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Despite these advantages, ANNs have frequently 
been criticised for operating as a “black box” 
(ASCE, 2000). An ANN is essentially a tool for 
the nonlinear mapping of inputs to outputs, where 
the primary purpose is to provide a prediction of 
system response rather than to gain an 
understanding of the causal interactions that 
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If ANNs are to become more widely accepted and 
reach their full potential as prediction models in 
hydrological modelling studies, some explanation 
capability is required. This paper presents the 
application of a rule extraction procedure in order 
to examine the advantages of rule extraction in 
ANN modelling. 
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Figure 2. Plot of outputs from ANN with correct inputs and optimal structure, as determined by the
backpropagation and SCE algorithms. 
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