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ABSTRACT
    Automated Machine Learning (AutoML) systems have been shown to efficiently build good models for new datasets. However, it is often not clear how well they can adapt when the data evolves over time. The main goal of this study is to understand the effect of concept drift on the performance of AutoML methods, and which adaptation strategies can be employed to make them more robust to changes in the underlying data. To that end, we propose 6 concept drift adaptation strategies and evaluate their effectiveness on a variety of AutoML approaches for building machine learning pipelines, including Bayesian optimization, genetic programming, and random search with automated stacking. These are evaluated empirically on real-world and synthetic data streams with different types of concept drift. Based on this analysis, we propose ways to develop more sophisticated and robust AutoML techniques. 



                                    


        	                          
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· We provide an overview of existing work in this field of research and categorize them according to three dimensions: search space, search strategy, and performance estimation strategy.
· We discuss several current and future directions for research on NAS. 
· Most existing work has focused on NAS for image classification. 
· On the one hand, this provides a challenging benchmark since a lot of manual engineering has been devoted to finding architectures that perform well in this domain and are not easily outperformed by NAS 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· The trade-off in this process is between exploitation of currently promising configurations versus exploration of new regions. 
· In Sequential Model-Based Optimization (SMBO) configurations are evaluated one by one, each time updating the surrogate model and using the updated model to find new configurations. 
· Popular choices for the surrogate model are Gaussian Processes, shown to give better results on problems with fewer dimensions and numerical hyperparameters, whereas Random Forestbased approaches are more successful in high-dimensional hyperparameter spaces of a discrete nature.
2.2. PROPOSED SYSTEM 
· Tuned Data Mining proposed to tune the hyperparameters of a full machine learning pipeline using Bayesian optimization; specifically, this used a single fixed pipeline and tuned the hyperparameters of the classifier as well as the per-class classification threshold and class weights.
· It is often desirable that equally good but faster algorithms are ranked higher, and multiple methods have been proposed to trade off accuracy and training time.
· The new set of proposed kernels is then evaluated in the next round. It is possible with the above rules that a kernel expression gets proposed several times, but a well implemented system will keep records and only ever evaluate each expression once. 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· This strategy assumes that the initial pipeline configuration will remain useful and only the models need to be updated in case their performance dwindles because of concept drift. 
· It tests whether keeping a learner memory of past data is beneficial. This can give a performance boost if the learner can also adapt to the new data. 
· This is a generalization of global model replacement  to other AutoML systems and an extension of the hyperparameter optimization in to full pipelines. 
· This strategy also assumes that the pipelines need to be re-tuned after drift. 
· Rerunning the AutoML from scratch is more expensive, but could result in significant performance improvements in case of significant drift. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Early drift detection method
	M. Baena-Garc´ıa, J. Campo-Avila, R. Fidalgo-Merino, A. Bifet, ´ R. Gavald, and R. Morales-Bueno, 
	 The proposed method can be used with any learning algorithm in two ways: using it as a wrapper of a batch learning algorithm or implementing it inside an incremental and online algorithm.

	Generic adaptation strategies for automated machine learning
	R. Bakirov, B. Gabrys, and D. Fay, 
	In this paper we address this issue by proposing generic adaptation strategies based on approaches from earlier works.

	Algorithms for ´ hyper-parameter optimization
	J. S. Bergstra, R. Bardenet, Y. Bengio, and B. Kegl, 
	Traditionally, hyper-parameter optimization has been the job of humans because they can be very efficient in regimes where only a few trials are possible.

	Data stream mining a practical approach
	A. Bifet and R. Kirkby, 
	This paper introduces energy consumption and energy efficiency as important factors to consider during data mining algorithm analysis and evaluation












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:
The main goal of this study was to gain a deeper understanding on how current AutoML methods are affected by different types of concept drift, and how they could be adapted to become more robust. To this aim, we proposed six adaptation strategies that can be generally combined with AutoML techniques, integrated them with some of the most well-known AutoML approaches, and evaluated them on both artificial and real-world datasets with different types of concept drift. We found that these strategies effectively allow AutoML techniques to recover from concept drift, and rival or outperform popular or online learning techniques such as Oza Bagging and BLAST. The comparisons between different AutoML techniques show that both Bayesian optimization and evolutionary approaches can be adapted to handle concept drift well, given an appropriate adaptation strategy and forgetting mechanism. 
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