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A credit scoring model of a capital company’s customers
using genetic algorithm based integration of multiple
classifiers
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Abstract

The objective of this study is to suggest a credit scoring model of a capital company’s
customers by integration of multiple classifiers using genetic algorithm. For this purpose,
an integrated model is derived in two phases. In first phase, three types of classifiers -
MLP (Multi-Layered Perceptron), RBF (Radial Basis Function) and linear models - are
trained, in which each type has three ones respectively so htat we have nine classifiers
totally. In second phase, genetic algorithm is applied twice for integration of classifiers.
That is, after htree models are derived from each group, a final one is from these three,
In result, our suggested model shows a superior accuracy to any single ones.

» Keyword : credit scoring, genetic algorithm, MLP(Muiti-Layered Perceptron), linear,
RBF (Radial Basis Function)
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Fig 2. Integration process of multiple credit scoring model
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