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Consideration and trial of lung cancer determination by DeepLearning application to human urine data
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We tried to apply a DeepLearnig to diagnose the lung cancer from a gas chromatography mass spectrometry data of human
urine. The mother data consists of 28 healthy people and 39 lung cancer patient urine data sets. Each data set has 394 pieces
of peak value as a feature. We applied unsupervised and supervised learning to four-layer neural network (NN) to the 57 data
sets out of 67, remaining five healthy and five lung cancer data sets for testing the learning result. We got 90% accuracy of
the diagnosis. We also analyzed robustness of the learning method by changing initial value, learning rate and the number of
learning times.
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