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Abstract: The useof frequentistNull HypothesisSignificanceTesting(NHST)

is soanintegral partof scientists’behaior thatits usescannotbe discontinued
by flinging it out of the window. Facedwith this situation,our teachingstrateyy

involvesa smoothtransitiontowardsthe Bayesiarparadigm.lts generabutlines
areasfollows. (1) To presentnatural Bayesianinterpretationsof NHST out-

comedo draw attentionto their shortcomings(2) To createasaresultof thisthe
needfor a changeof emphasisn the presentatiorandinterpretationof results.
(3) Finally to equip studentswith a real possibility of thinking sensiblyabout
statisticalinferenceproblemsand behaing in a morereasonablenanner Our
conclusionis thatteachingthe Bayesiarapproachn the context of experimental
dataanalysisappeardothdesirableandfeasible.
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1. INTRODUCTION

Many recentpapershave stressedn the necessityof changesn reportingexperimental
results. This hasbeenrecentlymadeofficial by the AmericanPsychologicalAssociation
(Wilkinson et al., 1999). A moreand morewidespreadpinionis thatinferential proce-
duresthat provide genuineinformationaboutthe size of effectsmustbe usedin addition
or in placeof Null HypothesisSignificanceTesting(NHST). Suchproceduresiave been
developedbothin thefrequentisandBayesiarframeavorks. Howeverthey areagainrarely
used,in spite of the factthat they are nowadaysstraightforwardto implement. In conse-
gquencedt mustbe urgedto reformthe teachingof statisticalinferenceandto includethese
proceduresgvenin introductorycoursegor non-statisticiarstudents For morethantwenty
yearsnow, we andother colleagueshave graduallyintroducedthe Bayesianapproachto
experimentadataanalysisjn coursesandseminardor audience®f variousbackgrounds,
especiallyin psychology

The presentpaperis divided into threesections.(1) We briefly recall the shortcom-
ingsof NHST. (2) We presentindcriticize therecommendationgroposedy the American
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PsychologicalAssociationto overcometheseshortcomings(3) As analternatve, we sug-
gestteachingBayesiarmethodsasatherapy againsthe misusesaindabusesof NHST. The
feasibility of thisteachings illustrated.

2. THE CURRENTCONTEXT OF EXPERIMENTAL RESEARCH

The shortcomingsof Null HypothesisSignificanceTesting Experimentatesearclis fac-
ing aparadoxicabituation.OntheonehandNull HypothesisSignificanceTesting(NHST)
is requiredin mostscientificpublicationsasanunavoidablenormandit oftenappearsasa
labelof scientificnessBut ontheotherhandNHST leadsto innumerablanisinterpretations
andmisusegLecoutreetal., 2001).

Mistaking statistical significancefor scientific significance.Themoresignificantaresult
is, themorescientificallyinterestingt is, and/orthelargerthetrue effectis. This hasbeen
one of the mostoften denouncecderror. From a suney of researcharticlespublishedin

threedifferent psychologyjournals, Craig et al. (1976) concludedthat “researchersand
journal editorsasa wholetendto (over)rely on significantdifferencesasthe definition of

meaningfulresearcli.

Impr oper usesof nonsignificantresultsas“pr oof of the null hypothesis”. About half of
the articlespublishedin the 1994issueof the Journal of AbnormalPsydology contained
(in mostcaseaunjustified)conclusionsuchas*“thereis no differencebetweengroups”or
“thereis nointeractioneffect” basedn nonsignificantests(Poitevineau,1998).

“Non frequentist” interpretations of p-values.1 — p is mostofteninterpretedeven by
experiencedisersiasthe probabilitythatthealternative hypothesiss true or asevidenceof
thereplicability of theresult(Oakes,1986;Freeman1993;Falk andGreenbaum]995).

3. TIME FORCHANGE IN REPOR'ING EXPERIMENTAL RESULTS
3.1. New Guidelinesin Psydology

While users’uneasinestowardsNHST is ever growing (Lecoutre,2000),it seemso be
nowadaysa crucial period of time. Many recentpapersand editorialshave stressedn
the necessityof changesn reporting experimentalresults,especiallyin presentingand
interpretingeffect sizes(seee.g.,Loftus, 1993; SerlinandLapsley, 1993;Rouanet,1996;
Schmidt,1996; Thompson1996; Heldref Foundation,1997; Murphy, 1997; Brandstétter
1999;LecoutreandPoitevineau,2000).

The majority trendis to adwocatethe useof confidencentervals. This hasbeenre-
cently madeofficial by the AmericanPsychologicaAssociation(Wilkinson et al., 1999).
The following extractsare proposedguidelinesfor revising the statisticalsectionof the
AmericanPsychologicaAssociationPublicationManual(italics areours).

Hypothesistests. “It is hardto imaginea situationin which a dichotomousaccept-reject
decisionis betterthan reportingan actualp value or, betterstill, a confidenceinterval.
Never usethe unfortunateexpression‘acceptthe null hypothesis. Alwaysprovide some
effect-sizeestimatevhenreportinga p value”

Inter val estimates.” Interval estimateshouldbe givenfor any effectsizesinvolving prin-
cipal outcomes Provide intervals for correlationsandothercoeficientsof associatioror
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variationwheneerpossible.

Effect sizes." Alwayspreseneffectsizedor primary outcomeslf theunitsof measurement
aremeaningfulon a practicallevel (e.g.,numberof cigarettessmoled per day), thenwe
usually preferan unstandardizetheasurgregressioncoeficient or meandifference)to a
standardizedneasuré.

Power and samplesize. “Provide informationon samplesizeandthe procesghatled to
samplesizedecisions Documenthe effectsizes samplingand measuementassumptions,
aswell asanalytic proceduesusedin powercalculations. Becausgpower computations
are most meaningfulwhen donebeforedataare collectedand examined,it is important
to shav how effect-sizeestimatedave beenderivedfrom previousresearctandtheoryin
orderto dispelsuspicionghatthey might have beentakenfrom datausedin the studyor,
evenworse,constructedo justify a particularsamplesize”

3.2. Further Difficulties

If theresearcltommunityacceptghe above recommendationgonfidencentervalscould
quickly becomea compulsorynormin experimentalpublications.However, for mary rea-
sonsdueto their frequentistconceptionconfidencantervals canhardly be viewed asthe
ultimate method. Indeedthe appealingfeatureof confidenceintervalsis the resultof a
fundamentamisunderstandinglt is so strangeto treatthe dataasrandomeven after ob-
senationthatthe “right” frequentistinterpretationof confidenceantervals doesnot make
sensdor mostusers.Ironically theincorrectnaturalinterpretationof confidenceantervals
in termsof probability aboutparameterss encouragedby the duplicity of most statisti-
calinstructorswhotolerateandevenuseit: “We canbe 95% confidentthatthe population
meanis betweerl14.06and119.94"(Kirk, 1982,page43). It is undoubtedlythis Bayesian
interpretatiorof confidencentervalsin termsof “a fixedinterval having a 95% chanceof
includingthetrue valueof interest”which is their appealingeature.After mary attempts
to teachthe “correct” interpretationof frequentistproceduresywe completelyagreewith
Freemar(1993)thatin theseattempts'we arefighting alosingbattle”.

Furthermoreheproposedyuidelinesarebothpartially technicallyredundanandcon-
ceptuallyincoherent.They shouldresultin replacingtheritual of NHST by anothersetof
rituals, without supplyinga real statisticalthinking. As the authorsof theseguidelines
state,it is probablytrue that“ statisticalmethodsshouldguideand disciplineour thinking
but shouldnot determineit.” However it is no lesstrue that“we needstatistical thinking,
notrituals” (Gigerenzer1998).

4. OURPROPOSALS

Theuseof NHST is soanintegral part of scientists’behaior thatits misusesandahuses
shouldnot be discontinuedby flinging it out of the window. Our conclusionis thatthe
sole effective theragy againstits “damages’is a smoothtransitiontowardsthe Bayesian
paradigm.

313



4.1, Standad BayesiarMethodsfor ExperimentaData Analysis

For mary yearswe have worked with colleaguesin Francewithin this perspectie in
mind in orderto developstandardnoninformative” Bayesiarmethodsfor the mostfamil-
iar situationsencounteredn experimentaldataanalysis(seee.g., Rouanetand Lecoutre,
1983; Lecoutreet al., 1995; Lecoutre,1996; Lecoutreand Charron,2000; Lecoutreand
Poitevineau,2000; Rouanetet al., 2000). Basedon moreusefulworking definitionsthan
frequentistproceduresthesemethodsarefully justified,at leastasobjective, andthey can
be usedandtaughtaseasilyasthet, F' or chi-squae tests. They arenowadaysavailable
andthey are concreteproposalgor bypassinghe shortcomingof NHST andimproving
the currentstatisticalmethodologyandpractice.

Our statisticalteachingandconsultingexperiencegspeciallyin psychologyrevealed
usthatthesemethodswerefar moreintuitive andmuchcloserto the thinking of scientists
thanfrequentistproceduregseealsoKadane, 1995). They have beenappliedmary times
to real dataand well acceptedby psychologyjournals(seee.g., Hoc and Leplat, 1983;
Cianciaet al., 1988;Lecoutre,1992; Hoc, 1996; Clémentand Richard,1997; and mary
experimentakrticlespublishedn French).

4.2. Our Teading Strategy

Our stratgy in front of themisuseof NHST is to introduceBayesiarmethodsasfollows.
(1) To presenmnaturalBayesianinterpretationsof NHST outcomedo call attentionabout
their shortcomings.

(2) To createasa resultof this the needfor a change of emphasisn the presentatiorand
interpretationof results.

(3) Finally to equip studentswith a real possibility of thinking sensiblyabout statistical
inferenceproblemsandbehaing in amorereasonablenanner

4.3. BayesianAlternativesto the Guidelines

Hypothesistests: Bayesianinter pretation of p-values.A well-known featureof Bayesian
inferenceis thatit providesinsightful interpretation®f mary frequentistproceduresFor

mostusualsituationsof experimentabataanalysisijt offersthe studenta smoothtransition
from thetraditionaltechniquego the Bayesiarmethod.Moreoverthe Bayesiarinterpreta-
tion of p-valuesclearlypointsoutthemethodologicathortcoming®f NHST. In particulay

it becomespparenthata“nonsignificant”outcomeis hardlyworth anything.

Inter val estimates: Bayesianinter pretation of the usual Cl. It become<orrectto say
that“thereis a 95% chanceof the parametebeingincludedbetweerthe fixed boundsof
theinterval” (conditionallyonthe data).

Effect sizes: straight Bayesiananswers. Beyond the reinterpretation®f the usualfre-
quentistprocedurespther Bayesianstatementgjive straightanswersto the questionof
effect sizes. For instance,it canbe reportedthat “there is a 80% posteriorprobability
of a large positive difference(e.g. 6 > +2), a 20% probability of a small difference
(-2 < § < +2), anda 0.01%probability of alarge negative difference(d < —2)". Sucha
statemenhasno frequentistcounterpart.

Power and sample size: Bayesiandata planning and monitoring. Bayesianpredic-
tive probabilitiesare efficient tools for designing(*how mary subjects?”)andmonitoring
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(“when to stop?”) experiments.The predictive distribution of a teststatisticcanbe used
to include and extendthe frequentistnotion of power in a way that hasbeentermedpre-
dictive power (Spiggelhalteret al., 1986). More generally predictive proceduregive the
researchea very appealingmethodto evaluatethe chancedhat the experimentwill end
up shaving a conclusve result,or on the contrarya non-conclusteresult. The prediction
canbe explicitly basedon eitherthe hypothesesisedto designthe experiment,expressed
in termsof prior distribution, or on partial availabledata,or on both (seeespeciallyBerry,
1991;Lecoutreetal., 1995;Dignametal., 1998;Lecoutre 2001).

Intr oducing “inf ormative” priors. Whena standardBayesiananalysissuggesta given
conclusionanotheiine of attackis to investigateheimpactof skeptical or handicapprior
distributions. In this way, the experimentwill only stopif the partial datagive sufiicient
evidenceto counterbalanci (seee.g. Spiegelhalter FreedmarandParmar 1994).Hereis
avery appealingvay to introduce‘informative” priors. Contrastingheresultingposterior
with the noninformatize solution allows the studentsto understandhe relative roles of
samplesizesdataandexternalinformation.

5. TEACHING BAYESIAN METHODSFORANALYSIS OF VARIANCE
5.1. TheSpecificAnalysisAppmoach

In the graduatestatisticscoursein psychology we especiallydevelopedBayesianmeth-
odsin the analysisof varianceframewnork. A specificity of experimentaldataanalysisis
that experimentalinvestigationdrequentlyinvolve complex designsespeciallyrepeated-
measuresiesigns. This compleity must be explicitly taken into accountfor teaching
Bayesianprocedures. A simple way to do it is to usethe specificanalysisapptoach.
Roughlyspeakinga specificanalysisfor a particulareffect consistan handlingonly data
thatarerelevantfor it. Furtherjustificationscanbefoundin RouanetaindLecoutre(1983)
(seealsoRouanet]1996).

This conceptionbrings a simpleway for teachingthe analysisof variancemethods
(including the multivariate proceduresyith a Bayesianperspectie. This point will be
illustratedherefrom a typical numericalexample.

5.2. ATypical Example:ReactionTime Experiment

As anelementaryllustration,let usconsidetthefollowing example.In apsychologicakx-
perimentthe subjectmustreactto a signal. The experimentaldesigninvolvestwo crossed
repeatedactors:Factor A (signalfrequeng) with two levels,frequent(al) andrare(a2),
and Factor B (foreperiodduration),alsowith two levels, short(b1) andlong (62). The
n = 12 subjectsaredivided into threegroupsof four subjectseach. The mainresearch
hypothesiss a null (or aboutnull) interactioneffect betweenfactorsA and B (additive
mode). SinceA and B arebothtwo-level factors,their interactioncanbe representethy
a singlecontrastamongthe four conditions. We take the contras+1 — 1 — 1 + 1]. The
valueof this contrastcanbe computedor eachsubject. The twelve individual interaction
effects,reportedn table1, constitutea setof deriveddatathatmaybe calledrelevantdata
for interaction.
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Table 1. Reactiontime experiment:basicdataandrelevantdatafor interaction (timesin

ms)
Individual
subject albl a2bl alb2 a2b2 interactioneffects
1 387 435 416 473 387-435-416+473 +9
group 2 321 336 343 368 +10
gl 3 333 362 358 390 +3
4 344 430 352 393 -45
5 368 432 432 504 +8
group 6 357 367 394 411 +7
92 7 336 346 340 421 +71
8 387 454 438 496 -9
9 345 408 417 479 -1
group 10 358 389 372 407 +4
93 11 317 375 341 392 -7
12 386 510 464 513 -75
mean 353.3 403.7 388.9 437.3 d=-2.08ms
s =33.28ms
d

Heretherelevantdataconstitutea simpleone-way layout, sothatthe A. B effectamounts
to the overall meané of therelevantdata. Thusit only involvesthe elementanBayesian
inferenceabouta normalmean,with only two parameterghetrueinteractioneffect§ and
the within-group standarddeviation o (with the usualassumptiorof a commonvariance
for thethreegroups).

Assumingthe usualnoninformatve prior, the posteriordistribution of ¢ is a general-
izedt distribution. It is centeredn the obserned meaneffectd = —2.08 msandhasscale
factore = s/4/n = 9.61, wheres = 33.28 msis thewithin-groupstandardieviation of the
relevantdata. Remarkthate is the denominatoof the usualt teststatistic,thatis e = %.
In consequenceéhe posteriordistribution of § canbedirectly dervedfrom ¢t = —0.22, or
againfrom the usualANOVA F ratio F' = t2. This ensureghe technicalandconceptual
link betweerBayesiarandfrequentisiproceduresin particularthe Bayesiarinterpretation
of p-valuesandconfidencentervals.

The posteriordistribution can be interactvely investigatedoy meansof visual soft-
ware. Thecredibility limits for a givenprobability, or corverselythe probability of a given
interval canbe interactvely computed.Both for p-valuesand usualconfidenceantervals,
Bayesiannterpretation€£anbe madeexplicit.

Herethet testfor the A.B interactionturnsoutto be “perfectly nonsignificant’(p =
0.83): the hypothesisof a null interaction(é = 0) is “not rejected”by the data. But
this is only a negative result, which doesnot really bring out any evidencein the data
thatmight be positively “in favor of a smallinteractioneffect”. Thisis clearlyillustrated
by the Bayesianinterpretationof the ¢ testoutcome:thereis a 42% (100(%)%) posterior
probabilityof a positive interactioneffect (6 > 0) anda58%complementaryprobability of
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anegative interactioneffect (§ < 0). But, sincethe obsenedeffect canbe assessedmall,
the situationcan be perceved asfavorable to the acceptatiorof the additve model. Is
thisimpressionistigudgmentreally justified?Bayesiarprocedureyield directstatements
aboutthe smallnesof the interactioneffect. We find herethatwith posteriorprobability
0.95,6 is lessthan22.1millisecondsin absolutevalue.If oneis willing to regardthis limit
asatolerabledeviation, this statementonstitutesa positive statemenin favor the additive
model.Ontheotherhand,if thevalue22.1is notdeemedo beacceptablethe datacanbe
declaredinconclusive”.

Otheranalysescan be carriedout. In particularprior distributions favorableto the
additive modelcanbeinvestigated For instancejet us considera prior suchthatd | 02 ~
N(0, %02) with o2 still having the usualnoninformatve prior. We find thatwith posterior
probability 0.95, |4] is lessthan 14.5 milliseconds. The differencefrom the value 22.1
foundearlierreflectstheincreaseof evidencein favor of the additive model. Alternatively
alump of probabilityonthehypothesi®f anull interactioncanbeincorporatedn theprior.

5.3. Teadhing BayesiarMethodsfor Complex ExperimentaDesigns

Threedecisive advantagef the specificanalysisapproachcanbe stressed.(1) All the
traditionalanalysisof varianceproceduresanbe derived asa direct extensionof the ba-
sic proceduresusedin descriptve statistics(means,standarddeviations) and inferential
statistics(Students ¢ tests). (2) Complex designsinvolving several factorscaneasily be
handled.In particular the exact validity assumption$or eachinferencecanbe madeex-

plicit andcomprehensible(3) Bayesiarmproceduredor assessintghe magnitudeof effects
becomestraightforward to implement. Furthermorethe possibility of teachingBayesian
methodsin the contet of realisticcomplex experimentaldesignsis an essentiarequire-
mentfor motivating students.

Statisticalcomputerprogramsbasedon the specificinferenceapproachhave been
developed(Lecoutre,1996). They incorporateboth currentpractices(significancetests,
confidencentervals)andBayesiamroceduresTheseproceduresireapplicableto general
experimentaldesigngin particular repeatedneasureslesigns)palancedr not balanced,
with univariateor multivariatedata,andcovariables.

Fromaninteractive useof thecomputerprogramsalimited setof theoreticnotionsis
neededo introducebasicproceduresi.e. inferencesaboutonedegreeof freedomeffects
in complex designs. An introductory courseaboutdescriptie statistics,and elementary
inferencetechniquegor thecomparisorof two meansis generallyasuficientbackground.
Thenthe attentioncanbe concentrate@boutthe interpretationgandthe practicalmeaning
of proceduresAs aconsequencehe principlesof advancedechniqueganbemoreeasily
understoodindependentlyf their mathematicatlifficulty.

6. CONCLUSION
“1 stoppedteadting frequentistmethodswhen! decidedthat they could not be learned
(Berry, 1997).
NowadaysBayesiarroutineproceduresor thefamiliar situationsof experimentatata
analysisareeasyto implementandto teach.They offer promisingnew waysin statistical
methodologyRouanettal., 2000). Theirresultscanbetaughtto non-statisticiarstudents
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in intuitively appealingandreadilyinterpretabldorm. Usingthe noninformatve Bayesian
interpretation®f significancaestsandconfidencentervalsin thenaturallanguagef prob-
abilities aboutunknawn effects comesquite naturallyto students.In returnthe common
misuse@ndalusesof NHST appeato bemoreclearlyunderstoodResortingo computers
solvesthetechnicalproblemsinvolvedin the useof Bayesiandistributions. This givesthe
studentanattractve andintuitive way of understandingheimpactof prior distributions.

In summarythe Bayesianapproachappearsoth desirableandfeasiblefor teaching
statisticalinferencein the context of experimentaldataanalysis.On the onehand,it ful-
fills the requirementf scientists:objective proceduregincluding traditional p-values);
proceduresbouteffect sizes(beyond p-values);proceduregor designingandmonitoring
experiments. On the otherhand,it allows to overcomereal difficulties, in particularthe
commonmisusef null hypothesissignificancetests,andthe incorrectinterpretationof
frequentistprocedures.
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