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Abstract 
Disorders of ageing brain, such as Parkinson's and Alzheimer's disease, pose significant challenges to healthcare systems worldwide due to their complex nature and lack of effective treatments. In recent years, advances in artificial intelligence and deep learning have provided new opportunities for early detection of these disorders and estimation of their severity. Deep learning models can combine feature extraction, feature reduction, and prediction stages into a single end-to-end model, streamlining the process and potentially improving accuracy, which this thesis provides by leveraging diverse datasets spanning multiple diseases. The main contribution of this thesis lies in its potential to facilitate timely interventions for disorders of the aging brain, thereby improving patient outcomes. 
Introduction
Globally, aging and its accompanying health issues pose a serious threat to people's well-being ‎[3]. In response to this problem, there is an increasing focus on early diagnosis of age-related disorders with the goal of halting or slowing disease progression ‎[3]. These disorders result in many diseases, such as Parkinson's disease (PD), and Alzheimer's disease (AD).
PD is a progressive neurodegenerative disorder caused by multiple genetic and environmental factors ‎‎[1], ‎‎[12]. Each person experiences PD differently, as does the disease's rate of development. As of 2019, the estimated global population with PD was over 8.5 million ‎[23]. It is now one of the most prevalent neurological illnesses in the world, having doubled in prevalence over the last 25 years ‎[22], ‎[23]. This condition, which is primarily prevalent in adults between the ages of 50 and 70, is brought on by a deficiency of dopamine-transmitting neurons and develops later in life than AD. 329 000 people died from this illness in 2000, a more than 100% rise from 2000. ‎[8], ‎[22], ‎[23]. Symptoms of PD include muscle stiffness, delayed movement, problems walking, limb tremors, balance and coordination, cognition, voice impairment, eating and swallowing problems, and mood disorders ‎‎[1], ‎‎[13]. PD can be as difficult to detect as some of its symptoms. They are like those that appear in cold weather. For example, trembling of the voice and movements. Therefore, there is a need to propose a technique capable of extracting important features that play a vital role in detecting PD ‎‎[2]. 
The most prevalent cause of dementia is AD, which affects more than 50 million individuals globally ‎[24], ‎[25], ‎[26], and accounts for 60% to 70% of all dementia cases. According to projections from the World Health Organization (WHO), 90 million people globally suffer from dementia; as the population ages, this number is expected to increase to 150 million by 2030 and 300 million by 2050. AD is a degenerative neurological condition that causes the brain to atrophy and synapses to disappear ‎[24], ‎[26]. The increasing loss of behavior, reasoning, and social abilities linked to AD affects a person's ability to live freely ‎[4], [14]. More people must become aware of dementia, particularly its early indications. The brain's nerve cells undergo degenerative alterations that result in AD. It has an impact on the flow of electrical potential in neurons ‎‎[4]. When a person is first diagnosed, their symptoms are examined for signs of Alzheimer's disease. New symptoms emerge and memory problems get worse as the illness worsens ‎‎‎[4]. Mild cognitive impairment (MCI) is the term used to describe the stage of cognition that occurs between normal and the development of  AD ‎‎[15]. Progressive MCI (pMCI) refers to those with MCI diagnoses who have an increase in AD ‎‎[16]. Stable MCI (sMCI) is the term used to describe MCI patients who do not advance to AD. Thus, to prevent AD, it is necessary to analyze the impacts of MCI well in advance ‎‎[17].
Deep Learning (DL) has shown promise in the context of ageing brain illnesses for the early diagnosis and categorization of AD and PD. DL approaches provide a more effective and efficient way to diagnose problems than traditional methods, which rely on manual feature extraction. Instead, DL techniques automatically extract relevant information. The subject of PD and AD detection has been tackled in the literature through the application of diverse machine and DL approaches. For example, in ‎[9], PD was classified using convolutional neural networks (CNN) to distinguish PD patients from healthy controls. To improve the image quality and make it easier to forecast, they also used the median filtering approach to eliminate noise from the pictures while maintaining the edges. Also in ‎[10] AD stages were predicted using a DL-based algorithm that classified patients into multiple classes. After utilizing a distinct AI-based model for AD, two results were reached: the system for diagnosing AD looked at actual benchmark datasets, and two DL transfer models—ResNet50 and AlexNet—were suggested as algorithms. Additionally, comparative classification outcomes between the ResNet50 and AlexNet models are showcased. All things considered, the AlexNet system worked well, showed great accuracy, and yielded encouraging results. Utilizing MRI data that we downloaded from the database, we trained, verified, and tested our DL model. We then acquired good results by comparing the performance of the classifier with the doctor's decision. There are no additional frameworks that have been utilized to compare the system to clinician reasoning; hence, to get greater accuracy, the focus should be on growing the data set and doing a larger-scale evaluation of the model. We shall address the issues that the majority of the earlier literature encountered in this study.
Problem Definition
Brain ageing disorders, such as AD and PD, affect millions of people worldwide, and early detection and diagnosis of these disorders are crucial for the effective treatment and prevention of further cognitive decline. While machine learning (ML) approaches have shown promise in the detection and classification of brain ageing disorders, there is a need to develop a DL-based classification method that can classify more than one disease and determine the severity of the disease. The current literature lacks an accurate DL-based classification method that can classify multiple brain ageing disorders and determine their severity. Therefore, the proposed thesis aims to develop a DL-based on multi-class classification method for detecting and classifying brain ageing disorders, such as AD and PD, using multiple features extracted from magnetic resonance imaging (MRI) scans of the brain. The proposed method aims to classify more than one disease and determine the severity of the disease. The thesis will contribute to the development of a comprehensive DL-based classification method for the detection and classification of brain ageing disorders, which can potentially improve the accuracy and effectiveness of diagnosis and treatment.


Dataset
This section describes a collection of public datasets in different literature that are used in the field of brain damage diseases. Some literature has also used data collected from patients of various hospitals.  
	Dataset Name
	Link
	Biomarker
	Size & Samples
	Limitations

	Alzheimer's Disease Neuroimaging Initiative (ADNI)
	ADNI |  ACCESS DATA (usc.edu)
	Clinical
Genetic
 MRI 
Positron Emission Tomography (PET) 
Biospecimen
	150TB
data samples
	ADNI is a large and complex dataset, which can make it challenging to navigate and analyze

	Kaggle Alzheimer's classification dataset (KACD)
	Dataset_Alzheimer (kaggle.com)
	MRI
	6400 images
	Not all participants have complete longitudinal data, which can limit the analysis of certain time-dependent phenomena.

	Parkinson's Progression Markers Initiative (PPMI)
	https://www.ppmi-info.org/access-data-specimens/download-data
	Clinical 
Imaging 
Omics
Genetic
Sensor
Biomarker
	17.5TB
data samples
	Not all participants have neuroimaging data for all time points, which can limit the analysis of certain imaging-related phenomena.

	Open Access Series of Imaging Studies (OASIS)
	https://www.oasis-brains.org/
	MRI, PET imaging, neuropsychological testing, and clinical data
	416 subjects
140,000 images
	The OASIS dataset faces challenges in data transfer, entry, signposting, transparency, and inconsistencies in results, necessitating further research for its value in patient outcomes and quality improvement.




Related Work
There exist several studies that focused on the diagnosis of brain tumors especially the Parkinson and the Alzheimer diseases.  B. Chen et al. ‎[8] proposed Diffusion Tensor Imaging (DTI) indices serve as the foundation for a ML model for PD-MCI detection. The XGBoost model that combined the intra- and intervoxel indices performed the best with a 91.67% accuracy rate, gradient boosting decision tree models that use intra- and intervoxel DTI indices successfully identify MCI in PD. FSL 5.0.9 and PANDA (Pipeline for Analysing briN Diffusion ages) were used for DTI data preparation and atlas-based analysis (ABA). Format conversion, mask creation and cropping, head motion and eddy correction, and spatial registration were among the preprocessing procedures. They plan to investigate more ways to use more features to increase classification accuracy in the future.
‌A. A. Vijayakumari et al. ‎[9] proposed a structural MRI-based biomarker to forecast how quickly motor symptoms would worsen in the early phases of Parkinson's disease. From the Parkinson's Progression Markers Initiative database (PPMI), 120 healthy controls and 88 PD patients were included in the study. They used a support vector machine classifier to classify patients with 89% accuracy into comparatively slower and faster progress groups. Using regions of interest (ROIs) unique to each non-motor symptom, they will investigate in the future whether the multivariate method (MD) can predict non-motor symptoms.
Al-Adhaileh et al.‎[10] proposed a diagnostic system for AD using deep neural network techniques. Deep neural network techniques (AlexNet and Restnet50) achieved superior performance in the classification and recognition of AD. The proposed method can help improve computer-aided diagnostic methods for AD. The AlexNet model achieved an accuracy of 94.53%, and The Restnet50 model achieved an accuracy of 58.07%. The Future work can focus on expanding the dataset and evaluating the model on a larger scale and the proposed method can be further improved by incorporating more advanced DL techniques.
R. A. Hazarika et al.‎[11] proposed a hybrid approach using a combination of LeNet and AlexNet models for the classification of AD using brain MRI scans. The model achieved an overall performance rate of 93.58%. The future work of this paper is to acquire more data from different databases to compare and improve results and explore the use of advanced DNN concepts, such as the Dense-block notion, to improve model performance.
M. Mamun et al.‎[19] proposed DL-based models for Alzheimer's detection using MRI images and they used Four models used: CNN, ResNet101, DenseNet121, VGG16.The dataset used in the study consists of 6219 MRI images. The dataset includes images of both demented and non-demented brains. In the future, we may use newly developed DL models and pre-trained deep architectures for more accurate results for Alzheimer's detection.
M. Orouskhani et al.‎[20] proposed a conditional deep Triplet network to get around the ML difficulties' data shortage. Next, the model is used to identify brain MRIs and forecast a four-class categorization issue for AD. Our model's fundamental network is based on the VGG-16. The OASIS dataset was used to run the simulation, and the results were compared to the six state-of-the-art methods currently in use.
G. Pahuja et al.‎‎[21] proposed That is currently being considered to employ multi-modal features to increase the accuracy of PD diagnosis. Using biological and neuroimaging variables as the dataset, they employed two DL-based frameworks—feature-level and modal-level—to classify the participants into PD and healthy groups. In the feature-level and modal-level frameworks, CNN's highest accuracy is 93.33% and 92.38%, respectively. The findings support the use of the multi-modal feature-based strategy for dividing the participants into PD and healthy groups.
S. Desai et al. ‎[22] they used MRI examine pictures to recognize Parkinson’s illness is taken from Parkinson’s progression markers initiative (PPMI). They implemented ML techniques like decision tree classification, support vector machine (SVM), naïve bayes classification, KNN classification and XGBoost classifier. They got the highest accuracy for the support vector machine about 86%. the future, implementation of DL techniques like CNN can also be done which can give us more accurate results for the detection of PD.
Related Work Summary  
	References
	Datatype
	Training Model
	Accuracy
	Dataset

	‎
B. Chen et al. ‎[8]
2023
	MRI
	XGBoost
	91.67%
	FSL (FMRIB Software Library)
PANDA (Pipeline for Analysing braiN Diffusion imAges)

	A. A. Vijayakumari et al. ‎[9]
2023
	MRI-based biomarker
	SVM
	89%
	PPMI

	Al-Adhaileh et al. ‎[10]
2022
	MRI
	AlexNet
Restnet50
	94.53%
58.07%
	Kaggle Alzheimer's classification dataset (KACD)

	R. A. Hazarika et al. ‎[11]
2023
	MRI
	DenseNet-121
LeNet and AlexNet
	86.55%
93.58%.
	ADNI

	M. Mamun et al. ‎[19]
2022
	MRI
	CNN
	97.60%
	Alzheimer's Dataset

	M. Orouskhani et al. ‎[20]
2022
	MRI
	Conditional Triplet- VGG
	99.4%
	OASIS

	G. Pahuja et al. ‎[21]
2022
	MRI
	CNN
	93.33%
	PPMI

	S. Desai et al. ‎[22]
2022
	MRI
	SVM
	86%
	PPMI


Research Objective
The objective of this study is to develop a DL-based classification model for the early detection and classification of brain ageing disorders, including AD and PD using different datasets. The system will be designed to determine the severity of the diseases using classification techniques. The study will evaluate the performance of the system using various metrics and compare it with other traditional diagnostic methods. The results of this study will help improve the accuracy and speed of diagnosis, allowing for earlier intervention and better patient outcomes.
This can be decomposed into the following sub-objectives:
· Selecting and implementing proper algorithms from the recent literature for detecting brain aging disorders.
· Evaluating the selected algorithms based on metrics such as accuracy, precision, and recall.
· Modifying the selected algorithms or proposing and designing new algorithms to overcome their drawbacks.
· Compare the obtained result with the other results obtained before for brain aging disorders.

Research Plan
Data Collection: PPMI dataset for Parkinson and ANDI dataset for Alzheimer which are providing a range of data types and information to advance research in these neurodegenerative conditions. Those datasets are available online which makes it easy to use.
Data Preprocessing: Data preprocessing techniques, like normalization and dimensionality reduction, are used to prepare the data for classification algorithms, ensuring it is in a suitable format for analysis.
Feature Extraction: Classification models start by extracting relevant features from data sources like brain imaging, genetic information, and clinical records. These features can include brain volume, biomarkers, and cognitive test scores.
Model Training: Classification models, such as Support Vector Machines (SVMs), Convolution Neural Networks or Long Short-Term Memory (LSTM), are trained on labeled datasets. These models learn to classify individuals into different categories, like healthy or at-risk for brain aging disorders, based on the extracted features.

Validation and Testing: The trained models are validated and tested using separate datasets to assess their accuracy and generalization capabilities. This step ensures the model's reliability in early detection.
Predictive Biomarkers: Classification models can identify predictive biomarkers or patterns in the data that are indicative of brain aging disorders. These biomarkers aid in the early identification of individuals at risk.
Continuous Monitoring: Classification techniques can be applied to monitor changes in brain health over time, allowing for continuous assessment and early intervention as necessary.
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