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conceptual

Conceptual clustering is an important way to summarize
data in an understandable manner.
However, the recency of
the conceptual clustering paradigm has allowed little exploration
of conceptual clustering as a means of improving performance.
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This paper is concerned with conceptual clustering, a task of machine learning that has not been traditionally
discussed in the larger
context of intelligent processing.
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‘COBWEB is ralso distinguished from other systems in that it is
incremental. Issues surrounding COBWEB’s performance as an incremental system are given in [Fisher, 19871.
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The denominator,
n, is the number of categories in a partition, and averaging over categories allows comparison
of
different size partitions.
2This assumes a probabditty matching guessing strategy, meaning
that an attribute value is inessed with a probability equal to its probabiity of occuaring, as opposed to a probability maximizing strategy which assumes that the most frequently occurring value is always
guessed (see [Fisher, 19871).
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