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Humans are not innate statisticians
Rely on mental short cuts (heuristics)

Systematic patterns to error (biases)

Challenge of elicitation is to ask
experts questions in a way that
produces unbiased answers
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The availability heuristic

/ All the information

The information you use

to make a decision
e recent
e frequent
e extreme
e vivid
e negative

Substitutes ease of recall for frequency
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