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ABSTRACT

Deep learning, a deepen neural network technology that demonstrates the enhanced
performance of neural network analysis, has been getting the spotlight in recent years. The
present study proposed a process to test the error rates of certain variables and predict big data
by using R, a analysis visualization tool based on deep learning, applying the RBM(Restricted
Boltzmann Machine) algorithm to deep learning. The weighted value of each dependent variable
was also applied after the classification of dependent variables. The investigator tested input data
with the RBM algorithm and designed a process to detect error rates with the application of R.
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