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Preamble

The Workshop on Hierarchical Modeling in Environmental Statistics
(WHIES) washeldon May 14-16,2000at TheOhio StateUniversityin Colum-
bus,OH.DuringWHIES,break-outdiscussiongroupsmetonseveraloccasionsto
considerquestionsposed,in advance,on hierarchicalmodelingin environmental
statistics.Eachdiscussion-groupleaderprepareda draft of their discussionand
thesehavebeencombinedinto thepositionpapergivenbelow.

Topicswerechosenin thefollowing manner. Theconferenceorganizer(Noel
Cressie)askedfor suggestionsfrom thediscussion-groupleaders(GeorgeCasella,
Leo Knorr-Held, LouiseRyan,Tom Santner, andMark Schervish)in advanceof
theworkshop.He alsoaskedtherestof theScientificProgramCommittee(Mark
BerlinerandTim Gregoire)andtheU.S.EnvironmentalProtectionAgency (Larry
Cox) for suggestions.After somefiltering anddiscussionby e-mail,Cressieand
thediscussion-groupleadersprepareda list of morethan20 topicsto beconsid-
eredby workshopparticipants.At a plenarymeetingon thefirst day, participants
addedabout5 more topicsand thenvotedon the topics they thoughtwere the
mostinteresting.Thatevening,Cressieandthediscussion-groupleadersreduced
the numberof topicsdown to 11. During subsequentbreak-outdiscussionses-
sions,eachgroupwasasked to discuss5 topics,chosenso that eachtopic was
discussedby 2 or 3 groups.

List of Groups and Topics

� Group 1 (led by LeoKnorr-Held)discussedtopicsA, D, E, H, andI.
� Group 2 (led by Mark Schervish)discussedtopicsE, F, I, J,andK.
� Group 3 (led by LouiseRyan)discussedtopics,C, D, G, J,andK.
� Group 4 (led by GeorgeCasella)discussedtopics,A, B, F, G, andK.
� Group 5 (led by TomSantner)discussedtopics,A, B, C, H, andJ.

Text of Discussion Topics (Topics A-K)

A. Hierarchicalmodelsof environmentalphenomenaaretypically highly pa-
rameterizedandrequire(Markov Chain)MonteCarlomethodsin their fit-
ting. They tendnot to lendthemselvesto traditionalmeasuresof lack-of-fit
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suchasresidualsanalysis,andmodel-comparisonmeasuressuchasBIC
andAIC canbeimpracticalor meaningless.Whatdiagnosticscanbeused
for checkingassumptionsin the hierarchicalmodel? (Cross-validation?
Posterior-predictivechecks?)

B. How shouldonemodelmultiple, relatedresponsefunctions?How should
onedesignthestudyto collect thetrainingdatain sucha setting(keeping
in mind theneedfor computationalefficiency andmodelingflexibility)?

C. In the context of environmentalrisk assessment,one is often facedwith
‘lessthanperfect’datasetsfrom differentsources.Invariably, onewill en-
counterproblemswith missingdataandmeasurementerror. Sometimes,
importantcovariatesmight be missingall together. What kinds of statis-
tical modelsareusefulin suchsettings?Hierarchicalmodelsseemlike a
naturalcandidate.Whatpitfalls shouldwe beawareof in attemptingto fit
suchmodels?

D. How shouldoneapproachmodelselectionin thecontext of environmental
risk assessment?In theclassictoxicologicallybasedrisk-assessmentset-
ting, currentwisdomsuggestsbasingregulatorydecisionson a so-called
“benchmarkdose”analysis,which involvesfinding thedoselevel thatcor-
respondsto amoderate(5%or 10%)increaseabovebackgroundrates.Be-
causethebenchmarkdoseis usuallywithin theexperimentdoserange,it
tendsto be fairly robust to model-choiceissues.However, in the context
of epidemiologicallybasedrisk assessment,issuessuchasexposuremea-
surementerror andthe generaluncertaintyinherentin humandatamean
thatmodelchoicecanbeacritical issue,evenfor selectingthe5% or 10%
excessrisk. A particularproblemfor the epidemiologicalsettingis that
unexposedeventratesareoftenpoorly defined.How shouldoneapproach
modelselectionin suchsettings?DoesBayesianmodelaveragingprovide
agoodapproach?

E. Theconstructionof realisticallycomplex modelsfor space-timedataseems
to remainamixtureof artandscience.Thereareanumberof usefulprinci-
plesin classicalstatistics(e.g.,invariance,identifiability, parsimony), but
in Bayesianhierarchicalmodelling thereseemsto be lessattentionpaid
to them. Can we neverthelessagreeon a list of basicrequirementsand
principlesthatany suchBayesianhierarchicalmodelshouldfulfill?

F. Many of themodelsthathavebeendevelopedfor environmentaldataben-

3



efit greatly from incorporationof geographicaland/or ecologicalback-
groundinformation.For example,theUSGShasdevelopedmodelsof pes-
ticideconcentrationin drinkingwaterthatincorporatewater-flow patterns.
Much is known aboutvolatility andsolubility of chemicalsandpatternsof
wind flow. What areappropriatewaysto incorporatesuchscientificand
engineeringknowledgeinto statisticalmodels(or vice versa)in order to
producemodelsthatprovide thebestof bothworlds?

G. Almost any reasonablycomplex modelis a mixtureof empiricalandsub-
jectivecomponents.Whenevaluatingsuchmodels,wemightconsiderboth
frequency andBayesianmeasures.However, it may be the casethat the
empiricalandsubjectivepiecesaresointertwinedasnot to allow separate
evaluations(for example,in empiricalBayesmodelstheprior parameters
areestimatedfrom the data). Canwe agreeon an evaluationstrategy for
complex modelsthatwould result in an inference(no doubta mixture of
Bayesandfrequentist)that would be acceptable?Sucha schemeshould
include
� anassessmentof long-runproperties,
� anassessmentof Bayesianrobustness,
� asensitivity analysis.

H. Hierarchicalmodelsoften involve modeling“local” structurein order to
analyzespatiallyextensivedata.Thelevel of localnessis oftenchosenfor
practicalreasonshaving to do with thegranularityof thedata,ratherthan
for reasonshaving to do with the naturalscaleof the phenomenon.This
leadsto two questions:
� Doesthehierarchicalstatisticalmodelaggregateconsistently, at least

approximately?
� Is thehierarchicalstatisticalmodelflexible enoughto allow inference

at adisaggregatedlevel?

I. Whenmakinga spatialmapof somesummaryof the full posterior(e.g.,
pointwisespatialmedians),what meaningfulmeasuresof variability can
we attachto themap? Alternatively, how canwe summarize1,000maps
drawn from thefull posteriordistribution?

J. Expertopinioncanbecrucial to hierarchicalstatisticalmodeling,particu-
larly asonegoesdeeperinto thehierarchywhereprocess-behavior is less

4



well known. Dif ferentexpertswill likely differ in their opinions.Canwe
formalizea way to combineexpertopinion?

K. Goodhierarchicalstatisticalmodelingto solveenvironmentalproblemsre-
quiresteamwork betweenstatisticalscientistsand substantive scientists.
However, statisticiansareoften put in a consultingrole wherequick an-
swersaresought.Importantquestionsmayrequirea longer, morecollab-
orative effort, andhierarchicalstatisticalmodelsdemandthateffort. How
canwe convincescientiststhata hierarchicalstatisticalanalysisis “worth
waiting for”?

RESPONSES

Topic A

Hierarchical modelsof environmentalphenomenaare typically highly parame-
terizedand require (Markov Chain) MonteCarlo methodsin their fitting. They
tendnot to lendthemselvesto traditionalmeasuresof lack-of-fitsuch asresiduals
analysis,andmodel-comparisonmeasuressuch asBIC andAIC canbe imprac-
tical or meaningless.Whatdiagnosticscanbeusedfor checking assumptionsin
thehierarchical model?(Cross-validation?Posterior-predictivechecks?)

Group 1 Response to Topic A:

- Crossvalidationwas proposedas a diagnostictool which is both easily
interpretableand widely applicablewhen the goal is prediction. Typi-
cally, this might proceedby splitting the datainto two portions,

���
and���

, comparingtheposteriorpredictivedistributionbasedon
���

to theem-
pirical distribution of

���
, andvice versa.

���
and

���
areoften selected

via a randomsamplewhich is stratifiedwith respectto covariates.How-
ever, problemswith morecomplicateddatastructure,for examplespatialor
spatio-temporaldependencies,mayrequiremoresophisticatedtechniques
for splitting the sample. Furthermore,the usualpracticeof splitting the
databy half is not necessarilyoptimal,andalternative schemesshouldbe
investigated.

- Modelswith 	 parameterstypically have an “effective numberof param-
eters”(lessthan 	 ) which is not well understood.This resultsfrom con-
straintsimposedby theprior/model.This frustratessome“*IC” (e.g. AIC,
BIC) approaches.
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- TheDIC criteriaprovidesawayof quantifyingthecomplexity of themodel.
However, it is not transformationinvariant. A suggestionwasto replace
meanswith medians.

- It maybepossibleto estimatetheeffectivenumberof parametersvia cross-
validation.

- A suggestionwasmadeto performmodeldiagnosticsat intermediatelev-
els of the hierarchy. It may be possibleto generatepseudodata(from
deterministicmodels,for example)for this purpose.

Group 4 Response to Topic A:

The main questionhereis “What diagnosticscan be usedfor checkingas-
sumptionsin thehierarchicalmodel?”

Someinitial concernsandcomments:

- WearenotconvincedthatBIC andAIC aremeaningless.

- A possibleproblemwith hierarchicalmodelsarethat they aretoo highly
parameterized.Can diagnostics,or other methods,tell us when to stop
addinglevels?

- “Why shouldwe bepenalizedfor fitting morecomplicatedmodels?”One
possibleanswerto this is thatif theresultingmodelis not robust,or overly
sensitive,thena lesscomplex modelmaybepreferred.Rememberthatthe
AIC/BIC criterion, which penalizescomplexity, is derived directly from
thecriterionof predictive loss.

- Not all modelscanalwaysbediagnosed.Many disciplinarymodelshave
to rely on expertjudgment.

Somesuggestedsolutions:

- We agreethatan importantfirst stepis to definethegoalsof thediagnos-
tic. For example,is the interestin checkingpredictive efficacy, assessing
sensitivity to assumptions,etc?This is partof ageneraloverall recommen-
dationthat thestatisticianneedsto focustheexperimenteron theultimate
goalsandpolicy decisionsthatareto beobtainedfrom theanalysis.Often,
considerationof suchgoalswill helpfocustheappropriateanalysis.

- Therearetwo differentkindsof diagnostics.AIC/BIC, etc. are“summary
measures”of overall fit, in contrastto specific,predictionmeasureslike
“ 
���
 ”.
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- Wemustalsodifferentiatebetween“comparisonof models”versus“abso-
lutefit.” Theformercanbejudgedwith astatisticalcriterion,but thelatter
needsexpertassessment.

- Modelsbasedon physicalprinciplescanstill be tunedby the statistician,
possiblyto achieve a goal suchasrobustness.It may alsohappenthat a
simplermodelis betterfor prediction.This suggeststhatAIC/BIC canbe
importantevenif themodelis basedon physicalprinciples,andagainun-
derscoresthat it is importantto know the goalsof the experimenter. But
for geophysical(andother)modelsbasedonscientificprinciples,wemight
needa variationof, or weighting in, an AIC-type criterion. The experi-
mentermight needto breakdown the hierarchyto get at the principles,
regardlessof whatAIC or anythingelseindicates.

- The modeldiagnosticswe have discussedhave beenof the form of sum-
mary measures(AIC/BIC) or predictive measures.Are thereother ideas
beyondcrossvalidationandprediction?For example,we couldusesimu-
lationto checkestimatesof parametersor latentvariables.Are thereguide-
linesfor suchprocedures?

- CriteriasuchasAIC/BIC arebasedon the likelihoodfunction,while pre-
dictive checksdo not necessarilyneedthe likelihood. If the likelihoodis
“hard to get”, how do weassesscomparativefit?

- Hierarchicalmodelsarenecessarilycomplex, andoftenhave a largenum-
berof parameters.Thisdoesnot translatedirectly into degreesof freedom,
however. So,how dowecountdegreesof freedomin complex models,and
how doweassesstheinteractionbetweenthecomplexity of amodel(depth
of ahierarchy)andinformationcriteria/fit?(A stepin thisdirectionis DIC
- Bayespredictivegoodnessof fit with automaticdf adjustment.)It should
benotedthatHodgesandothershavedonework on this issue.

Group 5 Response to Topic A:

- This is a fundamentalproblem.Thereareat leastthreepointsof interest:
modelfit, predictionandforecasting.Thediagnosticusedwill dependon
theoutcomeof interest.

- To assessmodelfit, severaldiagnosticsweresuggested.Onetechniqueis
to usethefitted modelto generatenew dataandperforminformal compar-
isonswith the “real” data. Another techniqueis to computegeneralized
residuals(Cox andSnell); thedifficulty with this approachis to determine

7



the comparisondistribution sincedifferentstochasticspatialmodelscan
give rise to different theoreticaldistributionsfor the residuals,the deter-
minationof which is an areaof openresearch.Anotheraspectof model
fit is to explicitly assessfit in the lower levelsof thehierarchy. Model in-
terpretabilityis a critical componentin creatinga hierarchyfor which one
canelicit expertopinion. In many subjectareas,it is feasibleto askexperts
to think conditionally aboutA given B and B given C in a hierarchical
fashion,therebyimproving theaccuracy of themodelingprocess.Wealso
discussedAIC, BIC andlikelihoodtype measuresthat may be usefulfor
comparingtwo models,but maynot besogoodfor telling whetheror not
the model is appropriate.For example,onemight be able to comparea
modelbasedon oneprior with a modelbasedon anotherprior. Another
techniquefor verifying fit is to collect a validationdatasetandcompare
thosevalueswith modelpredictions.

- To assessprediction(i.e., guessesof new datawithin the supportof the
observations),cross-validation and bootstrappingare the obvious “auto-
matic” diagnostics.Of courseonecansplit thetrainingdatain otherways
(90%/10%,for example)and it is not clear what is the most powerful
method. An exampleis Jim Zidek’s PM-10 airport predictionbasedon
city data.

- To assessforecasting(i.e., guessesof new dataoutsidethesupportof the
observations),usevalidation.

- Sensitivity analysis:cannotbedonecomprehensively in high-dimen-sional
problems.Processmustbe guidedby expertopinion. For example,their
input would be usedto determinethe critical priors whoseeffect on the
posteriorwe wish to study. Importancesamplingcanbe usedto permit
approximatesamplingfrom theposteriorbasedon a singlesetof MCMC
draws, say. In low dimensionalproblems,the useof a fractional facto-
rial experimentaldesignwith theprior distributionsasthefactorsmightbe
usefulto examinesensitivity to thepriors.

- Useful reference:Hodges,JamesS., (1998). SomeAlgebraandGeome-
try for HierarchicalModels,Applied to Diagnostics,Journal of theRoyal
StatisticalSociety, SeriesB, 60, 497–521.

Topic B
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How shouldone modelmultiple, relatedresponsefunctions? How shouldone
designthestudyto collectthetrainingdatain such a setting(keepingin mindthe
needfor computationalefficiencyandmodelingflexibility)?

Group 4 Response to Topic B:

By mutualgroupdecision,this topic wasnot discussedduring the break-out
session.

Group 5 Response to Topic B:

- Onemethod,usedby econometriciansandpsychometricians,createsmul-
tivariatemodelsby usinglatentvariables.Fromahierarchicalmodelview-
point, this is equivalentto addinganotherlayerto thehierarchy.

- Markov-random-fieldmodelswere proposedas a promising methodto
modelingmultivariatedata. The difficulty in taking this approachis to
make surethata joint distribution exists,which canbenontrivial in most
circumstances.But, in principle, joint distributions that have marginals
with vastlydifferentstructuresarefeasible.

- Principalcomponentscanbeappliedto reducedimensionalityof a multi-
variateresponse.Perhapsunivariatemodelingcanthenbeappliedto each
component,or at leastthe multivariateanalysiscan be simplified. This
techniquecan be especiallyuseful in exploratory analysiswhereone is
looking for “signal” andinterpretabilityis lessimportant.

- Designis important. For example,estimatingcorrelationsat both small
andlargedistancesrequirestrainingdataat bothtypesof locations.What
aregooddesignsfor estimatingconditionaldistributions?Whataregood
modelsfor improving assessmentof modelfit? Wheredowesampletoday
in order to bestforecasttomorrow’s weather? Theseappearto be open
questionsto thediscussiongroup.

- Oneadditionaldesignconsiderationis to try to have a designthatallows
samplingof the multiple processesat the samelocationsand at different
locations.

Topic C

In thecontext of environmentalrisk assessment,oneis oftenfacedwith ‘lessthan
perfect’ data setsfrom different sources. Invariably, one will encounterprob-
lemswith missingdataandmeasurementerror. Sometimes,importantcovariates
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mightbemissingall together. Whatkindsof statisticalmodelsare usefulin such
settings?Hierarchical modelsseemlikea natural candidate. Whatpitfalls should
webeaware of in attemptingto fit such models?

Group 3 Response to Topic C:

Statisticiansworking on environmentalapplicationsinvariablyencounterless
thenperfectdata, for example,missingvalues,measurementerror, poorlydefined
outcomes.A goodwayto approachtheanalysisof suchdatais to sit downwith the
subject-matterscientistsandtalk aboutall theproblemswith thedata,aswell as
whatidealanalysisthesubject-matterscientistwould liketo doif sheactuallyhad
perfectdata.Suchdiscussionswill enhancecommunicationbetweenthesubject-
matterandstatisticalscientistsandhelp the statisticianto learnmoreaboutthe
sciencebehindtheproblem.Often,a conversationaboutthe “ideal datasetting”
will leadto specificationof a modelthat links dataandprocessin a hierarchical
model,similar to thesettingstalkedaboutin Sunday’s ShortCourseon Bayesian
HierarchicalStatistics. In a time seriesanalysis,for example, the ideal might
bedaily observations,while thereality might beonly weekdaymeasurementsor
evensporadicmeasurements.A usefulconstructionmight involve a hierarchical
modelthattreatsobserveddataasindependentobservationsaroundanunobserved
truedaily processthatin turn followsanautoregressiveor evenmorecomplicated
model.

As discussedfurther in our responseto Topic K, classicalstatisticaltraining
doesnot prepareus well to handlethe practicalchallengesof lessthenperfect
data. Many statisticiansare lost in messyreal world settings,becausewe are
trainedin thesolutionof well definedproblemsthathave a clearright or wrong
answers.Our professionis at an importantcrossroad,sinceif we cannotadapt
ourselvesto copewith large,complex realworld problems,otherdisciplines,for
exampleComputerScience,will stepin with morepracticalsolutions.

Having stressedthe importanceof consideringdataimperfectionsaspart of
themodel-building strategy, it is importantto keepin mind thatsomestudieswill
simplybetoopoorlydesignedor conductedto warrantany sophisticatedstatistical
analysis. Cautionis neededwhen building complex modelsto make surethat
the answersaredriven appropriatelyby the dataandexpert opinion ratherthan
unjustifiedmodelingassumptions.

Perhapsoneof the mostcommonandspecificexamplesof lessthenperfect
datais theproblemof missingcovariates. Sometimes,animportantcovariatemay
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be completelyunavailable. An appropriatecollaborationbetweenstatisticaland
subject-matterscientistsmight leadto a theoreticalmodel(e.g. pathor structural
equationsmodel)whichtakesaccountof thismissingfactor, thoughtheresultsare
likely to besensitive to modelingassumptionsin suchsettings.A morecommon,
andperhapseasierproblem,correspondsto thesettingwheresomecovariatesare
missingfor asubsetof subjects.Suchmissingnessis almostinevitable,no matter
how well run a studymight be. Discussionwithin our grouprevealedthat few
of ushave ever appliedin practicalsettingsany of themyriadof availablemeth-
odsto handlemissingdatacovariates.Hierarchicalmethodsarein factvery well
suitedto this problem,thoughof coursesuchmethodsrequirecarefulapplication
to ensurethatinappropriateassumptionsarenotmaderegardingthemechanismof
missingness.Thatbeingsaid,evensimplistic“ad hoc” missingcovariatemethods
(e.g.completecaseanalysis,imputationof meanvalues,inclusionof missingness
indicators)make implicit strongandsometimesinapropriateassumptions!When
we talkedaboutwhy moreappropriatemethodsarenot usedin practice,several
groupmemberspointedto thelackof reliable,easyto usesoftwarein widly used
packagesasSAS.Anothergroupmembercommentedthattheformulationandap-
plicationof suchmodelsis timeconsumingandusuallysuchtime is notbudgeted
properlyinto projectsthatsupportenvironmentalstatisticswork. Our profession
needsto do a betterjob of convincing subject-matterscientistsof the potential
importanceof suchissues.A goodapproachmight be a two-stageapproachof
giving a quick answer, followedby a morethoughtfuloneat a later time. There
is an importantconnectionbetweenmissingdataandmeasurementerror prob-
lems. This is anotherareawherewe needto do a betterjob in convincing our
subjectmattercolleaguesof thevalueof waiting for a moresophisticated,albeit
time-consuminganalysis.

Action Items:

- Hierarchicalmodelsprovide an excellentframework for building models
thatrelateobservableto “ideal” data.Theprofessionneedsto find waysto
supportthedevelopmentandsubsequentsupportof (interactive)software.

Group 5 Response to Topic C:

- It is important to find out as much as possibleabout reasonswhy data
is missing. More generally, understandingthe mechanismsusedto pre-
processdatais importantnot only for assessingmissingnessmechanisms
but censoring,truncation,andotherdataissuesrequiredfor modelingas
well. Standardmethodsof imputation,suchasthemissingat randomas-
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sumption,mayor maynot beappropriate,andit maybepossibleto deter-
minethis by discussionswith appropriatesubjectmatterexperts.

- Usemultipleimputationto producemultipleposteriorsto show theamount
of “information” in theobserveddataaboutparametersof interest.

- Examinehyperparametersmarginally andjointly to assesstheeffectof the
missingdata.Highly correlatedjoint posteriorscanbeindicativeof a lack
of informationin theobserveddata.

Topic D

How shouldoneapproach modelselectionin the context of environmentalrisk
assessment?In theclassictoxicologically basedrisk-assessmentsetting, current
wisdomsuggestsbasingregulatory decisionson a so-called“benchmarkdose”
analysis,which involvesfinding the doselevel that correspondsto a moderate
(5% or 10%) increaseabove background rates. Becausethe benchmark dose
is usuallywithin theexperimentdoserange, it tendsto befairly robustto model-
choiceissues.However, in thecontext of epidemiologically basedrisk assessment,
issuessuch asexposure measurementerror and thegeneral uncertaintyinherent
in humandatameanthat modelchoicecanbea critical issue, evenfor selecting
the5% or 10%excessrisk. A particular problemfor theepidemiological setting
is that unexposedeventratesare oftenpoorly defined.How shouldoneapproach
modelselectionin such settings?DoesBayesianmodelaveragingprovidea good
approach?

Group 1 Response to Topic D:

The fundamentalissuein this caseis that estimationin datapoor regionsis
alwaysrisky, andmodelaveragingcannot be expectedto remedythis entirely.
However, a modelaveragingapproachdoesallow quantificationof modeluncer-
tainty, which is essentialfor this problem.Oneof theprimaryadvantagesmaybe
amoreappropriatevarianceestimate.

Oneof theprimaryconcernsis appropriatechoiceof themodelspaceandthe
prior probabilitiesfor eachmodel. It was felt that thereis needfor subjective
elicitationof prior modelprobabilitiesbasedon expertknowledge.

Two suggestionsweremadeasto how this averagingmight becarriedout:

- Fit modelsseparatelyand assignmodel probabilitiesbasedon somefit
criteriasuchasBIC. This approachallows for inclusionof bothBayesian
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andnon-Bayesianmodelsin theaveragingprocess.

- ThereversiblejumpMCMC techniqueallowssimultaneousfitting andav-
eragingof all models.

Thequestionwasalsoraisedwhetherthis problemmight bepartially circum-
ventedby improvementsin studydesign.

Group 3 Response to Topic D:

Classicaltrainingteachesusto specify“the model”anddoour inferencefrom
there. We needto enlarge our modelingparadigmto includemodeluncertainty.
This is notsimplyamatterof building larger, nestedmodels,but perhapsexpand-
ing the modelspaceto allow for completelydifferentapproaches.While there
have beengood theoreticaldevelopmentsin this area,practicalguidelinesare
badlyneeded.Reversiblejump methodsaredifficult to programandunderstand.
More straightforward approaches(e.g., Carlin and Chib) can have problematic
convergence.

Action Items:

- Furtherappliedandtheoreticalresearchon modelaveragingneeded.

Topic E

The constructionof realistically complex modelsfor space-timedata seemsto
remaina mixture of art and science. There are a numberof usefulprinciplesin
classicalstatistics(e.g., invariance, identifiability, parsimony),but in Bayesian
hierarchical modellingthere seemsto be lessattentionpaid to them. Can we
neverthelessagreeon a list of basic requirementsand principles that any such
Bayesianhierarchical modelshouldfulfill?

Group 1 Response to Topic E:

- “If enoughdatawereavailable,could oneassigna reasonableinterpreta-
tion to thehyperpriors?”It wasproposedthatin many problemstheanswer
to this questionshouldbe “yes”. That is, a vaguehyperpriorshouldrep-
resentlack of knowledgeregardinga parameterasopposedto a lack of
interpretabilityof thatparameter.

- HierarchicalBayesmodelsareoften not invariantwith respectto certain
typesof re-parameterizations.For example,identifiability mayrequirethe
constraint��������� , in whichcaseit maybenecessaryto selectareference
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group. In this case,theposteriorwill not be invariantwith respectto dif-
ferentchoicesof thereferencegroup.Thisandsimilar problemscanoften
beavoidedby morecarefulspecificationof theprior.

- With respectto identifiability, anobviousbasicrequirementis thatthefinal
resultsbe interpretable.However, identifiability at intermediatestagesof
themodelmaybelessrelevantif theprimarygoalis prediction.

- A generalconcernis thatoptimalitycriteriareduceflexibility in themodel-
ing process,flexibility beingoneof theprimaryreasonsfor adoptingahier-
archicalapproach.“Constrainedflexibility” or “pragmaticflexibility” was
proposedasa generalideal. That is, modelsmustbe constrainedenough
that therewill be reasonableconsensuson the results,but otherwisethe
modelingprocessshouldbeasflexible aspossible.Suchconsensusmight
beachievedthoughmodelaveraging(or by just looking at many models),
however thecomputationalexpensemaybeconsiderable.

Group 2 Response to Topic E:

It is difficult to prescribegeneral principlesfor Bayesianhierarchicalmodels.
Indeedsomeof the principlesusedin non-Bayesianmodelsmay not be com-
pelling. For example,identifiability becomesan issueonly whenwe want to in-
terprettheparameters,but not for prediction,asit maygetintegratedout in other
situations.

It will bevery usefulto have formal tools for thecomparisonof hierarchical
modelsthatkeepthebias-variancetrade-off in mind, similar to whatwe have in
theGLM setup.It wassuggestedthatperhapswecouldusepredictivedensitiesor
Bayesfactors or theparametricbootstrap. But therewasnot a lot of experience
usingthesemethods.Indeed,oneparticipantfound thatpredictivedensitiescan
beverydifficult to computefor complicatedmodelsthatrequireMCMC.

Topic F

Many of the modelsthat have beendevelopedfor environmentaldata benefit
greatly fromincorporation of geographicaland/orecological backgroundinfor-
mation.For example, theUSGShasdevelopedmodelsof pesticideconcentration
in drinking water that incorporate water-flow patterns. Much is knownabout
volatility andsolubility of chemicalsandpatternsof wind flow. Whatare appro-
priate waysto incorporatesuch scientificandengineeringknowledge into statis-
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tical models(or vice versa) in order to producemodelsthat provide the bestof
bothworlds?

Group 2 Response to Topic F:

Forbuildingscienceinto themodelMarkBerlineruseswhathecallsaBayesian
spectrum. On oneendof this Bayesianspectrumis a purely mechanisticmodel
(i.e., purescience)andtheotherendof it is a purelystatistical(Bayesian)model
thatdoesnot utilize any knowledgeof theunderlyingphysicalprocess.At both
of theseextremes,uncertaintyexists dueto parametersbeingunknown. For ex-
ample,a differentialequationmayhave coefficientsthatareunknown, andhence
canbecomeparametersof a statisticalmodel. In addition,datamight be the in-
putsand/oroutputsof mechanisticmodelsperturbedby randomnoise. Interior
to the spectrum,thereareexampleslike the modelusedby Chris Wikle in his
presentation.In thismodel,simplifiedequationsfor wind motionaremodifiedby
replacingsinusoidalfunctionsby unknown functionsthatthenhaveaprior distri-
butionwith prior meansequalto thesinusoids.Of course,non-Bayesianmethods
couldalsobeappliedatpointsalongthis samespectrum.

Perhapsthereis onemoreco-ordinateto this Bayesianspectrum- “how hard
the problemis”. We needto be able to balancethe desirefor parsimony with
theneedfor accuratemodeling.Thedegreeto which we make our modelsmore
complicated(realistic?)shoulddependon how mucheffort is involvedandhow
importantit is to improvethemodel.

Group 4 Response to Topic F:

Someinitial concernsandcomments:

- We areagreedthat to incorporateexpert opinion, we shoulduseBayes’
Theoremin someway.

- Theproblemof aggregatingdatafrom variousscalesis an extremelyim-
portantcasewhereexpertopinion is needed.A relatedproblemconcerns
changeof support.

- With dataon differentscales,different levels of aggregationcanchange
thecorrelationmatrix(amongotherthings).Moreover, theinferencesfrom
differentaggregationlevelsmaynotbeconsistent(Simpson’sparadox).

- Canproblemsdueto aggregationbe diagnosedsimilarly to thosearising
in theusualhierarchicalmodel(usingtheideaspresentedin TopicA). Can
we think of aggregationasanotherlevel of hierarchy?
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- Not only is aggregationanissue,but onemustalsobeawareof thestatisti-
cal issuesrelatingto thesupportof thedataandthesupportof theinference
desiredby the subject-matterscientist. The subject-matterscientistmay
desireknowledgeof continuousprocesseswhile thedataaresupportedat
different,possiblydiscrete,scales. The subject-matterscientistmust be
madeawareof theinfluenceof theareaof support.

- It shouldbenotedthatthesamescaleissuesapplyto temporal/timeseries
data.

- How doesonedoenoughrunsof largemodelsto accuratelyassesserrorin
physicalmodels?(Somephysicalmodelscantake daysor moreto run on
a computer, for instanceatmosphericmodels.)Perhapsa Latin hypercube
samplingof parametertechniquescan partially addressthis is, but it is
unclearwhatthecompletesolutionmaybe.

Somesuggestedsolutions:

- Clearly it is importantthatpartof thegoalbe to appropriatelyembedthe
physicalmodelsinto thestochasticsystems.

- It is of utmostimportanceto specifythegoalsof your analysis.For exam-
ple, in theScotlandinfluenzadata,aggregationwill beatdifferentlevelsif
thegoal is a public policy decisionasopposedto a decisionaboutphysi-
cian preferences.But also, the dataare very sparse- so aggregation is
important.

- Expertopinion is importantin designingthe scaleof aggregation. How-
ever, it is importantto ask the expert specificquestions:“What goal do
you have?” “What level of aggregationis importantto you?” Expertscan
havedifficulty expressingthescaleof interest.(Ecologistsareon thefore-
front of understandingscale.)

- It may be the casethat the dataare aggregatedat one level, and the re-
sultsareaggregatedat a differentlevel. Theissuesbearingon thelevel of
aggregationmaybedifferent.

- Aggregationproblemsresultin modelsthatarenot nested(dataareoften
alsomisaligned).Thiscausesadditionalproblems.

- Issuesbeyondaggregation?
� An experthandsyou ascientificequationandsays,“fit this model”.
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� Work with theexpert to adderror in anappropriateway. Don’t just
tackanepsilonto adeterministicmodel.

� Train studentsto askthe right questionsto be ableto do this them-
selves.

� Gettheexpert to tell you thestoryandbuild thevariancemodeland
thehierarchicalmodelappropriately.

Topic G

Almostany reasonablycomplex modelis a mixture of empirical and subjective
components.Whenevaluatingsuchmodels,wemightconsiderbothfrequencyand
Bayesianmeasures.However, it maybethecasethat theempiricalandsubjective
piecesare so intertwinedas not to allow separate evaluations(for example, in
empiricalBayesmodelstheprior parameters are estimatedfromthedata). Can
we agreeon an evaluationstrategy for complex modelsthat would result in an
inference(nodoubta mixtureof Bayesandfrequentist)thatwouldbeacceptable?
Such a schemeshouldinclude

� anassessmentof long-runproperties,
� anassessmentof Bayesianrobustness,
� a sensitivityanalysis.

Group 3 Response to Topic G:

Evaluatingacomplex modelwith empiricalandsubjectivecomponentsis very
challenging.AlthoughpropertieslikeBayesianrobustnessandgoodlong-runfre-
quentistpropertiesmaysometimesmakesense,our groupfelt thattheusefulness
of suchapproachesis highly context dependent.For example,whatdo goodfre-
quentistpropertiestell usabouttheusefulnessof amodelwhenwecanessentially
“cook” our priorssothatour modelsfit thedataverywell. Having goodfrequen-
tist propertiescan make sense,however, in contexts (e.g. climate forecasting)
wherethisnaturalreplicationbuilt into thesystem.Suchpropertieswill makeless
sense,however, in the context of a studysuchasonefocusedon environmental
epidemiology, which is unlikely to be ever repeatedagain. Similarly, it might
be important,in somecontexts, to have Bayesianrobustness(i.e. a lack of sen-
sitivity to prior specification).Sometimes,however, it will be inevitable for the
prior to have a stronginfluenceon the results. Hence,the importantissuethere
is not to simply askthequestionof whethertheprior matters,but to characterize
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andquantify the role of theprior in affectingscientificconclusionsbasedon the
model.

Thegroupspenta considerableamountof time talking aboutwaysto accom-
plish effective sensitivity analysesin thecontext of a hierarchicalmodel. Often,
this is a challengesinceinformativeprior informativecanbeimbeddeddeeplyin
thehierarchyandalsotakeonmultipledimensions.It wouldbeusefulto develop
strategies for effectively identifying the sensitive nodesin a hierarchicalmodel
(thatis, identify thecritical pointsin thehierarchythathave thepotentialto affect
results). It would be really usefulto comeup with effective waysto graphically
representhow modelconclusionsareaffectedby prior specifications.Somework
along theselines hasbeendone, for example, in the frequentistsettingwhere
non- or barely identifiablemodelshave beensuggestedto accountfor informa-
tive dropoutin a longitudinalstudy. If we arewilling to specifya parameterthat
characterizestherelationshipbetweenthedropoutprobabilityandanunobserved
futureobservations,thenit is possibleto thenestimateanexposureeffect,adjust-
ing for informative dropout. Becausethe true dropoutmechanismcannever be
known exactly, thenit might beappropriateto constructa plot showing theesti-
matedexposureeffect (andperhapsassociatedconfidencelimits) asa functionof
theunknown parametercharacterizingthedegreeof informativedropout.Hierar-
chicalmodelingwouldseemto beanaturalframework within whichto generalize
suchideas.It would bereally helpful to developtechniquesthathelpto visualize
theeffect of prior specificationon modelconclusions.Thereis apparentlysome
software that allows one to interactively assesssensitivity to prior distributions
by usinga slidebar to alter thepriorsandthenre-weighttheposteriorsto reflect
changesin theposteriors.

If wearenotcareful,ourprofessionis atrisk of beingleft behindin thecurrent
internetand technologyrevolution that that is fundamentallychangingthe way
that peoplestore,accessand handledata. To keepup, we needto find better
waysto synthesizeandrepresenthigh-dimensionaldataandcomplex models.As
technologybecomesmore “visual”, it is important that we develop innovative
new waysto effectively communicatecomplicatedmodelsandresults,andalsoto
quantifyandpresentuncertainty.

A caveat to all this discussionis that in many settings,a simplemodelwill
do aswell asa morecomplex one. The challengeis knowing whenthis is true!
Often, statisticiancannotbe fully confidentthat the simple answeris adequate
until a morecomplex analysishasbeenpursuedaswell.
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Action Items:

- Develop visualizationand communicationtools to allow statisticaland
subject-matterscientiststo bettercollaborateonmodelconstruction.

- Develop theory and applied tools for sensitivity analysis,for example,
waysto “quickly” recomputeposteriorsunderchangedmodelassumptions.

- Developtoolsto visualizemodelfit.

- Work neededon “flexible” or evennon-parametrichierarchicalmodeling
techniques.Somegoodideasfrom thegeneralizedadditive modelframe-
work (e.g.,splines)wouldbeusefulto developin thehierarchicalmodeling
context.

Group 4 Response to Topic G:

Someinitial concernsandcomments:

- Thekey questionhereseemsto be: “What typeof inferencedo weaskfor
andwhenarewesatisfiedwith our assessment?”

- Therearemany sourcesof variationin hierarchicalmodels.In addition,we
aremixing Bayesianandfrequentistapproaches.Whenevaluatinghierar-
chical techniquesundertheseconditions,it is importantto definecriteria
that“adjust” to thecomplexity andmixtureof theinferenceapproaches.

Somesuggestedsolutions:

- Theanswerto thissetof questionsagainseemsto bedependenton theset-
ting. Certainstakeholdersdecisionsor policy makingapplicationsrequire
all of thecriterion,while otherapplicationsmaybelessstringent.

- It maybetruethattraditionalinferencedoesnotwork well. Thetraditional�
-valuemaybeinappropriate.As a result,wemayneeda new paradigm.

- Is the“modelaveraging”approachanappropriateone?While modelaver-
agingis usefulfor designingmodels,whatwe arefundamentallylooking
for hereis a way to evaluatemodels.Again, focusingon thegoalsof the
studymayhelp to answerthesequestions.Model averagingmaybegood
for prediction,for instance,but lessusefulfor understandingparticularap-
plications.

- We tend to usea lot of picturesto judgeour models. It is importantto
beclearin our statementsof wherethesepicturesandgraphscomefrom.

19



It is further important to quantify how to interpret theseimagesand to
determinehow usefulor how rigorousthesetechniquesmaybe.

- As statisticians,weall condition,atsomepoint, in ourmodeling.Weneed
to beawareof wherethatconditioningis beingdonein themodelandhow
to communicatethis conditioning.

- In attemptingto understandthe complexities of evaluatinghierarchical
models,it may be time to be statisticiansagain,andno longer to debate
whetherweareBayesiansor frequentists.

- In thespatialcontext, differenttypesof asymptoticsareavailable,infill and
increasing-domainasymptotics.Thesearenot equallyappropriate.The
studycontext andgoalsof theanalysisdeterminethepertinentframework
for asymptoticinference.Increasingdomainasymptoticsmayno save hi-
erarchicalmodelswhenthe wayshyperparameterswereincorporatedare
considered.However therearesomepossibilitiesusinginfill asymptotics
for inferenceof hierarchicalmodels.

Topic H

Hierarchical modelsofteninvolvemodeling“local” structure in order to analyze
spatiallyextensivedata. Thelevel of localnessis oftenchosenfor practical rea-
sonshavingto dowith thegranularityof thedata,ratherthanfor reasonshaving
to do with thenatural scaleof thephenomenon.Thisleadsto twoquestions:

� Doesthehierarchicalstatisticalmodelaggregateconsistently, at least
approximately?

� Is thehierarchical statisticalmodelflexibleenoughto allow inference
at a disaggregatedlevel?

Group 1 Response to Topic H:

The issueof aggregationconsistency is of particularimportancewhendata
ariseat differentspatialresolutions.In contrast,thereareproblemsfor which in-
ferencewhich is conditionalon agivenscaleof resolutionis readilyinterpretable
andseemssufficient. This appearsto be the casein time-seriesmodels,where
thereis surprisinglylittle literatureon thissubject.Thisareamaybenefitfrom fu-
turedevelopmentof aggregationconsistentmodelsin spatialstatistics.However,
thepricepaidfor aggregationconsistentformulationsmaycurrentlybetoo high.
More work needsto be doneto properly link continuousspatialpoint process
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modelswith formulationsfor aggregateddata.This seemsparticularlyimportant
for problemswhichrequireaglobalview of local timescalebehaviour, for exam-
ple in remotesensing.

Group 5 Response to Topic H:

- Model consistency is desirablein an ideal analysis. In somesituations,
wherephysicalconservationlawsapply, thescientificimpactof themodel
maydependonhaving this property. Thiswouldbethecase,in small-area
estimationor geophysicalapplications,for example. In someecological
studieshaving thispropertyis lesscritical.

- Somewidely usedmodelsdonotaggregate/disaggregateconsistently(e.g.,
Poisson-lognormal).

- Oneexplanationfor modelsthatdo not aggregateproperlyis thepresence
of confoundersat thefine level of aggregation.

- The inferenceat disaggregatedlevels from a model is an openresearch
area.

Topic I

Whenmakinga spatial mapof somesummaryof the full posterior (e.g., point-
wisespatialmedians),whatmeaningfulmeasuresof variability canweattach to
themap? Alternatively, how canwesummarize1,000mapsdrawn fromthe full
posteriordistribution?

Group 1 Response to Topic I:

As asimplesolution,onecanmapmarginalposteriorprobabilitiesof interest.
However, singlemapsareofteninadequatebecausethey fail to representcorrela-
tionsof theresponseatdifferentpointsin space(or morecrucially, in space-time).
A proposalwasto generate“movies” animatedwith respectto differentvaluesof
the parametersfrom the posteriordistribution. The processof creatingandpre-
senting(for examplein a journal context) must be madeeasier. In particular,
possibilitieswith web-basedjournalsmustbe explored. Somesoftwarealready
existsfor relatedpurposes,for exampleGIS in combinationwith Xgobi.

Group 2 Response to Topic I:

Liberal useof color andshadingscanbe usedin drawing maps. Additional
symbolscanbe addedto mapsto displaymore information. Onesuggestionis
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to overlaya symbolontovariouspartsof themapto denotea measureof spread
associatedwith thevalueof themapat thatpoint. For example,onecouldplacea
dotwhoseareais proportionalto thepredictionstandarddeviationor theposterior
standarddeviation of a parameterfor thatpoint on themap. This couldbecome
clutteredif thereare lots of dotsper unit areaon the map. Anotherpossibility
is to considera function of the map,suchassomecritical rate. Thensimulate
the map many times, eachtime computingthe samefunction. Then show the
variation in the valuesof that function. The function canbe morecomplicated
thanasinglenumber, but plottingthevariationin morecomplicatedfunctionscan
becomemessy.

Of course,informationis alwayslostwhendrawing asinglemap.Covariation
betweenlocationsis particularlydifficult to displayon a singlemap. An alter-
native is to provide an animationin which valuesof the plottedquantitiesvary
togetheraccordingto themodel.If suchananimatedmapwereto bemadeavail-
ableon theweb,onecouldevenallow theuserto specify(perhapsby clicking a
mouse)which valuesshouldchangeandthenhe/shecouldwatchtheeffect such
a changehason theentiremap. Of courseit would take sometrainingandprac-
tice to be ableto learneffectively from sucha process,but we think that it has
thepotentialof beinghighly informative. Evenif journalsareunwilling to accept
animationsaspartof a publication(is Java JASA in our future?),anagency like
theEPA might find suchanimationsuseful.

Thequestionalsoaroseasto how to comparemaps.Variousone-dimen-sional
summarieshave beenused,but weregenerallyconsideredto be inadequatebe-
causethey do not take proximity in themapinto account(e.g. grid box-by-grid
boxsumof squareddeviations,measuresof overlapof thesubmapsections).Pro-
crustesanalysismight beextendedto a methodfor forcing onemapto look like
another, keepingtrack of the amountof distortionrequiredto make the change.
In thefinal analysis,it might be thatwe have to rely uponjudgmentto compare
maps.

Topic J

Expertopinioncanbecrucial to hierarchical statisticalmodeling, particularly as
onegoesdeeperinto the hierarchy where process-behavioris lesswell known.
Different expertswill likely differ in their opinions. Can we formalizea way to
combineexpertopinion?
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Group 2 Response to Topic J:

Expertopinion arisesboth a priori (in the formulationof priors andmodels)
andaposteriori(in theinterpretationof results).Priorelicitationcanbedifficult in
hierarchicalmodelsbecausetheparameterswhosedistributionsarebeingelicited
aresofar removedfrom theobservables,that is, solittle is known aboutthem. It
is moredifficult to do “what if ” analysis.After ananalysishasbeenperformed,
peoplehave beenknown to vote on which interpretationto give to the results.
If expertsoffer opinionsthat suggestthat differentmodelsbe fit to the data,an
approachusingBayesianmodelaveragingmightbecalledfor. Ontheotherhand,
if thecompetingmodelsmake drasticallydifferentpredictions,it might bebetter
to reporttheresultsof severalmodelsandrecommendeitheradditionalstudyor a
searchfor moreappropriatemodels.

Group 3 Response to Topic J:

Our groupexploredthis questionin two differentways. Someonesuggested
thethoughtexperimentof six differentstatisticiansbeingassignedto work on the
sameappliedproblem. It is naturalto expectthat six differentsolutionswill be
presented.While in many casesthe variationswill be relatively minor, some-
timesmajordifferenceswill result. What is the “right” answerin suchsettings?
Assumingthat noneof the approachesare blatentlywrong, onecould think of
synthesizingtheanalysisin someway. This is oneway to think aboutcombining
expertopinion.

A broader, andin many waysmoredifficult, aspectof this questionis how to
combinefundamentallydifferenttypesof information.For example,statisticians
may be able to suggesta broaderrangeof suitablemodels,toxicologistsmay
suggestothermodelsbasedon biological considerations,toxicologistsmayalso
bewilling to purportprior distributionsonthevaluesof specificmodelparameters
thatcannotbeeasilyestimatedfrom thedata.More generally, thegroupmaybe
willing to hypothesizearangeof unobservedmechanismsthatmightbeexplaining
the truth behindthe settingof interest. Expertpanelsbuilding concensusarea
fascinatingexampleof how disparatesourcesof informationcanbesynthesized.
It would be nice if statisticalmodelingframeworks could be developedto do a
similarsortof synthesis.

Thegroupfelt that thereis fertile groundfor statisticalresearchon strategies
for building, fitting andevaluatingmodelsthatcombinedataandtheory. Hydrol-
ogy, physiologicallybasedpharmacokineticmodels,andair-pollution-dispersion
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modelswere suggestedas good examplesof modelingsettingsthat attemptto
combinea theoreticalmodelandsomeempirical.Althoughvery differenton the
surface,theseareashave in commona generalapproachof hypothesizinga the-
oreticalmodel, then“tuning” it usingsomereal datathat shouldbe well fit by
themodel.Many field suffer from so-called“physicsenvy” whereinthey wantto
believethattheir theoreticalmodelsarerich enoughto explainall observablevari-
ability in thedata.In practice,modelsusuallyneedto be“hybrid” andalsobring
in a stochasticcomponent.A Bayesianframework is anaturalonefor suchprob-
lems. Hierarchicalmodelscanbe thoughtof as“bookkeepingfor uncertainty”.
Hierarchicalmodelsprovide a greatframework for a conversationaboutuncer-
tainty.

Group 5 Response to Topic J:

- In someareas,for examplemedicine,expertopinioncanbeskewed.Physi-
cianscanbeundulyoptimisticor pessimisticabouttreatments.

- Eliciting expertopinionsaboutjoint distributionsis typicallydifficult. Elic-
itationof prior informationis mostsuccessfulwhenmodelparametershave
clearphysicalinterpretations.

- Conditionalmodelingtypically leadsto easierexpertsolicitation.

- Canwe formalizeaway to combineexpertopinion?In general,NO!

- Whenthereis a rangeof expertopinion,it is betterto determinetherange
of posteriorsolutionsthento attemptto combinetheexpertopinioninto a
singleprior.

- Panelstudiesmayor maynotbeagoodthing???
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Topic K

Goodhierarchical statisticalmodelingto solveenvironmentalproblemsrequires
teamworkbetweenstatisticalscientistsandsubstantivescientists.However, statis-
ticiansare oftenput in a consultingrole where quick answers are sought.Impor-
tant questionsmayrequire a longer, more collaborativeeffort, and hierarchical
statisticalmodelsdemandthateffort. Howcanweconvincescientiststhata hier-
archical statisticalanalysisis “worth waiting for”?

Group 2 Response to Topic K:

It is oftenthecasethatsubjectmatterexpertsareeithernot familiarwith or not
comfortablewith statisticalmodels.We have,here,anothercaseof theBayesian
spectrum. Dialog betweenstatisticiansandresearcherscanhelp to bring theex-
tremesof thespectrumtogether. Of evengreaterpotentialis therelatingof success
stories,thatis,examplesin whichtheaddedeffort of statisticalmodelinghavepro-
videdadditionalinsight thatwerenot availablewith lesssophisticatedanalyses.
In orderto beconvincing, thesuccessstoriesshouldbebasedon theresearcher’s
own data.

Group 3 Response to Topic K:

Thisverybroadquestionis of critical importancefor thefieldof environmental
statistics.

Communicationis critically important. Statisticianstend to separatethem-
selvesfrom subject-matterscientists.We needto take a moreaggressive role in
explainingourmethods,techniquesandresults.Weneedto developbetterwaysof
presentationthatclearlyestablishthevalueof our role. We needto beanintegral
partof theresearchteamfrom studyconceptualizationto analysisandreporting.
Weneedto beableto clearlyexplainwhy complicatedmodelsareneeded(if they
are!) andhelpour colleaguesto interprettheresults.

Whatstepscanwe take to make thesethingshappen?

- Educationalparadigmsneedto evolveto encompassbroadertrainingabout
uncertainty, role of policy andpracticalcomplexities in design. We are
behindin statisticalmethodsfor handlinglargedatasets.

- Priority shouldbe to develop high-techmethodologiesfor portrayingre-
sultsof complex modeling.

- Becomeinvolvedin thesubjectmatterjournals. Perhapswork with jour-
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nalsfromothersocietiesto getrepresentationontheeditorialboards.Should
getthesocietiesinvolved.

- Involvesubject-matterscientistsin our statisticalpublications.

- Gooduser-friendly softwarecanbridgethe gapbetweentheoreticianand
appliedstatistician.

- Balancingtheoryandapplication- changingtherewardsystems.

Challenges:

- User populationis changingquite rapidly and becomingquite sophisti-
cated.

- Tukey - “the role of a goodstatisticianis essentiallyephemeral”.After a
really goodstatisticianhasdonetheir work, theresultsareoftensosimple
andobvious that it is not clearthat you neededanything sophisticatedin
thefirst place!

Group 4 Response to Topic K:

ReformulatedQuestion:

How canwedeterminewhetherdevelopmentof acomplex hierarchicalmodel
will provideenoughadditionalinformationto beworththeeffort? If answersfrom
simpleandcomplex analysesdiffer, how doweassesswhich is correct?

Someinitial concernsandcomments:

- How do we know how far you have to go? What is the cost/benefitof
pursuingamorecomplex analysis?How doweassessthis?

- How goodareyourdata?Ourcontributioncomesin thegrayareabetween
greatdataanduselessdata.At eitherextreme, �������� is all youcando.

- Is hierarchicalmodelingcompletelynew/essentiallydifferentthanwhatwe
asstatisticianshavedonehistorically?

- Thereis a feelingthatadditionalcomputationalpower, andavailability of
information,may be driving morecomplex models. Are we doing more
complex modelsjust becausewecan?

- Doesthis relateback to Topic A? By addingcomplexity, we areadding
hierarchicallevels.

- Grantwriting is also related- and leadsto more complex models. You
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have to identify your model type andthe problemsrelatedto that model
typebeforeyoudo thework.

- Timemarcheson. Fiveto tenyearsagothemorecomplex modelsandanal-
yseswerenot taughtin classes,certainlynot in first yearclasses,nor were
they availablein softwarepackages.Now they areavailableto statisticians,
leadingusersto morecomplex analysesasa matterof course.

- Weareagreedthatthereis aneedto familiarizesubject-areascientistswith
hierarchicalmodels.

Somesuggestedsolutions/directions:

- Researchinto modeluncertaintyis important. We needto definethe cri-
terion thathelpusdecidewhenit is importantto usecomplex models.In
particular, what are the signs/toolsthat tell us that it is importantto use
hierarchicalmodelsor to stayaway from hierarchicalmodels?

- Modelingis aninteractiveart,andshouldberealizedassuch.Wheredoes
the line betweenthe experimenterandthestatisticiangetdrawn? Should
statisticiansbedoingthemodeling?

- The decisionbetweensimpleandcomplex modelsis often non-statistic-
al. In a walk-in consultingcenterthatdoesnot do thestatisticalanalyses
for their clients, a large percentof problemswill be solved with simple
methods.Thus,thedecisionis basedonwhetherthestakeholdercando,or
payfor, a morecomplex analysis,andnot if thedatademandsuch.

- Computingpackagesarekey to this issue,for example,a “Naive vs. Ro-
bust” settingwill leadto a morecomplex analysis. But this is generally
good,andsuchsoftwareneedsto bemorewidely developed.

- It is the “Progressof Science”that questionsaregettingmorecomplex,
but we mustrememberthat“Someproblemsaresimpleandshouldnot be
donein ahardway.”
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