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A Scheme of Online Learning Data Analysis Under the Big Data Background

CHENG Xiang',CHENG Changzheng’

( l.Information Technology Centre,Party School of Anhui Provincial Committee of C.P.C,Hefei 230022,China;
2.Department of Engineering Mechanics,Hefei University of Technology,Hefei 230009,China)

Abstract:Data analysis is an important process for data value discovery in big data environment.A reasonable data

analysis solution is crucial to the data analysis process and effectiveness.A method of big data analysis process scheme is

proposed in this paper.The content that should be included in the analysis process,as well as the main tasks and results of

each stage,are displayed in detail by the scheme,so as to guide the implementation of big data analysis projects effectively.

This method was successfully applied to academic record prediction analysis project of some online learning courses with a

public data set.It is also versatile for other data analysis projects.
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data analysis process)
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Fig.1 Correlation diagram of grade and learning
behavior trait vectors
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Tab.1 Confusion matrix of neural network and CART
decision tree under training sample
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