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23.1BayesianInference:Review

IntheBayesiananalysis,oneliststhepossiblemodelsandassignsthem

priorprobabilities.

Thenonecollectsthedata.

ThenonecalculatestheposteriorprobabilityofeachmodelusingBayes’

rule.
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Weconsideredninepossiblesituations(models)fortheRU486data:

p=.1,.2,.3,.4,.5,.6,.7,.8,or.9

Eachpossiblevalueofpisthechancethatapregnancyinthedatacomes

fromtheRU486groupratherthantheconventionaltherapygroup.

Forpurposesofillustrationweassumedthatp=.5hadpriorprobability

.52,andalltheothermodelswereequallylikely(priorprobability.06).

Adifferentanalystmightchoosedifferentpriorprobabilities.

Thenonecollectsthedata.Therewere4pregnancies,allfromthe

conventionaltherapygroup.
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Tofindtheposteriorprobabilitythatp=.1,giventhefourobserved

pregnancies,oneusesBayes’rule:

P(p=.1|4inC)=
P(4inC|p=.1)∗P(p=.1)

∑

9

i=1P(4fromC|p=1/10)∗P(p=i/10)

=
(bin:4inCforp=.1)∗P[p=.1]

∑

9

i=1(bin:4inCforp=
i

10)∗P[p=
i

10]

=
.656∗.06

.656∗.06+.410∗.06+···+.000∗.06

=
.0394

.1211
=.326

Thefirstbinomialprobabilityis

(

4

0

)

∗(.1)
0
∗(.9)

4
=.6561.
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ModelPriorP(data—model)ProductPosterior

pP[model]P[k=0—p]P[model—data]

.1.06.656.0394.326

.2.06.410.0246.204

.3.06.240.0144.119

.4.06.130.0078.064

.5.52.063.0328.269

.6.06.026.0015.013

.7.06.008.0005.004

.8.06.002.0001.001

.9.06.000.0000.000

1.12111

5



Comparedtothefirstanalyst,thisonenowbelievesthattheprobability

thatp=.5is.269,insteadof.041.Sothestrongpriorusedbythe

secondanalysthasgottenaratherdifferentresult.

Buttheprobabilitythatp=.5haddroppedfrom.52to.269,showing

theevidenceisrunningagainstthepriorbelief.

Butinpractice,whatonereallyneedstoknowarepredictive

probabilities.Forexample,whatistheprobabilitythatthenext

pregnancycomesfromtheRU486group?
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Tocalculatethepredictiveprobabilityforthenextpregnancy,one

findstheweightedaverageofthedifferentpvalues,usingtheposterior

probabilitiesastheweights.

ForthisBayesian,shefinds

predictiveprobability=.1∗.326+.2∗.204+....9∗.000=.281.

Thisisaveryusefulquantity,andonethatcannotbecalculatedwithin

thefrequentistparadigm.Itisthebestguessabouttheprobabilitythat

thenextchildwillcomefromtheRU486group.

7



23.2GUSTOStudy

TheGUSTOstudyillustrateshowBayesiananalysisappliestoimportant

decisions.Itusedcalculus-basedmethodstodothesamekindsof

calculationwedidintheRU486example.

Whatweresomeofthekeyelementsintheproblem?

•differentcostsforstreptokinaseandt-PA

•nearlyequivalenteffects

•informationfrompreviousstudies
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AmajorissueintheanalysisisthatGenentechdecidedthattheclinically

meaningfuldifferencewassavingonepercentmorelivesthantheother.

Itisunclearhowthiswasarrivedat,butitraisestheimportantquestion

ofthelossfunction.

ABayesianissupposedtomakethedecisionthatminimizestheexpected

loss.Inthiscaseonewouldneedtoconsiderthecostofthedrugin

termsofthevalueoftheresiduallifeofthepatientandtheprobability

ofsuccessfultreatment.

Thisleadstocomplexethicalissues.Considerthedifferentpointsof

view(orlossfunctions)heldbytheheadofGenentech,theheadofan

insuranceagency,apatientwithheartdisease,andapatientwithcancer

whosetreatmentcostequalsthatofthenext200t-PApatients.
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Bayesianmethodsarefarmoregeneralthanthetoyproblemswehave

raisedhere.Insteadofusingjustbinomialmodels,thesameideasapply

toeveryotherkindofstatisticalmodelyoucanimagine(normaldata,

regressiondata,andsoforth).

Also,theexplicituseofthelossfunctionissomethingthata

decision-makerneedstoconsider.IntheBayesframework,thisis

automatic(althoughwe’venotreallydoneit).Inthefrequentistworld,it

onlyshowsupwhenonechoosesthethresholdatwhichthesignificance

probabilityissmallenoughtorejectthenull.

Finally,theBayesiancananswerquestionslike:“Whatistheprobability

thatt-PAisbetterthansteptokinase?”or“Whatistheprobabilitythat

t-PAismorethan1%better?”Afrequentistanalysiscannot.
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