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The ensemble learning in a machine learning field such as Swarm Optimization and AdaBoost have been paid much
attention to. In particular, AdaBoost is a notable algorithm, which achieves an intelligent system based on an ensemble of
“weak” learners. AdaBoost shows excellent performance in both classification and regression tasks. Such ensemble learning
systems have been also studied as complex adaptive systems, comparing with natural immune networks or traditional
classifiers. A purpose of this paper is to examine the similarities of ensemble learning systems, and to construct integrated
viewpoints. We will propose an extended AdaBoost algorithm to couple with a genetic algorithm, and evaluate its property

as a complex adaptive system.
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