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Abstract: Alzheimer’s illness could be a neurological ailment related to cognitive decay and memory misfortune.
MRI is utilized to distinguish basic brain anomalies related to Alzheimer's. Profound learning, especially CNNs,
has appeared to guarantee quick and dependable handling of therapeutic symbolism such as MRI looks for
markers of Alzheimer's malady.

This consideration examines the viability of Convolutional Neural Systems (CNNSs) in distinguishing Alzheimer's
illness based on brain imaging information. They think about utilizing a multi-class classification approach,
recognizing between four categories. The CNN demonstrates beats desires, accomplishing an exceptional 95%
accuracy on already obscure test information. Preparing and approval misfortunes of 0.06% and 0.17%,
individually, propose that the learning handle was effective and did not overfit.

The F1-score (94.84%), exactness (95.01%0), and review (94.84%) all contribute to the survey of the model's
capacity to analyze Alzheimer's infection. These discoveries propose that CNN-based procedures have viable
applications in Alzheimer's infection determination. Be that as it may, assistance consideration and approval are
fundamental to demonstrate the recommended approach's unwavering quality and generalizability.

Keywords: Alzheimer's disease (AD), Magnetic Resonance Imaging (MRI), Deep learning techniques,
Convolutional Neural Networks (CNNs), Early detection, Classification.

I. Introduction

Alzheimer's illness (AD) is one of the foremost pertinent healthcare crises within the world, introduced in by its late
graduation, tireless improvement of cognitive decrease, and noteworthy memory impedance.

The clutter known as Alzheimer's infection (Advertisement) [1] is characterized by the build-up of tau-containing
neurofibrillary tangles and -amyloid plaques. The classic shape of Advertisement is an amnestic cognitive disability,
whereas less common varieties result in non-amnestic cognitive impairment. Alzheimer's disease, also known as
dementia could be a hereditary and sporadic neurological illness. Whereas other neurodegenerative and cerebrovascular
maladies can impact AD's clinical effect, it could be a common cause of cognitive impedance in the center and late age.
Both people enduring the condition and their caretakers go up against critical impediments, emphasizing the basic need
for early discovery to empower opportune intercessions focused on lightening side effects and avoiding illness
movement. MRI is utilized for evaluating brain life systems owing to its predominant spatial precision and capacity to
differentiate delicate tissue. MRI is recognized to be connected with fewer well-being concerns than other modalities
such as computed tomography, or CT, and positron emanation tomography, or PET, [2]. Brain MRI fracture can be
utilized in an assortment of clinical applications since it modifies the by and large result of the measurable procedure.
To separate cerebral tissues, many conventional machine learning-based methods have been created. MRI can be
utilized to recognize anomalous brain tissues in Advertisement patients [3].

Over the past few decades, critical progression has been achieved in diagnosing brain wounds and examining neural
structures utilizing MRI [4].

NORMAL BRAIN ADVANCED ALZHEIMER'S

Fig.1. Normal brain vs Advanced Alzheimer’s

The advent of CNN has fundamentally changed the existing landscape of medical image analysis and ushered in a new
era characterized by superior automatic pattern recognition and feature extraction capabilities. These neural networks,
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which exploit the spatial correlations inherent in MRI data, have demonstrated great effectiveness in automatic
identification of AD, promising higher accuracy and efficiency compared to traditional diagnostic methods. CNN [5] is
one of the best-known and most frequently used deep learning networks. Considering the popularity of CNN, DL is
very trendy today. CNNs are most commonly used because they automatically detect important features without human
supervision. This is a huge advantage over previous versions.

This research endeavor aims to propose an innovative paradigm for detecting Alzheimer's disease using CNN models
trained on MRI datasets. The idea behind this approach is based on exploiting the power of CNNs to detect hidden
trends and distinctive features in the output data, which are important for the effectiveness of CNNs in various image
classification tasks. Starting with the preprocessing of MRI images to enhance contrast and reduce noise, subsequent
deployment of the CNN architecture leverages a vast inventory of MRI scans, including both AD-affected and non-AD
cases. will be done. The CNN model learns subtle features through an iterative process, allowing it to distinguish
structural details between healthy and AD-affected brains. Additionally, a study using traditional approaches is
performed to examine the effectiveness of the proposed strategy. This study shows that CNN-based models have the
potential to quickly and accurately detect Alzheimer's disease using MRI data with excellent sensitivity and specificity.
Additionally, the non-invasive nature of this tool portends new possibilities for early detection of Alzheimer's disease,
rethinking diagnostic paradigms, and treatment planning. In this context, this paper aims to provide a detailed study of
the use of CNN models in the field of cognitive impairment detection using MRI data. The goal of leveraging the
amazing capabilities of deep learning technology is to increase the accuracy and specificity of Alzheimer's disease
diagnosis, creating opportunities for better treatment and outcomes for patients. This methodology definition covers all
aspects from critical MRI data preparation to feature extraction using a CNN architecture customized for medical image
analysis.

This study has two overarching objectives. First, to investigate the effectiveness of the CNN model in detecting subtle
structural changes associated with Alzheimer's disease from MRI data, and second, to evaluate the developed model
across different patient cohorts across imaging protocols. It is to determine generalizability and robustness. . This effort
includes rigorous testing and validation to gain insight into its potential medicinal benefits. Effectiveness of CNN-based
approaches in diagnosing Alzheimer's disease. These findings have the potential to advance early intervention and
personalized treatments aimed at reducing the overall burden of Alzheimer's disease on individuals and healthcare
systems.

I1. Literature Review

Hon and Khan (2017) [6] convey an in-depth examination of Alzheimer's Disease labelling using transfer learning. The
study, which encompasses the 2017 IEEE International Conference on Bioinformatics and Biomedicine, delves at the
use of transfer learning, with a particular focus on the utilization of pre-trained models including VGG16 and Inception
for AD diagnosis using MRI data analysis. Using an entropy-based technique for useful training data selection, the
authors show promising accuracy results, including a maximum accuracy of 96.25% with Inception V4. A comparison
with classic and newer deep learning approaches demonstrates the superiority of the suggested strategy, even with a
significantly smaller training sample. The study suggests that transfer learning, when combined with intelligent data
selection strategies, represents a viable option for improving AD classification accuracy with MRI data. Future research
directions include investigating new datasets, refining hyperparameters, and expanding categorization to include
Healthy Control (HC) and Mild Cognitive Impairment (MCI) categories. Zhu et al. (2022) [7] propose a thorough
examination of individualized Alzheimer's disease diagnosis utilizing interpretable graph convolutional networks. Their
study investigates fresh methodology and conclusions, demonstrating significant gains in accuracy over previous
approaches. The authors demonstrated superior results across fluctuated datasets and label ratios through the inclusion
of comprehensible feature learning, dynamic graph learning, and GCN modules. Their interpretability analysis revealed
important details about the underlying pathology of Alzheimer's disease, whereas ablation analyses highlighted the
contributions of specific components. Overall, Zhu et al.'s study provides a solid framework for customized AD
diagnosis, with implications for future research in the field. Amin-Naji, Mahdavinataj, and Aghagolzadeh [8] outline a
novel deep learning algorithm for Alzheimer's disease (AD) authentication employing structural MRI. The approach
they developed, leveraging the Siamese Convolutional Neural Network (SCNN) and the ResNet-34 architecture,
achieves a remarkable 98.72% accuracy on the OASIS dataset, beating ahead of time approach. They place their findings
within the larger context of AD research, emphasizing the socioeconomic implications of precise and automated AD
classification. The suggested method uses a Siamese CNN architecture with three branches to handle several picture
kinds (anchor, positive, and negative) for discriminative feature learning. The network is trained to employ a triplet loss
function, effectively eliminating the distance between matching pairings while raising the distance between non-
matching pairs. Superior performance over existing approaches is established by using sSMRI data from the OASIS
dataset. The evaluation focuses on accuracy, with the suggested method outperforming prior cutting-edge approaches
in AD classification. The network is trained to utilize a triplet loss function, which efficiently decreases the distance
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between matching pairs while expanding the distance between non-matching pairs. In conclusion, Amin-Naji et al.'s
work demonstrates the promise of deep learning approaches, notably the Siamese CNN, for reliable and automated AD
diagnosis from sMRI data, thereby advancing medical image analysis and increasing clinical results in AD therapy.
Zhang et al. (2021) [9] suggested a new CNN architecture called CAM-CNN (Connection-wise Attention Mechanism
Convolutional Neural Network). This model had nine convolutional layers with 3x3x3 filters, 35 filter numbers, and
max-pooling layers for feature map reduction. Skip and dense connections, inspired by ResNet and DenseNet, allowed
for efficient feature propagation and reuse while resolving difficulties such as gradient vanishing.
A significant novelty was the connection-wise attention method, which focused on feature maps between different
layers and dynamically adjusted their contribution to categorization. Although promising, CAM-CNN confronts
obstacles like as computational complexity and network convergence. Nonetheless, its creation demonstrates the
promise of CNNs and attention mechanisms in improving AD detection. Further study should address these constraints
and evaluate these methodologies on larger datasets to aid clinical translation. Detecting Alzheimer's disease (AD) early
is of the utmost importance to achieving effective medical treatment. Recent research emphasizes deploying generative
adversarial networks (GANS) to create high-quality MRI pictures of the brain. [Zhao. et.al, 2021] [10] describes a multi-
information conditional GAN (mi-GAN) that generates 3D MRI pictures at future time points. The mi-GAN beats
typical conditional GANSs in terms of image quality. The structural similarity index (SSIM) demonstrates that mi-GAN-
generated images have significantly higher image quality. These images can also help forecast disease development. A
multi-classification model trained on real and created images shows good accuracy, especially for mi-GAN-derived
images. Furthermore, mi-GAN shows promise for detecting minor volumetric changes associated with illness
progression. These findings exhibit mi-GANSs' capabilities to pinpoint early Alzheimer's disease and estimate disease
progression. However, additional study is required to solve these shortcomings and improve the usefulness of mi-GANs
in AD research. The research [11] describes a method for diagnosing AD with 3D convolutional neural networks trained
on brain MRI data. Initial identification is of the utmost importance for successful management, and the research
suggests examining standards involving ventricle size, the hippocampus form thickness of the cortex, and cerebral
volume to predict AD. The suggested technique utilizes a 3D-CNN based on a 3D convolutional autoencoder (3D-CAE)
to detect anatomical shape modifications within structural brain MRI data. The 3D-CAE is pre-trained to extract
broadening features, whilst the 3D-CNN's topmost layers are tuned for AD classification. Experiments employing MRI
datasets demonstrate that the approach suggested beats traditional classifiers in accuracy. The 3D-CNN's capacity to
generalize features and adapt to new datasets is established, hinting that it has the potential to diagnose. Alzheimer's
disease early and accurately. The article also describes the 3D-CAE and 3D-CNN architectures and training processes,
as well as experimental results and comparisons to other methodologies. The proposed method offers the potential to
enhance the accuracy of Alzheimer's disease diagnosis by employing structural brain MRI data. Lastly, the research
indicates an unusual approach toward AD diagnosis based on deep learning techniques, in particular 3D-CNNSs, which
possess the potential to greatly enhance the early detection and management of AD. Nguyen et al. (2018) [12] undertook
a study that predicted Alzheimer's disease evolution employing deep recurrent neural networks (RNNSs).

They tackle the difficult task of multi-step prediction, seeking to foresee various disease signs up to seven years ahead.
Unlike previous efforts that concentrated on single-step prediction, this study addresses the more complex multi-step
scenario, which is critical for clinical decision-making. The authors address the challenges of handling missing data and
irregular intervals between observations, which are typical in healthcare datasets. They suggest unique ways for
efficiently training RNNs with missing data, relying on the RNN to fill in the gaps during training. This allows for a
more realistic simulation of disease development. The authors depend on Long Short-Term Memory (LSTM) RNNSs to
capture the multifaceted character of dementia advancement, which includes both categorical and continuous variables.
They present ways for imputing missing data, including forward-filling and model-filling approaches, which improve
model resilience. The recommended method will be investigated using data from the Alzheimer Disease Neuroimaging
Initiative (ADNI) database which shows that it outperforms baseline models. The results show that RNNs are effective
at capturing temporal dependencies and providing accurate multi-step predictions, which is crucial for clinical
applications. Nguyen et al.'s work advances AD research by suggesting novel methodologies for disease progression
modeling and prediction, which have significance for clinical decision-making and future intervention options.
Understanding [13] the association between altered brain function and structure in Alzheimer's disease (AD) serves as
essential for rapid detection and counseling. The deep cross-model attention network (DCMAT), one of the models that
addresses this specific issue, is being developed thanks to recent advancements in deep learning. By combining multiple
Graph Attention (GAT) blocks with a Recurrent Neural Network (RNN) layer, DCMAT integrates both brain structure
and function.

The used method efficiently captures disease-specific functional dynamics on individual structural networks, indicating
classification performance for identifying moderate cognitive impairment (MCI) from normal controls (CN). DCMAT
uses data from the ADNI to investigate brain structure-function correlations using DTI and rs-fMRI. The results show
that top MCl-related functional correlations exist at various levels of brain connections, indicating the importance of
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deeper layers in capturing disease-specific relationships. Furthermore, attention coefficients indicate that MCl-related
functional interactions may spread across structural connections and influence distant brain regions. DCMAT's
classification performance beats commonly used approaches, demonstrating its usefulness in MCI detection. Finally,
DCMAT provides a novel paradigm for combined investigation of AD-related structure and function utilizing deep
learning approaches. Its findings on the complex connection between brain structure and function provide promise for
improving Alzheimer's disease early detection and therapeutic tactics. Alzheimer's disease (AD) is a major healthcare
concern worldwide, necessitating early and correct diagnosis for effective treatment. Recent research has investigated
deep belief network-based multi-task learning algorithms for AD detection, as demonstrated by [Zeng, 2023] [14].
DBNSs, which are made up of stacked Restricted Boltzmann Machines (RBMs), have shown potential in a variety of
applications, including AD detection. [Zeng, 2023] delivers a DBN-based MTL, which stands for algorithm for learning
many AD-related tasks simultaneously, notably bias between healthy control subjects (HC) and people with AD,
preliminary mild cognitive decline from HC, stable mild mental impairment from HC, and others. To improve resilience,
the algorithm uses dropout and zero-masking techniques. Dropout reduces overfitting by randomly removing neurons
during training, whereas zero-masking reconstructs input to learn more robust features. Experimental results
demonstrate the algorithm's usefulness, surpassing baseline approaches and cutting-edge AD diagnosis algorithms,
especially in difficult classification tasks such as SMCI vs. pMCI. To summarize, DBN-based MTL algorithms show
potential for improving AD diagnostic accuracy. These methods, which use deep learning and multi-task learning, offer
a valuable approach to improving AD detection systems, with implications for early and accurate diagnosis in clinical
settings. The study's findings demonstrate the effectiveness and utility of the DBN-based MTL algorithm developed
here.

Advances in medical imaging, particularly positron emission tomography (PET), have allowed researchers to assess
new methods for Alzheimer's disease early diagnosis and detection [15]. Using unsupervised anomaly detection
algorithms on FDG-PET images, Baydargil et al. (2021) examined AD diagnosis using data from ADNI.

The research utilized anomaly detection models such as skip-GAN and AnoGAN, which were trained on a dataset of
AD, MCI, and NC subordinates. The model's performance can be evaluated via classification inference, area under the
curve (AUC) analysis, Fréchet Inception Distance (FID) scoring, and anomaly score computation. Findings reveal that
the suggested approach outperforms benchmark classification models and prior anomaly detection efforts, illustrating
that it is successful in detecting AD irregularities in PET scans. The findings highlight the promise of modern imaging
techniques and machine learning algorithms in supporting early AD diagnosis and intervention, ultimately improving
patient care and outcomes in this difficult disease setting. Future research directions include assessing the significance
of particular loss functions, delving into deeper models, and researching the potential of skip connections to improve
model performance. With an AUC score of 75.21% (3.79% greater than Skip-GANomaly) and a classification accuracy
of 96.03% (0.59% more accurate than DenseNet169), the suggested model outperforms previous anomalous models
both quantitatively and qualitatively.

Recent research has shown an increasing enthusiasm in deep learning draws near, particularly for Alzheimer's disease
(AD) examination and prognosis. A significant investigation by [Jarrett, 2020] [16] introduces MATCH-Net, a deep
learning network that was built for clinical survival analysis in AD patients. MATCH-Net integrates longitudinal patient
data and gives real-time survival estimations, outperforming conventional approaches and other deep learning standards.
The study of MATCH-Net's performance demonstrates its effectiveness in forecasting illness development, as
evidenced by solid performance metrics such as AUPRC and AUROC scores across multiple prediction horizons. The
study stresses the need to use composite ratings to select models for informed clinical decision-making. MATCH-Net
shows potential for individualized risk assessment and disease monitoring in Alzheimer's patients, providing vital
insights into disease progression and guiding appropriate therapies. While further verification across various
populations and healthcare settings is essential, the formation of groundbreaking deep learning models including
MATCH-Net is an important leap forward toward the goal of prompt identification and successful Alzheimer's disease
management. New developments in deep learning have demonstrated promise to enhance the accuracy of predicting
Alzheimer's disease (AD) utilizing brain scans. In a recent investigation, [Wang. et al., 2021] [17] suggested a new deep
learning approach based on the ResNet-50 architecture for early AD detection. To automatically learn images from MRI
slices, the system combines Spatial Transformer Networks (STN), a non-local attention mechanism, and the Mish
activation function. STNs convey controlled learning of spatial transformations, minimizing training costs, because the
non-local attention mechanism uncovers global associations in feature maps, improving model resilience.

Using the ADNI dataset, the suggested model classified AD with an accuracy of 97.1%, exceeding baseline models.
This study emphasizes the efficacy of deep learning in improving AD diagnosis accuracy and its potential for practical
implementation in clinical settings, providing vital insights into improving diagnostic outcomes for neurodegenerative
ilinesses. A recent study has highlighted the significance of multimodal neuroimaging in AD identification. Zhang et
al. (2022) [18] built Sparse Multi-View Canonical Correlation Analysis to overcome shortcomings in traditional
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approaches such as Sparse Multi-Canonical Correlation Analysis. SMCCA struggles to discriminate between shared
and distinctive features across modalities, which affects interpretability and performance. In contrast, PDSMCCA
incorporates parameter decomposition, which improves feature discerning. Their optimization approach addresses the
problem's biconvex character, ensuring convergence to a local optimum. PDSMCCA outperforms SMCCA at
identifying biomarkers, with greater correlation coefficients and improved interpretability. PDSMCCA provides
insights into AD pathology by combining different imaging modalities, which aids in the creation of diagnostic models.
The literature on multimodal neuroimaging, as illustrated by PDSMCCA, shows potential for improving AD detection.
Future research may concentrate on improving methodologies, incorporating new modalities, and transferring findings
into clinically applicable diagnostic tools for early AD identification. Recent advancements in AD diagnosis have
focused on leveraging magnetic resonance imaging and deep learning techniques. Fong et al. (2020), [19] propose
innovative methods to streamline AD detection by eliminating the need for MRI pre-processing and the adoption of
deep learning neural networks. Traditionally, AD diagnosis relies on MRI-based hippocampal atrophy analysis, often
requiring complex pre-processing steps. Fong et al. address this challenge by proposing a solution that bypasses MRI
pre-processing, simplifying the diagnostic process. Moreover, While CNNs have demonstrated potential in AD
diagnosis, most existing approaches focus on classification tasks. Fong et al. expand on this study by including deep
learning object identification architectures—Faster R-CNN, SSD, and YOLOv3—into AD detection offering a more
comprehensive framework. The study's contributions include a new benchmark dataset, UTM-ADNIRAW, which will
aid future research in AD detection. Furthermore, Fong et al. demonstrate high detection accuracy across several deep
learning architectures. In conclusion, Fong et al.'s study provides a significant leap in AD diagnosis by merging deep
learning with object detection methods and avoiding MRI pre-processing. Their approach provides a more efficient
alternative to established diagnostic processes, potentially enhancing the accuracy and accessibility of AD diagnosis.
Recent advances in medical imaging, notably 2D-MRI images, show promise for early Alzheimer's disease (AD)
identification. Rashid et al. (2023) [20] introduced the "Biceph-net" architecture for AD diagnosis, which relies on
balanced data of 2D-MRI scans from CN, mild cognitive impairment, and AD participants. The architecture, based on
a VGG-16 network with a unique "Biceph-module,” outperforms baseline methods in a variety of classification tasks.
The results show Biceph-net's robustness and computational efficiency, emphasizing its potential for improving AD
diagnosis. Future research could look at further interpreting classification decisions and addressing model constraints,
which would help better AD management.

I11. Research Methodology

1. Collection of Data.

The data was acquired employing Kaggle. It is an assortment of brain MRI scans that fall into four distinct groups
depending on AD progression [21]. The dataset comprises the following components: The collection features MRI scans
of pictures of the brain. Each grayscale envision illustrates a section-by-section representation of the brain. The shots
are accompanied by the medical condition's growth. stage: There are four phases of dementia: non-demented, very mild
demented, mildly demented, and moderately demented.

1. Non-demented: Images showing people without AD.
2. Images featuring people in the early stages of Alzheimer's disease are labeled as "Very Mild Demented."
3. Mild Demented: Images depicting people with mild Alzheimer’s disease.

4. Moderate Dementia: Images depict people in the middle stages of Alzheimer's disease.

This dataset has a balanced or imbalanced distribution of photos across four categories. The images are saved in a
common format, such as JPEG or PNG. Each image file is labeled with a unique identifier that indicates which class it
belongs to.

2. Data Preprocessing

The image has been proportionally resized to fit into a square of 100x100 pixels. This resizing step guarantees that the
image has a consistent size, frequently required for additional processing or analysis, especially in machine learning
jobs where input images must have uniform dimensions.
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Fig.2. Resized MRI in 100 X 100 pixels

Finally, the scaled image is presented with the colormap adjusted to grayscale and shown. This method enables visual
assessment of the scaled image. Overall, this code segment emphasizes an important preprocessing step used in
applications involving computer vision to regulate the size of input depicts before feeding them into machine learning
models or pipelines. Loads and preprocesses picture information from aware collections to supply a dataset for machine
learning model training.

3. Model Architecture

C. Pooling D. Fully-connected E. Output

A. Inputimage B. Convolutional layer layer [ layer

Fig 3. Convolutional Neural Network Architecture [22]

We used CNN to help with feature extraction so that we could design a categorization architecture.
Convolutional neural networks is a type of deep learning model that is widely used for both classification and image
recognition.

Let's look at how CNNs aid in feature extraction within a categorization architecture:

1. Convolutional layers apply learnable filters (kernels) to an input view. Each filter leverages convolutions to
identify specific elements in the photograph, such as edges, textures, or patterns. The above process develops a feature
map.

2. The convolutional layer's filtering builds feature maps that demonstrate specific traits in the input snapshot.
Feature maps are a consequence of applying the convolution technique to a photograph.

3. During convolution, pooling layers can be used to minimize dimensionality and preserve important information
in feature maps. Max pooling and average pooling are two common pooling approaches used to achieve this.

4. Non-linear Activation: Following each decoding or pooling process, is applied element-by-element to provide
the network with nonlinearity and allow it to learn complex patterns and correlations within the input.

5. Training and Optimization: Stochastic gradient descent (SGD) and its derivatives are used in backpropagation

and optimization approaches to train CNNs. To increase the capacity to precisely classify input photos, the network
learns during training how to modify the weights of the filters and fully connected layers to minimize certain losses in
the function, such as categorical cross-entropy.
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4. Training Procedure

This CNN model for image classification tasks utilizes TensorFlow's Keras APl and incorporates sequential layers for
feature extraction and classification. MaxPooling2D layers serve as the basis for downsampling followed by Conv2D
layers for feature extraction. The 2D feature maps are streamlined into a 1D vector by employing a flattening layer
before dense layers can be appended. Additionally, there are two ReL U activation function-containing dense layers,
plus a SoftMax output layer for multi-class classification goes next. A methodology entitled dropout regularization is
used to decrease overfitting.

The Adam optimizer is utilized for parameter updates, offering flexible learning rates and momentum ideal for deep
networks. Sparse Categorical In multi-class classification, cross-entropy loss quantifies the discrepancy between true
class labels and predicted probabilities. During training, accuracy measures are used to monitor the model's
performance. For effective computation and gradient estimation, a batch size of 32 is used. Ten epochs of training are
used to allow the model to learn intricate patterns from the data, with validation data being used to evaluate performance
and guard against overfitting. This architecture aims to classify Alzheimer's disease-related patterns effectively.

V. Result

It is determined that the model's accuracy using the training set is 97.78%. This metric shows the percentage of correctly
predicted instances out of all the examples in the training dataset. It shows how well the model was able to recognize
patterns connected to Alzheimer's disease in the training set. Similarly, the model's performance on hitherto unknown
data from the validation set is determined by computing the validation accuracy of 94.38%.

Training and Validation Accuracy

Fig. 4. Training and Validation Accuracy and Loss

The picture displays a line graph that indicates the convolutional neural network (CNN) model's training and validation
accuracy as well as loss, most likely utilized for image categorization. Epochs, or iterations across the training set, are
represented by the x-axis. Accuracy is shown by the left y-axis, and loss is indicated by the right y-axis.
The graph's training accuracy and loss curves seem to match the data nicely, suggesting that the model is picking up
new skills. Comparable trends can be seen in the validation accuracy and loss curves, proving that the model is not
overfitting the training set.

precision

MildDemented
ModerateDemented 1.00
NonDemented 0.97
VeryMildDemented

accuracy
macro avg
weighted avg

recall fl-score

Fig. 5. Classification Report

(TP+TN)/ (TP + TN + FP + FN) equals accuracy.

~(1)
Precision is equal to TP / (TP + FP).

~(2)
Sensitivity recall is equal to TP / (TP + FN).

~(3)
F1-Score: (2 * Recall * Precision) / (Recall + Precision)

- (4)
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Fig. 6. Error Matrix

You may learn more about the performance of a classification model by looking at its confusion (error) matrix. When
it comes to predicting dementia categories (non-demented, mildly demented, moderately demented, and severely
demented), this one does well on a multi-class classification task. The confusion matrix is a table that provides an
overview of a classification model's performance; it is not a formula in and of itself. Nonetheless, the numbers in the
confusion matrix constitute the basis for several measurements.

V. Conclusion

Our CNN model achieved high accuracy (95%) on unseen test data, demonstrating its ability to categorize brain images
for Alzheimer's detection (MildDemented, ModerateDemented, etc.). Low training and validation losses (0.06% and
0.17%) indicate effective learning. Furthermore, strong F1-score (94.84%), precision (95.01%), and recall (94.84%)
confirm the model's performance. This suggests promise for real-world applications, but further research and validation
are needed.

This version condenses the information while maintaining the key points:

. Good performance metrics (losses, F1-score, precision, recall).
o Potential for real-world use, but further validation required.

You can access the code we used to train and assess our model at https://github.com/rahulinchal/-Alzheimer-s-Disease-
Classification-using-CNN.
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