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Abstract  In data streams concept is often not stable but change with time, We proposed a selective integration algorithm OSEN
(Orientation based Selected ENsemble) for handling concept drift data streams. This algorithm selects a near optimal subset of base
classifiers based on the output of each base classifier on validation dataset. Qur experiments with synthetic data sets simulating ab-
rupt (SEA) and gradual (Hyperplane) concept drifts demonstrate that selective integration of classifiers built over small time in-
tervals or fixed-sized data blocks can be significantly better than majority voting and weighted voting, which are currently the
most commonly used integration techniques for handling concept drift with ensembles. This paper also explained the
working mechanism of OSEN from error-ambiguity decomposition. Based on experiments, OSEN improves the generali-
zation ability through reducing the average generalization error of the base classifiers constituting the ensembles.
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Input: D, a dataset of ChunkSize from the incoming stream

KMax, the maximum number of classifiers
ENS,a set of previously trained classifiers
Output: ENS,a set of classifiers with updated weights

Train classifier £ from D;
Compute error rate of f via cross validation on D;
For each classifier f;

Compute error rate of f; on D;
WeakestFirst Pruning (KMax);
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For each classifier f; in ENS
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Select subset from ENS in terms of Orientation based method.
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