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Learning and Detecting Concept Drift with Two Online Classifiers
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There are serious problems with online learning, especially in environments where the statistical properties of
the target variable change over time. This change, known as concept drift, can happen either gradually or suddenly
and significantly. Detecting concept drift is important for dealing with real-world online learning problems. We
previously proposed a method of accurately detecting concept drift, the STEPD method, but its false alarms
degrade the predictive accuracy because STEPD uses only one online classifier. To reduce the bad influence of
false alarms on predictive accuracy, we have proposed a system that uses two online classifiers, which we call the
Todi system. Using two online classifiers also enables Todi to accurately notify a user of the occurrence of concept
drift. We demonstrate that Todi performed well with a spam filtering dataset.
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1: Results that Todi notified a user of the occurrence
of concept drift on the SEA concepts. These results were
clustered by the Weka implementation of EM algorithm
3) [Witten 05]. Error bars show the stan-
dard deviations of each cluster from 100 trials.
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2: Error rates per 1000 messages of Todi, STEPD, and
Bogofilter on the TREC 2006 Spam Track Public Corpora
(English, trecO6p/full, immediate). The vertical line indi-
cates the concept drift that Todi notified to a user.
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