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"Abstract

A number of statistical methods that are deemed particularly useful in chemical engineering are briefly illus-
trated. The topics covered are: sampling plan and statistical tests, response surface method, variable screening,
and model discrimination. None of the topics is covered in any detail. The objective here is to acquaint the-
practising chemical engineers with what statistics can do for them and thus stimulate their interest, with the:

hope that they will explore these topics in depth on their own.
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