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This paper proposes a method for construction of classifiers for discharge summaries.
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First, morphological

analysis is applied to a set of summaries and a term matrix is generated. Second, correspond analysis is applied
to the classification labels and the term matrix and generates two dimensional coordinates. By measuring the
distance between catergories and the assigned points, ranking of key words will be generated. Then, keywords are
selected as attributes according to the rank, and training example for classifiers will be generated. Finally learning
methods are applied to the training examples. Experemental validation shows that random forest achieved the
best perfomrance and the second best was the deep learner with a small difference , but decision tree methods with
many keywords performed only a little worse than neural network or deep learning methods.
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