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Abstract

Korea Composite Stock Price Index (KOSPI)
was predicted using Cascade Correlation
Network (CCN) model. CCN was suggested,
by Fahlman and Lebiere [1990], to overcome
the limitations of backpropagation algorithm
such as step size problem and moving target
problem. To test the applicability of CCN as
a function approximator to the stock price
movements, CCN was used as a tool for
univariate time series analysis. The fitting
and forecasting performance of CCN on the
KOSPI was compared with those of Multi-
Layer Perceptron (MLP).
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