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Network Method
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Abstract

This research studies the efficiency of the
prediction techniques. Two basic methods used in  this
research including linear regression and back-propagation
neural network and test on three benchmark datasets. The
results show that the prediction with lincar regression
technique yields the better performance in term of root mean
square error in 2 datasets, while the back-propagation neural
network method achieves the better performance in the rest

dataset with a small number of data and attributes.
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