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Abstract

Recently, there has been interest in applying deep learning algorithms to identify Alzheimer’s disease (AD) in its early stages
using MRI. During our research, we implemented and benchmarked three deep learning architectures: a 3D convolutional
neural network (CNN), a hybrid CNN and long short-term memory (LSTM) network, and a 3D residual neural network
(ResNet). A total of 6,400 MRI images covering four stages of AD were used to train and evaluate the models. In the present
study, our most optimized and best-performing model, the 3D ResNet, was able to attain an average accuracy of 53.64% in
classifying all AD stages. Nonetheless, the model performed well in distinguishing mild to moderate dementia cases, while
non-demented and very mild dementia identification was not achieved with an early-stage predictive model. The research
was hindered by several essential factors, including class imbalance issues and the model's limited capacity to address
different stages of AD. We conclude that deep learning may enhance the accuracy of diagnosing Alzheimer’s disease;
however, significant improvements are still needed before it can be applied in clinical practice. It is recommended that
multimodal, longitudinal designs and other biomarkers be utilized in future studies to improve diagnostics.
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1. Introduction
Did you know that every 3 seconds, someone in the world develops dementia, with Alzheimer's disease (AD) accounting
for 60-70% of these cases [1]? These alarming statistics underscore the urgent need to develop more effective diagnostic
measures, particularly during the early stages of the disease process. Alzheimer's is a progressive neurodegenerative disease
that is now considered one of the most significant challenges to healthcare in the 21st century. The most common type of
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dementia, AD, is characterized by a decline in cognition and memory loss, and affects millions of people worldwide, with its
prevalence expected to triple by 2050 [2]. The worldwide threat posed by this disease primarily affects healthcare providers
and economies, rather than patients. Management has been one area where some progress has been made in understanding
the events surrounding AD, particularly its pathophysiology. Various cognitive tests and structural imaging techniques are
used to diagnose patients. Since no symptomatic or non-driver alterations become present, treatment options at this point not
only miss opportunities for treating the disease course and symptoms. In recent years, artificial intelligence and deep learning
techniques have proven to be beneficial in transforming the way medical imaging is analyzed. Since deep learning algorithms
can identify complex patterns and regularities in a dataset, they can significantly enhance the efficiency and speed of
diagnosing AD [3]. With the help of these modern computational possibilities, it may become possible to provide evidence
of brain changes associated with AD at very early clinical stages. The objective of this research is to investigate and propose
novel deep-learning methods for the early detection of Alzheimer’s disease. To achieve this objective, we aim to develop a
more accurate and deciphering targeting system by applying deep learning techniques to images of the nervous system. The
benefits of this work are expected to have significant consequences: patients will have better opportunities for activities of
daily living, which will positively impact their health and welfare, and the factors associated with drug design will also be
better understood. Furthermore, increasing life expectancy in a fast-growing global population will also result in prioritization
of the expenses and burdens imposed by AD. Methods that can be applied early to prevent unresponsive conditions from
worsening can benefit individuals and enable the densification of healthcare and supportive resources. By extending the
availability of AD diagnosis, this research is poised to revolutionize how we handle this deadly condition. In the following
sections, we examine the state of the art regarding AD diagnosis, learn the basics of deep learning related to medical imaging
from a theoretical perspective, and finally, describe our unique methodological contribution. Through extensive
experimentation and analysis, we demonstrate that the deep learning approaches we have developed can outperform
conventional diagnosis methods, thereby ushering in a new paradigm for AD detection and treatment.

2. Literature Review

Early detection of Alzheimer’s disease (AD) with deep learning algorithms can be viewed as a merger of neuroscience,
medical imaging, and artificial intelligence. This review will summarize the progression of AD diagnosis methods, the
introduction of machine learning in medical imaging fields, and the current state of deep learning applications for AD
diagnosis. Alzheimer's disease has been understood and diagnosed for quite an extended period. The first description of senile
dementia, by Alois Alzheimer in 1906, outlined the deposition of senile plaques and tangles in the brains of dementia patients,
as featured [4]. For a considerable period, even the most skilled specialists could only provide a definitive diagnosis post-
mortem. The last decades of the twentieth century saw significant advancements in this field. Structural Magnetic Resonance
Imaging (MRI), along with Positron Emission Tomography (PET), has become a practical imaging method for studying
neuroanatomical changes associated with Alzheimer's disease (AD) [5]. The modalities enabled the detection, in living
subjects, of either a reduction in brain volume due to atrophy or changes in glucose metabolism resulting from metabolic
processes. A significant reliance on expert human interpretation of these sophisticated images created opportunities for errors.
As computational power increased, researchers began to explore the application of various machine learning algorithms to
image interpretation. Initial efforts focused on conventional machine learning approaches, such as support vector machines
(SVMs) and Random Forests. Kloppel et al. [6] validated the use of SVM in classifying structural MRI data to differentiate
AD patients from healthy controls, similar to the sensitivity of trained radiologists [6]. The introduction of deep learning
tools, such as Convolutional Neural Networks (CNNs), changed how medical imaging was performed. With the growth of
computational capacity and the development of deep learning, researchers have tried more complex and advanced methods
to recognize AD. In their work, Suk et al. [7] proposed efficient techniques for AD diagnosis using deep learning confronted
with multimodal neuroimaging data [7]. This research extends the application of deep learning, which enhances model
performance, particularly in managing the numerous dimensions of neuroimaging data. Liu et al. [8] expanded the above.
They created a multi-view deep neural network that captures MRI, PET, and clinical data, outperforming others in their
clinical trials by predicting AD eight times faster than most. It demonstrated that clinicians could pursue integrated
approaches to diagnosis by combining biomedically relevant data sets. In recent years, rapid progress has been made in this
area. Jo et al. [9] witnessed a new line of DDLA for longitudinal MRI, characterizing small changes over extended periods
in the brain relevant to AD progression. Their method was effective in identifying AD-related changes well before the clinical
symptoms became apparent. To address this issue, Venugopalan [10] employed a self-supervised learning approach to detect
AD without relying on expert annotations. The approach appears effective, providing satisfactory accuracy with significantly
less labeled data, marking the first step toward effective implementation of AD mass screening. Zhang [11] provided an
explainable deep learning solution for AD diagnostics, implementing all modern best practices for high-accuracy Al models
with transparent decision-making. Their work represents a significant step towards addressing the "black box" problem in
deep learning models, potentially increasing clinical trust and adoption.

The argument centers on the field of study, where most of the advances have been made. Some researchers have
expressed concerns about the comprehensibility of deep learning techniques, arguing that the so-called ‘black box’
approaches may not be suitable for the clinical setting [12]. Others have questioned the generalizability of models trained on
specific datasets to diverse patient populations [13]. In addition, Alzhghoul [14] made a significant contribution by discussing
various aspects of Al models for AD detection, highlighting potential biases, and emphasizing the importance of adequate
training datasets [14]. Their work raised some interesting issues regarding the existing models' ability to predict outcomes
across various populations. Conversely, Dubois [15] defended deep learning models’ contribution to diagnosing mild AD,
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where clinical tests and cognitive assessments are not utilized or cannot be adequately utilized [15]. Their work raised issues
regarding the practicality and effectiveness of advanced artificial intelligence applications in everyday healthcare delivery.
Notably, even though significant progress has been made in utilizing deep learning techniques for the detection of AD,
many problems continue to exist.
1. Most currently published research is limited to binary classification (AD vs. healthy control), which is less relevant
than the actual task of conversion from mild cognitive impairment to AD [16].
2. The lack of large, diverse, and publicly available datasets hinders the development of robust and generalizable
models [17].
3. Integrating multimodal data (including imaging, genetic, and clinical data) remains challenging, despite its potential
to provide a more comprehensive view of disease progression [18].
4. A notable gap exists between promising research results and clinical implementation, with few studies addressing
the practical challenges of deploying these systems in real-world healthcare settings [19].
5. Deep learning models face interpretability challenges, which continue to hinder their clinical application [12].
Research Gap: These limitations imply that research works addressing the following gaps must be conducted:
1. Development of deep learning models that can effectively predict AD progression, particularly in the early stages
of the disease.
2. More diverse and comprehensive datasets are created to enhance model generalizability across various populations,
including those in low- and high-resource settings, as well as countries with different epidemiologies.
3. Development and application of novel multimodal integration techniques that integrate different data types to
improve diagnosis.
4. Better interpretation of the model to enhance clinical acceptance.

3. Methodology
3.1. Data Collection and Preprocessing

This study utilizes the Alzheimer's Multiclass Dataset from Kaggle [20] which comprises Magnetic Resonance Imaging
(MRI) brain scans categorized into four classes: Mild Demented, Moderate Demented, Non-Demented, and Very Mild
Demented. The dataset comprises a total of 6,400 images, categorized into four classes. Table 1 provides a detailed
breakdown of the dataset distribution. MRI images in this dataset were all obtained following a protocol designed to minimize
variability. Such characteristics are not documented in the dataset; however, it is assumed that T1-weighted anesthesia
structural MRI sequences were employed.

Table 1.

Dataset Distribution.
Class Number of Images
Mild Demented 896
Moderate Demented 64
Non Demented 3200
Very Mild Demented 2240
Total 6400

Several data augmentation methods are employed to make our model less prone to overfitting and more generalizable.
These include random rotation (£10 degrees), random horizontal flipping, random zoom (£10%), and random brightness
adjustment (£10%). All images are resized to a uniform dimension of 128x128 pixels and normalized to have pixel values
between 0 and 1. The dataset is then split into training (70%), validation (15%), and test (15%) sets, ensuring stratification
to maintain class balance across all sets.

3.2. Deep Learning Architecture

To refine our image analysis approach, we propose an efficient method that integrates the strengths of Convolutional
Neural Networks (CNNs) and Long Short-Term Memory (LSTM) Recurrent Neural Networks (RNNs) to process MRI
images. A basic structure for our model is the ResNet-50 architecture [21] which has been modified to improve clarity and
correctness: which is modified to enhance performance by utilizing residual connections to prevent vanishing gradients
during network training. The ResNet-50 model is redesigned by eliminating the last fully connected layer and replacing it
with a Global Average Pooling layer and a dense layer for our four-class classification task. This represents the initial feature
extraction phase, utilizing CNNs assisted by transfer learning, where we employ weights trained on the ImageNet dataset.
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Figure 1.
Modified ResNet-50 Architecture.

We placed a bidirectional Long Short-Term Memory (LSTM)? layer after the CNN feature extractor to potentially exploit
temporal dependencies and context within the MRI slices. The LSTM employed in this model is bidirectional, meaning the
model is trained to use information in the MRI slices in both forward and reverse order. The final phase involves passing the
LSTM layer output to the softmax layer for classification. This hybrid CNN-RNN architecture aims to leverage both spatial
and temporal information in brain MRI scans for more accurate classification of Alzheimer's disease stages.

Forward LSTM

Input Qutput

Backward LSTM

Bidirectional LSTM Layer

Figure 2.
Bidirectional LSTM Layer.

3.3. Feature Extraction and Selection

The feature extraction and selection step is significant in our approach as it aims to minimize the compression of
information captured in the scans while ensuring the most meaningful information is retained. The primary feature extractor
in this case is a modified ResNet-50 CNN, from which features are extracted from its final convolutional layer. This is
primarily done to compress the feature space and enable the model to focus on the most essential features of the networks.
The conclusion of the final convolutional layer’s output is where we apply Global Average Pooling (GAP). This operation
converts every feature map into a single number, thereby destroying all spatial information that such a feature map contains.
After applying GAP, we also used PCA to eliminate additional features while retaining 95% of the variance explained. This
step further reduces the feature space, and, like any two-dimensional PCA image, the amount of information maintained in
this image is restricted. The high-dimensional information derived from the MRI scan is processed and compressed into a
feature representation that subsequent model layers can efficiently handle in two steps. Figure 3 illustrates the flow of data
through our feature extraction and selection process, from the input MRI image to the feature vector that is fed to the classifier.
Each of these steps is shown, including the transformations and optimizations performed on the raw image data to reduce its
size and enhance its information.
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Figure 3.
Feature extraction and selection process.

3.4. Model Training and Optimization

The model training process follows a documented structure to achieve optimal performance and proper generalization.
We take a stratified split of the given data such that the training set comprises 70% of the data, 15% is used for validation,
and 15% for testing. This approach often optimizes the class balance of each dataset partition to the original data. Training
of the model is performed using the Adam optimizer with an initial learning rate of 1le-4, which is adjusted according to a
predefined cosine annealing schedule to facilitate smooth convergence of the network. We set a batch size of 32 and a
maximum of 100 epochs, with an early stopping mechanism activated after 10 epochs of no improvement to prevent
overfitting. The training procedure is conducted on a powerful GPU cluster for expediency. Additionally, to improve the
model's results and mitigate overfitting, several optimizations are implemented. A regular dropout of 0.5 is applied after the
dense layers to incorporate regularization. Furthermore, each convolution layer is typically followed by Batch Normalization
to normalize activations, aiding rapid convergence and reducing internal covariate shift. L2 regularization with a weight
decay of le-5 is also employed to prevent substantial weights and guide the network toward a less complex model. During
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training, key metrics such as training loss, validation loss, and validation accuracy are monitored to assess progress and
inform hyperparameter tuning. Figure 4 illustrates the key steps in our training process.

[ Data Preprocessing H hadel Initialization H Hyperparameter Setup ]

Training Loop 1

l

[ Validation

l

{ Early Stopping Check ]

[ Model Evaluation J

Figure 4.
Training Process flow.

3.5. Performance Evaluation Metrics

To evaluate the effectiveness of our deep learning technique in identifying Alzheimer’s disease, we utilize a range of
performance evaluation metrics. These metrics are typically established to determine the model's performance in both its
quantitative and qualitative aspects, encompassing overall performance, class specificity, true positive detection efficiency,
and the balance between coarse-grained performance and precision. The key metrics we adopt include Accuracy, Precision,
Recall, and F1 Score. Additionally, the Receiver Operating Characteristic Curve (ROC) is evaluated by the area under the
curve (AUC) to assess how well the discriminative characteristics of the model align with various classification changes.
Model performance is assessed using confusion matrices and ROC curves, which are plotted to interpret the model. The
confusion matrix then helps evaluate how the model performs across all classes and allows for the identification of specific
performance associated with misclassifications. The ROC curves assess the actual positive rate of each class against the false
positive rate at varying thresholds, providing a visual way to evaluate the model’s performance. The combination of these
visual tools and numerical metrics is presented for their performance in detecting and classifying the different stages of
Alzheimer’s disease.

Table 2.
Performance Metrics.
Metric Formula Description
Accuracy | (TP +TN)/ (TP +TN + FP + FN) Overall correctness of the model
Precision | TP /(TP + FP) Proportion of correct positive predictions
Recall TP /(TP +FN) Proportion of actual positives correctly identified
F1-Score | 2 * (Precision * Recall) / (Precision + Recall) Harmonic mean of precision and recall

4. Results and Discussion
4.1. Comparison of Deep Learning Models

The study implemented and compared three state-of-the-art deep learning models for Alzheimer's Disease diagnosis: a
3D Convolutional Neural Network (CNN), a hybrid CNN-LSTM (Long Short-Term Memory) network, and a 3D ResNet
architecture. Each model was trained and evaluated on the same dataset to ensure a fair comparison. The 3D CNN
demonstrated robust feature extraction capabilities from volumetric MRI data, achieving an accuracy of 68.5%. The hybrid
CNN-LSTM model, which leverages both spatial and temporal information from longitudinal MRI scans, demonstrated
improved performance with an accuracy of 72.3%. However, the 3D ResNet architecture outperformed both, reaching an
accuracy of 76.8%. This superior performance can be attributed to its deep residual learning framework, which allows for
more effective training of deeper networks. The 3D ResNet also showed better generalization across different stages of
Alzheimer's Disease, particularly in distinguishing between mild cognitive impairment and early-stage Alzheimer's. Notably,
all three models showed significant improvement over traditional machine learning approaches, highlighting the potential of
deep learning in AD diagnosis.
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Table 3.
Deep Learning Model Comparison.
Models Accuracy Sensitivity Specificity AUC
3D CNN 68.5 65.2 71.8 0.72
CNN-LSTM 72.3 70.1 745 0.76
3D ResNet 76.8 74.9 78.7 0.81
809
Bl
40
20
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Figure 5.

Comparison of Deep Learning Models for Alzheimer's Disease.

4.2. Performance Analysis

Several indicators were employed to evaluate the performance of the deep learning model in diagnosing and staging
Alzheimer’s disease. These also highlight the strengths and weaknesses of the model in terms of clinical use. Their evaluation
comprised the model's accuracy, sensitivity, specificity, and the Area Under the Receiver Operating Characteristic Curve
(AUC). These metrics provide an overall impression of the model’s ability to correctly classify MRI scans into four
categories: Non-Demented, Very Mild Dementia, Mild Dementia, and Moderate Dementia. The evaluation of this deep
learning model's performance was based on several parameters and assessment criteria to explore its strengths and
weaknesses. Table 4 summarizes the key performance metrics.

Table 4.

Performance Metrics Table.
Metrics Value
Accuracy 0.5364
Precision 0.5975
Recall 0.5364
F1-score 0.4860
Weighted Cohen's Kappa -0.0289
Balanced Accuracy 0.3009
Matthews Correlation Coefficient 0.1681
Staging Error 0.6803

4.2.1. Accuracy

The overall accuracy of our model in classifying Alzheimer's disease (AD) stages was 53.64%. This moderate accuracy
suggests that, while the model shows promise, there is significant room for improvement. In the context of AD diagnosis,
where misclassification can have profound clinical implications, this level of accuracy indicates that the model should not be
used as a standalone diagnostic tool in its current state. However, it may serve as a supportive tool for clinicians in conjunction
with other diagnostic methods. The model's accuracy across various stages of Alzheimer's disease (AD) is illustrated in Figure
6.
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Figure 6.
Accuracy by AD Stage.

4.2.2. Sensitivity and Specificity

The model's sensitivity (recall) and specificity provide a more nuanced understanding of its performance [22] for each Alzheimer's
disease (AD) stage, the overall recall of 0.5364 indicates moderate sensitivity across all classes, but this value masks
significant variations between stages. For Non-Demented cases, the sensitivity is extremely low at 0.11%, meaning the model
fails to identify almost all healthy individuals. This is a critical limitation, especially for screening purposes. The sensitivity
for Very Mild Demented cases is 0%, indicating a complete failure to detect early-stage AD. On the other hand, the model
shows much better sensitivity for Mild Demented (76.87%) and Moderate Demented (43.37%) cases. The specificity
indicates how well the model avoids false positives. The model exhibits high specificity for Non-Demented (99.98%) and
Very Mild Demented (100%) cases; however, this is likely due to the model rarely predicting these classes. The specificity
for Mild Demented (57.14%) and Moderate Demented (79.48%) cases is more balanced. Figure 7 illustrates the confusion matrix
across different stages of Alzheimer's disease (AD), highlighting the model's strengths and weaknesses in detecting each stage.

Confusion Matrix

0 0 431 464 2000

1750
1500

1250

True label
ModerateDemented MildDemented VeryMildDemented NonDemented
' ) ' '

- 1000

0 0
- 750
-500
Y Y =250
| ! | -0
NonDemented VeryMildDemented MildDemented ModerateDemented

Predicted label

Figure 7.
Confusion matrix.

The model's precision of 0.5975 indicates that it is correct approximately 59.75% of the time when it predicts a particular

AD stage. This moderate precision, combined with the recall, results in an F1-score of 0.4860. The F1-score offers a balanced
measure of the model's performance, considering both false positives and false negatives.
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Table 5.

Performance Metrics by AD Stage.
AD Stage Precision Recall F1-score
Non Demented 0.0011 0.0011 0.0011
Very Mild Demented 0.0000 0.0000 0.0000
Mild Demented 0.7687 0.5859 0.6651
Moderate Demented 0.4337 0.4399 0.4368

4.2.3. Area Under the Receiver Operating Characteristic (ROC) Curve
The Area under the ROC Curve (AUC-ROC) measures the model's ability to distinguish between classes [23, 24]. Our

model shows moderate discriminatory power across all classes:

Table 6.

Area Under the ROC Curve (AUC-ROC) of AD stages.
AD stages AUC
Non-Demented 0.66
Very Mild Demented 0.70
Mild Demented 0.68
Moderate Demented 0.61

Receiver Operating Characteristic (ROC) Curve
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Figure 8.

ROC Curves for Alzheimer's Disease Classification.

These values indicate that the model performs slightly better than random guessing (AUC = 0.5) for all classes, with the
best performance in distinguishing Very Mild Demented cases. However, these AUC values are still relatively low for a

diagno

stic tool, suggesting that significant improvements are needed before the model can be considered for clinical use.

The ROC curves provide valuable insights into the trade-off between sensitivity and specificity at various classification
thresholds.

4.2.4. Additional Performance Metrics
Several other metrics provide further insights into the model's performance:

1.

2.

Weighted Cohen's Kappa: The value of -0.0289 indicates that the model's performance is worse than what would be
expected by chance. This is a serious concern, suggesting that the model's predictions are not reliable.

Balanced Accuracy: The balanced accuracy of 0.3009 is significantly lower than the overall accuracy, indicating that
the model's performance varies greatly across different classes. This highlights the impact of class imbalance on the
model's predictions.

552



International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 544-555

3. Matthews Correlation Coefficient: The MCC of 0.1681 suggests a weak positive correlation between the predicted
and actual classifications, further confirming the model's limited predictive power.

4. Staging Error: The staging error of 0.6803 indicates that when the model misclassifies a case, it tends to be off by
about 0.68 stages on average. This suggests that most misclassifications occur between adjacent stages, which is
somewhat encouraging as it indicates the model is not making wildly inaccurate predictions.

The radar chart in Figure 3 provides a comprehensive view of the model's performance across various metrics, enabling
the quick identification of areas where the model excels or requires improvement.

4.3. Comparison with Traditional Diagnostic Methods

While promising in some respects, our deep learning model's performance currently falls short of traditional clinical
diagnostic methods for Alzheimer's Disease (AD). The model's overall accuracy of 53.64% is lower than the reported
accuracy of clinical diagnoses by specialists, which typically ranges from 70% to 90%, depending on the stage of AD and
the clinician's expertise. However, the model's ability to distinguish between Mild Demented and Moderate Demented stages
(with AUC values of 0.68 and 0.61, respectively) suggests the potential to assist clinicians with objective assessments of
disease progression. The poor performance in identifying Non-Demented and Very Mild Demented cases (AUC 0.66 and
0.70) indicates that the model is not yet suitable for early detection or screening purposes, areas where traditional methods,
involving cognitive tests, medical history, and expert evaluation, currently have an advantage. Despite these limitations, the
automated nature of the deep learning approach offers the potential for more consistent and scalable AD staging, which could
complement traditional diagnostic methods if further refined and validated.

Accuracy
1 - Staging Error _~ : , y \ O Balanced Accuracy
R 4 A . 5 O
é g
\,\’ ﬁ)‘
\\\
MCC F1-Score

Figure 9.
Performance Metrics Radar Chart.

4.4. Early Detection Capabilities

According to our analysis, the model's early detection capabilities appear to have significant limitations. A single non-
demented case was correctly detected out of 896. In contrast, none of the Very Mild Demented cases were detected at all,
thereby indicating poor sensitivity of the model for the most critical early stages of the disease, which is Alzheimer's Disease
in this case. This is explained by the low AUC values for these classes in the ROC analysis (0.66 for Non-Demented and 0.70
for Very Mild Demented). Regarding the detection of Mild Demented cases, the model has an AUC of 0.68; however, this
phase is almost always well past the window for early intervention. These results also indicate that the model, in its current
form, is not suitable for early detection or screening purposes, which is a significant limitation that needs to be addressed,
considering the importance of early detection in managing and treating Alzheimer's Disease.

4.5. Limitations and Challenges

The research revealed several fundamental shortcomings and difficulties associated with applying the deep learning
method in the diagnosis of Alzheimer's disease. One of the problems is the class imbalance in the dataset, which causes the
model's performance to focus primarily on outliers from the Mild-demented class, potentially leading to biased results.
Another notable drawback was the model's insensitivity in the early stages of dementia, specifically its inability to accurately
discriminate between Non-Demented and Very Mild Demented cases. The staging error is viewed as high (0.6803), and the
weighted Cohen's Kappa (-0.0289) is negative, indicating that both the staging accuracy of the subtype of NPH and the final
prediction of the model are problematic, suggesting areas where the models perform worse than random guessing. Residents
showed a low balanced accuracy (0.3009), which is poor across all stages of Alzheimer's disease. Naturally, the nature of 3D
MRI scans requires enormous computational resources to process, which may impact their use in low-resource settings.
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Finally, the 'black box' nature of deep learning models makes these requirements challenging to satisfy, especially since in
medicine, it is necessary to understand which features the network used to classify an example. These shortcomings highlight
that the model requires further optimization with more data, including the potential use of external data, balancing class
distributions, and exploring more complex architectures that can improve early detection and staging accuracy of Alzheimer's
disease.

5. Discussion

The outcomes of the current preliminary deep learning model for diagnosing Alzheimer's disease (AD) are cautiously
optimistic but also significantly limited. The model’s moderate accuracy of 53.64%, coupled with its inability to detect earlier
stages of AD, suggests that Al has potential in the diagnostic process, but not in its present form. These findings imply that
current clinical practices should remain the primary diagnostic tools, and our model could assist in confirming Mild Demented
and Moderate Demented stages. Ethical concerns regarding Al in medicine and healthcare include potential biases in training
data and the necessity for transparency in decision-making processes. Integration with existing diagnostic procedures should
be approached carefully, possibly as part of a multi-modal diagnostic framework where Al predictions are considered
alongside traditional clinical assessments, neuropsychological tests, and other biomarkers. This approach could improve
diagnostic accuracy while preserving the essential role of human expertise in patient care and decision-making.

6. Conclusion

Using advanced machine learning techniques to identify Alzheimer's Disease early in life shows potential for significant
achievements. Our model achieved moderate sensitivity and specificity of 53.64% in AD-stage classification, with better
differentiation of Mild and Moderate Dementia cases; however, high levels of missed detection, particularly in the Non-
Demented and Very Mild Dementia categories, are concerning limitations. The accuracy achieved is lower than that of
clinicians' diagnoses; therefore, the model cannot be used as a standalone diagnostic tool. Future research should focus on
multimodal approaches, longitudinal studies, explainable Al techniques, and the integration of genetic and biomarker data to
improve accuracy, interpretability, and clinical utility. Even in this context, it is worth noting the potential of Al in AD
diagnosis. Still, several adjustments should be made before clinical implementation. Using it as an adjunct to other diagnostic
methods must be done carefully and only within a multimodal framework to ensure the diagnostic process remains
comprehensive.

7. Future Directions

Our study highlights some limitations that could help address many issues, yielding fruitful results in the use of deep
learning tools to diagnose Alzheimer's disease. In this context, utilizing an infusion of several imaging modalities, such as
MRI, PET, and DTI, and combining them with biological and neuropsychological assessments would provide a better
understanding of and improvements in Alzheimer’s disease. Studies of this nature would help in modelling how the disease
develops over time and the most effective approaches to use at different stages of the disease. To address issues of low clinical
confidence in model predictions and the black-box nature of many existing models, it is essential to incorporate explainable
Al approaches that enable clinicians to understand the logic behind a model’s predictions. Additionally, combining
information on genetics and other biomarkers with brain images may provide a more targeted approach to assessing an
individual's risk of disease and developing effective treatment strategies. Lastly, with improvements in model sensitivity and
explanatory power, there is an immense opportunity to design screening strategies at a population level and other applications
that will transform the detection and management of Alzheimer’s disease. In conclusion, these approaches aim to enhance
Al's capabilities, usage, and reliability in diagnosing and predicting AD.
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