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Computation of Noncentral T Probabilities using
Neural Network Theory
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ABSTRACT

The cumulative function of the noncentral t distribution is desired to calculate power in testing equality of
means of two normal populations and confidence intervals for the ratio of population mean to standard devi-
ation. In this paper, the evaluation of the cumulative function of the noncentral t distribution is applied to the
neural network theory. The neural network consists of the multi-layer perceptron structure and leamning process
has the algorithm of the backpropagation. Numerical comparisons arc made between the Fisher’s values and the

results oblained by neural network theory.
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