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Abstract

The paper‘BayesianView of SolarNeutrinoOscillations”,by M. V. Garzelli
andC. Giunti, lists eightreasondor usingBayesiamrmethods. shallexamine
thesereasongritically.

1 TheMotivation

In arecentpaper|1] by GarzelliandGiunti, eightagumentsarepresentedn favour of usingBayesian
methoddor statisticalanalysisof experimentaldata. | will shav thatall of theseargumentscaneasily
beturnedroundto give equallycorvincing agumentsagainstthe useof Bayesiarmethods.Thisis not

intendedto be a demonstrationhatthereis anything wrong with Bayesianmethods;t is only to shav

that the agumentspresentedhere,which aretypical of thosebeing proposedhesedaysby Bayesian
extremists,do not standup to critical analysis.

2 The Sources

Theauthorsreferto severalworkswhich have inspiredthe argumentsgivenin their paper andto which
thereadeiis directedfor furtherdiscussionSomecommentsrein orderconcerninghesesourcessince
the authorsareall physicistsandall have somavhat unusualviews aboutquantummechanicfQM). |
think their views on QM arenotunrelatedo their Bayesiarnviews. Theauthorsof theseworksare:

e Harald Jeffreys. AlthoughJefreyslivedthroughtheexciting periodof thebirth of QM, hedid not
participatein it. He wasactie in geophysicsmathematicaphysicshydrodynamicandcelestial
mechanicsnoneof which needQM.

e Tom Loredo. Thisauthormakessereralstatementsvhich makeit clearthatheagreesith Jaynes
that quantummechanicss a mistale andthereis no true randomnes# nature. Probabilityis a
propertyof the stateof our knowledge,and not a propertyof the systemunderstudy See,for
example,thefootnoteon page92 of [3], whichis reference27 of [1].

e E.T.Jaynesmadeit veryclearhedid notbelieve in QM. He evensaidthatphysicsstoppednaking
progressn 1927whentheworld agreedat the Solvay Conferencef thatyearto adoptQM.

e Giulio D’ Agostini. His views on QM arestatedon pp. 285-2860f [4]. | leave it to thereaderto
decideif hebelievesin theusualview of QM or not.

I concludethat noneof thesephysicistswho are Bayesianauthoritiesbelieved or believesin the
basicpropositionthatnatureis intrinsically randomon thelevel of QM. And furthermore] believe that
thisis sobecaus®M is incompatiblewith the Bayesiarconcepiof probability

3 TheEight Arguments
Eachagumentgivenin [1] is quotedherefrom the paper(indented)followed by my counterargument.

3.1 Argumentl

“All humanstatementdncludingscientificonesrepresenknowledge(belief)with somede-
greeof uncertainty BayesiarProbabilityTheoryallows to quantify this uncertaintythrough
the naturaldefinition of probabilityasdegreeof belief”
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BayesProbability Theory (BPT) putsknowledgeandbelief togetherin onepdf. | would preferto dis-
tinguishbetweenwhatis knowvn from the experimentandwhatwasbelieved beforeit, especiallywhenl
readtheresultsof someonelses experiment.BPT doesnotallow this.

3.2 Argument 2

“BayesianProbability Theoryallows to calculatethroughBayesTheoremtheimprovement
of knowledgeasaconsequencef experimentaimeasurementg hisis how our mind works
andhow sciencamproves. Therefore BayesianProbability Theoryis the naturalstatistical
tool for scientists.

BayesTheoremdoesnot exactly give you the improvementof knowledge. It givesonly the improved
stateof knowledgeprovidedyou input the prior knowledg. Thereis no way to divide out the prior to
find outwhatyou learnedrom the experimentalone.

3.3 Argument 3

“Probability of an eventin FrequentisiStatisticsis definedasthe asymptoticrelative fre-
queng of occurrencef theeventin alarge setof experiments Obviously suchsetis never
availablein practice. Therefore FrequentistStatisticsis basedon imaginarydata. On the
otherhand,all inferencesn BayesianProbability Theory are basedonly on the datathat
actuallyoccurred.

At leastin principle,all frequentisprobabilitiescanbemeasuredo any desiredaccurag. Thatis enough
for thetheoryto bevalid. The samething happensn the definition of the electricfield, which involves
goingto alimit wherethetestchageis zero,a limit which is physicallyimpossiblebecausehage is
quantized.This is notanamgumentagainsthe existenceof electricfields.

Bayesianprobabilitieson the contrary are not always measurablegvenin principle. Bayesian
authorityO’Hagansayson pagel06of [2]: “Any practicalusaye of Bayesiamrmethodsnustacknowledg
thatprobabilitiescannotbeassertedvith perfectaccuiacy’ In theexamplegiventhere thebestpossible
accurag in P isonly 0.25.

34 Argument 4

“Becauseof the definition of probability in FrequentisStatistics the resultsobtainedhave

usuallygoodpropertieqi.e. they arereliable)only in the caseof large datasets.In frontier

researcloftenasmallnumberof experimentadataareavailable(asin the caseof solarneu-

trinos) andthe scientistis notinterestedn long-termbehaior of inferencesput in getting

the bestpossibleinferencefrom the available data. BayesianProbability Theory satisfies
thiswish?

It is hardto understandvhatthe authorsmeanhereunlessyou arefamiliar with several previous papers.
The problemthey raiseis real and hasto do with the fact that frequentiststatement®f probability
or confidenceare not statementsaboutthe particulardataobtained,but ratheraboutthe ensembleof

datathat would be obtainedif the experimentwere repeated. In the rare caseswherethis produces
counterintuitve results,the problemcanbe solved only by invoking subjectve Bayesianmethodsand
we hesitateto publishsubjectve measurementsf physicalconstants.

3.5 Argument5

“Resultsin FrequentistStatisticsare basedon hypotheticaldata,i.e. datathatcould have
beenobsered but did not occur Often different scientistsmay have differentideason
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which arethe relevant hypotheticaldata,leadingto differentconclusiongfor example,the
so-called‘optional stoppingproblem”is well known anddiscussedn theliterature.

This refersto the Likelihood Principle which forbids Bayesiandrom making useof the knowvledgeof
the probabilitiesof observingary dataexceptthe datathey obsered in the actualexperiment. So, for
instancejf our hypothesigs thatthe datais Poissordistributedwith . = 3.5 andthe dataobsered are
N = 2, Bayesiansareonly allowedto usein their analysisthe Poissorprobabilityfor N = 2, andmust
pretendthey don't know the probabilitiesfor all othervaluesof N. This meanshat Bayesiansarenot
allowedto usethe Chi-squarelestandmary otherimportanttechniques.

3.6 Argument 6

“In FrequentistStatisticsthereis no way to take into accounttheoreticaland systematic
errors,that are not randomvariables. Neverthelesssincethe greatmajority of scientific

measurementsuffer of systematicerrorsand scientific inferencesdependon theoretical
errors(they areboth crucialin the analysisof solarneutrinodata),frequentistdreatthese
errorsasif they wererandomvariables. Nobody knows the meaningof resultsobtained
in this way, with aninconsisteninethod. BayesianProbability Theoryobviously cantreat

theoreticabndsystemati@rrorson thesamefooting asstatisticalonesJeadingto consistent
results.

Thisis indeeda seriousproblem becausdrequentisstatisticas basedn randomvariablesandsystem-
atic errorsarenot (usually)randomvariables.If theauthorshadleft off thelastsentencethis paragraph
would be perfectlycorrect. The problemis thatwhile Bayesiammethodsarewell adaptedo mary sys-
tematicerrors(for example,errorsin the theory which really area matterof belief), they arenot well
adaptedo randomerrors(whereyou really wantatheoryof randomvariables).

3.7 Argument 7

“Oncea problemis well posedthe applicationof BayesianProbability Theoryis clearand
straightforvard andleadsto uniqueresults. On the otherhand,in the framewvork of Fre-
guentistStatisticsseveral arbitraryanddifficult choicesthatcanleadto differentresultsare
necessaryT hatis why popularmethodqasleast-squareghatsometimesave poorperfor
mancesarewidely usedwithout a realunderstandingf the motivations:

Seebelow.

3.8 Argument 8

“Since BayesiarProbabilityTheoryallows to calculatethe improvementof knowledgeasa
consequencef physicalobserations,a prior knowledgeis necessaryt hasbeenarguedby
adwcatesf FrequentisBtatisticghatprior knowvledgeis subjectve, leadingto undesirable
subjectvity in the derivation of scientificresults(forgetting the often lessclear subjectve
choicesof method,estimatoy etc. necessaryn FrequentistStatistics). On this problem
widely discussedh theliteraturewe wantonly to remarkthatall humanactvities, including
scientificresearchhave somedegreeof subjectvity, but communicatiorandcollaboration
amongpeopleworking in afield allow to reachanagreemenbn the mostreasonabl@rior
knowledgein thefield andawayto quantifyit. Oncetheprior knowvledgeis fixed,Bayesian
Probability Theoryleadsto uniqueconclusions.

Arguments/. and8. togetherraisetwo differentproblemsn frequentistanalysis:
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7.1: Popular methodgapproximationskhat sometimesavepoor performance Thisis aproblem
of corrrectuseof frequentistmethodsnot a fundamentaproblemof the methodghemseles. But it is
importantandmeanswe all have aduty to educate.

7.2: Arbitrary and difficult choicesof method,estimatoy etc. The Neyman constructiondoes
allow the freedomto chooseamongdifferent confidenceintervals, all of which have exact coverage.
This is only a second-ordearbitrarinessn the sensehatif onelimit is fixed, coveragedetermineghe
otherlimit uniquely

Note that exactly the samearbitrarinessxists in the calculationof Bayesiancredibleintenals,
whereBayes'Theorenyieldsapdfin theparametersandit is necessaryo chooseanintenal containing
90%belief. Thisis actuallyworsethanthefrequentistase pecauseentralBayesiarintenalsarealways
two-sidedand never give just an upperlimit. The usualsolutionis to take the interval containingthe
highestvaluesof probabilitydensity but thatis metric-dependensoit is alsoarbitrary

In additionto thissecond-ordearbitrarinessBayesiarmethodsalsohave afirst-orderarbitrariness
which makesit possibleto obtainary limits, bothupperandlower, no matterwhatthe dataare.
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