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Abstract: Theuseof frequentistNull HypothesisSignificanceTesting(NHST)
is soan integral partof scientists’behavior that its usescannotbediscontinued
by flinging it out of thewindow. Facedwith this situation,our teachingstrategy
involvesasmoothtransitiontowardstheBayesianparadigm.Its generaloutlines
are as follows. (1) To presentnaturalBayesianinterpretationsof NHST out-
comesto draw attentionto theirshortcomings.(2) To createasaresultof this the
needfor a changeof emphasisin the presentationandinterpretationof results.
(3) Finally to equipstudentswith a real possibility of thinking sensiblyabout
statisticalinferenceproblemsandbehaving in a morereasonablemanner. Our
conclusionis thatteachingtheBayesianapproachin thecontext of experimental
dataanalysisappearsbothdesirableandfeasible.
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1. INTRODUCTION

Many recentpapershave stressedon the necessityof changesin reportingexperimental
results.This hasbeenrecentlymadeofficial by the AmericanPsychologicalAssociation
(Wilkinson et al., 1999). A moreandmorewidespreadopinion is that inferentialproce-
duresthatprovide genuineinformationaboutthesizeof effectsmustbe usedin addition
or in placeof Null HypothesisSignificanceTesting(NHST). Suchprocedureshave been
developedbothin thefrequentistandBayesianframeworks.Howeverthey areagainrarely
used,in spiteof the fact that they arenowadaysstraightforward to implement. In conse-
quenceit mustbeurgedto reformtheteachingof statisticalinferenceandto includethese
procedures,evenin introductorycoursesfor non-statisticianstudents.Formorethantwenty
yearsnow, we andothercolleagueshave graduallyintroducedthe Bayesianapproachto
experimentaldataanalysis,in coursesandseminarsfor audiencesof variousbackgrounds,
especiallyin psychology.

The presentpaperis divided into threesections.(1) We briefly recall the shortcom-
ingsof NHST. (2)Wepresentandcriticizetherecommendationsproposedby theAmerican�����



PsychologicalAssociationto overcometheseshortcomings.(3) As analternative,we sug-
gestteachingBayesianmethodsasa therapy againstthemisusesandabusesof NHST. The
feasibility of this teachingis illustrated.

2. THE CURRENTCONTEXTOFEXPERIMENTAL RESEARCH

Theshortcomingsof Null HypothesisSignificanceTesting. Experimentalresearchis fac-
ing aparadoxicalsituation.OntheonehandNull HypothesisSignificanceTesting(NHST)
is requiredin mostscientificpublicationsasanunavoidablenormandit oftenappearsasa
labelof scientificness.ButontheotherhandNHSTleadsto innumerablemisinterpretations
andmisuses(Lecoutreetal., 2001).

Mistaking statistical significancefor scientificsignificance.Themoresignificantaresult
is, themorescientificallyinterestingit is, and/orthelargerthetrueeffect is. Thishasbeen
oneof the mostoften denouncederror. From a survey of researcharticlespublishedin
threedifferentpsychologyjournals,Craig et al. (1976)concludedthat “researchersand
journaleditorsasa whole tendto (over)relyon significantdifferencesasthedefinitionof
meaningfulresearch.”

Impr oper usesof nonsignificantresultsas“pr oof of the null hypothesis”. Abouthalf of
thearticlespublishedin the1994issueof theJournal of AbnormalPsychology contained
(in mostcasesunjustified)conclusionssuchas“there is no differencebetweengroups”or
“thereis no interactioneffect” basedon nonsignificanttests(Poitevineau,1998).

“Non fr equentist” interpretationsof � -values.
��� � is mostoften interpreted(evenby

experiencedusers)astheprobabilitythatthealternativehypothesisis trueor asevidenceof
thereplicabilityof theresult(Oakes,1986;Freeman,1993;Falk andGreenbaum,1995).

3. TIME FORCHANGEIN REPORTING EXPERIMENTAL RESULTS

3.1. New Guidelinesin Psychology

While users’uneasinesstowardsNHST is ever growing (Lecoutre,2000),it seemsto be
nowadaysa crucial period of time. Many recentpapersandeditorialshave stressedon
the necessityof changesin reportingexperimentalresults,especiallyin presentingand
interpretingeffect sizes(seee.g.,Loftus, 1993;SerlinandLapsley, 1993;Rouanet,1996;
Schmidt,1996;Thompson,1996;HeldrefFoundation,1997;Murphy, 1997;Brandstätter,
1999;LecoutreandPoitevineau,2000).

The majority trendis to advocatethe useof confidenceintervals. This hasbeenre-
centlymadeofficial by theAmericanPsychologicalAssociation(Wilkinson et al., 1999).
The following extractsare proposedguidelinesfor revising the statisticalsectionof the
AmericanPsychologicalAssociationPublicationManual(italicsareours).

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

Inter val estimates.“ Interval estimatesshouldbegivenfor anyeffectsizesinvolvingprin-
cipal outcomes. Provide intervals for correlationsandothercoefficientsof associationor
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variationwheneverpossible.”

Effect sizes.“Alwayspresenteffectsizesfor primaryoutcomes. If theunitsof measurement
aremeaningfulon a practicallevel (e.g.,numberof cigarettessmoked per day), thenwe
usuallypreferanunstandardizedmeasure(regressioncoefficient or meandifference)to a
standardizedmeasure.”

Power and samplesize. “Provide informationon samplesizeandtheprocessthat led to
samplesizedecisions.Documenttheeffectsizes,samplingandmeasurementassumptions,
aswell asanalytic proceduresusedin powercalculations.Becausepower computations
aremostmeaningfulwhendonebeforedataarecollectedandexamined,it is important
to show how effect-sizeestimateshave beenderivedfrom previousresearchandtheoryin
orderto dispelsuspicionsthat they might have beentakenfrom datausedin thestudyor,
evenworse,constructedto justify aparticularsamplesize.”

3.2. FurtherDifficulties

If theresearchcommunityacceptstheaboverecommendations,confidenceintervalscould
quickly becomea compulsorynormin experimentalpublications.However, for many rea-
sonsdueto their frequentistconception,confidenceintervalscanhardlybeviewedasthe
ultimatemethod. Indeedthe appealingfeatureof confidenceintervals is the result of a
fundamentalmisunderstanding.It is sostrangeto treatthedataasrandomevenafterob-
servation that the “right” frequentistinterpretationof confidenceintervalsdoesnot make
sensefor mostusers.Ironically theincorrectnaturalinterpretationof confidenceintervals
in termsof probability aboutparametersis encouragedby the duplicity of moststatisti-
cal instructorswho tolerateandevenuseit: “We canbe95%confidentthatthepopulation
meanis between114.06and119.94”(Kirk, 1982,page43). It is undoubtedlythisBayesian
interpretationof confidenceintervalsin termsof “a fixedinterval having a 95%chanceof
includingthetruevalueof interest”which is their appealingfeature.After many attempts
to teachthe “correct” interpretationof frequentistprocedures,we completelyagreewith
Freeman(1993)thatin theseattempts“we arefightinga losingbattle”.

Furthermoretheproposedguidelinesarebothpartially technicallyredundantandcon-
ceptuallyincoherent.They shouldresultin replacingtheritual of NHST by anothersetof
rituals, without supplyinga real statisticalthinking. As the authorsof theseguidelines
state,it is probablytruethat “statisticalmethodsshouldguideanddisciplineour thinking
but shouldnot determineit.” However it is no lesstrue that “weneedstatisticalthinking,
not rituals” (Gigerenzer, 1998).

4. OURPROPOSALS

Theuseof NHST is soan integral partof scientists’behavior that its misusesandabuses
shouldnot be discontinuedby flinging it out of the window. Our conclusionis that the
soleeffective therapy againstits “damages”is a smoothtransitiontowardsthe Bayesian
paradigm.
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4.1. Standard BayesianMethodsfor ExperimentalData Analysis

For many yearswe have worked with colleaguesin Francewithin this perspective in
mind in orderto developstandard“noninformative” Bayesianmethodsfor themostfamil-
iar situationsencounteredin experimentaldataanalysis(seee.g.,RouanetandLecoutre,
1983;Lecoutreet al., 1995;Lecoutre,1996;LecoutreandCharron,2000; Lecoutreand
Poitevineau,2000;Rouanetet al., 2000). Basedon moreusefulworking definitionsthan
frequentistprocedures,thesemethodsarefully justified,at leastasobjective,andthey can
beusedandtaughtaseasilyasthe � , � or chi-square tests.They arenowadaysavailable
andthey areconcreteproposalsfor bypassingthe shortcomingsof NHST andimproving
thecurrentstatisticalmethodologyandpractice.

Our statisticalteachingandconsultingexperience,especiallyin psychology, revealed
usthat thesemethodswerefar moreintuitive andmuchcloserto thethinking of scientists
thanfrequentistprocedures(seealsoKadane,1995). They have beenappliedmany times
to real dataandwell acceptedby psychologyjournals(seee.g., Hoc and Leplat, 1983;
Cianciaet al., 1988;Lecoutre,1992;Hoc, 1996;ClémentandRichard,1997;andmany
experimentalarticlespublishedin French).

4.2. Our TeachingStrategy

Ourstrategy in front of themisusesof NHST is to introduceBayesianmethodsasfollows.
(1) To presentnaturalBayesianinterpretationsof NHST outcomesto call attentionabout
their shortcomings.
(2) To createasa resultof this theneedfor a change of emphasisin thepresentationand
interpretationof results.
(3) Finally to equipstudentswith a real possibility of thinking sensiblyaboutstatistical
inferenceproblemsandbehaving in amorereasonablemanner.

4.3.BayesianAlternativesto theGuidelines

Hypothesistests:Bayesianinterpretationof � -values.A well-knownfeatureof Bayesian
inferenceis that it providesinsightful interpretationsof many frequentistprocedures.For
mostusualsituationsof experimentaldataanalysis,it offersthestudentasmoothtransition
from thetraditionaltechniquesto theBayesianmethod.MoreovertheBayesianinterpreta-
tion of � -valuesclearlypointsout themethodologicalshortcomingsof NHST. In particular,
it becomesapparentthata “nonsignificant”outcomeis hardlyworth anything.

Inter val estimates: Bayesianinterpretation of the usual CI. It becomescorrectto say
that “there is a 95%chanceof theparameterbeingincludedbetweenthefixedboundsof
theinterval” (conditionallyon thedata).

Effect sizes: straight Bayesiananswers. Beyond the reinterpretationsof the usualfre-
quentistprocedures,other Bayesianstatementsgive straightanswersto the questionof
effect sizes. For instance,it can be reportedthat “there is a 80% posteriorprobability
of a large positive difference(e.g. ���� � ), a 20% probability of a small difference
(
�����  � � � ), anda 0.01%probabilityof a largenegativedifference(  ����� )”. Sucha

statementhasno frequentistcounterpart.

Power and sample size: Bayesian data planning and monitoring. Bayesianpredic-
tive probabilitiesareefficient tools for designing(“how many subjects?”)andmonitoring
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(“when to stop?”) experiments.The predictive distribution of a teststatisticcanbe used
to includeandextendthe frequentistnotion of power in a way thathasbeentermedpre-
dictivepower (Spiegelhalteret al., 1986). More generally, predictive proceduresgive the
researchera very appealingmethodto evaluatethe chancesthat the experimentwill end
up showing a conclusive result,or on thecontrarya non-conclusiveresult.Theprediction
canbeexplicitly basedon eitherthehypothesesusedto designtheexperiment,expressed
in termsof prior distribution,or on partialavailabledata,or on both(seeespeciallyBerry,
1991;Lecoutreet al., 1995;Dignamet al., 1998;Lecoutre,2001).

Intr oducing “inf ormative” priors. Whena standardBayesiananalysissuggestsa given
conclusion,anotherline of attackis to investigatetheimpactof skepticalor handicapprior
distributions. In this way, the experimentwill only stopif the partial datagive sufficient
evidenceto counterbalanceit (seee.g.Spiegelhalter, FreedmanandParmar, 1994).Hereis
averyappealingway to introduce“informative” priors.Contrastingtheresultingposterior
with the noninformative solution allows the studentsto understandthe relative roles of
samplesizes,dataandexternalinformation.

5. TEACHING BAYESIAN METHODSFORANALYSISOF VARIANCE

5.1.TheSpecificAnalysisApproach

In the graduatestatisticscoursein psychology, we especiallydevelopedBayesianmeth-
odsin the analysisof varianceframework. A specificityof experimentaldataanalysisis
thatexperimentalinvestigationsfrequentlyinvolve complex designs,especiallyrepeated-
measuresdesigns. This complexity must be explicitly taken into accountfor teaching
Bayesianprocedures. A simple way to do it is to use the specificanalysisapproach.
Roughlyspeaking,a specificanalysisfor a particulareffect consistsin handlingonly data
thatarerelevantfor it. Furtherjustificationscanbefoundin RouanetandLecoutre(1983)
(seealsoRouanet,1996).

This conceptionbringsa simpleway for teachingthe analysisof variancemethods
(including the multivariateprocedures)with a Bayesianperspective. This point will be
illustratedherefrom a typical numericalexample.

5.2. A Typical Example:ReactionTimeExperiment

As anelementaryillustration,let usconsiderthefollowing example.In apsychologicalex-
periment,thesubjectmustreactto asignal.Theexperimentaldesigninvolvestwo crossed
repeatedfactors:Factor � (signalfrequency) with two levels,frequent( � � ) andrare( � � ),
andFactor � (foreperiodduration),alsowith two levels, short ( � � ) and long ( � � ). The��� �
�

subjectsaredivided into threegroupsof four subjectseach. The main research
hypothesisis a null (or aboutnull) interactioneffect betweenfactors � and � (additive
model). Since � and � arebothtwo-level factors,their interactioncanberepresentedby
a singlecontrastamongthe four conditions.We take thecontrast� � � �!� �!� � �#" . The
valueof this contrastcanbecomputedfor eachsubject.Thetwelve individual interaction
effects,reportedin table1, constitutea setof deriveddatathatmaybecalledrelevantdata
for interaction.
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Table 1. Reactiontimeexperiment:basicdataandrelevantdatafor interaction(timesin
ms)

Individual
subject � � � � � � � � � � � � � � � � interactioneffects

1 387 435 416 473 387-435-416+473= +9
group 2 321 336 343 368 +10% � 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% � 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% � 11 317 375 341 392 -7
12 386 510 464 513 -75

mean 353.3 403.7 388.9 437.3 & � ���(' )+* ms, � �+��'-�.* ms
� � /02143 5 � �6)�'-�+� [9 df ]

Heretherelevantdataconstitutea simpleone-way layout,sothat the � ' � effect amounts
to theoverall mean of the relevantdata. Thusit only involvestheelementaryBayesian
inferenceabouta normalmean,with only two parameters,thetrueinteractioneffect  and
the within-groupstandarddeviation 7 (with the usualassumptionof a commonvariance
for thethreegroups).

Assumingtheusualnoninformativeprior, theposteriordistribution of  is a general-
ized � distribution. It is centeredon theobservedmeaneffect & � ����' )�* msandhasscale
factor 8 ��,:9+; �<�>= ' ?�� , where,�� ����'-�.* msis thewithin-groupstandarddeviationof the
relevantdata.Remarkthat 8 is thedenominatorof theusual � teststatistic,that is 8 � / @ .
In consequence,theposteriordistribution of  canbedirectly derivedfrom � � �6)�'-�+�

, or
againfrom theusualANOVA � ratio � � �BA . This ensuresthe technicalandconceptual
link betweenBayesianandfrequentistprocedures,in particulartheBayesianinterpretation
of � -valuesandconfidenceintervals.

The posteriordistribution canbe interactively investigatedby meansof visual soft-
ware.Thecredibility limits for agivenprobability, or converselytheprobabilityof agiven
interval canbe interactively computed.Both for � -valuesandusualconfidenceintervals,
Bayesianinterpretationscanbemadeexplicit.

Herethe � testfor the � ' � interactionturnsout to be“perfectly nonsignificant”(� �)�' *+�
): the hypothesisof a null interaction(  � )

) is “not rejected”by the data. But
this is only a negative result, which doesnot really bring out any evidencein the data
thatmight bepositively “in favor of a small interactioneffect”. This is clearly illustrated
by the Bayesianinterpretationof the � testoutcome:thereis a 42%(

��)�)DC4E
A
FHG

) posterior
probabilityof apositiveinteractioneffect( I� ) ) anda58%complementaryprobabilityof
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a negative interactioneffect (  ��) ). But, sincetheobservedeffect canbeassessedsmall,
the situationcanbe perceived as favorable to the acceptationof the additive model. Is
this impressionisticjudgmentreally justified?Bayesianproceduresyield directstatements
aboutthe smallnessof the interactioneffect. We find herethatwith posteriorprobability
0.95,  is lessthan22.1millisecondsin absolutevalue.If oneis willing to regardthis limit
asa tolerabledeviation,thisstatementconstitutesapositivestatementin favor theadditive
model.On theotherhand,if thevalue22.1is not deemedto beacceptable,thedatacanbe
declared“inconclusive”.

Otheranalysescanbe carriedout. In particularprior distributions favorableto the
additive modelcanbeinvestigated.For instance,let usconsidera prior suchthat KJB7LANMO CP)�Q6RR A 7LA ) with 7LA still having theusualnoninformativeprior. We find thatwith posterior
probability 0.95, J �J is lessthan14.5 milliseconds. The differencefrom the value22.1
foundearlierreflectstheincreaseof evidencein favor of theadditivemodel.Alternatively
alumpof probabilityonthehypothesisof anull interactioncanbeincorporatedin theprior.

5.3.TeachingBayesianMethodsfor Complex ExperimentalDesigns

Threedecisive advantagesof the specificanalysisapproachcanbe stressed.(1) All the
traditionalanalysisof varianceprocedurescanbederivedasa directextensionof the ba-
sic proceduresusedin descriptive statistics(means,standarddeviations) and inferential
statistics(Student’s � tests). (2) Complex designsinvolving several factorscaneasilybe
handled.In particular, theexactvalidity assumptionsfor eachinferencecanbemadeex-
plicit andcomprehensible.(3) Bayesianproceduresfor assessingthemagnitudeof effects
becomestraightforward to implement. Furthermorethe possibility of teachingBayesian
methodsin the context of realisticcomplex experimentaldesignsis an essentialrequire-
mentfor motivatingstudents.

Statisticalcomputerprogramsbasedon the specific inferenceapproachhave been
developed(Lecoutre,1996). They incorporateboth currentpractices(significancetests,
confidenceintervals)andBayesianprocedures.Theseproceduresareapplicableto general
experimentaldesigns(in particular, repeatedmeasuresdesigns),balancedor not balanced,
with univariateor multivariatedata,andcovariables.

Fromaninteractiveuseof thecomputerprograms,a limited setof theoreticnotionsis
neededto introducebasicprocedures,i.e. inferencesaboutonedegreeof freedomeffects
in complex designs.An introductorycourseaboutdescriptive statistics,andelementary
inferencetechniquesfor thecomparisonof two means,is generallyasufficientbackground.
Thentheattentioncanbeconcentratedabouttheinterpretationsandthepracticalmeaning
of procedures.As aconsequence,theprinciplesof advancedtechniquescanbemoreeasily
understood,independentlyof theirmathematicaldifficulty.

6. CONCLUSION

“ I stoppedteaching frequentistmethodswhenI decidedthat they could not be learned”
(Berry, 1997).

NowadaysBayesianroutineproceduresfor thefamiliarsituationsof experimentaldata
analysisareeasyto implementandto teach.They offer promisingnew waysin statistical
methodology(Rouanetetal., 2000).Their resultscanbetaughtto non-statisticianstudents
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in intuitively appealingandreadilyinterpretableform. UsingthenoninformativeBayesian
interpretationsof significancetestsandconfidenceintervalsin thenaturallanguageof prob-
abilities aboutunknown effectscomesquite naturallyto students.In returnthe common
misusesandabusesof NHSTappearto bemoreclearlyunderstood.Resortingto computers
solvesthetechnicalproblemsinvolvedin theuseof Bayesiandistributions.This givesthe
studentsanattractiveandintuitivewayof understandingtheimpactof prior distributions.

In summary, theBayesianapproachappearsbothdesirableandfeasiblefor teaching
statisticalinferencein thecontext of experimentaldataanalysis.On the onehand,it ful-
fills the requirementsof scientists:objective procedures(including traditional � -values);
proceduresabouteffect sizes(beyond � -values);proceduresfor designingandmonitoring
experiments.On the otherhand,it allows to overcomereal difficulties, in particularthe
commonmisusesof null hypothesissignificancetests,andthe incorrectinterpretationsof
frequentistprocedures.
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