion matrix 
predominantly occur between adjacent stages of 
Alzheimer’s disease, such as Non-Demented and Very 
Mild Demented or Very Mild Demented and Mild 
Demented. These errors are expected because 
Alzheimer’s progression is gradual, with overlapping 
features between neighboring stages. Additionally, the 
small sample size for the Moderate Demented class 
affects the model’s ability to recognize its distinct 
features. 

Figure 6 presents Grad-CAM visualizations for predictions 
made by the ResNet-50 model. The top row displays the 
original MRI images from different classes: Non-
Demented, Very Mild Demented, Mild Demented, and 
Moderate Demented. The bottom row shows the 
corresponding Grad-CAM heatmaps, highlighting the 
brain regions that influenced the model’s predictions. 

In the Non-Demented case, the Grad-CAM heatmap 
shows minimal activation in regions typically associated 
with Alzheimer’s disease, aligning with the absence of 
structural abnormalities. For the Very Mild Demented 
class, the highlighted areas show subtle activation 
regions, indicating the model’s focus on potential early 
signs of brain atrophy. In the Mild Demented case, the 
activation becomes more pronounced in specific brain 
regions, such as the hippocampus and surrounding 
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Original Image 

    

Grad-CAM 

    
 Actual: Non-Demented 

Predicted: Non Demented 
Confidence: 100% 

Actual: Very Mild Demented 
Predicted: Very Mild Demented 

Confidence: 100% 

Actual: Mild Demented 
Predicted: Mild Demented 

Confidence:100% 

Actual: Moderate Demented 
Predicted: Moderate Demented 

Confidence: 99% 

 

Figure 6. Grad-CAM visualizations of ResNet-50 predictions for Non-Demented, Very Mild Demented, Mild Demented, and Moderate 
Demented classes. The heatmaps highlight regions in the brain that contributed most to the model’s decision. 

 
areas, commonly associated with Alzheimer’s 
progression. For the Moderate Demented class, the Grad-
CAM heatmap highlights extensive regions of the brain, 
reflecting more advanced structural changes typically 
seen at this stage of the disease. 

The high confidence predictions across all four cases 
demonstrate the model’s ability to identify and focus on 
relevant regions of interest within the MRI scans. The 
Grad-CAM visualizations validate the correctness of the 
model’s predictions and provide a transparent 
explanation of its decision-making process. These 
insights are critical for clinical applications, as they help 
healthcare professionals interpret and trust the AI’s 
outputs. 

The findings of this study demonstrate the potential of 
deep learning models, specifically ResNet-50, in the early 
detection and classification of Alzheimer’s disease using 
MRI data. The high accuracy, precision, and sensitivity 
observed suggest that the model is capable of identifying 
subtle structural brain changes across different stages of 
the disease. This has significant clinical implications, as 
accurate and early detection can enable timely 
interventions, personalized treatment planning, and 
improved management of the disease. Furthermore, 
using Grad-CAM visualizations ensures interpretability, 
helping healthcare professionals trust the model's 
decisions by providing insights into the brain regions that 
influenced predictions. This interpretability is particularly 

important for building confidence in AI-based diagnostic 
tools in real-world clinical settings. 

The study has several limitations that should be 
addressed in future work. One significant issue is the 
class imbalance in the dataset, particularly for the 
Moderate Demented category, which had far fewer 
samples than other classes. This imbalance likely 
impacted the model’s ability to generalize well for this 
underrepresented stage, resulting in occasional 
misclassifications. To mitigate this, increasing the 
number of Moderate Demented samples or using data 
augmentation to expand the dataset artificially would be 
beneficial. Additionally, the study relied solely on MRI 
data for classification. While MRI provides valuable 
structural information, Alzheimer’s disease involves 
various factors. Incorporating additional data types, such 
as cognitive test scores, genetic markers, or functional 
imaging, could improve the model’s ability to distinguish 
between adjacent stages of the disease and enhance its 
overall performance. 

Another limitation was minor fluctuations in validation 
loss and accuracy during training, which suggest slight 
overfitting despite the use of early stopping. Addressing 
this could involve exploring regularization techniques like 
adjusting dropout rates or employing advanced 
optimization methods to improve generalization. 
Expanding the dataset by including images from diverse 
sources and demographics would further validate the 
model’s robustness. Future work should also focus on 
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expanding the dataset for later stages of Alzheimer’s 
disease and incorporating longitudinal MRI data to 
enable the prediction of disease progression over time. 
Exploring advanced architectures like transformers, 
multi-modal frameworks, or ensemble models may 
enhance performance. Lastly, clinical validation using 
real-world patient data will be critical to evaluate the 
model’s practical application in healthcare settings. 

4. Conclusions 

This study demonstrated the effectiveness of the ResNet-
50 deep learning model for the early detection and 
classification of Alzheimer’s disease using MRI data. The 
model achieved an accuracy of 95.63%, precision of 
95.63%, sensitivity of 95.63%, specificity of 97.06%, and 
an F1-score of 95.62%, indicating strong and consistent 
performance across all evaluation metrics. Grad-CAM 
visualizations provided interpretability by highlighting 
key brain regions influencing the model's predictions, 
ensuring transparency and clinical relevance. While 
challenges such as class imbalance, particularly in the 
Moderate Demented class, the results highlight the 
model's potential for real-world clinical applications. 
Future work should address class imbalance, incorporate 
multi-modal data, and validate the model on larger and 
more diverse datasets to improve robustness and 
generalizability. 
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