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ABSTRACT
Ridge regression is frequently utilized by both supervised learning and semisupervised learning. However, the results cannot obtain the closed-form solution and perform manifold structure when ridge regression is directly applied to semisupervised learning. To address this issue, we propose a novel semisupervised feature selection method under generalized uncorrelated constraint, namely SFS. The generalized uncorrelated constraint equips the framework with the elegant closed-form solution and is introduced to the ridge regression with embedding the manifold structure. The manifold structure and closed-form solution can better save data's topology information compared to the deep network with gradient descent. Furthermore, the full rank constraint of the projection matrix also avoids the occurrence of excessive row sparsity. The scale factor of the constraint that can be adaptively obtained also provides the subspace constraint more flexibility. Experimental results on data sets validate the superiority of our method to the state-of-the-art semisupervised feature selection methods.



                          
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Although the influence on the graph structure of noise is reduced by the structure learning and graph sparsity, NDFS can only work in the situation in which a linear relationship between the features and the clustering pseudo tags exists; moreover, the clustering tag technique employed by NDFS cannot fully capture the local structure information underlying the original data.
· We only consider the computational complexity theoretically. The time consumption may be different in real applications because we have not considered the influence of iteration in the above analysis.
· We analysis the computational complexity and the running time of the proposed method and then compare it with several compared algorithms. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Semisupervised feature selection focuses on the problem of using a small number of labeled data and a large number of unlabeled data for feature selection.
· Most semi-supervised feature selection methods score the features based on a ranking criterion, such as Laplacian score, Pearson’s correlation coefficient and so on. 
· Naturally, this problem can be converted to select the nearest k points around any data point to calculate the transition probability.
· Xue et al.  presented a self-adaptive algorithm based on EC method to solve the local optimal stagnation problem caused by a large number of irrelevant features. 
2.2. PROPOSED SYSTEM 
· We combine structure learning and feature selection to propose a new feature selection framework. Since the MDS method is employed in the proposed framework to preserve the original space structure, which is reconstructed in a low-dimensional space, the proposed framework can preserve both the global structure and local structure underlying the original gene data.
· Moreover, an effective algorithm is developed to solve the optimization problem based on the proposed scheme. 
· Comparative experiments with some classical schemes on real tumor datasets demonstrate the effectiveness of the proposed method.
· The alternating direction method of multipliers (ADMM) is proposed to handle nonconvex optimization related to the proposed framework.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The performance of our approach is compared with the state-of-the-art methods on eight real-world data sets, and the experimental results show that the proposed MMFS is effective in unsupervised feature selection.
· As an effective mean to remove irrelevant features from high-dimensional data without reducing performance, feature selection has attracted many attentions in recent years.
· In other words, wrapper method wraps the classifier and feature selection into a black box, and evaluates the performance of the selected feature according to its accuracy on the feature subset.
· Comprehensive experiments are performed on eight benchmark data sets, which show the good performance of the proposed approach compared with the state-of-the-art unsupervised feature selection methods. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Sparse graph embedding unsupervised feature selection
	S. Wang and W. Zhu, 
	In this paper, three unsupervised feature selection algorithms are proposed and addressed from the viewpoint of sparse graph embedding learning.

	Global and local structure preservation for feature selection
	X. Liu, L. Wang, J. Zhang, J. Yin, and H. Liu, 
	Also, we develop an efficient optimization algorithm with proven global convergence to solve the resulting feature selection problem.

	Minimax sparse logistic regression for very high- dimensional feature selection
	M. Tan, I. W. Tsang, and L. Wang, 
	To achieve a sparse solution with respect to input features, many sparse LR models are proposed.

	Feature-selected tree-based classification
	C. Freeman, D. Kulic, and O. Basir, 
	Feature selection can decrease classifier size and improve accuracy by removing noisy and/or redundant features.



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:
   We proposed a new feature selection approach, MMFS, which can preserve the manifold structure of high dimensional data. There are two ways to achieve our purpose, MMFS minP and MMFS maxP, and we also combine these two algorithms into an algorithm MMFS inter. The new framework learns a weight matrix W which projects the data to close the data structure constructed by multi-step Markov transition probability; l2,1-norm is applied to make W to be row sparse for feature selection. An iterative optimization algorithm is proposed to optimize the new model. We perform comprehensive experiments on eight public data sets to validate the effectiveness of the proposed approach. 
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