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Classification problems are to classify examples to given classes by using examples that are already classified.
Instance-based methods are an approach to the problem, where examples are classified referring classes of neighbor
examples. For this purpose a similarity metric is necessary. This paper uses a nobel similarity that is defined be-
tween two exapmles as probability of the examples being in the same class. An instance-based classification method
with this metric equals to a posteriori probability classification. The probability or the similarity is calculated from
a set of combined examples of pairs that include the information of two examples and the indication of agree or
disagree of classes of the pair. In this paper, classification with the combination methods are demonstrated and

compared with some conventional methods.
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