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pattern recognition using neural networks theory and algorithms for
engineers and scientists, by Carl G. Looney
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Discriminant Functions
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Transaction | Items in basket
1 milk, bananas, chocolate
2 milk, chocolate
3 milk, bananas
4 chocolate
5 chocolate
6 milk, chocolate
SOLUTION:
milk — bananas : Support = 2/6, Confidence = 2/4
bananas — milk : Support = 2/6, Confidence = 2/2
milk — chocolate : Support = 3/6,Confidence = 3/4
chocolate — milk : Support = 3/6, Confidence = 3/5 1\Ea
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Apriori algorithm (Agrawal et al., 1996) -
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