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ABSTRACT 

Alzheimer's disease (AD) poses a significant global health 

challenge, particularly affecting the elderly population with 

its debilitating symptoms of memory loss and cognitive 

decline. Despite ongoing research efforts, effective 

treatment options remain elusive, emphasizing the critical 

need for early detection and management strategies. This 

project presents a deep learning-based approach for the 

prediction and analysis of Alzheimer's disease using 

convolutional neural network (CNN) architectures, namely  

MobileNet. By leveraging advanced neuroimaging 

techniques and clinical data, our proposed tool aims to 

provide accurate and personalized predictions to aid 

healthcare professionals in treatment decision-making. 

However, several challenges such as data availability, model 

interpretability, and generalization limitations are addressed 

within the project's scope. We discuss the significance of 

incorporating diverse and high-quality datasets, as well as 

the potential of transfer learning to enhance model 

performance. Through collaborative efforts driven by 

cutting-edge technology, this initiative seeks to alleviate the 

burden of Alzheimer's disease by empowering individuals, 

optimizing healthcare resources, and advancing scientific 

understanding. 

Index Terms— Alzheimer’s disease (AD), memory loss, 

early detection, deep learning, convolutional neural network 

(CNN),MobileNet, neuroimaging techniques, personalized 

predictions, treatment decision-making,  healthcare 

optimization, MRimaging. 

 

1.  INTRODUCTION 

Alzheimer's Disease (AD) is a widespread neurological 

condition affecting millions worldwide, characterized by gradual 

memory loss, declining cognitive abilities, and changes in 

behavior. Detecting AD early is crucial for better managing the 

disease. This has led to increased interest in using deep learning-

based prediction methods to intervene and make treatment 

decisions promptly. This paper aims for predicting AD using 

deep learning. 

 

In extending the scope of this research paper, we will delve into 

 

various aspects of deep learning-based prediction in AD,      

considering recent progress and obstacles. We'll look into 

how these methods can help identify AD early, predict its 

progression, and tailor treatment plans for individuals. 

Additionally, we'll examine challenges such as limited data 

availability, understanding how these models work, and 

ensuring they are usable in real-world healthcare settings. 

Furthermore, we'll explore how deep learning can contribute 

to our understanding of AD and assist in developing new 

treatments. By reviewing recent studies and critically 

assessing the current state of research, this paper aims to 

provide valuable insights into the role of deep learning in 

tackling the complexities of AD diagnosis and management. 

The paper is organized as follows.Section II describes the 

previous workof the classification of AD diagnosis.  Section 

III describes the proposed methodology for the classification 

of AD diagnosis. Section IV presents the experimental results 

 

2.  LITERATURE REVIEW 

 Early identification of Alzheimer's Disease is crucial for 

improved treatment outcomes. Utilizing deep learning-based 

prediction on neuroimaging data has shown promising results, 

such as the work by Shi et al. (2019), achieving a remarkable 

94.92% accuracy in diagnosing AD, thus aiding in early 

detection efforts. 

 Deep learning-based prediction offers insights into optimal 

treatment strategies by analyzing patient data, as demonstrated 

by Park et al. (2019), achieving an 85.7% accuracy in 

predicting AD progression, thereby refining treatment 

decisions for AD patients. 

 Research by Liu et al. (2020) showcased the predictive 

capabilities of deep learning in forecasting AD risk with an 

89.6% accuracy, indicating its potential in revolutionizing 

healthcare optimization for AD patients. 

 Despite the promise of deep learning-based prediction, 

challenges persist. The interpretability of deep learning 

models in the context of AD diagnosis remains a concern, as 

understanding the underlying factors driving predictions is 

crucial for clinical decision-making. 

 Additionally, the scalability of deep learning approaches to 

accommodate diverse populations and clinical settings 

requires further exploration to ensure widespread adoption and 

effectiveness in real-world scenarios. 

 Deep learning-based prediction may face limitations in 

addressing the heterogeneity of AD, as the disease manifests 

differently across individuals. Tailoring predictive models to 

account for this variability is essential for improving 

diagnostic accuracy and treatment efficacy. 

 Moreover, while deep learning models excel in analyzing 

large datasets, they may struggle with generalization to unseen 

data or real-world clinical settings, necessitating robust 

validation and testing procedures to ensure reliable 

performance. 

 Accessibility remains a concern, as the implementation of 

deep learning-based prediction demands advanced technology 

and specialized expertise, potentially creating healthcare 

disparities among AD patients. 

 

3.  PROPOSEDMETHODOLOGY 

. 
In this section, we outline our approach to detecting Alzheimer's 

disease (AD) using convolutional neural networks (CNNs), 

focusing specifically on MobileNet as our chosen architecture. 

Our goal is to create a reliable method for learning key features 

from MRI data and identifying AD cases within a large dataset. 

We chose MobileNet due to its effectiveness in various visual 

tasks, which we believe can be adapted to MRI analysis. To 
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improve its performance, we employ preprocessing techniques 

and fine-tune its settings to better suit AD feature learning. 

Figure 1 presents a block diagram illustrating our method, 

demonstrating how MobileNet is integrated with preprocessing 

steps for better AD detection. 

 

 
 

Figure 1: block diagram outlining our proposed method 

for automatically learning key features and classifying 

Alzheimer's disease (AD). 
A. Data: 
 In total, there are 12,448 MRI scans across various 

dementia categories, each indicating different stages of 

cognitive decline. Mild Demented individuals (2918 scans) 

show early signs like mild memory loss, needing early 

detection and personalized care. Those in the Moderate 

Demented category (2840 scans) face pronounced cognitive 

decline, requiring caregiver support and specialized treatments. 

Non-Demented individuals (2840 scans) don't show significant 

cognitive decline, needing regular assessments and lifestyle 

interventions. The Very Mild Demented group (2850 scans) 

exhibits subtle changes, needing monitoring and early 

intervention to prevent worsening. Each stage requires tailored 

care strategies to manage symptoms and support overall well-

being 

 

 
 

 

B Data Pre-processing: 
Pre-processing is a crucial step that greatly influences 

the effectiveness of automated Alzheimer's disease (AD) 

detection from MRI scans. After thorough testing of various pre-

processing methods, we've carefully chosen specific steps for 

our proposed scheme, as illustrated in Figure 2. 

 

 
Figure 2: visual representation of the MRI pre-processing 

pipeline implemented in our methodology. 

 

The steps marked with the gray box (Cortical Reconstruction) 

were carried out by the dataset provider using recon-all from the 

FreeSurfer software package. This includes tasks like correcting 

motion, ensuring conformity, normalizing intensity, computing 

Talairach transformation, and removing skull and neck areas. 

 

The "Image Resize" step involves trimming excess background 

around the brain tissue and adjusting the image to a standard 

size (110 × 110 × 110 in our tests). 

 

In the "Intensity Normalization" step, we employ a simple 

mathematical formula to standardize the intensity range of the 

images. The formula used is: 

 

.  

 

Here, I represents the original image intensity, Imin  

is the minimum intensity value, and Imax is the maximum 
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intensity value.This normalization ensures that all images 

have consistent intensity levels, improving the reliability 

of subsequent AD detection processes. 

 

C Deep-Learning models: 

MobileNET : 

MobileNet is a neural network framework tailored for 

efficient computation on mobile and embedded devices, 

making it ideal for applications where computational 

resources are limited. It employs depthwise separable 

convolutions, a technique that breaks down standard 

convolutional layers into two separate operations: depthwise 

convolution and pointwise convolution. 

In depthwise convolution, each input channel is convolved 

with its own set of filters, reducing computational 

complexity. This is followed by pointwise convolution, 

which combines the resulting feature maps using 1x1 

convolutions to map input channels to output channels. This 

factorization drastically reduces the computational cost of 

convolutional layers, especially when the input channel size 

is large. 

 

Figure 4: MobileNet 

Moreover, MobileNet implements a linear bottleneck 

technique to further optimize computation. This involves 

reducing the number of input channels before applying 

pointwise convolution, effectively reducing the 

computational burden, particularly in smaller networks where 

minimizing parameters and computations is crucial. 

In the context of Alzheimer's disease (AD) diagnosis using 

MRI images, MobileNet serves as a feature extractor to 

extract informative features from the images. These features 

are then inputted into a classifier, such as a support vector 

machine (SVM) or logistic regression model, to predict the 

presence of AD. 

During training, MobileNet's weights are adjusted to capture 

relevant features for AD diagnosis. This is achieved by 

minimizing a loss function that compares the predicted results 

with the true labels of the input MRI images. Backpropagation 

is used to adjust the weights of depthwise and pointwise 

convolution layers, while gradient descent regulates the 

weights of fully connected layers. 

Ultimately, the output of MobileNet is a vector of features 

representing properties of the input MRI image, which can be 

fed into a classifier for AD prediction. Mathematically, the 

operations involved in MobileNet's convolutional layers can 

be represented as follows: 

Depthwise Convolution: 

Y=W∗X 

Pointwise Convolution: 

Y=W∗X+b 

Where: 

 Y is the output feature map, 

 X is the input feature map, 

 W represents the convolutional kernel weights, 

 b represents the bias term, 

 denotes the convolution operation. 

 

 

 

4.  EXPERIMENTALRESULTS 

The performance of the model was evaluated by monitoring its 

accuracy on both the training data and a separate validation 

set. As shown in Figure 5, the model's training accuracy (green 

line) steadily increased with each training epoch, indicating 
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effective learning from the training data. This is expected as 

the model is repeatedly exposed to the training examples. 

However, the validation accuracy (red line) increased at a 

slower rate compared to the training accuracy. While the 

validation accuracy still demonstrates positive growth, this 

observation suggests a potential for slight overfitting, where 

the model might be memorizing specific patterns in the 

training data that may not generalize well to unseen data. 

Overall, the results indicate good model performance with a 

high training accuracy and increasing validation accuracy. 

However, close monitoring of the validation accuracy during 

training is crucial to prevent excessive overfitting to the 

training data. 

 

Fig: 5 

The effectiveness of the convolutional neural network model 

was assessed by analyzing its performance on both the 

training data and a separate validation set. Figure 6 depicts 

the model's training and validation loss across training 

epochs. The x-axis represents the number of times the model 

has been exposed to the training data (epochs), and the y-axis 

represents the loss, where lower values signify better 

performance. As expected, the training loss (red line) steadily 

declines with each epoch, indicating the model is 

successfully learning from the training examples. However, 

the validation loss (green line) decreases at a slower pace 

compared to the training loss. While the validation loss still 

shows a positive trend, this difference suggests a potential for 

slight overfitting. Overfitting occurs when the model 

memorizes specific patterns in the training data that might 

not translate well to unseen data. Overall, the results are 

promising, with a significant decrease in training loss and a 

positive trend in validation loss. However, close monitoring 

of the validation loss during training remains crucial to 

prevent excessive overfitting to the training data. 

 

Fig:6 

Identifying the most appropriate machine learning algorithm 

for image classification involves considering various factors, 

including task requirements and available computational 

resources. A comparison of four common algorithms—

MobileNet, VGG16, AlexNet, and a custom Convolutional 

Neural Network (CNN)—reveals insights into their 

performance 

MobileNet demonstrates exceptional accuracy, achieving a 

score of 0.9783. This makes it a prime choice for applications 

prioritizing efficiency, particularly in resource-constrained 

environments like mobile devices or embedded systems. 

MobileNets are renowned for their ability to strike a delicate 

balance between accuracy and computational efficiency. 

In contrast, VGG16 trails behind with an accuracy of 0.5417. 

Although VGG models were once esteemed for their 

effectiveness in image classification, their deep architecture 

poses significant computational challenges, especially in 

environments with limited resources. 

AlexNet, a pioneering architecture, achieves an accuracy of 

0.7871. Its victory in the ImageNet competition in 2012 

propelled it to fame. However, like VGG16, AlexNet's deep 

structure demands substantial computational resources 

compared to newer models. 

The custom CNN model achieves an accuracy of 0.5542. It's 

worth noting that CNN encompasses a broad range of 

architectures, each with its unique strengths and weaknesses. 
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5.  FUTURE WORK 

Looking ahead, while current research demonstrates progress 

in using machine learning for predicting Alzheimer's disease, 

there are opportunities for future improvements and 

advancements in this area: 

Integration of Multi-Modal Data: Explore the integration of 

various types of data, such as neuroimaging, genetics, 

clinical records, and lifestyle information, to gain a more 

comprehensive understanding of disease progression 

[1].Explainable AI (XAI) Techniques: Investigate methods 

for making deep learning models more interpretable to 

address ethical concerns and build trust in their use in 

healthcare [2].Real-World Clinical Validation: Conduct 

thorough validation studies in diverse clinical environments 

to ensure the effectiveness and applicability of machine 

learning models across different patient groups 

[3].Personalized Predictions: Develop models that consider 

individual patient traits, such as genetics, lifestyle, and 

medical history, to provide tailored predictions and treatment 

recommendations [4].Collaboration and Data Sharing: Foster 

collaboration among researchers and institutions to create 

shared databases for Alzheimer's research, facilitating 

advancements in model development and validation 

[5].Continuous Model Improvement: Establish methods for 

ongoing refinement of machine learning models based on 

new research findings and data, ensuring their relevance and 

effectiveness over time [6].Validation on Diverse 

Populations: Ensure validation studies include diverse groups 

of people, such as different ethnicities and ages, to avoid 

biases and ensure model effectiveness across various 

populations [7].Integration with Healthcare Systems: Explore 

ways to seamlessly incorporate machine learning prediction 

models into existing healthcare systems, including user-

friendly interfaces for healthcare professionals and 

compatibility with electronic health records [8].By 

addressing these considerations, the field of Alzheimer's 

disease prediction through machine learning can progress 

towards more accurate, reliable, and ethically responsible 

approaches in clinical practice. 

6.CONCLUSION 

This study investigated a novel deep learning approach for 

the early detection of Alzheimer's disease (AD) through MRI 

scan analysis. We successfully developed a Convolutional 

Neural Network (CNN) model incorporating MobileNet and 

VGG16 architectures. This model exhibited high accuracy in 

classifying patients into four categories: non-demented, very 

mild dementia, mild dementia, and moderate dementia. 

Notably, MobileNet achieved the highest accuracy among the 

tested architectures. These findings suggest that CNN-based 

methods have the potential to become a powerful tool for early 

AD detection using readily available MRI scans. This 

advancement could pave the way for earlier interventions and 

improved patient outcomes in the fight against Alzheimer's 

disease. 
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