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Jumping five decades forward to the present, we now have a number of new learning methods including SVMs,
neural networks, and deep learning that are very accurate, but unfortunately also the lack of explainability.
Especially, deep learning provides no information about the importance of feature variables. Addressing this
problem, we developed a factor analysis technique for the nonlinear machine learning methods. The technique
has two statistical steps as follows. The first step, called backward analysis, generates the probability distribution
of the positive and negative classes that the prediction model estimated. The second step extracts features that
have the significant difference between the positive and negative class distributions by using Jensen Shannon
divergence. The factor analysis technique was verified by simulation. Through the experiment, we extracted new
factors, have relevance to prostate cancer, from the features of gene expression data. Experimental results show
the great potential of our technique to play a vital role in the clinical research.
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