
Notes from Problems Class 3
.

Will discuss the idea of teltnys) - hindley's Paradox
.
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Example .
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In testing to : 0=0 . versus H , -. Q I do .

A disperse prior of H ,
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is sometimes proposed .
In this normal ensample, the pinion information is contained in ooh
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the variance
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• What this really say, i , tht f, 1010=00 ) a 1 doesn't work
• Can't just apply Buyeo theorem when

using an improper prior .
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Th Bayesian analysis behaves reasonably.
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If then as =L , y ,
→ - and IP10-0II ) = I

Hyn
→ 0
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This is the expected outcome .With enough data and I > 0 I can
identify precisely whether 0=0 .
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We
now think about keeping z fixed as we increase our number of observations
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This is the main idea of the seeming paradox :
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We get diltenent conclusions depending upon the school we take .



Small n .
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The classical and the Bayesian approach ask different questions .

• If I reject to using a p
-
value

,
so a small p - value , then Ho is

a poor explanation for the Assertion

• Bayesian approach : Ho is a better enplanal.im for the data a thin H
, .



What information do I need to compute the probability tht say the null hypothesis
is time when I have a p

- value ?
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distribution of the p -value under the alternate hypothesis .


