Habeeb et al. Iraqi Journal of Science, 2026, Vol. 67, No. 10, pp: 5464-5477
DOI: 10.24996/ijs.2026.67.10.27

Iraqi
Journal of
Science

N
ISSN: 0067-2904

Automated Alzheimer's Disease Stage Prediction Using a Deep Learning
Combined Approach

Ahmad Adel Habeeb '*, Bushra Mahdi Hasan !, Ammar A. Mousa Alabbassi 2

!Department of computer science, College of Education, University of Kufa, Najaf, Iraq
’Department of Electronics and communication, College of Engineering, University of Kufa, Najaf, Irag

Received: 22/12/2024 Accepted: 11/2/2026 ~ Published: 30/10/2026

Abstract

Alzheimer's Disease (AD) is a neurological ailment that impacts memory,
thinking, and behavior, leading to a decline in daily activities. It affects around 55
million people worldwide; this number is expected to increase as the world’s
population gets older, making it one of the most significant public health challenges
of the present day. This study presents a deep learning approach for diagnosing AD
stages using Magnetic Resonance Imaging (MRI). The experiments were performed
using two different datasets that comprise a large number of brain MRI scans. Our
proposed method combines the Visual Geometry Group 16-layer network (VGG16)
for extracting spatial features along with a Long Short-Term Memory (LSTM)
network to learn temporal relationships between tomographic slices. The input
images were preprocessed and features derived through standard methods before
conducting the classification. The proposed architecture was implemented using
deep learning frameworks like TensorFlow and Keras, then evaluated using
accuracy, precision, recall, and Fl-score. The experimental results achieved more
than 99% accuracy the training and about 98% on the held-out validation set from
8k MRI images for identifying AD stages. The VGG16-LSTM deep learning
architecture demonstrated high performance in classifying AD stages from MRI and
achieved high accuracy. This research presents a promising approach for diagnosing
AD that has potential for clinical relevance.

Keywords: Image Processing, Deep Learning, VGG16, LSTM, RNN, Alzheimer's
Disease, Machine Learning.
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1. Introduction

Alzheimer's disease (AD) is one of the common types of dementia, which is mostly
defined as a multi-symptomatic disorder [1]. AD can be described as severe dementia because
it includes symptoms like changes in personality and behavior, memory loss, issues with
cognition [2], and executive function deficits. Moreover, in most cases, patients might also
exhibit symptoms of mental instability.

Until now, there is no well-known treatment for AD; however, at least temporarily, the
symptoms can be reduced to make the patient feel better with close observation and
medications. Mostly, AD is common among seniors, especially those who are in their fifties
or older, and also a small percentage of those with Down syndrome. [3] The growing
Incidence of AD has become a considerable global public health concern, creating economic
and healthcare pressures on families and societies. The number of dementia cases increased
from 20.3 million in 1990 to 43.8 million in 2016 and is expected to reach 152 million by
2050 [4], largely due to increased life expectancy. A range of medical, lifestyle, and social
risk factors further complicates its prevention and management [5]. In 2020, researchers also
identified that brain damage, air pollution [6], and heavy alcohol [7] use are considered
related causes.

Many scientists continue working on AD, with vast resources spent on early diagnosis.
Yet, the only reliable method is still post-mortem analysis, focusing on the urgent need for
more accurate early detection. Identifying at-risk individuals early could significantly affect
disease progression, but this is very difficult due to the aging population and other age-related
circumstances. [8] In recent years, several technologies have shown remarkable capabilities in
applying artificial intelligence to detect Alzheimer's disease in its early stages. scientists and
researchers have employed techniques like transfer learning [9] in pre-trained CNNs on
massive datasets before equipping them with the AD classification task. Even though
unsupervised learning models have been used for such tasks, models like an autoencoder have
been tested for feature selection from high-dimensional datasets. Machine learning models, as
the previous research papers suggest, are capable of handling and analyzing complicated, big
datasets derived from EHRs. To improve the current state of early and reliable AD diagnosis,
Al technologies can provide promising methods to use massive volumes of multidimensional
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data, including genetic information, cognitive testing, medical pictures, and more [10]. Early
and accurate diagnosis of AD remains a major challenge faced by medical researchers
worldwide. As our populations continue to age, identifying those at risk before symptoms
fully emerge is critical. Several innovative studies have contributed valuable insights toward
this goal by applying machine learning techniques to analyze complex medical data.

2. Related Works

Many previous studies have examined early AD diagnosis; Ramzan et al. (2020) [11]
studied rs-fMRI data using deep learning for Alzheimer's identification. Their model used
ResNet-18 for defining ADNI scans, also preprocessed their data, and then extracted features
with the help of a CNN. Features are then fed to a pre-trained ResNet-18 architecture. The
performance of the proposed models was evaluated with accuracy, precision, recall, and F1-
score. The pretrained model achieved an average accuracy of 97.92%, precision of 98.13%,
recall of 97.92%, and F1-score of 97.96%. The fine-tuned (FT) model obtained an accuracy of
97.88%, a precision of 98.10%, a recall of 97.89%, and an F1-score of 97.93%. The limitation
of this study is the small sample size, which may change the accuracy and cause overfitting.
Turkson (2021) [12] suggested a novel approach to classify Alzheimer’s Disease (AD) using
structural MRI images. The method includes an unsupervised pre-training stage with Spiking
Neural Networks (SNNs) to extract features and spatial patterns from MRI data. The resulting
features from the SNN were then used to train a supervised CNN, aiming to refine
classification performance. The training and testing of the model were performed on the well-
known ADNI dataset. Researchers utilized this dataset to evaluate two different
methodologies: one utilized a SNN model that had been pre-trained, and the second
methodology employed an SNN model to extract features and a CNN to classify AD. The
hybrid model produced an accuracy of 90%. However, this paper did not present
computational complexity or runtime analysis; therefore, it limits the ability to implement this
methodology in real-time clinical settings.
Zena (2022) [13] used the VGG16 architecture for AD identification and analyzed the
effectiveness of VGG16 against MobileNet-V2, ResNet-101, and DenseNet-121 based on
model accuracy. The VGG16 model yielded 97.625% accuracy when performing AD
classification; however, like previous studies, there was no computational complexity analysis
performed, which is a critical factor when considering the implementation of healthcare-based
solutions.

Hazarika (2023) [14] explored the use of deep neural networks (DNNs) on MRI scans for
Alzheimer’s disease classification, evaluating architectures such as DenseNet-121, LeNet, and
Alex Net to evaluate classification. A hybrid of LeNet and Alex Net was suggested. The new
model achieved 93.58% performance, exceeding DenseNet-121’s 86.55% accuracy. Also,
Kadhim et al. (2024) [15] suggested a tailor-made CNN. This CNN was trained from scratch
on MRI scans, developed to learn features directly from the scans for early Alzheimer's
diagnosis, and the model achieved an accuracy of 96.67%. However, for a critical model such
as disease diagnosis, where misclassification can have serious consequences, it is important to
achieve the highest possible accuracy.

In addition to the above works, Bhadrashetty and Sandhya (2024) [16] employed CNNs
with Efficient Net variants for dementia severity staging on the OASIS dataset. By applying
an ordinal classification strategy, their model better captured disease progression across four
stages (none, very mild, mild, and moderate), achieving around 98% accuracy. However, the
study relied solely on OASIS data, excluded severe cases, and did not assess computational
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efficiency or external validation, which limits its generalizability to real-world clinical
deployment.

A growing corpus of literature in 2025 is dedicated to the investigation of Alzheimer's
Disease (AD), utilizing a variety of methodological approaches. Aghajanian and colleagues
(2025) [17] investigated the detection of AD progression from mild cognitive Deficit to Mild
Cognitive Impairment (MCI) using longitudinal structural MRI. They constructed a hybrid
deep learning approach that combined a 3D ResNet for feature extraction from single MRIs
with a time-aware Long Short-Term Memory (T-LSTM) network to model sequences of
images. They also extracted and assessed radiomics features. Their model was trained and
tested on data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). The results
demonstrated that the longitudinal deep learning model performed well in predicting instant
MCI-to-AD progression (c-index ~ 0.90) with significantly better performance than single-
time-point models. A limitation of this work is the small sample size, which limited the use of
more complicated architectures and prospect for external validation.

Elmotelb et al. (2025) [18] focused on optimizing the reproducibility of multi-classification
and staging in AD through a novel deep learning approach, which included rigorous
hyperparameter tuning. By systematically tuning the model's architecture, the study suggests
training the model on public, augmented Alzheimer's MRI data, thus presenting classification
accuracies of over 98% for the various disease stages. The main contribution is that the
authors establish the important role of thorough hyperparameter tuning in obtaining reliable
disease staging; however, the use of an augmented, publicly sourced dataset indicates a caveat
with the model's generalizability to raw, uncurated data from disparate clinical frameworks.
Lu et al. (2025) [19] designed and tested an interpretable, MRI-based deep learning model to
stratify risk for AD and risk of progression. The study utilized a model originally trained on
North American cohorts and leveraged it to the independent Chinese SILCODE cohort
without finetuning for the purpose of testing cross-ethnic generalizability. The authors tested
this model, using structural T1-weighted MRI images to create individual patient AD risk
scores and brain risk maps. The model performed well in distinguishing AD from normal
cognition (NC), achieving an AUC of 91.3% at a sensitivity of 95.2%. Importantly, the model
incorporated prognostic utility, showing detection of 86.7% of individuals who went on to
established AD at baseline and identified abnormal risk scores up to 14 years before clinical
detection of the disease. The risk numbers developed from structural MRI scans were also
found to be associated with key plasma biomarkers, including p-tau 217 and NfL, and
cognitive test performance. The authors used interpretability modalities to reveal that there
were three different AD brain subtypes, and one subtype was accumulating significantly
faster in cognitive decline in patients with Mild Cognitive Impairment (MCI) over the course
of the study. A significant limitation is that the authors validated the model in a single site, a
Chinese cohort, which may imply limited generality despite very good performance results
from the model in the original testing cohort.

Lastly, in 2025, Komal et al. [20] put forth a hybrid deep learning architecture based on
classifying AD using MRI scans. This proposed framework combined CNNs with self-
attention to optimize not only accuracy, but interpretability as well. The authors established
two pipelines for analysis based on two different datasets: the OASIS-1 study used a 2D
DenseNet-121, which integrated the Transformer encoder, while the OASIS-2 study used a
3D DenseNet along with self-attention blocks. This model achieved a 91.67% accuracy on the
OASIS-1 study data and 97.33% on the OASIS-2 study, resulting in strong precision and F1-
scores. Attention heatmaps did improve the interpretability of the model, highlighting
important brain regions that are clinically relevant, such as the hippocampus and temporal
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lobe. A shortcoming of the model was the class imbalance of the datasets, especially for those
individuals in advanced AD stages, which may limit generalizability. Additionally, the
inclusion of a 3D self-attention module needs more computational resources, which could
limit the applicability of the model in clinical settings running in real-time assessments.
Almost all the above studies showed good and promising results in general, using different
machine learning and deep learning models to detect and classify AD. Limitations remained
in refining the models to the constraints and needs of real-world healthcare deployment. Our
study, on the other hand, tried to overcome these limitations by proposing an extensive
machine learning approach constructed specifically with practical usability, efficiency, and
scalability in mind, trained and then tested on multiple datasets. This makes it more suitable
and more accurate compared with real-world cases. This study adopts a powerful feature
extraction capability of pre-trained convolutional neural networks, like VGG16, followed by
the temporal modelling abilities of recurrent layers such as LSTM. This allows our proposed
model to learn powerful visual representations from 3D brain images and temporal
correlations between sequences. By combining state-of-the-art computer vision mechanisms
along with NLP models within a single architecture, the main aim of this process is to
generate a model in a more comprehensive manner that can identify the spatial and temporal
signatures characteristic of early AD progression. Moreover, fine-tuning has been performed
on the model and the data parameters carefully to ensure inference latency appropriate for
implementation on embedded devices that are used more often in healthcare systems.

3. Deep Learning Techniques
3.1 Very Deep Convolutional Networks (VGG)

VGG has become, in recent years, one of the most widely recognized computer vision and
deep learning models. Researchers used it for observing image data problems in general,
especially large-scale image data recognition tasks. An improved version of it was developed
by the Visual Geometry Group at Oxford University, named VGG16. It has undergone
extensive evaluation by the scientific society. VGG16 utilizes a thoroughly constructed
structure containing sixteen convolutional layers, with localized 3x3 filters applied throughout
the network [21]. Relying on the modest filter sizes in its layers, VGG16 is able to reach high
results and maintain computational efficiency compared with other approaches [22]. The
structural design of VGGI16, integrated with increasing the network depth to 16 layers,
granted it a better accuracy in object classification tasks, outperforming significantly all prior
published results on ImageNet. The '16' signifies the number of layers that learn features from
input data, and these are max-pooling, activation functions, and convolutional layers. What
makes the VGG-16 model good at a lot of image recognition tasks is its deeper architecture
and its ability to pick up on complex patterns from data. The VGG16 model played an
essential role in the success of the research team back in 2014 [23], when they came first in
the ImageNet Challenge classification and localization. They used VGG16 to learn the best
possible representations, which demonstrated state-of-the-art performance in different
computer vision tasks and showed huge generalization capability outside the scope of the
original ImageNet dataset. This strong design is what led the study group to see its potential
and open-source VGG16, allowing for other studies with deep visual representations in
alternative contexts [24]. Figure 1 shows a standard VGG16 [25].
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Figure 1: standard VGG-16 architecture [27]

3.2 Recurrent Neural Network (RNN)

RNNs are another form of neural networks developed specifically for sequential data.
Recurrent Neural Networks (RNNs) excel at dealing with sequential data types, such as audio,
text, and video.[26] The fundamental advantage of RNNs lies in how they utilize looping
connections among neuronal units to remember (i.e., they maintain memory of) past inputs,
allowing them to process sequentially within the context of the entire input. Therefore, RNNs
enable an uninterrupted flow of information from one moment to the next. In the early years
of using RNNs, propagation of learning was impeded since back-propagation was limited to a
single time step (i.e., back-propagation could not happen across multiple steps). In fact, once
researchers established methods to use multiple steps for gradient propagation (as error flows
through real networks), this greatly expanded the ability to teach RNNs. Also, until very
recently, the ability for RNNs to learn long sequences or long-term relationships was
extremely limited. Recently, during the development of new types of RNNs, such as LSTM,
researchers solved this issue by providing gate mechanisms for selecting which past state to
save or remove. RNNs have also been augmented with new methods to focus on specific
input items (e.g., attention and pointer mechanisms), enabling RNNs to produce more
intelligent output in terms of sequence order. Overall, RNNs possess a great deal of power
due to their ability to remember and build upon past input patterns. The continual progress of
RNN technology indicates that RNNs will continue to improve at understanding the
complexity of time-dependent input patterns, similar to how we understand our own
experience of time [27]

3.3 Long Short-Term Memory (LSTM)

Long short-term memory, also known as LSTM for short, has become the go-to approach
for modelling patterns over time in medical data [28]. Early recurrent networks struggled with
vanishing signals when exploring back very far, yet LSTMs changed this through clever
adaptive "gates" inside the memory cells. These cells can effectively preserve information for
as long as they are needed, constantly updating their understanding following earlier results
that were already known. Specialized input, forget, and output gates provide LSTMs with
pinpoint control over saving critical cues versus discarding unwanted noise. That is the reason
why it can connect dots between all symptoms from months ago to get a current diagnosis.
This gated architecture is what lets LSTMs excel at tasks requiring cross-temporal context,
like how a patient's history or disease has developed, rather than reacting to the present only.
Such contextual awareness proves vital in healthcare, where the past so strongly forms the
present. In reality, LSTMs have revolutionized how we analyze medical sequences, from

5469



Habeeb et al. Iraqi Journal of Science, 2026, Vol. 67, No. 10, pp: 5464-5477

longitudinal biomarker tracking to lesion development over images [29]. By preserving key
prior outcomes, LSTM models learn far more expressive representations of underlying
biology. This leads to much better predictive results for complex conditions with both short-
and long-term factors. Finally, LSTMs' storage and reasoning capabilities across a wide
period of time are what make them essential for clinical predictive issues [30].

Data used in this study was obtained from two separate image datasets on Kaggle, the first
one for training and the other for validating our model. The training dataset, which is
authorized by the Open Data Commons Open Database License, contains 6400 MRI images
gathered manually from various online sources, with each label verified and divided into 4
classes [31]. The other dataset, which was used for validation, contains 137,000 MRI images
[32]; only 8,000 were used to test the model's performance.

4. Proposed Model

This study presents a combined deep learning model that integrates VGG16 for spatial
feature extraction with LSTM to capture temporal dependencies across MRI slices, optimized
for early-stage AD diagnosis. While based on existing models, the proposed model is tailored
to enhance accuracy and temporal feature learning. A multi-case study design was used to
design and test the model.
4.1 Data preparation

The MRI scans sourced from the Augmented Alzheimer's Dataset and the Alzheimer's
MRI 4-class Dataset were used for training and evaluation. Images were thoroughly
preprocessed using advanced preprocessing methods. This process included data
augmentation techniques like rotation, scaling, flipping, noise reduction, as well as color
changes on datasets from Kaggle, then added normalization and scaling to increase the model
performance and eventually gain highly informative data diversity. Every image was
subjected to normalization using the pixel value 1/255, rescaling values of each pixel to the
range of [0,1] to standardize the data input distribution. Preprocessing and augmentation
techniques were especially favorable to the underrepresented class 'Moderate Demented' by
helping with imbalanced classes and having augmentation factors of 3x to 101x among the
various classes. Each train, validation, and test split contained 70% training, 20% validation,
and 10% testing from each respective dataset through structural sampling to control the
number of classes. The preprocessing steps increased the data variation through the images
and the scope of the dataset for more successful model training. Table 1 provides an overview
of the data before and after preprocessing, while the examples of the sample images are
depicted in each respective class after the preprocessing.

Moderate Demented Mild Demented

Very MildDemented Non Demented Moderate Demented

-

Moderate Demented Non Demented

=

Non Demented Very MildDemented

|

Non Demented Mild Demented Moderate Demented Very MildDemented

Figure 2: Sample of data after preprocessing procedure.

Very MildDemented
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Table 1: Data size before and after the preprocessing procedure
images before

Class . images after preprocessing Augmentation Factor
preprocessing
Mild Demented 896 8,960 10x
Moderate
Demented 64 6,464 101x
N "I’j;g cmented 3.200 9,600 o
Demented 2,240 8,960
Total 6,400 33,984 5.3x

4.2 VGG16 Feature Extraction and Spatial Processing

The model proposed in this study was implemented with the Keras API from the
TensorFlow deep learning framework. It uses pretrained VGG16 for extracting features from
image data. The VGG16 backbone was started with ImageNet pretrained weights, including
13 convolutional layers with 3 by 3 kernels and ReLU activation function, succeeded by 5
max pooling layers with 2 by 2 windows. The model processes 3D color images as input with
224%*224*3 pixels as dimensions for each image. These input images were then fed to a
pretrained VGG16 with the top layers removed and convolutional blocks retained.
Feature extraction was performed by removing the original fully connected layers (FC6, FC7,
FC8) and attaching a Flatten layer, transforming the 7x7x512 feature maps into 25,088
dimensional vectors. To gradually decrease spatial dimensions while extracting the features,
the VGG16 model integrates max pooling layers between convolutional layers. In order to
guarantee the features, start at the optimal point; these convolutional blocks are initialized
with pretrained weights. This allows it to use the VGG16's visual representations and update
gradients with specific features of the domain. A progressive fine-tuning approach was
implemented: initially freezing all convolutional blocks, then unfreezing the final 6 layers
(conv5_1 to conv5_3) to allow domain-specific adaptation while preventing overfitting. All
layers are frozen at the beginning, except for the last few convolutional blocks of the model.
The output of VGG16 is then flattened into a 25088-dimensional dense feature vector by a
Keras Flatten layer. These vectors will help to protect the spatial information extracted by the
convolutional network. The VGG16 model generates feature matrices and label arrays.

4.3 Temporal Processing, Classification, and Evaluation

An LSTM layer from Keras was used after the feature extraction was complete and the
array of labels was generated to predict the temporal dependency in the sequence of image
features. LSTM 1is highly compatible with our model since it can learn long-term
dependencies through the internal cell state. Additionally, processing of the outputs from
LSTM includes dense and dropout layers before classification with a SoftMax output layer,
whose units are equal to the number of classes. Validation loss and accuracy metrics for
model performance observation were also included, along with some callback functions like
Early Stopping and Reduce LR On Plateau, which will help in preventing overfitting
problems. Figure 3 shows our proposed model. The training and validation accuracy have
been recorded within the final evaluation on those splits, with results over 99.5% for training
and 98.58% for validation on the second dataset, showing that the model learned and
performed well.
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5. Results and Discussion

As mentioned before, our proposed VGG16-LSTM model achieved a test accuracy of
98.58%, with strong precision, recall, and Fl-scores, demonstrating its effectiveness in
classifying Alzheimer’s stages from 2D MRI images. A feature extraction function was
defined in the feature extraction model, which uses the data generated from input images and
loops it through the batches, and then passes it to the VGG16 model up to the flatten layers,
then gets the labels and stacks them into a list of features. The output needs to fit the LSTM
model, so it has to be reshaped.

The LSTM model’s architecture contains layers with 128 units, a dropout layer with a rate
of 0.6, and two dense layers with 64 units, as well as the number of unique labels,
correspondingly. The model has been constructed using the Adam optimizer and sparse
categorical cross-entropy as a loss function. It was trained through 25 epochs, which was
enough to make the model stable and give the desired results with a 32 32-batch size. Also,
callbacks are formulated to motivate early halting and decrease the learning rate. VGG16 by
itself gave a rate of 96.5% accuracy for the classification of AD, as depicted in Figure 4.
Moreover, our enhanced proposed combined model (VGG16 + LSTM) outperformed recent
state-of-the-art models in AD stage diagnosis. The proposed model scored an overall accuracy
of 98.58%, surpassing other published methods. Unlike models that rely on multiple data
modalities or heavy preprocessing, our approach utilizes a single imaging modality with
minimal preprocessing yet delivers good results—highlighting the strength of combining
spatial and temporal feature extraction.

To evaluate the classification performance in more detail, Figure 4 presents the training
curves (loss and accuracy) for the standalone VGG16 model, while Figure 5 illustrates the
performance of the proposed VGG16-LSTM model. To further evaluate classification
performance, confusion matrices were created for both models (Figure 6 for our suggested
model and Figure 7 for the VGG16 by itself). Both models showed a strong diagonal pattern,
reflecting accurate predictions through all classes. However, significant differences emerge
when comparing specific misclassifications. VGG16 (Figure 7): This model misclassified 207
“non-demented” cases as “very mild demented,” showing difficulty in distinguishing early-
stage patients. Our suggested model, VGG16-LSTM (Figure 6): The misclassification
proportion for the same category dropped pronouncedly to 45 cases only, showing the
model’s enhanced sensitivity for early detection. This reduction in early-stage
misclassification is clinically important, as accurate differentiation of “very mild” cases can
enable earlier therapeutic action. Overall, the confusion matrix confirms that the proposed
model provides more accurate diagnostic precision and reliability compared to the baseline
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VGG16. The proposed model matrix thereby demonstrates greater clinical utility and
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diagnostic precision, especially for nuanced and critical early-stage differentiation.

As for evaluation metrics, the proposed model achieves 98% on Fl-score, recall, and
precision, indicating balanced and consistent performance across all classes. Moreover, the
model took only 175 seconds to train for 25 epochs, consuming about 3298 MB of GPU
memory. This highlights not only its high accuracy and robustness but also its efficiency and
scalability in practical healthcare systems. Accuracy results from some of the prior research

compared to the proposed framework are listed in Table 2.

Table 2: A comparison between the previous results and our model

Proposed Model
Model Model [5 Model [6 Model [7 Model [9
Model 151 [6] 7] i8] 191
Accuracy ‘ 98.58 97.88% 90% 97.62% 93.58% 96.67
Model accuracy Model loss
—— Train —— Train
0.95 4 Validation Validation
0.8
0.90 1
4
0.85 1 / 0.6
; 0.80 E
2
0.4
0.75 1 \
0.70 4
0.2 4
0.65 1
0 5 10 5 20 25 0 5 10 15 20 25
Epoch Epoch
Figure 4: VGG16 Accuracy and Loss for AD Diagnosis.
Model accuracy Model loss
— Train — Train
0.95 validation —_‘___,_/‘/-’— 0.8 Vvalidation
A
0.90 - .77
0.6 1
0.85 1
[ 054
% 0.80 E
g 0.4
0.75 1
0.3
0.70 1
0.2
e AN
0.65 ~—
0.1+ \l
0 5 10 15 20 25 0 5 10 15 20 25

Epoch

Epoch

Figure 5 :Proposed Model Accuracy and Loss.
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Figure 7: VGG16 Confusion Matrix.

6. Conclusions

In conclusion, our study introduced a combined deep learning model integrating the
VGG16 architecture for spatial feature extraction with an LSTM layer to capture sequential
dependencies from 2D MRI scans. The model was trained and tested on a publicly available
Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset, using a multi-case design.
Images were pre-processed through augmentation, normalization, and scaling, then split into
80% for training and 20% for testing. Experimental results showed that the suggested model
achieved a good classification performance for AD stages, scoring 98.58% accuracy,
outperforming other existing models. Evaluation metrics such as precision, recall, and F1-
score verified the model's sturdiness, and visualization tools like confusion matrices and ROC
curves additionally demonstrated consistent performance across the classes.

7. Future Works

As the results show, our suggested model achieved high accuracy; nevertheless, several
points can be improved in the upcoming future works, such as:
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Testing the model on larger and more diverse datasets to improve generalization.

e Applying other types of network architectures to increase feature learning.

e Integrating heuristic or ensemble methods to enhance classification accuracy.

e Evaluating the model on more imaging modalities, such as CT scans or PET scans, to
reinforce multimodal diagnosis.

e For external validation, the model can be tested on independent external datasets,
particularly on data collected directly from hospitals and private clinics, to ensure reliability
and generalizability across populations.

Apply explainable Al techniques like Grad-CAM, saliency maps, or SHAP to

recognize critical brain regions affecting the classification process, thereby improving
clinician trust and usability.

These directions aim to further strengthen early AD diagnosis through automated, efficient,
and reliable deep learning techniques.
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