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Abstract This paper presents a new effective method for building an ensemble machine. Several
researchers have shown that a good ensemble machine has a low covariance between its members and
has highly-correct member networks that disagrec as much as possible. In this paper, we use a hybrid

neural network algorithm based on the constructive and active learning paradigm to generate diverse
ensemble candidate networks. The learning of this network proceeds by increasing the network . -
capacity as well as selecting new training examples incrementally. A new ensemble candidate network
is generated just before the network grows its capacity. This single run is defined as a chain. Multiple
chains of the network learning can generate diverse candidate networks which are fitted to the various
aspects of the given problem in view of the learning capacity and sample distributions. Proportional
selection is used to choose the ensemble candidate networks and the selected networks are combined
using generalized ensemble method (GEM) proposed by Perrone. Experiments have been performed on
an artificial dataset and a real-world problem. The empirical results show that this algorithm can
generate highly diverse member networks and can outperform other existing algorithms in
generalization accuracy. ' '
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