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A well done study is reported on a new electrica
stimulator for pain control, and the authors state that it
has turned out, somewhat surprisingly (i.e.they thought
this would have no more than a 25% chance of being
true before the experiment), to be effective in reducing
migraine pain, risk A=15%, 95% CI: 0 to 30%, p=0.05.
The probability that this association is real is:

P a.)<75% <«

b.) 75% to 94.99...%
c.) = 95%
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Things identified as cancer risks

(Altman and Simon, JNCI, 1992)

Electric Razors
Broken Arms

(in women)
Fluorescent lights
Allergies

Breeding reindeer

Being a waiter
Owning a pet bird
Being short
Being tall

Hot dogs

Having a refrigerator!!

Al6 THE new vork rives NATIONAL wennEg:

Magnets Lessen Foot Pain

Of Diabetics, a Study Find:

By HOLCOME B NOBLE frcts ha ished that thoy ag

A finding that runs
counter to many
previous studies.

“We have no idea how

or why the magnets
work.”

“A real
breakthrough...”

“...the [study] must be

regarded as
preliminary....”

“But...the early results

were clear and... the

treatment ought to be

put to use
immediately.”
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| Hypothetical underlying illnesses |

Illness A Illness B
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| Possible observed signs and symptoms |
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| Possible underlying differences in cure rates |
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Possible observed difference in cure rates

Statistical inference
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Bayes Theorem
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Two Views of Bayes Theorem
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Starting (“prior”)
knowledge

Strengthjof Evidence

Final (“posterior”)
knowledge

A Calculus of Belief,
or...
A Calculus of Evidence
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RA Fisher on
statistical education
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Probability distribution of all possible
outcomes under the null hypothesis

Probability

Observed
outcome

P-value

Outcomes
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Meaning of the p-value

> l=“h“_!
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The P-value is...
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The P-value is not...
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FDA Discussion

(Fisher, CCT, 20:16-39,1999)
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(Fisher, CCT, 20:16-39,1999]

Dr. Lipicky: What are the p-values needed for the
secondary endpoints? ...Certainly we’re not talking
0.05 anymore. ...You’re out of this 0.05 stuff and |
would have like to have seen what you thought was
significant and at what level...

What p-value tells you that it’s there study after
study?

Dr. Konstam: ...what kind of statistical correction
would you have to do that survival data given the fact
that it’s not a specified endpoint? | have no idea how
to do that from a mathematical viewpoint.
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Definition of Likelihood
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Bayes Theorem
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Non-comparative

P-value Bayes factor

Comparative

Observed + hypothetical data

Only observed data

Alternative hypothesis implicit,

partly data-defined

Alternative hypothesis
explicit, pre-defined

Evidence only negative

Evidence negative or positive

Sensitive to stopping rules

Insensitive to stopping rules

No formal justification or
interpretation

Formal justification and
interpretation

Calibrating LRs

Strength of Final probability when prior probability =
Evidence 25% 50% 75%
Zero
Moderate
Mod/Strong| 10 77 91 97
Strong 20 83 95 98
Very Strong | 40 93 97.5 99
VeryStrong | 80 96 99 99.6

FDA Bayes Workshop

June 20, 2004
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Examples of hypotheses

Cure rate = 15% (Simple)

Cure rate > 15% (Composite)
Treatment difference = 0 (Simple)
Treatment is beneficial (Composite)

Treatment is harmful (Composite)

Understanding
Likelihood Functions
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Prohabhility density curves
(p fixed, data varies)
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. BigRCT
A=5% (0 to 10%)

p=0.05

. Small RCT
A=20% (0 to 40%)
p=0.05

\
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BF(A=0 vs. A=5% | Big RCT )

=0.14

V BF(A=0 vs. A=20% | Small RCT ) = 0.14
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A

Small RCT
A=20% (0 to 40%)

p=0.05
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Dependence of Evidence on
Alternative Hypothesis
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Averaging the likelihood: The Bayes Factor

| BF(A=0vs. A> (l)) //\\

/ \

/ Averaging function:
a.k.a the “prior”
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P-values: Bayesian Translations

Decrease in probability of the
null hypothesis, %

P-value | Minimum -e p In(p) Strength of From To no less than
(Z-score) | Bayes factor evidence
0.10 .26 .6 Weak 75 44
(1.64) 50 21
17 5
0.05 .15 4 Moderate 75 31
(1.96) 50 13
26 5
0.03 A1 3 Moderate 75 22
2.17) 50 9
33 5
0.01 .04 13 Moderate to 75 10
(2.58) strong 50 3.5
60 5
0.001 .005 .02 Strong to 75 1
(3.28) very strong 50 0.5
92 5
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What FDA Needs to Know
About Bayesian Statistics
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