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Abstract Redundant features hurt the performance of learning methods. Feature selection methods were developed to
remove some redundant features; however, the redundant features contain useful information, therefore, multi-task
learning was developed to employ the removed redundant information to improve prediction accuracy. Adding which fea-
tures to the target and/or the input during multi-task learning is still an open issue. The previous study on multi-task
learning uses genetic algorithm to determine the features for the target and/or input,and which has been proved effec-
tive. In this paper, we classified the features into three parts:the input features, the output features and irrelevant fea-
tures. We proposed a new search strategy of the genetic algorithm which encodes double bits for one feature. Experi-

mental results on the microarray data sets show that the novel algorithm e-GA-MTL obtains better performance than

the previous algorithm GA-MTL and the other heuristic algorithms.
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%1%  All Feature GA-FS H-MTL. GA-MTL eGA-MTL
Colon 29.04+9.2 27.5£9.1 28.449.7 26.8%+7.0 25.0%7.8
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Leukemia 30.073.2 24.4%3.3 23.3%5.2 23.0%£3.9 22.7+4.2
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P 27.044.6 24.545.3 24.045.8 23.4+5.0 22.56%+4.5
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