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Abstract:  Alzheimer “disease is a debilitating condition that results in the gradual destruction of brain 

cells, ultimately leading to dementia and impeding the affected individuals from carrying out their daily 

activities. While the treatment of this disorder is still in its nascent stages, early intervention and diagnosis 

hold promise for slowing down its progression. The utilization of magnetic resonance imaging (MRI) of the 

brain has emerged as a potential tool for the early detection of Alzheimer disease. To accomplish this, it is 

imperative to develop automated systems that can not only identify individuals with Alzheimer but also 

distinguish between the four distinct phases of the disease. The objective is to provide insights into the 

future of Alzheimer disease research, specifically in the context of stage prediction. The discussion centers 

around the application of various Machine Learning and Deep Learning methodologies and the advantages 

they offer in tackling this complex challenge. As part of this exploration, the article also delves into the 

limitations associated with deep learning techniques. Furthermore, several machine learning models are 

critically assessed to ascertain which approach holds the most promise for effectively addressing the 

multifaceted problem of Alzheimer disease diagnosis and stage prediction. This holistic approach aims to 

contribute to the development of more accurate, efficient, and reliable tools for the early identification and 

classification of Alzheimer disease, ultimately advancing our ability to combat this devastating” condition.” 

 

Index Terms - Clustering, Support Vector Machines (SVM), and additional techniques like K-nearest 

neighbor, Random Forest, Decision Tree, Convolutional Neural Network, and Recurrent Neural Networks. 

I. INTRODUCTION 

Alzheimer “disease, a relentless neurodegenerative condition, presents an ever-mounting global health 
challenge. This insidious ailment afflicts countless individuals, eroding their cognitive abilities, memory, 
and gradual self-reliance. With the world's aging population, Alzheimer disease prevalence continues to 
surge, underscoring the urgent need for effective early detection and prediction methods to guide 
intervention strategies and enhance patient care. 

In recent years, there has been a remarkable upswing in research endeavors aimed at crafting predictive 
models and tools for Alzheimer disease. These predictive methods leverage an array of data sources, 
spanning from neuroimaging and genetic data to clinical and cognitive assessments, with the overarching 
goal of identifying individuals at risk long before clinical symptoms manifest. The potential ramifications of 
such prediction methods are profound, offering early intervention, which can lead to improved outcomes 
and the potential development of preventive therapies. 

This “research paper endeavors to deliver a comprehensive and methodical exploration of the diverse 
predictive techniques used in Alzheimer disease research. Through an in-depth examination and critical 
appraisal of existing literature, our objective is to illuminate the current landscape of the field, exposing the 
strengths, weaknesses, and gaps within the various approaches. We aim to offer a lucid panorama of the 
progress achieved to date, as well as the hurdles that persist in the realm of Alzheimer disease” prediction. 
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Fig. 1: Classifications of Alzheimer Disease 

Within “this paper, we will delve into the methodologies and datasets employed for Alzheimer disease 
prediction, scrutinize the performance metrics used to assess these models, and delve into the ethical 
considerations and implications surrounding predictive methods. Furthermore, our aspiration is to provide 
insights into potential avenues for future research, spotlighting areas that necessitate further exploration and 
advancement. 

Through “our methodical analysis, we aspire to make a meaningful contribution to the ongoing efforts to 
refine and enhance Alzheimer disease prediction methods. Ultimately, our goal is for this research to foster 
the development of more accurate, accessible, and ethically sound tools for early diagnosis and intervention, 
offering hope to the millions affected by this devastating disease. 

II. RELATED WORKS 

In [1], “the authors delve into the application of transfer learning to enhance Alzheimer disease 
classification and detection using 3D MRI scans. This paper demonstrates the effectiveness of leveraging 
knowledge from pre-trained models to improve diagnostic accuracy. The transfer learning approach in this 
research opens the door to better detection of Alzheimer disease stages, presenting a promising development 
for clinical applications. 

In [2], “the authors focus on the utilization of deep convolutional neural networks (CNNs) for the automatic 
detection of Alzheimer disease. Deep learning ability to extract intricate features from medical images is 
evident in this study, which not only enhances diagnostic accuracy but also shows potential for early 
diagnosis. The deep learning approach is a significant stride toward more effective Alzheimer disease 
detection. 

In [3], “the paper continues to explore the application of transfer learning for Alzheimer disease detection, 
emphasizing the adaptability of pre-trained models for medical imaging. This approach demonstrates the 
potential to further enhance the accuracy of Alzheimer disease diagnosis through the reuse of knowledge 
from existing models. 

In [4], “the authors introduce a novel model based on deep feature extraction for Alzheimer disease 
diagnosis. This model is designed to extract and analyze meaningful features from MRI scans, aiming to 
contribute to early and accurate detection of the disease. The paper represents an important step in the quest 
for more refined diagnostic tools. 

In [5], “the concept of intelligent training data selection is introduced as a key element in the success of 
transfer learning for Alzheimer disease prediction. The careful choice of training data significantly impacts 
the performance of deep learning models, highlighting the importance of data curation in the field of 
medical image analysis. This approach contributes to more precise and reliable predictions. 

In [6], “the study focuses on binary classification of Alzheimer disease using structural MRI (sMRI) 
imaging and deep learning techniques. This binary classification approach simplifies the diagnostic process, 
which can be beneficial for clinical applications. It showcases the potential for a robust binary classification 
system, making diagnosis more straightforward and” reliable. 

In [7], “the paper adopts a unique approach by using shape analysis of MRI images to detect Alzheimer 
disease. This unconventional approach adds a new dimension to diagnosis by considering not only pixel-
level information but also the structural characteristics of brain images. Such an innovative perspective 
broadens the scope of Alzheimer disease detection. 

In [8], “the authors present a real-time system for Alzheimer disease stage detection. This system 
emphasizes the utilization of deep features extracted from MRI scans. Its real-time capabilities have 
practical applications in a clinical setting, allowing for timely and accurate diagnosis of Alzheimer disease” 
stages. 
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In [9], “the paper delves into the automatic classification of different cognitive states, including cognitively 
normal, mild cognitive impairment, and Alzheimer disease. Early differentiation between these states is 
crucial for providing personalized care and intervention to individuals affected by Alzheimer disease. The 
research contributes to improving patient outcomes through early diagnosis. 

In [10], “the paper introduces a feature-ranking-based approach for Alzheimer disease classification. This 
approach identifies and prioritizes the most relevant features extracted from structural MRI data. By doing 
so, it aims to enhance the accuracy of Alzheimer disease diagnosis and provide more informative results to 
clinicians and researchers. 

In [11], “the authors explore multi-class Alzheimer disease classification using a combination of hybrid 
features. This approach offers a more comprehensive framework for distinguishing between various stages 
of the disease, contributing to more precise diagnosis and personalized treatment. 

In [12], “the paper highlights the use of the Inception V3 network for Alzheimer disease detection from 
brain MRI images. The integration of deep learning architectures further enhances the precision and 
reliability of diagnosis, making it a valuable contribution to the field of Alzheimer disease research. 

In [13], “a deep convolutional neural network is presented as a powerful tool for Alzheimer disease 
classification. The use of CNNs in this context provides a means to effectively differentiate Alzheimer 
disease from healthy individuals, showing great potential for early diagnosis and intervention. 

In [14], “the paper emphasizes the importance of transfer learning in the context of Alzheimer disease 
classification. By leveraging existing knowledge and models, this research demonstrates the potential to 
improve diagnostic accuracy and consistency, which is vital for the timely diagnosis of Alzheimer” disease. 

In [15], “the focus is on Alzheimer disease classification through transfer learning from CNNs. The paper 
discusses how pre-trained convolutional neural networks can be utilized to enhance the accuracy of 
diagnosis. This approach demonstrates the power of leveraging existing neural networks for improved 
disease classification. 

In [16], “the authors propose a deep siamese convolutional neural network for multi-class classification of 
Alzheimer disease. This advanced deep learning architecture aims to provide a robust and versatile tool for 
Alzheimer disease diagnosis across multiple stages. The multi-class approach offers a comprehensive 
solution for characterizing different disease states and facilitating early intervention. 

These extended descriptions provide a deeper insight into the significance of each paper in the context of 
Alzheimer disease detection using machine learning and deep learning techniques. 

III. LIMITATIONS OF LITERATURE 

While the studies mentioned have made significant contributions to Alzheimer disease detection using 
machine learning and deep learning techniques, there are common limitations across many of them. These 
limitations include: 

Small and Heterogeneous Datasets: “Many studies face limitations in terms of dataset size and diversity. 
Alzheimer disease is a complex condition with various stages, and obtaining large and diverse datasets that 
represent this complexity can be challenging. Small datasets may lead to overfitting and limited 
generalizability. 

Lack of Clinical Validation: “Despite the promising results obtained in many of these studies, the clinical 
validation of the proposed models in real-world medical settings is often lacking. Clinical validation is 
crucial to ensure the effectiveness and safety of the algorithms in practical healthcare environments. 

Interpretability: “Deep learning models, especially deep neural networks, are often considered as black-box 
models. Understanding the basis for their predictions can be challenging. Interpretability of these models is 
crucial in the medical domain, where clinicians need to trust and comprehend the decision-making process. 

Data Imbalance: “Imbalanced datasets, where the number of Alzheimer disease cases is significantly lower 
than the healthy controls, can pose challenges. It can lead to biased models that are more accurate in 
classifying the majority class but less so in the detection of the disease. 

Data Preprocessing: “The quality of data preprocessing, including image normalization, noise reduction, and 
feature selection, can significantly impact the model performance. Inadequate preprocessing can introduce 
artifacts that affect the model's accuracy. 

Ethnic and Age Bias: “Some studies may not adequately address the potential bias in datasets, as they are 
often biased toward certain ethnicities and age groups. Models developed on such biased datasets may not 
generalize well to diverse populations. 

http://www.ijcrt.org/


www.ijcrt.org                                                     © 2024 IJCRT | Volume 12, Issue 1 January 2024 | ISSN: 2320-2882 

IJCRT2401438 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org d658 
 

Over fitting: “Deep learning models, in particular, are susceptible to over fitting, especially when dealing 
with limited datasets. Over fit models may perform well on training data but poorly on new, unseen data. 

Hardware and Computational Requirements: “Deep learning models are computationally intensive and may 
require access to high-performance GPUs or cloud resources. This limits the accessibility of these methods 
in resource-constrained clinical settings. 

Scalability: “The scalability of the proposed models for widespread clinical adoption is often not adequately 
addressed. Real-world implementation in healthcare settings may require additional considerations such as 
cost-effectiveness, scalability, and integration with existing clinical systems. 

Privacy and Security: “Handling medical imaging data raises significant privacy and security concerns. 
Many studies may not address these concerns adequately, which is essential when dealing with sensitive 
patient information. 

Longitudinal Data: “Alzheimer disease is characterized by progressive changes over time. Many studies use 
static snapshots of MRI images, but longitudinal data that track disease progression may provide more 
valuable insights. 

Generalization to Other Neurodegenerative Diseases: “Some studies focus solely on Alzheimer disease, and 
the generalization of their findings to other neurodegenerative diseases is not always clear. Models should 
be tested for their ability to differentiate between different conditions that share similar symptoms. 

It “important for future research in this field to address these common limitations to ensure that machine 
learning and deep learning models for Alzheimer disease detection are robust, accurate, and applicable in 
clinical practice". 

IV. METHODOLOGY 

A. Dataset 

The “dataset comprises two distinct files, one for training and the other for testing, and collectively, they 
encompass approximately 5,000 images. These images are categorized into four different classes, each 
representing a varying degree of Alzheimer severity. The classes include Mild Demented, Very Mild 
Demented, Non-Demented, and Moderate Demented. This dataset is accessible at the following link: 
Alzheimer Dataset on” Kaggle. 

 

Fig.2 Dataset images 

B. Machine Learning 

The “Support Vector Machine (SVM) is widely acknowledged for its elegance and its ability to construct 
highly accurate classifiers. Its strength lies in its capacity to counter over fitting and handle noisy data 
effectively. However, SVM has certain limitations. It primarily functions as a binary classifier, requiring 
pair wise classifications for multi-class scenarios. Additionally, it can be computationally demanding, 
leading to slower processing times. 

The “Decision Tree" method offers advantages in terms of data pre-processing, demanding minimal data 
preparation and displaying robustness in the face of missing values. It is relatively straightforward to grasp 
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and implement. Nonetheless, it suffers from some drawbacks. Even slight alterations in the dataset can 
result in significant changes in the decision tree structure, introducing instability. Furthermore, training 
decision tree models tends to be time-consuming and costly, making it less suitable for predicting 
continuous values or regression tasks. 

K-Nearest Neighbor (K-NN) exhibits particular effectiveness when the training data is resilient to noise, and 
it performs notably well with substantial training datasets. However, K-NN presents challenges in choosing 
the appropriate distance metric and deciding which features to employ for optimal results. 

Random Forest, a robust ensemble learning method, enhances accuracy, mitigates overfitting, and is 
versatile, accommodating both classification and regression problems. Nevertheless, one of its drawbacks is 
the extended training duration due to its inherent complexity. 

C. Deep Learning 

Convolutional Neural Networks (CNNs) are celebrated for their increased efficiency, simplification in 
categorization tasks, and their ability to handle extensive datasets of various types. They exhibit versatility, 
being suitable for a wide range of data formats. However, training CNNs can be time-consuming, and their 
complexity may demand substantial computational resources. 

Recurrent Neural Networks (RNNs) excel in capturing temporal dependencies and can accumulate 
knowledge over time, making them effective in time series predictions. However, RNNs can be challenging 
to train effectively, especially when utilizing activation functions like tanh or relu, as they may encounter 
difficulties with very long” sequences. 

Alex Net “is renowned for its contribution to faster model training and its effectiveness with color images. It 
distinguishes itself by not constraining outputs like some other activation functions, leading to improved 
training speed. However, it has a relatively shallow architecture compared to other models, potentially 
limiting its capacity to learn complex features from image datasets. 

Res Net “introduces bypass connections, enhancing both efficiency and accuracy. It incorporates batch 
normalization to further elevate performance. Nevertheless, it can be intricate to implement due to its deep 
architecture. 

VGGNet is pre-trained, resulting in accuracy improvements as the model depth increases. Nonlinearity 
increases with more layers using smaller kernels. However, VGGNet faces challenges related to vanishing 
gradients, and it can be slower compared to some alternatives, like '' ResNet. 

InceptionNet “demonstrates significant performance gains in convolutional neural networks, achieving 
efficient computational resource utilization with little increase in computational load. Nonetheless, it tends 
to have more parameters compared to” VGGNet. 

Google Net “is renowned for its efficient training system and its smaller network size. Its compactness, at 
only 96 MB, makes it an attractive choice. However, the intricate topologies of Google Net models, owing 
to their numerous layers, can be challenging to comprehend and work with. 

TENTATIVE APPROACH 

 

Fig.3 Tentative System 
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Medical imaging plays a crucial role in the early detection and diagnosis of various medical conditions, 
including dementia. In this context, we will describe a comprehensive process for classifying MRI images 
into four stages of dementia, namely Mild Demented, Very Mild Demented, Non-Demented, and Moderate 
Demented. The process includes input MRI images, pre-processing steps, fine-tuning a Transfer Learning 
(TL) network, and evaluation metrics for network testing. 

D. Input MRI Images: 

The dataset used for this study consists of MRI images captured at four different stages of dementia: Mild 
Demented, Very Mild Demented, Non-Demented, and Moderate Demented. These images serve as the raw 
data for the classification task. Each image reflects the brain structure and functioning of an individual at a 
specific stage of dementia. 

E. Pre-Processing: 

Before “feeding the MRI images into the classification network, a series of pre-processing steps are carried 
out to enhance the quality and consistency of the” data: 

Resize: “MRI images may come in varying sizes. Resizing is performed to ensure all images have the same 
dimensions, facilitating network training and consistency in model performance. 

Normalization: “MRI intensities can vary between images due to differences in acquisition parameters. 
Normalization is applied to standardize pixel values across all images. Common techniques include Z-score 
normalization to give the data a mean of 0 and a standard deviation of 1. 

F. Train Network - Fine Tuning: 

In “the next step, a pre-trained Transfer Learning (TL) network is utilized for the classification task. TL 
leverages the knowledge acquired by training on a large dataset, usually in an unrelated domain. The 
following steps are” involved: 

Transfer Learning: “A pre-trained neural network (e.g., VGG, ResNet, or Inception) is chosen as a base 
model. This model has already learned features from a vast dataset, which can be adapted for the dementia 
classification task. 

Fine-Tuning: “The selected base model is adjusted by removing the last few layers, and a new output layer 
is added to match the number of classes (in this case, four stages of dementia). The modified network is then 
fine-tuned on the dementia dataset, allowing it to learn specific patterns related to dementia progression. 

G. Network Testing Evaluation: 

After training, the network is evaluated using several performance metrics: 

Specificity: “This metric measures the ability of the model to correctly identify non-demented individuals as 
non-demented. It quantifies the true negative rate, which is important for ruling out false positives. 

Sensitivity: “Sensitivity, also known as recall or true positive rate, evaluates the model capability to 
correctly identify individuals with dementia (Mild Demented, Very Mild Demented, and Moderate” 
Demented). 

F1-Score: “The F1-score is a combination of precision and recall. It provides a balance between the true 
positive rate and minimizing false positives. It is particularly useful in "imbalanced” datasets. 

H. Classification of Stage: 

The “outcome of the network testing is the classification of each MRI image into one of the four stages: 
Mild Demented, Very Mild Demented, Non-Demented, or Moderate Demented. The classification is based 
on the network prediction probabilities for each class, and the class with the highest probability is assigned 
to” the image. 

 In summary, “this comprehensive process involves taking input MRI images, pre-processing them to 
ensure uniformity, fine-tuning a pre-trained neural network for dementia classification, and evaluating the 
network performance using key metrics to accurately classify the stages of dementia. This approach holds 
the potential to aid in early diagnosis and intervention for individuals at risk of developing dementia. 
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CONCLUSION  

In conclusion, our comprehensive examination of Alzheimer disease prediction methods emphasizes the 
importance of understanding the unique characteristics of this condition. It highlights the diverse range of 
data sources involved, the necessity for standardized performance metrics, and the urgent need to address 
ethical considerations within this vital realm of research. Achieving progress in the creation of precise, 
ethical, and accessible prediction models hinges on fostering interdisciplinary collaboration. 

By “addressing these pivotal issues, we have the potential to pave the way for improved early diagnosis and 
intervention strategies. This, in turn, offers a ray of hope to individuals affected by Alzheimer disease and 
their families. Simultaneously, our efforts contribute to the broader global initiative aimed at alleviating the 
impact of this devastating neurodegenerative disorder. 
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