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In this paper, we present an algorithm to detect concept drift with ensemble learning. The data is assumed to
arrive in chunks large enough to train base classifiers. This algorithm builds an ensemble of classifiers by AdaBoost
per chunk. Concept drift is detected based on the difference between the prediction error of the latest ensemble and
the previous ensembles. The experimental results using the moving hyperplane detasets show that this algorithm
can detect smooth drifts and outperforms learning algorithms that ignore concept drift.
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Algorithm AEL
Given: S: a dataset of chunksize
height: the number of iterations for AdaBoost
width: the number of ensembles
a: the threshold for reset
while not end stream, do
1. hy1 = BaseLearn(Si).
2. For k=1,---, height,
Calculate the error of h:
Ziihtk(%)#?h weight(xi)
chunksize
set Bk = €tk/(1 - Etk)-
For each z; € Sy,
if Ay (i) = ys
then weight(z;) = weight(x;) X Bk
standardize Six to chunksize.
. Delete the oldest ensemble.
. Calculate the error of the latest ensemble

€tk =

and the previous ensembles:

>

t,kihey (z)=y

1
h(x) = arg max log —.
(z) = arg max Lom
If €previous — €latest >«

reset all ensembles

. Update B with the latest chunk.
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