STAT 5200 Handout #4.a Tests and Distributions (Ch. 2)

Recall general framework of a test:
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3. Under H, (i.e., if Mo is teue , and model assumptions are met),
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so repeating this experiment many times would produce ¢ statistics with this distribution:
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Important aside:
e “p-values, confidence intervals, and other statistical measures are all uncertain. Treating them
otherwise is immodest overconfidence.”!
e ATOM: Accept uncertainty. Be thoughtful, open, and modest.!

e We will use small p-values as suggestive of further interest, not as definitive proof
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e boxplot — kind of clunky, but useful for summarizing symmetry and “outliers” (don’t over-
interpret)
e histogram — hard to gauge deviations from normal curve

e normal probability plot — compare observed values (vertical axis) to expected [normal] values
(horizontal axis); examples:
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distribution: normal short-tail long-tail skew right skew left
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normal prob:
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What to do if assumptions are violated?

e We'll come back to this more in Ch. 6, but in general:
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Example: if ¢ distribution with n4 + ng — 2 d.f. isn’t appropriate distribution, what is?

e One way: Generate sampling distribution by permutations.

— Hj says treatment labels don’t matter, so randomly rearrange them and re-calculate t;
so this many [all possible] times and use the distribution of all possible ¢ values

— Example of 'fresampling" (book refers to as randomization testing; related to bootstrap
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e Another way: Rather than using actual data values, look at permutation of ranks
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A numerical test for normality? (NOTE: try “energy” test, too)

e Several exist, but easy to over-interpret. If distribution is roughly bell-shaped, any test
requiring normality usually okay
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— For 10 < n < 2000: Shapiro-Wilks Test
— For n > 2000: Kolmogorov-Smirnov Test
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