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Preamble

The Workshop on Hierarchical Modeling in Environmental Statistics
(WHIES) washeld on May 14-16,2000at The Ohio StateUniversityin Colum-
bus,OH. DuringWHIES, break-oudiscussiorgroupsmeton severaloccasion$o
considerquestiongosed,jn advance,on hierarchicaimodelingin ervironmental
statistics. Eachdiscussion-groufeaderprepareda draft of their discussiorand
thesehave beencombinednto the positionpapergivenbelow.

Topicswerechosenn the following manner The conferencerganizer(Noel
Cressiepslkedfor suggestionfrom thediscussion-groufeaderg§GeogeCasella,
Leo Knorr-Held, Louise Ryan, Tom SantnerandMark Schervish)n advanceof
theworkshop.He alsoaslkedtherestof the ScientificProgramCommittee(Mark
BerlinerandTim Gregoire)andtheU.S.EnvironmentalProtectionAgeng (Larry
Cox) for suggestionsAfter somefiltering anddiscussiorby e-mail, Cressieand
the discussion-groupeadersprepared list of morethan20 topicsto be consid-
eredby workshopparticipants At a plenarymeetingon thefirst day, participants
addedabout5 more topics and then voted on the topicsthey thoughtwere the
mostinteresting.Thatevening,Cressieandthe discussion-groupeaderseduced
the numberof topicsdown to 11. During subsequenbreak-outdiscussionses-
sions,eachgroupwas asked to discuss5 topics, chosenso that eachtopic was
discussedby 2 or 3 groups.

List of Groupsand Topics

° Group 1 (led by Leo Knorr-Held) discussedopicsA, D, E, H, andlI.
° Group 2 (led by Mark SchervishdiscussedopicsE, F, I, J,andK.

° Group 3 (led by LouiseRyan)discussedopics,C, D, G, J,andK.

° Group 4 (led by Geoge Caselladiscussedopics,A, B, F, G, andK.
° Group 5 (led by Tom Santnerdiscussedopics,A, B, C, H, andJ.

Text of Discussion Topics (Topics A-K)

A. Hierarchicalmodelsof ervironmentalphenomenaretypically highly pa-
rameterizecindrequire(Markov Chain)Monte Carlomethodsn their fit-
ting. They tendnotto lendthemselesto traditionalmeasuresf lack-of-fit



suchasresidualsanalysis,and model-comparisomeasuresuchasBIC
andAIC canbeimpracticalor meaninglessWhatdiagnosticxcanbe used
for checkingassumptionsn the hierarchicalmodel? (Cross-alidation?
Posteriopredictve checks?)

How shouldonemodelmultiple, relatedresponsdunctions?How should
onedesignthe studyto collectthetraining datain sucha setting(keeping
in mind the needfor computationaéfficiency andmodelingflexibility)?

In the context of ervironmentalrisk assessmengneis often facedwith
‘lessthanperfect’ datasetsfrom differentsourceslinvariably, onewill en-
counterproblemswith missingdataand measuremengrror. Sometimes,
importantcovariatesmight be missingall together What kinds of statis-
tical modelsareusefulin suchsettings?Hierarchicalmodelsseemlike a
naturalcandidate What pitfalls shouldwe be awareof in attemptingto fit
suchmodels?

How shouldoneapproachmodelselectionin the context of ervironmental
risk assessmentth the classictoxicologically basedrisk-assessmerset-
ting, currentwisdom suggest$asingregulatory decisionson a so-called
“benchmarkdose”analysiswhich involvesfinding the doselevel thatcor-
responds$o amoderatg5% or 10%)increaseabove backgroundates.Be-
causethe benchmarkdoseis usuallywithin the experimentdoserange,it
tendsto be fairly robustto model-choicaessues.However, in the context
of epidemiologicallybasedisk assessmenissuessuchasexposuremea-
surementerror andthe generaluncertaintyinherentin humandatamean
thatmodelchoicecanbea critical issue evenfor selectinghe 5% or 10%
excessrisk. A particularproblemfor the epidemiologicalsettingis that
unexposedeventratesareoften poorly defined.How shouldoneapproach
modelselectionin suchsettings”DoesBayesianmodelaveragingprovide
agoodapproach?

Theconstructiorof realisticallycomplex modelsfor space-timelataseems
to remainamixtureof artandscience .Thereareanumberof usefulprinci-

plesin classicalstatistics(e.g.,invariance identifiability, parsimory), but

in Bayesianhierarchicalmodellingthereseemsto be lessattentionpaid

to them. Canwe neverthelessagreeon a list of basicrequirementsand

principlesthatany suchBayesiarhierarchicaimodelshouldfulfill?

Many of the modelsthathave beendevelopedfor ervironmentaldataben-



efit greatly from incorporationof geographicaland/or ecologicalback-
groundinformation.For example the USGShasdevelopedmodelsof pes-
ticide concentrationn drinking waterthatincorporatevaterflow patterns.
Muchis known aboutvolatility andsolubility of chemicalsandpatternsof

wind flow. What are appropriatewvaysto incorporatesuchscientificand
engineeringknowledgeinto statisticalmodels(or vice versa)in orderto

producemodelsthat provide the bestof bothworlds?

Almost ary reasonablycomplex modelis a mixture of empiricalandsub-
jectivecomponentsWhenevaluatingsuchmodels we mightconsidetboth
frequeny and BayesianmeasuresHowever, it may be the casethat the
empiricalandsubjectve piecesaresointertwinedasnotto allow separate
evaluations(for example,in empiricalBayesmodelsthe prior parameters
areestimatedrom the data). Canwe agreeon an evaluationstratey for
complex modelsthat would resultin aninference(no doubta mixture of
Bayesandfrequentist)that would be acceptable?Sucha schemeshould
include

o anassessmerdf long-runproperties,
o anassessmermf Bayesiarrobustness,
o asensitvity analysis.

Hierarchicalmodelsoften involve modeling“local” structurein orderto
analyzespatiallyextensie data. Thelevel of localnesss oftenchoserfor
practicalreasonhaving to do with the granularityof the data,ratherthan
for reasonshaving to do with the naturalscaleof the phenomenonThis
leadsto two questions:

o Doesthehierarchicaktatisticaimodelaggreateconsistentlyatleast
approximately?

o Is thehierarchicaktatisticalmodelflexible enoughto allow inference
atadisaggrgatedevel?

Whenmaking a spatialmap of somesummaryof the full posterior(e.g.,
pointwise spatialmedians) what meaningfulmeasure®f variability can
we attachto the map? Alternatively, how canwe summarizel,000maps
drawvn from thefull posteriordistribution?

Expertopinioncanbe crucialto hierarchicalstatisticalmodeling,particu-
larly asonegoesdeepeiinto the hierarchywhereprocess-behador is less
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well known. Differentexpertswill likely differ in their opinions. Canwe
formalizeaway to combineexpertopinion?

Goodhierarchicaktatisticaimodelingto solve ervironmentalproblemsre-

quiresteamvork betweenstatisticalscientistsand substantre scientists.
However, statisticiansare often put in a consultingrole wherequick an-

swersare sought.Importantquestionanay requirea longet morecollab-

orative effort, andhierarchicalstatisticalmodelsdemandhat effort. How

canwe corvince scientistshata hierarchicalstatisticalanalysisis “worth

waiting for"?

RESPONSES

Topic A

Hierarchical modelsof ervironmentalphenomenare typically highly parame-
terizedand require (Markov Chain) Monte Carlo methodsn their fitting. They

tendnotto lendthemselveso traditional measuesof lack-of-fit sud asresiduals
analysis,and model-comparisomeasuessud as BIC and AIC canbeimprac-
tical or meaninglessWhatdiagnosticscan be usedfor chedking assumptionsn

the hierarchical model?(Cross-validationZPosteriorpredictivecheks?)

Group 1 Responseto Topic A:

Crossvalidation was proposedas a diagnostictool which is both easily
interpretableand widely applicablewhen the goal is prediction. Typi-
cally, this might proceedby splitting the datainto two portions, X; and
X4, comparinghe posteriorpredictive distribution basedn X to theem-
pirical distribution of X,, andvice versa. X, and X, are often selected
via a randomsamplewhich is stratifiedwith respecto covariates. How-
ever, problemswith morecomplicateddatastructurefor examplespatialor
spatio-temporatlependenciesnay requiremore sophisticatedechniques
for splitting the sample. Furthermore the usualpracticeof splitting the
databy half is not necessarilyptimal, andalternatve schemeshouldbe
investigated.

Modelswith k& parametersypically have an “effective numberof param-
eters”(lessthan k) which is not well understood.This resultsfrom con-
straintsimposedby the prior/model. This frustratessome*™*IC” (e.g. AIC,

BIC) approaches.



TheDIC criteriaprovidesaway of quantifyingthecompleity of themodel.
However, it is not transformationinvariant. A suggestiorwasto replace
meanswith medians.

It maybepossibleto estimataheeffective numberof parametersia cross-
validation.

A suggestiorwasmadeto performmodeldiagnosticsat intermediatdev-
els of the hierarchy It may be possibleto generatepseudodata (from
deterministianodels for example)for this purpose.

Group 4 Responseto Topic A:

The main questionhereis “What diagnosticscan be usedfor checkingas-

sumptionsn the hierarchicaimodel?”

Someinitial concernandcomments:

We arenot corvincedthatBIC andAIC aremeaningless.

A possibleproblemwith hierarchicalmodelsarethatthey aretoo highly
parameterized.Can diagnostics,or other methods,tell us whento stop
addinglevels?

“Why shouldwe be penalizedor fitting morecomplicatednodels?”One
possibleanswerto thisis thatif theresultingmodelis notrobust,or overly
sensitve, thenalesscomplex modelmaybe preferred. Remembethatthe
AIC/BIC criterion, which penalizescompleity, is derived directly from
thecriterionof predictveloss.

Not all modelscanalwaysbe diagnosedMany disciplinarymodelshave
to rely on expertjudgment.

Somesuggestedolutions:

We agreethatanimportantfirst stepis to definethe goalsof the diagnos-
tic. For example,is the interestin checkingpredictive efficagy, assessing
sensitvity to assumptionsgtc?Thisis partof agenerabverallrecommen-
dationthatthe statisticianneedgo focusthe experimenteron the ultimate
goalsandpolicy decisionghatareto be obtainedrom theanalysis.Often,
consideratiorof suchgoalswill helpfocustheappropriateanalysis.

Therearetwo differentkindsof diagnostics AIC/BIC, etc. are“summary
measuresdf overall fit, in contrastto specific, predictionmeasuresike
HO _ EH.



We mustalsodifferentiatebetweercomparisonof models”versus‘abso-
lutefit.” Theformercanbejudgedwith a statisticalcriterion,but thelatter
needsxpertassessment.

Modelsbasedon physicalprinciplescanstill be tunedby the statistician,
possiblyto achieve a goal suchasrobustness.Ilt may also happenthat a
simplermodelis betterfor prediction. This suggestshat AIC/BIC canbe
importantevenif the modelis basedon physicalprinciples,andagainun-
derscoreghatit is importantto know the goalsof the experimenter But
for geophysica{andother)modelsbhasedn scientificprinciples,we might
needa variation of, or weightingin, an AlIC-type criterion. The experi-
mentermight needto breakdown the hierarchyto get at the principles,
regardlesof whatAlC or arnything elseindicates.

The modeldiagnosticsve have discussedave beenof the form of sum-
mary measuregAIC/BIC) or predictve measuresAre thereotherideas
beyond crossvalidationandprediction?For example,we could usesimu-
lationto checkestimate®f parametersr latentvariables Are thereguide-
linesfor suchprocedures?

CriteriasuchasAIC/BIC arebasedon thelikelihoodfunction, while pre-
dictive checksdo not necessarilyneedthe likelihood. If the likelihoodis
“hardto get”, how do we assessomparatie fit?

Hierarchicalmodelsarenecessarilfyomple, andoften have alarge num-
berof parametersThis doesnottranslatedirectly into degreesof freedom,
however. So,how dowe countdegreesof freedomin complex models,and
how dowe assestheinteractionbetweerthecompleity of amodel(depth
of ahierarchy)andinformationcriteria/fit? (A stepin thisdirectionis DIC

- Bayespredictve goodnes®f fit with automatiadf adjustment.)t should
be notedthatHodgesandothershave donework onthisissue.

Group 5 Responseto Topic A:

Thisis a fundamentaproblem. Thereareat leastthreepointsof interest:
modelfit, predictionandforecasting.The diagnosticusedwill dependon
theoutcomeof interest.

To assessnodelfit, severaldiagnosticsveresuggestedOnetechniques
to usethefitted modelto generatenewn dataandperforminformal compar
isonswith the “real” data. Anothertechniqueis to computegeneralized
residualgCox andSnell); the difficulty with this approacthis to determine
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the comparisondistribution since different stochasticspatialmodelscan
give rise to differenttheoreticaldistributionsfor the residualsthe deter

minationof which is an areaof openresearch.Anotheraspeciof model
fit is to explicitly assesdit in the lower levels of the hierarchy Model in-

terpretabilityis a critical componentn creatinga hierarchyfor which one
canelicit expertopinion. In mary subjectareasit is feasibleto askexperts
to think conditionally aboutA given B and B given C in a hierarchical
fashion therebyimproving theaccurag of the modelingprocessWe also
discussedhIC, BIC andlikelihoodtype measureshat may be useful for

comparingtwo models,but may not be so goodfor telling whetheror not

the modelis appropriate.For example,one might be ableto comparea

modelbasedon one prior with a modelbasedon anotherprior. Another
techniquefor verifying fit is to collect a validation datasetand compare
thosevalueswith modelpredictions.

To assesgprediction(i.e., guesse®f new datawithin the supportof the
obsenations), cross-alidation and bootstrappingare the obvious “auto-
matic” diagnostics Of courseonecansplit the trainingdatain otherways
(90%/10%, for example)andit is not clear what is the most powerful
method. An exampleis Jim Zidek’s PM-10 airport predictionbasedon
city data.

To assesgorecasting(i.e., guesse®f new dataoutsidethe supportof the
obsenations),usevalidation.

Sensitvity analysis:cannotbedonecomprehensiely in high-dimen-sional
problems. Processnustbe guidedby expertopinion. For example,their
input would be usedto determinethe critical priors whoseeffect on the
posteriorwe wish to study Importancesamplingcan be usedto permit
approximatesamplingfrom the posteriorbasedon a singlesetof MCMC

drawvs, say In low dimensionalproblems,the useof a fractional facto-
rial experimentadesignwith the prior distributionsasthefactorsmightbe
usefulto examinesensitvity to the priors.

Useful reference:Hodges,JamesS., (1998). SomeAlgebraand Geome-
try for HierarchicalModels, Applied to Diagnostics Journal of the Royal
StatisticalSociety SeriesB, 60, 497-521.

TopicB



How should one modelmultiple, relatedresponsdunctions? How shouldone
designthe studyto collectthetraining datain sud a setting(keepingin mindthe
needfor computationakficiencyand modelingflexibility)?

Group 4 Responseto Topic B:

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

Group 5 Responseto Topic B:

- Onemethod,usedby econometricianandpsychometriciang;reatesnul-
tivariatemodelsby usinglatentvariables.Fromahierarchicaimodelview-
point, thisis equialentto addinganotherdayerto the hierarchy

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

- Principalcomponentganbe appliedto reducedimensionalityof a multi-
variateresponsePerhapsinivariatemodelingcanthenbe appliedto each
componentor at leastthe multivariateanalysiscan be simplified. This
techniquecan be especiallyuseful in exploratory analysiswhere one is
looking for “signal” andinterpretabilityis lessimportant.

- Designis important. For example, estimatingcorrelationsat both small
andlarge distancesequirestraining dataat both typesof locations.What
aregooddesigndor estimatingconditionaldistributions? Whataregood
modelsfor improving assessmermif modelfit? Wheredo we sampleoday
in orderto bestforecasttomorron’s weather? Theseappearto be open
questiondo thediscussiorgroup.

- Oneadditionaldesignconsiderations to try to have a designthatallows
samplingof the multiple processesit the samelocationsand at different
locations.

Topic C

In the contet of ervironmentakisk assessmentneis oftenfacedwith ‘lessthan
perfect’ data setsfrom different souices. Invariably, one will encounterprob-
lemswith missingdataand measuementerror. Sometimegmportantcovariates
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mightbe missingall together Whatkindsof statisticalmodelsare usefulin such
settingsHierarchical modelsseenlike a natural candidate Whatpitfalls should
webeaware of in attemptingto fit sudy models?

Group 3 Responseto Topic C:

Statisticiansvorking on ervironmentalapplicationsnvariably encountetess
thenperfectdata, for example ,missingvaluesmeasuremergrror, poorly defined
outcomesA goodwayto approachiheanalysisof suchdatais to sitdownwith the
subject-mattescientistsandtalk aboutall the problemswith the data,aswell as
whatidealanalysighesubject-mattescientistwouldliketo doif sheactuallyhad
perfectdata. Suchdiscussionsvill enhance&ommunicatiorbetweerthe subject-
matterand statisticalscientistsand help the statisticianto learn more aboutthe
sciencebehindthe problem. Often, a corversationaboutthe “ideal datasetting”
will leadto specificationof a modelthatlinks dataandprocessn a hierarchical
model,similar to the settingstalked aboutin Sundays ShortCourseon Bayesian
Hierarchical Statistics. In a time seriesanalysis,for example, the ideal might
be daily obsenations,while the reality might be only weekdaymeasurementsr
evensporadicmeasurementsA usefulconstructiormight involve a hierarchical
modelthattreatsobsereddataasindependenbbsenationsaroundanunobsered
truedaily procesghatin turnfollows anautorgressve or evenmorecomplicated
model.

As discussedurtherin our responsedo Topic K, classicalstatisticaltraining
doesnot prepareus well to handlethe practicalchallengesf lessthen perfect
data Many statisticiansare lost in messyreal world settings,becauseve are
trainedin the solutionof well definedproblemsthat have a clearright or wrong
answers.Our professionis at an importantcrossroadsinceif we cannotadapt
ourselesto copewith large,complex realworld problems otherdisciplines,for
exampleComputerSciencewill stepin with morepracticalsolutions.

Having stressedhe importanceof consideringdataimperfectionsas part of
themodel-uiilding stratayy, it is importantto keepin mind thatsomestudieswill
simplybetoopoorly designedr conductedo warrantary sophisticatedtatistical
analysis. Cautionis neededwhen building complex modelsto make surethat
the answersare driven appropriatelyby the dataand expert opinion ratherthan
unjustifiedmodelingassumptions.

Perhapone of the mostcommonand specificexamplesof lessthenperfect
datais theproblemof missingcovariates Sometimesanimportantcovariatemay

10



be completelyunavailable. An appropriatecollaborationbetweenstatisticaland
subject-mattescientistamightleadto a theoreticalmodel(e.g. pathor structural
equationsnodel)whichtakesaccounof thismissingfactor thoughtheresultsare
likely to be sensitve to modelingassumption#n suchsettings.A morecommon,
andperhapsasiemproblem,correspondso the settingwheresomecovariatesare
missingfor a subsebf subjects Suchmissingnesss almostinevitable,no matter
how well run a study might be. Discussionwithin our group revealedthat few
of ushave ever appliedin practicalsettingsary of the myriad of availablemeth-
odsto handlemissingdatacovariates.Hierarchicalmethodsarein factvery well
suitedto this problem,thoughof coursesuchmethodsequirecarefulapplication
to ensurghatinappropriatessumptionarenotmaderegardingthe mechanisnof
missingnessThatbeingsaid,evensimplistic“ad hoc” missingcovariatemethods
(e.g.completecaseanalysisjmputationof meanvalues,nclusionof missingness
indicators)make implicit strongandsometimesnapropriateassumptionsWhen
we talked aboutwhy moreappropriatemethodsare not usedin practice,several
groupmembergointedto thelack of reliable,easyto usesoftwarein widly used
packagesasSAS.Anothergroupmembeicommentedhattheformulationandap-
plicationof suchmodelsis time consumingandusuallysuchtime is notbudgeted
properlyinto projectsthat supportervironmentalstatisticswork. Our profession
needsto do a betterjob of corvincing subject-mattescientistsof the potential
importanceof suchissues.A goodapproachmight be a two-stageapproachof
giving a quick answey followed by a morethoughtfuloneat a latertime. There
is an importantconnectionbetweenmissingdataand measuremengrror prob-
lems. This is anotherareawherewe needto do a betterjob in corvincing our
subjectmattercolleaguef the value of waiting for a more sophisticatedalbeit
time-consumingnalysis.

Action ltems:

- Hierarchicalmodelsprovide an excellentframework for building models
thatrelateobsenableto “ideal” data.The professiomeeddo find waysto
supportthe developmentandsubsequerdupportof (interactve) software.

Group 5 Response to Topic C:

- It is importantto find out as much as possibleaboutreasonswhy data
is missing. More generally understandinghe mechanismsaisedto pre-
procesgdatais importantnot only for assessingnissingnessnechanisms
but censoring truncation,and other dataissuesrequiredfor modelingas
well. Standardnethodsof imputation,suchasthe missingat randomas-
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sumption,mayor may not be appropriateandit may be possibleto deter
minethis by discussionsvith appropriatesubjectmatterexperts.

- Usemultipleimputationto producemultiple posteriordo shov theamount
of “information” in the obseneddataaboutparametersf interest.

- Examinehyperparametemmarginally andjointly to assessheeffectof the
missingdata.Highly correlatedoint posteriorscanbeindicative of alack
of informationin theobsereddata.

Topic D

How shouldone approach modelselectionin the contet of ernvironmentalrisk
assessmentth the classictoxicolagically basedrisk-assessmersetting current
wisdomsuggestsbasingregulatory decisionson a so-called“benchmark dose”
analysis,which involvesfinding the doselevel that correspondgo a modente
(5% or 10%) increaseabove badkground rates. Becausethe bendimark dose
is usuallywithin the experimentdoserangg, it tendsto be fairly robustto model-
choiceissuesHowever, in thecontext of epidemiolgically basedisk assessment,
issuessud as exposue measuementerror and the geneml uncertaintyinherent
in humandata meanthat modelchoicecanbe a critical issug evenfor selecting
the 5% or 10% excessgisk. A particular problemfor the epidemiolgical setting
is that unexposecdeventratesare oftenpoorly defined.How shouldoneapproach
modelselectionn sud settings?DoesBayesiarmodelaveraging providea good
approad?
Group 1 Responseto Topic D:

The fundamentalssuein this caseis that estimationin datapoor regionsis
alwaysrisky, and modelaveragingcan not be expectedto remedythis entirely.
However, amodelaveragingapproachdoesallow quantificationof modeluncer

tainty, which is essentiafor this problem.Oneof the primaryadvantagesnay be
amoreappropriatevarianceestimate.

Oneof the primary concernss appropriatechoiceof the modelspaceandthe
prior probabilitiesfor eachmodel. It wasfelt that thereis needfor subjectve
elicitationof prior modelprobabilitiesbasedn expertknowledge.

Two suggestionsveremadeasto how this averagingmight be carriedout:

- Fit modelsseparatelyand assignmodel probabilitiesbasedon somefit
criteriasuchasBIC. This approachallows for inclusionof both Bayesian
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andnon-Bayesiamodelsin the averagingprocess.

- Thereversiblejump MCMC techniqueallows simultaneousitting andav-
eragingof all models.

The questionwasalsoraisedwhetherthis problemmight be partially circum-
ventedby improvementsn studydesign.

Group 3 Responseto Topic D:

Classicalrainingteachesisto specify“the model”anddo ourinferencefrom
there. We needto enlage our modelingparadigmto include modeluncertainty
Thisis notsimply a matterof building larger, nestednodels but perhapsxpand-
ing the model spaceto allow for completelydifferentapproachesWhile there
have beengood theoreticaldevelopmentsin this area, practical guidelinesare
badly needed Reversiblejump methodsaredifficult to programandunderstand.
More straightforvard approachege.g., Carlin and Chib) can have problematic
convergence.

Action ltems:

- Furtherappliedandtheoreticaresearclon modelaveragingneeded.
TopicE

The constructionof realistically complex modelsfor space-timedata seemso

remaina mixture of art and science Thele are a numberof usefulprinciplesin

classicalstatistics(e.g., invariance identifiability, parsimony),but in Bayesian
hierarchical modellingthere seemgo be lessattentionpaid to them. Can we

neverthelessagree on a list of basic requirementsand principles that any sud

Bayesiarhierarchical modelshouldfulfill?

Group 1 Responseto Topic E:

- “If enoughdatawere available,could oneassigna reasonablénterpreta-
tionto thehyperpriors?1t wasproposedhatin mary problemgheanswer
to this questionshouldbe “yes”. Thatis, a vaguehyperpriorshouldrep-
resentlack of knowledgeregardinga parameteras opposedo a lack of
interpretabilityof thatparameter

- HierarchicalBayesmodelsare often not invariantwith respecto certain
typesof re-parameterizationgor example,identifiability mayrequirethe
constraing_ ¢; = 0, in which casat maybenecessaryo selectareference
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group. In this case the posteriorwill not be invariantwith respecto dif-
ferentchoicesof thereferencegroup. This andsimilar problemscanoften
be avoidedby morecarefulspecificatiorof the prior.

- With respecto identifiability, anobviousbasicrequirements thatthefinal
resultsbe interpretable.However, identifiability at intermediatestagesof
themodelmaybelessrelevantif the primarygoalis prediction.

- A generakoncerns thatoptimality criteriareducelexibility in themodel-
ing processflexibility beingoneof theprimaryreasongor adoptingahier-
archicalapproach:'Constrainedlexibility” or “pragmaticflexibility” was
proposedasa generalideal. Thatis, modelsmustbe constrainecenough
thattherewill be reasonableonsensusn the results,but otherwisethe
modelingprocesshouldbe asflexible aspossible.Suchconsensumight
be achiavedthoughmodelaveraging(or by justlooking at mary models),
howeverthe computationaexpensemaybeconsiderable.

Group 2 Responseto Topic E:

It is difficult to prescribegenerl principlesfor Bayesiarhierarchicaimodels.
Indeedsomeof the principlesusedin non-Bayesiammodelsmay not be com-
pelling. For example,identifiability becomesanissueonly whenwe wantto in-
terpretthe parametershut not for prediction,asit maygetintegratedoutin other
situations.

It will be very usefulto have formal tools for the comparisorof hierarchical
modelsthat keepthe bias-\ariancetrade-of in mind, similar to whatwe have in
theGLM setup.Ilt wassuggestethatperhapsve couldusepredictivedensitiesor
Bayesfactors or the parametricbootstiap. But therewasnot a lot of experience
usingthesemethods.Indeed,one participantfound that predictivedensitiescan
be very difficult to computefor complicatednodelsthatrequireMCMC.

TopicF

Many of the modelsthat have beendevelopedfor environmentaldata benefit
greatly fromincorporation of geagraphical and/or ecolajical badkgroundinfor-
mation. For example the USGShasdevelopedmodelsof pesticideconcentation
in drinking water that incorporate waterflow patterns. Much is knownabout
volatility and solubility of chemicalsand patternsof wind flow. Whatare appro-
priate waysto incorporate sud scientificand engineeringknowled@ into statis-
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tical models(or vice versa) in order to producemodelsthat provide the bestof
bothworlds?

Group 2 Responseto Topic F:

For building sciencento themodelMark BerlinerusesvhathecallsaBayesian
spectrum On oneendof this Bayesianspectrumis a purely mechanistianodel
(i.e., puresciencelandthe otherendof it is a purely statistical(Bayesianmodel
thatdoesnot utilize any knowledgeof the underlyingphysicalprocess.At both
of theseextremes,uncertaintyexists dueto parameterdeingunknonvn. For ex-
ample,a differentialequationmay have coeficientsthatareunknavn, andhence
canbecomeparameter®f a statisticalmodel. In addition,datamight be the in-
putsand/oroutputsof mechanistianodelsperturbedby randomnoise. Interior
to the spectrum,thereare exampleslike the modelusedby Chris Wikle in his
presentationin this model,simplified equationgor wind motionaremodifiedby
replacingsinusoidafunctionsby unknavn functionsthatthenhave a prior distri-
butionwith prior meansequalto the sinusoids Of course non-Bayesiamethods
couldalsobe appliedat pointsalongthis samespectrum.

Perhapghereis onemoreco-ordinateto this Bayesianspectrum “how hard
the problemis”. We needto be ableto balancethe desirefor parsimory with
the needfor accuratanodeling. The degreeto which we malke our modelsmore
complicated(realistic?) shoulddependon how mucheffort is involved and how
importantit is to improve themodel.

Group 4 Responseto Topic F:
Someinitial concernandcomments:

- We are agreedthat to incorporateexpert opinion, we shoulduse Bayes’
Theoremin someway.

- The problemof aggreyatingdatafrom variousscaless an extremelyim-
portantcasewhereexpertopinionis needed.A relatedproblemconcerns
changeof support.

- With dataon differentscales differentlevels of aggregation canchange
thecorrelationmatrix (amongotherthings).Moreover, theinferencegrom
differentaggreyationlevels maynot be consisten{Simpsons paradox).

- Canproblemsdueto aggregationbe diagnosedsimilarly to thosearising
in theusualhierarchicamodel(usingtheideaspresentedan Topic A). Can
we think of aggregationasanotheievel of hierarchy?
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Not only is aggr@ationanissue but onemustalsobe awareof the statisti-
calissuegelatingto thesupportof thedataandthe supportof theinference
desiredby the subject-mattescientist. The subject-mattescientistmay
desireknowledgeof continuousprocessesvhile the dataare supportecat
different, possiblydiscrete,scales. The subject-mattescientistmust be
madeawareof theinfluenceof the areaof support.

It shouldbe notedthatthe samescaleissuesapplyto temporal/timeseries
data.

How doesonedo enoughrunsof large modelsto accuratelyassesgrrorin
physicalmodels?(Somephysicalmodelscantake daysor moreto run on
a computeyfor instanceatmospherienodels.)Perhaps Latin hypercube
samplingof parameteitechniquescan partially addresghis is, but it is
unclearwhatthe completesolutionmaybe.

Somesuggestedolutions:

Clearlyit is importantthat part of the goal be to appropriatelyembedthe
physicalmodelsinto the stochasticsystems.

It is of utmostimportanceo specifythe goalsof your analysis.For exam-
ple,in the Scotlandnfluenzadata,aggreationwill beatdifferentlevelsif
the goalis a public policy decisionasopposedo a decisionaboutphysi-
cian preferences.But also, the dataare very sparse- so aggrgationis
important.

Expertopinionis importantin designingthe scaleof aggreyation. How-
ever, it is importantto askthe expert specificquestions:“What goal do
you have?” “What level of aggreationis importantto you?” Expertscan
have difficulty expressinghe scaleof interest.(Ecologistsareonthefore-
front of understandingcale.)

It may be the casethat the dataare aggreatedat one level, andthe re-
sultsareaggreyatedat a differentlevel. Theissuesbearingon the level of
aggreationmaybedifferent.

Aggregationproblemsresultin modelsthatare not nested(dataare often
alsomisaligned).This causesdditionalproblems.

Issuesheyondaggreyation?
o An experthandsyou a scientificequationandsays, fit this model”.
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o Work with the expertto adderrorin anappropriatevay. Don'’t just
tackanepsilonto adeterministianodel.

o Train studentdo askthe right questiongo be ableto do this them-
seles.

o Getthe expertto tell you the story andbuild the variancemodeland
thehierarchicaimodelappropriately

Topic G

Almostany reasonablycomplex modelis a mixture of empirical and subjective
componentsWhenevaluatingsud modelswemightconsidembothfrequencyand
Bayesiarmeasues.However, it maybethecasethattheempiricalandsubjective
piecesare so intertwinedas not to allow sepaate evaluations(for example in
empirical Bayesmodelsthe prior parametes are estimatedromthe data). Can
we agree on an evaluation strategy for complex modelsthat would resultin an
inference(no doubta mixture of Bayesandfrequentistthatwouldbeacceptable?
Sudt a schemeshouldinclude

o an assessmerf long-runproperties,
o anassessmemf Bayesiarrobustness,
o a sensitivityanalysis.

Group 3 Responseto Topic G:

Evaluatingacomplex modelwith empiricalandsubjectve componentss very
challenging Althoughpropertiedik e Bayesiarmrobustnessandgoodlong-runfre-
guentistpropertiesnay sometimesnake sensepur groupfelt thatthe usefulness
of suchapproachess highly context dependentFor example,whatdo goodfre-
guentistpropertiedell usabouttheusefulnes®f amodelwhenwe canessentially
“cook” our priors sothatour modelsfit the datavery well. Having goodfrequen-
tist propertiescan make sense however, in contets (e.g. climate forecasting)
wherethis naturalreplicationbuilt into thesystem.Suchpropertieswill make less
sensehowever, in the context of a study suchasonefocusedon ervironmental
epidemiology which is unlikely to be ever repeatedagain. Similarly, it might
be important,in somecontexts, to have Bayesianrobustnesgi.e. alack of sen-
sitivity to prior specification). Sometimeshowever, it will be inevitable for the
prior to have a stronginfluenceon the results. Hence,the importantissuethere
is not to simply askthe questionof whetherthe prior matters but to characterize
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andquantify therole of the prior in affecting scientificconclusiondbasedon the
model.

The groupspenta considerablemountof time talking aboutwaysto accom-
plish effective sensitvity analysesn the contet of a hierarchicaimodel. Often,
thisis a challengesinceinformative prior informative canbe imbeddeddeeplyin
the hierarchyandalsotake on multiple dimensionslt would be usefulto develop
stratgiesfor effectively identifying the sensitve nodesin a hierarchicalmodel
(thatis, identify thecritical pointsin the hierarchythathave the potentialto affect
results). It would be really usefulto comeup with effective waysto graphically
represenhow modelconclusionsareaffectedby prior specificationsSomework
along theselines hasbeendone, for example,in the frequentistsettingwhere
non- or barelyidentifiablemodelshave beensuggestedo accountfor informa-
tive dropoutin alongitudinalstudy If we arewilling to specifya parametethat
characterizetherelationshipbetweerthe dropoutprobabilityandanunobsered
future obsenations,thenit is possibleto thenestimatean exposureeffect, adjust-
ing for informative dropout. Becausehe true dropoutmechanisntan never be
known exactly, thenit might be appropriateo constructa plot shaving the esti-
matedexposureeffect (andperhapsassociated¢onfidencdimits) asa function of
theunknown parametecharacterizinghe degreeof informative dropout.Hierar
chicalmodelingwould seento beanaturalframenork within whichto generalize
suchideas.It would bereally helpful to developtechniqueshathelpto visualize
the effect of prior specificationon modelconclusions.Thereis apparentlysome
software that allows oneto interactvely assessensitvity to prior distributions
by usinga slide barto alterthe priors andthenre-weightthe posteriorgo reflect
changesn the posteriors.

If we arenotcareful,ourprofessions atrisk of beingleft behindin thecurrent
internetand technologyrevolution that that is fundamentallychangingthe way
that peoplestore,accessand handledata. To keepup, we needto find better
waysto synthesizeandrepresenhigh-dimensionatiataandcomplex models.As
technologybecomesmore “visual”, it is importantthat we develop innovative
new waysto effectively communicateomplicatedmodelsandresults,andalsoto
guantifyandpresenuncertainty

A caveatto all this discussionis thatin mary settings,a simple modelwill
do aswell asa morecomplex one. The challenges knowing whenthis is true!
Often, statisticiancannotbe fully confidentthat the simple answeris adequate
until amorecomplex analysishasbeenpursuedaswell.
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Action ltems:

Develop visualizationand communicationtools to allow statisticaland
subject-mattescientistdo bettercollaborateon modelconstruction.

Develop theory and applied tools for sensitvity analysis,for example,
waysto “quickly” recomputgosteriorainderchangednodelassumptions.

Developtoolsto visualizemodelfit.

Work neededon “flexible” or even non-parametritierarchicalmodeling
technigues Somegoodideasfrom the generalizechdditve modelframe-
work (e.g.,splines)wouldbeusefulto developin thehierarchicamodeling
contet.

Group 4 Responseto Topic G:

Someinitial concernandcomments:

Thekey questiorhereseemso be: “What type of inferencedo we askfor
andwhenarewe satisfiedwith our assessment?”

Therearemary source®f variationin hierarchicalmodels.In addition,we
aremixing BayesianandfrequentistapproachesWhenevaluatinghierar
chicaltechniquesundertheseconditions,it is importantto definecriteria
that“adjust” to the compleity andmixture of theinferenceapproaches.

Somesuggestedolutions:

Theanswetto this setof questionsagainseemso bedependenbntheset-
ting. Certainstaleholdersdecisionsor policy makingapplicationgequire
all of thecriterion,while otherapplicationanaybelessstringent.

It maybetruethattraditionalinferencedoesnotwork well. Thetraditional
P-valuemaybeinappropriate As aresult,we mayneeda new paradigm.

Is the“model averaging”approactanappropriateone?While modelaver
agingis usefulfor designingmodels,whatwe arefundamentallylooking
for hereis away to evaluatemodels. Again, focusingon the goalsof the
studymay helpto answerthesequestions Model averagingmay be good
for prediction,for instanceput lessusefulfor understandingarticularap-
plications.

We tendto usea lot of picturesto judge our models. It is importantto
be clearin our statement®f wherethesepicturesandgraphscomefrom.
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It is further importantto quantify how to interprettheseimagesandto
determinehow usefulor how rigorousthesetechniquesnaybe.

- As statisticiansyve all condition,at somepoint, in our modeling.We need
to beawareof wherethatconditioningis beingdonein the modelandhow
to communicatehis conditioning.

- In attemptingto understandhe compleities of evaluating hierarchical
models,it may be time to be statisticiansagain,andno longerto debate
whetherwe areBayesian®r frequentists.

- In thespatialcontext, differenttypesof asymptoticareavailable,infill and
increasing-domaimsymptotics. Theseare not equally appropriate. The
studycontext andgoalsof the analysisdeterminethe pertinentframework
for asymptoticinference.Increasingdomainasymptoticanay no save hi-
erarchicalmodelswhenthe ways hyperparametergereincorporatecare
considered However thereare somepossibilitiesusinginfill asymptotics
for inferenceof hierarchicaimodels.

TopicH

Hierarchical modelsofteninvolvemodeling‘local” structurein orderto analyze
spatially extensivedata. Thelevel of localnesss oftenchosenfor practical rea-
sonshavingto do with the granularity of the data, ratherthanfor reasonsaving
to do with the natural scaleof the phenomenonThisleadsto two questions:

o Doesthehierarchical statisticalmodelaggregateconsistentlyat least
approximately?

o Is thehierarchical statisticalmodelflexible enougtto allow inference
at a disaggregatedlevel?

Group 1 Responseto Topic H:

The issueof aggre@ation consisteng is of particularimportancewhen data
ariseat differentspatialresolutions.In contrastthereareproblemsfor whichin-
ferencewhichis conditionalon a givenscaleof resolutionis readilyinterpretable
and seemssufficient. This appeardo be the casein time-seriesmodels,where
thereis surprisinglylittle literatureon this subject.This areamaybenefitfrom fu-
ture developmentof aggregationconsistenimodelsin spatialstatistics.However,
the price paid for aggregationconsistenformulationsmay currentlybetoo high.
More work needsto be doneto properly link continuousspatial point process
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modelswith formulationsfor aggr@ateddata. This seemgatrticularlyimportant
for problemswhichrequirea globalview of localtime scalebehaiour, for exam-
plein remotesensing.

Group 5 Responseto Topic H:

- Model consisteng is desirablein an ideal analysis. In somesituations,
wherephysicalconserationlaws apply, the scientificimpactof the model
may dependdn having this property Thiswould bethe casejn small-area
estimationor geophysicabpplicationsfor example. In someecological
studieshaving this propertyis lesscritical.

- Somewidely usedmodelsdo notaggreate/disagggateconsistentlye.g.,
Poisson-lognormal).

- Oneexplanationfor modelsthatdo not aggreateproperlyis the presence
of confounderatthefine level of aggreation.

- The inferenceat disaggrgatedlevels from a modelis an openresearch
area.

Topicl

Whenmakinga spatial map of somesummaryof the full posterior(e.g., point-
wisespatial medians)what meaningfuimeasuesof variability canwe attach to
the map? Alternatively how can we summarizel,000mapsdrawn from the full
posteriordistribution?

Group 1 Responseto Topic l:

As asimplesolution,onecanmapmaimginal posteriorprobabilitiesof interest.
However, singlemapsareofteninadequatéecausehey fail to representorrela-
tionsof theresponsatdifferentpointsin spacgor morecrucially, in space-time).
A proposalwasto generatémovies” animatedwith respecto differentvaluesof
the parameter$rom the posteriordistribution. The procesf creatingand pre-
senting(for examplein a journal context) mustbe madeeasier In particular
possibilitieswith web-basedournalsmustbe explored. Somesoftware already
existsfor relatedpurposesfor exampleGIS in combinationwith Xgobi.

Group 2 Responseto Topicl:

Liberal useof color andshadingscanbe usedin draving maps. Additional
symbolscan be addedto mapsto display more information. One suggestions
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to overlay a symbolonto variouspartsof the mapto denotea measureof spread
associateavith thevalueof the mapatthatpoint. For example,onecouldplacea

dotwhoseareais proportionalto the predictionstandardieviation or the posterior
standarddeviation of a parametefor that point on the map. This could become
clutteredif therearelots of dotsper unit areaon the map. Another possibility

is to considera function of the map, suchas somecritical rate. Thensimulate
the map mary times, eachtime computingthe samefunction. Thenshow the

variationin the valuesof that function. The function canbe more complicated
thanasinglenumber but plotting the variationin morecomplicatedunctionscan

becomanessy

Of coursejnformationis alwayslostwhendrawing a singlemap.Covariation
betweenlocationsis particularly difficult to display on a single map. An alter
native is to provide an animationin which valuesof the plotted quantitiesvary
togetheraccordingto themodel. If suchananimatednapwereto be madeavail-
ableon theweb, onecould evenallow the userto specify (perhapsy clicking a
mouse)which valuesshouldchangeandthenhe/shecould watchthe effect such
achangehason the entiremap. Of courseit would take sometrainingandprac-
tice to be ableto learneffectively from sucha processput we think thatit has
the potentialof beinghighly informative. Evenif journalsareunwilling to accept
animationsaspartof a publication(is Java JASA in our future?),anageny like
the EPA mightfind suchanimationsuseful.

Thequestiomalsoaroseasto how to comparanaps.Variousone-dimensional
summarieshave beenused,but were generallyconsideredo be inadequatée-
causethey do not take proximity in the mapinto account(e.g. grid box-by-grid
box sumof squaredleviations,measuresf overlapof the submagsections) Pro-
crustesanalysismight be extendedto a methodfor forcing onemapto look like
anothey keepingtrack of the amountof distortionrequiredto make the change.
In thefinal analysis,it might be thatwe have to rely uponjudgmentto compare
maps.

TopicJ

Expertopinioncanbecrucial to hierarchical statisticalmodeling particularly as
one goesdeeperinto the hierarchy whee process-behaviors lesswell known.
Different expertswill likely differ in their opinions. Canwe formalizea way to
combineexpertopinion?

22



Group 2 Responseto Topic J:

Expertopinion arisesboth a priori (in the formulationof priorsand models)
andaposteriori(in theinterpretatiorof results).Prior elicitationcanbedifficult in
hierarchicamodelsbecause¢he parametersvhosedistributionsarebeingelicited
aresofarremovedfrom the obsenables thatis, 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 suggesthat differentmodelsbe fit to the data,an
approactusingBayesiarmodelaveragingmight be calledfor. Onthe otherhand,
if thecompetingmodelsmake drasticallydifferentpredictionsjt might be better
to reporttheresultsof severalmodelsandrecommenctitheradditionalstudyor a
searchfor moreappropriatenodels.

Group 3 Responseto Topic J:

Our groupexploredthis questionin two differentways. Someonesuggested
thethoughtexperimentof six differentstatisticiangeingassignedo work onthe
sameappliedproblem. It is naturalto expectthat six differentsolutionswill be
presented.While in mary casesthe variationswill be relatively minor, some-
timesmajor differenceswill result. Whatis the “right” answerin suchsettings?
Assumingthat none of the approachesre blatentlywrong, one could think of
synthesizingheanalysisn someway. Thisis oneway to think aboutcombining
expertopinion.

A broaderandin mary waysmoredifficult, aspecof this questionis how to
combinefundamentallydifferenttypesof information. For example,statisticians
may be able to suggesta broaderrangeof suitablemodels,toxicologistsmay
suggesbthermodelsbasedon biological considerationstoxicologistsmay also
bewilling to purportprior distributionsonthevaluesof specificmodelparameters
thatcannotbe easilyestimatedrom the data. More generally the groupmay be
willing to hypothesizarangeof unobseredmechanismghatmightbeexplaining
the truth behindthe settingof interest. Expert panelsbuilding concensusire a
fascinatingexampleof how disparatesourcesof informationcanbe synthesized.
It would be nice if statisticalmodelingframewnorks could be developedto do a
similar sortof synthesis.

The groupfelt thatthereis fertile groundfor statisticalresearcton stratejies
for building, fitting andevaluatingmodelsthatcombinedataandtheory Hydrol-
ogy, physiologicallybasedoharmacokinetienodels,andair-pollution-dispersion
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modelswere suggesteds good examplesof modeling settingsthat attemptto
combinea theoreticalmodelandsomeempirical. Althoughvery differenton the
surface,theseareashave in commona generalapproachof hypothesizinga the-
oreticalmodel, then“tuning” it using somereal datathat shouldbe well fit by
themodel. Many field suffer from so-called‘physicservy” whereinthey wantto
believethattheirtheoreticaimodelsarerich enoughto explain all obsenablevari-
ability in thedata.In practice,modelsusuallyneedto be“hybrid” andalsobring
in astochasticomponentA Bayesiarframenork is a naturalonefor suchprob-
lems. Hierarchicalmodelscanbe thoughtof as“bookkeepingfor uncertainty”.
Hierarchicalmodelsprovide a greatframavork for a corversationaboutuncer
tainty.

Group 5 Responseto Topic J:

- In someareasfor examplemedicine gxpertopinioncanbeskewed. Physi-
cianscanbe undulyoptimisticor pessimisti@bouttreatments.

- Eliciting expertopinionsaboutjoint distributionsis typically difficult. Elic-
itation of prior informationis mostsuccessfulvhenmodelparameterbave
clearphysicalinterpretations.

- Conditionalmodelingtypically leadsto easierexpertsolicitation.
- Canwe formalizeaway to combineexpertopinion?In generalNO!

- Whenthereis arangeof expertopinion, it is betterto determinegherange
of posteriorsolutionsthento attemptto combinethe expertopinioninto a
singleprior.

- Panelstudiesmay or maynot beagoodthing???
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TopicK

Goodhierarchical statisticalmodelingto solveervironmentalproblemsrequires
teamworlkbetweerstatisticalscientistandsubstantivescientists However, statis-
ticiansare oftenputin a consultingrole where quick answes are sought.Impor-
tant questiongnayrequire a longer, more collaborative effort, and hierarchical
statisticalmodelsdemandhat effort. How canwe corvincescientistghata hier-
archical statisticalanalysisis “worth waiting for”?

Group 2 Responseto Topic K:

It is oftenthecasethatsubjectmatterexpertsareeithernotfamiliarwith or not
comfortablewith statisticalmodels.We have, here,anothercaseof the Bayesian
spectrum Dialog betweenstatisticiansandresearchersanhelpto bring the ex-
tremesof thespectruntogether Of evengreatepotentialis therelatingof success
storiesthatis, examplesn whichtheaddeceffort of statisticaimodelinghave pro-
vided additionalinsight that were not available with lesssophisticatednalyses.
In orderto be corvincing, the successtoriesshouldbe basedon theresearches
own data.

Group 3 Responseto Topic K:

Thisverybroadquestioris of criticalimportancdor thefield of ervironmental
statistics.

Communicationis critically important. Statisticianstendto separatehem-
selvesfrom subject-mattescientists.We needto take a moreaggressie role in
explainingourmethodstechniquesindresults.We needto developbetterwaysof
presentationhatclearly establisithe valueof our role. We needto beanintegral
partof the researciieamfrom studyconceptualizationo analysisandreporting.
We needto beableto clearlyexplainwhy complicatednodelsareneededif they
are!) andhelpour colleaguedo interprettheresults.

Whatstepscanwe take to make thesethingshappen?

- Educationaparadigmseedto evolveto encompasbroadetrainingabout
uncertainty role of policy and practicalcompleities in design. We are
behindin statisticalmethoddor handlinglarge datasets.

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

- Becomeinvolvedin the subjectmatterjournals. Perhapsvork with jour-

25



nalsfrom othersocietiego getrepresentatioontheeditorialboards.Should
getthe societiesnvolved.

Involve subject-mattescientistdn our statisticalpublications.

Gooduserfriendly software canbridgethe 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
andobviousthatit is not clearthat you neededanything sophisticatedn
thefirst place!

Group 4 Responseto Topic K:

ReformulatedQuestion:

How canwe determinevhetherdevelopmenof acomplex hierarchicamodel

will provide enoughadditionalinformationto beworththeeffort? If answergrom
simpleandcomplex analysedliffer, how dowe assessvhichis correct?

Someinitial concernandcomments:

How do we know how far you have to go? Whatis the cost/benefitof
pursuinga morecomplex analysisHow do we assesghis?

How goodareyour data?Our contribution comesin thegray areabetween
greatdataanduselesglata.At eitherextreme, X + 25 is all you cando.

Is hierarchicaimodelingcompletelynewn/essentiallydifferentthanwhatwe
asstatisticiandhave donehistorically?

Thereis afeelingthatadditionalcomputationapower, andavailability of
information, may be driving more comple« models. Are we doing more
complex modelsjust becauseave can?

Doesthis relatebackto Topic A? By addingcompleity, we are adding
hierarchicalevels.

Grantwriting is alsorelated- andleadsto more complex models. You
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have to identify your modeltype andthe problemsrelatedto that model
type beforeyou do thework.

Timemarche®n. Fiveto tenyearsagothemorecomplex modelsandanal-
yseswerenottaughtin classesgertainlynotin first yearclassesnor were
they availablein softwarepackagesNow they areavailableto statisticians,
leadingusersto morecomplex analysessa matterof course.

We areagreedhatthereis aneedto familiarizesubject-areacientistswvith
hierarchicaimodels.

Somesuggestedolutions/directions:

Researchnto modeluncertaintyis important. We needto definethe cri-
terionthat helpusdecidewhenit is importantto usecomplex models.In
particular what are the signs/toolsthat tell us thatit is importantto use
hierarchicaimodelsor to stayaway from hierarchicaimodels?

Modelingis aninteractive art, andshouldberealizedassuch.Wheredoes
theline betweenrthe experimenterandthe statisticiangetdravn? Should
statisticiande doingthe modeling?

The decisionbetweensimple and complex modelsis often non-statistic-
al. In awalk-in consultingcenterthat doesnot do the statisticalanalyses
for their clients, a large percentof problemswill be solved with simple
methodsThus,thedecisionis basednwhetherthe stakeholdercando, or
payfor, amorecomple analysisandnotif thedatademandsuch.

Computingpackagesrekey to this issue,for example,a “Naive vs. Ro-
bust” settingwill leadto a more complex analysis. But this is generally
good,andsuchsoftwareneedgo be morewidely developed.

It is the “Progressof Science”that questionsare gettingmore comple,
but we mustremembethat“Someproblemsaresimpleandshouldnot be
donein ahardway”
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