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ABSTRACT
Parkinson's disease (PD) is known as an irreversible neurodegenerative disease that mainly affects the patient's motor system. Early classification and regression of PD are essential to slow down this degenerative process from its onset. In this article, a novel adaptive unsupervised feature selection approach is proposed by exploiting manifold learning from longitudinal multimodal data. Classification and clinical score prediction are performed jointly to facilitate early PD diagnosis. Specifically, the proposed approach performs united embedding and sparse regression, which can determine the similarity matrices and discriminative features adaptively. Meanwhile, we constrain the similarity matrix among subjects and exploit the l2,p norm to conduct sparse adaptive control for obtaining the intrinsic information of the multimodal data structure. An effective iterative optimization algorithm is proposed to solve this problem. We perform abundant experiments on the Parkinson's Progression Markers Initiative (PPMI) data set to verify the validity of the proposed approach. The results show that our approach boosts the performance on the classification and clinical score regression of longitudinal data and surpasses the state-of-the-art approaches.

                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Nevertheless, most existing research only focus on binary classification to differentiate PD and normal control (NC). A third category called scan without evidence of dopaminergic deficit (SWEDD) lacks sufficient attention.
· With the development of machine learning and data-driven analysis, a great number of recent studies have been proposed to predict and assess the stage of pathology using the brain images.
· An accurate recognition of SWEDD contributes to offer appropriate therapeutic options to patients . 
· Accordingly, we simultaneously classify three different clinical statuses for practical clinical application instead of binary classification of NC vs. SWEDD or PD vs. SWEDD. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· An effective iterative optimization algorithm is proposed to solve this problem. 
· Nevertheless, for the multimodal data, the small dataset size and large feature dimension typically cause overfitting problem and renders difficulty in model generalization.
· Due to the existence of data loss problem on longitudinal time points, we use the 5-fold cross-validation approach to verify the proposed approach on the 12-month and 24-month data.
· By constructing the united embedding and sparse regression framework, our approach can find the most disease-related biomarkers, which is helpful for PD monitoring. 
2.2. PROPOSED SYSTEM 
· Our proposed method is evaluated on the public available Parkinson’s progression markers initiative (PPMI) datasets. 
· Extensive experimental results indicate that our proposed method identifies highly suitable regions for further PD analysis and diagnosis and outperforms state-of-the-art methods.
· In our proposed method, we first set the feature selection tuning parameters at a certain range and then select the most suitable values in the process of the experiments.
· We compare our proposed method with other widely used methods such as elastic net, least absolute shrinkage and selection operator (Lasso) , Multi-modal multi-task (M3T).
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· We use longitudinal data to boost the performance of regression and classification effectively. The proposed approach is shown to surpass other state-of-the-art methods. 
· Though deep learning has been extensively used in the medical image fields, it is difficult to obtain excellent generalization performance on small number of subjects.
· We conduct abundant experiments on the PPMI dataset to verify the effectiveness of the proposed approach. 
· The results show that our algorithm effectively boosts the performance of classification and clinical score regression and surpasses other state-of-the-art approaches by taking full advantage of the longitudinal data. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Parkinson's disease
	L. V. Kalia and A. E. Lang, 
	The diagnosis is clinical and sometimes difficult, considering a large number of motor and non-motor symptoms in PD patients.

	MDS clinical diagnostic criteria for Parkinson's disease
	R. B. Postuma, D. Berg, M. Stern, W. Poewe, C. W. Olanow, W. Oertel, et al., 
	The Movement Disorder Society PD Criteria are intended for use in clinical research but also may be used to guide clinical diagnosis.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.
2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005




















CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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                                                      CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















CHAPTER 5
CONCLUSION:
    In this paper, we propose a novel adaptive unsupervised feature selection approach through embedding learning using longitudinal multimodal data for the united classification and clinical score prediction of PD. Specifically, the proposed approach concurrently performs adaptive embedding learning and sparse regression; the similarity matrices and discriminative features thus can be determined adaptively. Meanwhile, we dynamically update the similarity matrices among subjects and features and have the connected number of the similarity matrix among subjects equal to the number of classes to gain the intrinsic structural property of the data. An effective iterative optimization algorithm is proposed to solve this problem. By constructing the united embedding and sparse regression framework, our approach can find the most disease-related biomarkers, which is helpful for PD monitoring. We perform abundant experiments on the PPMI dataset to verify the validity of the proposed approach. We use longitudinal data to boost the performance of regression and classification effectively. The proposed approach is shown to surpass other state-of-the-art methods. 
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