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f§ heemergenceofmachinelearningasasociety-
changingtechnologyinthepastdecadehas
triggeredconcernsaboutpeople’sinabilityto
understandthereasoningofincreasinglycomplex
8 models.ThefieldofIML(interpretablemachine
learning]grewoutoftheseconcerns,withthegoalof
empoweringvariousstakeholderstotackleusecases,such
asbuildingtrustinmodels,performingmodeldebugging,
andgenerallyinformingrealhumandecision-making. 1%

YetdespitetheflurryofIMLmethodological
developmentoverthepastseveralyears,astark
disconnectcharacterizesthecurrentoverallapproach.
Asshowninfigurel,IMLresearchersdevelopmethods
thattypicallyoptimizefordiversebutnarrowtechnical
objectives yettheirclaimedusecasesforconsumers
remainbroadandoftenunderspecified.Echoingsimilar
critiquesaboutthefield, "ithasthusremaineddifficult
toevaluatetheseclaimssufficientlyandtotranslate
methodologicaladvancesintowidespreadpractical
impact.

ThisarticleoutlinesapathforwardfortheML
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FIGURE 1: THE GAP BETWEEN IML CONSUMERS AND RESEARCHERS
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community to address this disconnect and foster more
widespread adoption, focusing on two key principles:

= Embrace a “diagnostic” vision for IML. Instead of

aiming to provide complete solutions for ill-defined
problems, such as “debugging” and “trust,” the field of IML
should focus on the important, if less grandiose, goal of
developing asuite of rigorously tested diagnostic tools.

By treating IML methods as diagnostics, each can be
viewed as providing a targeted, well-specified insight into
a model’s behavior. In this sense, these methods should
then be used alongside and in a manner similar to more
classical statistical diagnostics (e.g., error bars, hypothesis
tests, methods for outlier detection), which have clearer
guidelines for when and how to apply them. Under this
vision, existing IML methods should be treated as potential
diagnostics until they are rigorously tested.
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= RigorouslyevaluateandestablishpotentiallML
diagnostics.IMLresearcherstypicallydevelopand
evaluatemethodsbyfocusingonquantifiabletechnical
objectives(e.g.,maximizingvariousnotionsoffaithfulness
oradherencetosomedesirableaxioms  “*®2].While
theselMLmethodsgenerallytargetseeminglyrelevant
aspectsofamodel'sbehavior,itisimperativetomeasure
theireffectivenessonconcreteusecasesinorderto
demonstratetheirutilityaspracticaldiagnostics.
Thesetwoprinciplesmotivatedustofirstillustrate
ourdiagnosticvisionviaanincompletetaxonomythat
synthesizesfoundationalworksonIMLmethodsand
evaluation.Thetaxonomy(shownatanabstractlevel
intheleftsideoffigure2)servesasnotonlyatemplate
forbuildinganexplicitmappingbetweenpotentiallML
diagnosticsandspecificusecases,butalsoatooltounify
studiesofIMLsusefulnessinreal-worldsettings.Further,
theincompletenessofthecurrenttaxonomyemphasizes
theneedforresearchersandconsumerstoworktogether
toexpandthecoverageoftheusecaseorganization(i.e.,
inthe“UseCaseGoals’),andtoestablishconnections
betweenmethodsandusecasesbyfollowingtheproposed
workflowbelow.
(1) Problemdefinition,whereresearchersworkwith
consumerstodefineawell-specifiedtargetusecase.
(2] Methodselection,wheretheyidentifypotential
IMLmethodsforatargetusecasebynavigatingthe
methodspartofthetaxonomyand/or leveraging
previouslyestablishedconnectionsbetweensimilaruse
casesandmethods.
(3] Methodevaluation,whereresearchersworkwith
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FIGURE 2: ABSTRACTED VERSIONS OF OUR TAXONOMY
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consumers to test whether selected methods can meet
target use cases.
Then, the latter part of this article includes an extensive
discussion about best practices for this IML workflow
to flesh out the taxonomy and deliver rigorously tested
diagnostics to consumers. Ultimately, there could be an
increasingly complete taxonomy that allows consumers
(C) to find suitable IML methods for their use cases and
helps researchers (R] to ground their technical work
in real applications (as seen on the right side of figure
2). For instance, Table 1 highlights concrete examples
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TABLE1: EXAMPLEUSECASES
COMPUTERVISION: CLASSIFIERTODETECTOBJECTSINIMAGES

UseCase: Debugthemodelbyidentifyingifitusespositivespurious
correlations(i.e.,reliesonobjectYtodetectobjectX).

Diagnosticlnsight: Whenfeatures(i.e..spuriousobjects)arepresentormissing,
howdoesthisaffectaspecificprediction?

BANKLENDING: CLASSIFIERTOGRANT/DENYLOANSTOCLIENTS

UseCase: Recommendactionablerecourseforanindividualtoget
aloanaftertheyhavebeenpreviouslydenied.

Diagnosticlnsight: What(low-cost)changescananindividualmaketoachieve
adesiredoutcome?

COMPUTATIONALBIOLOGY: CLUSTERINGTOANALYZESINGLE-CELLRNASEQUENCES

UseCase: Verifywhetherdifferencesbetweenclusterscorroborate
knownscientificknowledge(e.g. differentcelltypes).

Diagnosticlnsight: Whatfeaturechangesli.e.,togeneexpression)canbemade
toagroupofpointstoachieveadesiredoutcome?

ofhowthreedifferentpotentialdiagnostics,each
correspondingtodifferenttypesofIMLmethods(local
featureattribution,localcounterfactual,andglobal
counterfactual,respectively),mayprovideusefulinsights
forthreeusecases.Inparticular,thecomputervisionuse
casefromTablelisexpandeduponasarunningexample.

BACKGROUND
Anincreasinglydiversesetofmethodshasbeenrecently
proposedandbroadlyclassifiedaspartofIML.Multiple
concernshavebeenexpressed,however,inlightof
thisrapiddevelopment,focusedonIMLsunderlying
foundationsandthegapbetweenresearchandpractice.
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Critiquesofthefield’sfoundations
ZacharyC.Liptonprovidedanearlycritique,highlighting
thatthestatedmotivationsofIMLwerebothhighly
variableandpotentiallydiscordantwithproposed
methods."MayaKrishnanaddedtothesearguments
fromaphilosophicalangle,positingthatinterpretability
asaunifyingconceptisbothunclearandofquestionable
usefulness.®Instead,morefocusshouldbeplacedonthe
actualendgoals,forwhichIMLisonepossiblesolution.

Gapsbetweenresearchandpractice
Multipleworkshavealsohighlightedimportant
gapsbetweenexistingmethodsandtheirclaimed
practicalusefulness.Somehavedemonstratedalackof
stability/robustnessinpopularapproaches. "#'Others,
meanwhile,discusshowcommonlIMLmethodscanfailto
helphumansintherealworld,boththroughpointingout
hiddenassumptionsanddangers, ®“aswellasconducting
casestudieswithusers. >

Morerecently,manyreviewpapers 3'%®®have
attemptedtocleanupandorganizeaspectsofIMLbut
largelydonotaddresstheseissuesheadon.Incontrast,
thereframingofIMLmethodsasdiagnostictoolsproposed
herefollowsnaturallyfromtheseconcerns.Notably,
thisarticleembracestheseemingshortcomingsof
IMLmethodsasprovidingmerely“facts” or‘summary
statistics™'aboutamodel,andinsteadfocusesonthe
practicalquestionsofwhenandhowthesemethodscanbe
useful.

ADIAGNOSTICVISIONFORIML
Inourvision,adiagnosticisatoolthatprovidessome
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actionableinsightaboutamodel.Asananalogy,consider
thesuiteofdiagnostictoolsatadoctor’sdisposalthat
similarlyprovidesvariousinsightsaboutapatient.An
X-raycouldbeusefulforidentifyingbonefractures,while
aheart-ratemonitorwouldbehelpfulforidentifyingan
irregularrhythm.Importantly,neithertoolenablesthe
doctortobroadly“understand’aperson’shealth,buteach
canbeusefulifappliedproperlytoawell-scopedproblem.
Asimilarlyrigorousapproachtoestablishingconnections
betweenIMLmethodsandwell-definedusecasesis
imperativeforthelMLcommunity.

Tobeginsuchapursuit,let'sidentifyandreconcilethe
manymethodgoalsandusecasegoalsthatyoumight
currentlyencounter.Basedoncontemporarypracticesand
discourse,let'sconsiderataxonomythatorganizesseparate
hierarchiesforthemethodgoalsatthetopendandusecase
goalsatthebottomend(asillustratedinfigure3).Whilethe
diagnosticvisionforthefieldideallyinvolvesaclearlydefined
setofusecasesandarobustsetofconnectionsbetween
thesetwosides,acloudisusedtoillustratethecurrent
overalllackofwell-establisheddiagnostics.Movingforward,
thegoalforresearchersandconsumersistoconduct
principledstudiesfocusedonfillinginbothgaps.First,they
shouldworktorefinethecurrentorganizationofusecases,
consistingofanincompletelistofcommonlydiscussedbroad
goals,bydefiningmorewell-specifiedtargetusecases
(showningreen)viatheconsumer-researcherhandshake.
Second,theyshouldaimtoestablishexplicitconnections
betweenthesetargetsandtechnicalobjectives(shownin
blue).
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FIGURE 3: TAXONOMY FOR THE DIAGNOSTIC VISION
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Methodgoals
EachIMLmethodprovidesaspecifictypeofinsightinto
agivenmodel.Theformsoftheseinsightshelpprovidea
hierarchicalorganizationthatdividesthesetofexisting
IMLmethodsintoeightmethodclusters.Inthediagnostic
vision,eachmethodclusteristhoughtofbroadlyasaclass
ofdiagnosticsthataddressesaTO(technicalobjective).
Later,eachTOisdescribedinawaythatallowsindividual
methodgoalstobespecified.

Hierarchicalorganization
Thetopendofthetaxonomyaimstodifferentiatebetween
thevariousperspectivesthatexplanationsprovide,
basedonthreefactorscommonlydiscussedinexisting
literature:>*"
= Explanationrepresentation. Modelexplanationsare
typicallygivenintermsofeitherfeaturerelationships
betweeninputsandoutputsor  trainingexamples .
= Typesoffeaturerelationships.Inthecontextof
explanationsbasedonfeaturerelationships,thereare
threedistinctapproachesforexplainingdifferentaspects
ofthemodel’sreasoning:(1)featureattribution  ;(2)
counterfactuatand(3)approximation Notethatbecause
thelMLcommunityfocuseslessongeneratingexample-
basedexplanations,weconsideronemaingroupingalong
thatbranch:sampleimportanceexplanations .
= Explanationscale. Explanationsvaryintermsofthe
scaleofthedesiredinsights,withtheirscoperangingfrom
localli.e.foranindividualinstancetoglobal  (i.e.fora
well-definedregionoftheinputspace).

AttheleafnodesaretheTOs,classesofgoalsthat
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arepreciseenoughtobegenerallylinkedtoamethod
cluster thatmostdirectlyaddressesthem.Intotal,
thereareeightTOs/methodclustersthatcapturea
largeportionofthegoalsofexistinglIMLmethods.
Thereareacoupleofimportantnuancesregardingthe
characterizationofTOs.

= First,althoughTOsandmethodclustersareone-to-one
intheproposedtaxonomyiitisimportanttoexplicitly
distinguishthesetwoconceptsbecauseofthepotential
for cross-clusteradaptation .Thisnotionarisesbecauseitis
frequentlypossibleforamethodto,inanadhocfashion,be
adaptedtoaddressadifferentTO.

= Second,eachTOshouldbethoughtofasdefiningaclass
ofrelatedgoals.Indeed,foragivenTO,wehypothesize
whatsomeofthekeytechnicaldetail(s] ~arethatmust
beconsideredtowardfullyparametrizingmeaningfully
differentinstantiationsofthesamebroadergoal.These
importanttechnicaldetails,takentogetherwiththeTO,
allowyoutodefineindividualproxymetricsthatreflectthe
desiredpropertiesofyourexplanations.Proxymetricscan
thenserveastractableobjectivefunctionsforindividual
methodstooptimizefor,aswellasmeasuresofhowwell
anymethodaddressesaparticularinstantiationoftheTO.

Technicalobjectives
ThefollowingisanoverviewoftheTOs(andtheirtechnical
details]thatcorrespondtovariousmethodclusters.
Becauseoftheoverlapsincontent,localandglobal
versionsofthesamegeneralmethodtypelobjectiveare
groupedtogether.(Formoredetailsandexamplesof
specificmethodsforeach,seeourlonger-formpaper,
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“InterpretableMachineLearning:MovingfromMythosto
Diagnostics,’byChen,etal. ).

= Featureattributionexplanations addresshowthe
modelsprediction(s)areaffectedwhenfeaturesare
present(ormissing),i.e.how important’eachfeatureisto
themodel'sprediction(s).Often,measuresofimportance
aredefinedbasedonhowthemodel'sprediction(s)
changesrelativetoitspredictionforsomebaselineinput.
Thebaselineinputissometimesimplicitanddomain
specific(e.g.allblackpixelsforgrayscaleimagesorthe
meaninputintabulardata).Thus,thetechnicaldetailsare
boththeprecisenotionof*  importance” andthechoice
ofthebaselineinput .Relevantproxymetricstypically
measurehowmuchthemodelpredictionchangesfor
differenttypesofperturbationsappliedtotheindividual
(orthetrainingdata)accordingtothe“importance’values
ascomputedbyeachmethod.

= Counterfactualexplanations addresswhat"“low-cost”
modificationcanbeappliedtodatapoint(s]toachieve
adesiredprediction.Themostcommontechnicaldetail
isthespecificmeasureofcost, andthemostcommon
proxymetricishowoftenthecounterfactualchangesthe
model'sprediction(s).

= Approximationmethods addresshowtosummarizethe
modelbyapproximatingitspredictionsinaregion,either
locallyaroundadatapoint,globallyaroundasmanypoints
aspossible,oracrossaspecificregionoftheinputspace.
Thesemethodsrequirethetechnicaldetailsofboththe
definitionoftheregion andthesimplefunction's model
family.Forlocalapproximation,acanonicalmetricislocal
fidelity,whichmeasureshowwellthemethodpredicts
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withinacertainneighborhoodofadatapoint.Forglobal
approximation,aproxymetriciscoverage,whichmeasures
howmanydatapointstheexplanationappliesto.

= Sampleimportancemethodsaddresswhichtraining
pointsmostinfluenceamodel'spredictionforeitheran
individualpointorthemodelasawhole.Technicaldetails
differfrommethodtomethod,soitisdifficulttoidentifya
uniformaxisofvariation.Thesemethodscanbeevaluated
withproxymetricsthatrepresenttheusefulnessofthe
providedexplanationsthroughsimulatedexperimentsof
findingcorrupteddatapoints,detectingpointsresponsible
fordatadistributionshifts,andrecoveringhighaccuracy
withthesamplesconsideredimportant.

Howdoby-designmethodsfitin?
Whiletheydonothaveacorrespondingmethodcluster
inthistaxonomyiitisimportanttodiscussanotherfamily
ofIMLmethodsthatproposemodelsthatarethemselves
interpretablebydesign. *Thedifferentiatingpropertyof
thesemodelsfromthepost-hocmethodsreferencedin
theabovesectionisthattheTO(s)oftheseapproaches
isintrinsicallytiedtothemodelfamilyitself;hence,the
modelsareinterpretablebydesignonlyinthattheysatisfy
saidTO(s).Thatsaid,by-designmethodsalsofitintothis
frameworkandshouldbeviewedasadifferentwayto
answerthesameTOsinthetaxonomy.Whenby-design
methodsareproposedorused,theyshouldclearlyspecify
whichTOstheyintendtoaddress.

Usecasegoals
MuchofthecurrentdiscourseonlMLusecasessurrounds
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differentiatingfairlybroadgoals,suchasdebugging
models,gainingtrustofvariousstakeholders,and
providingactionablerecoursetousers|(figure3).While
thislevelofcategorizationrepresentsagoodstart,itisof
limitedutilitybecauseittreatseachofthesecategories
asmonolithicproblemsforIMLtosolve.Forone,these
problemsarecomplexandshouldnotbeassumedtobe
completely,norsolely,solvablebylMLitself.Rather,IML
isbutonepotentialsetoftoolsthatmustbeproventobe
useful.Thatis,toshowthatanIMLmethodisaneffective
diagnostic,specificusecasesmustbeidentifiedand
demonstrated.”
Secondly,eachbroadgoalreallyincludesmultiple
separatetechnicalproblems,crossedwithmanypossible
practicalsettingsandconstraints.ltisunlikelythatagiven
IMLmethodwillbeequallyusefulacrosstheboardforall
ofthesesubproblemsanddomains.
Thus,claimsofpracticalusefulnessshouldideallybe
specifieddowntothelevelofanadequatelydefinedTUC
(targetusecase).LikeTOsonthemethodsside,TUCs
correspondtolearningaspecificrelevantcharacteristic
abouttheunderlyingmodel(e.g.acertainpropertyor
notionofmodelbehavior).UnlikeaTO,however,they
representreal-worldproblemsthat,whiletheycan
beevaluated,oftenmightnotbeamenabletodirect
optimization.
Forexample,youcansetupevaluationstodetermine
whetheranIMLmethodisusefulforidentifyinga
particularkindofbuginthemodel(e.g. positivespurious
correlations),butitisnotsoobvioushowtooptimizean
IMLmethodthatwillsucceedonthoseevaluations.
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AWORKFLOWFORESTABLISHINGDIAGNOSTICS
Let'sturnnowtohowadiagnosticvisionforIMLcan
bemorefullyrealized,discussinghowmethodscanbe
establishedasdiagnostics,thusfillinggapsintheexisting
taxonomy.Specifically,anidealworkflowisdefinedfor
consumer-researcherteamstoconductfuturestudies
aboutIMLmethods.Itdescribeshowthetaxonomycan
guidebestpracticesforeachofthethreekeysteps:(1)
problemdefinition;(2)methodselection;and(3)method
evaluation.Thisworkflowappliesbothtoteamswhowish
tostudyexistingIMLmethodsandtothoseproposing
newones.
Arunningexamplehelpscontextualizethisdiscussion,
buildingonthecomputervisionmodeldebuggingexample
fromtablel.Modeldebuggingisnotonlyacommon
consumerusecase, “*butalsoawell-groundedone.ltisa
naturalstartingpointbecauseoftheversatilenatureof
itsassumedconsumer,datascientists,whotypicallyhave
bothsubstantialMLknowledgeanddomainexpertise,
minimizingthecommunicationgapbetweenthedata
scientistandthelMLresearcher.

Stepl:ProblemDefinition
Animportantfirststepforanyprincipledstudyistodefine
awell-specifiedTUC.Thisprocessiscalledtheconsumer-
researcherhandshake (figure3),whereresearcherswork
withconsumerstoprogressivelyrefinethelatter'sreal-
worldproblemsintorelevantTUCs.Inthisprocess,some
helpfulpiecesofinformationinclude:thedataavailable,
theMLpipelineused,andthedomainknowledgerequired
toperformevaluations.Ultimately,amorefleshed-out
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taxonomy will help researchers have more concrete use
cases at hand to motivate their method development, and
consumers will have more realistic guidance on what IML
can and cannot do for them.

Running example: Consider a data scientist who wants

to debug her image-based object detection model. She
hopes to leverage the expertise of an IML researcher, but
as shown in a hypothetical version of the use cases part of

FIGURE 4: CONSUMER-RESEARCHER HANDSHAKE FOR OUR RUNNING EXAMPLE

target use case: target use case:
positive negative
correlations correlations

use case goal:
correlations between image objects

use case goal: use case goal:
spurious correlation bad edge case
detection detection

use case goal:
perform model debugging
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thetaxonomyl(figure4),theumbrellaofmodeldebugging
includesseveralsubproblems,suchasdetectingspurious
correlationsandidentifyingbadedge-casebehavior.Thus,
theteamofresearcheranddatascientistneedstoidentify
aTUCthatismorespecificthan‘performmodeldebugging”
byidentifyingexactlywhatnotionof ‘bug’thelML
methodshoulddetect. Throughtheconsumer-researcher
handshake,itarisesthatthedatascientistisconcerned
thatthemodelmightnotbemakingcorrectdecisions
basedontheactualtargetobjects,butratherisrelying
oncorrelatedobjectsthatalsohappentobepresent.For
example,themodelmightbeusingthepresenceofaperson
asanindicatorthatthereisatennisracketintheimage,
insteadoftheracketitself.

Thisinformationallowstheteamtonavigatethe
relevantbranchesofthetaxonomy.Here,byconsidering
thedatascientist'sconcern,theyfirstnarrowthegoal
frommodeldebuggingtodetectingspuriouscorrelations.
Then,byalsotakingintoaccountthespecificsettingli.e,
thepresenceofthetennisracketatthesametimeasthe
tennisplayer] theyareabletoarriveatafurtherspecified
usecaseofdetectingspuriouscorrelationsbetweentwo
positivelycorrelatedobjects(markedbythewhiteborder
infigure4]Inthiscase,theteamtakescaretodifferentiate
thisfromtheanalogousproblemofdetectingrelianceon
negativelycorrelatedobjects,reasoningthatthelatteris
fundamentallydifferent(i.e. itishardertotellwhetherthe
outputdependsonanobjectiftheco-occurrencesarerare
inthefirstplace).
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Step2:MethodSelection
AfteraTUChasbeenproperlydefined,thenextstepisto
considerwhichIMLmethodsmightbeappropriate.This
doesassumethatIMLmethodsarenecessary—thatis,the
teamshouldhavedemonstratedthattheTUCpresents
challengestomore‘trivial’orconventionaldiagnostics.
Forexample,Bansal,etal.foundmodelconfidencetobe
acompetitivebaselineagainstdedicatedinterpretability
approachesforAllhumandecision-makingteams. *
Ifnon-IMLdiagnosticsareunsuccessful,thetaxonomy
canbeusedintwowaystoselectmethods.First,
researchersandconsumerscan,asadefault,traversethe
methodspartofthetaxonomytoidentifytheTOs(and
thus,respectivemethodclusters)thatmightbestalign
withtheTUC.Doingsoshouldrelyontheresearcher’sbest
judgmentinapplyingpriorknowledgeandintuitionabout
variousmethodtypestotrytonarrowdownthesetof
potentialTOs.Ifamethodisbeingproposed,itshouldbe
mappedtotheappropriatemethodcluster,andthesame
selectionprocessshouldfollow.Second,theteamcanalso
navigatestartingfromtheusecasespart,leveragingand
expandingonconnectionsestablishedbypreviousstudies.
Naturally,ifsomemethodshavealreadybeenshown
toworkwellonaTUC thenthose(orsimilar)methods
provideimmediatebaselineswhenstudyingthesame(or
similar]usecases.
Ineithercase,animportant—yetsubtle—choicemust
thenbemadeforeachmethod:exactlyhowitsresulting
explanationsshouldbeinterpreted(i.e., whichTQisbeing
addressed) Asdiscussedinthesectionaboutmethodgoals,
amethodbelongingtoaspecificclustermaymostnaturally
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addresstheassociatedTO,butitisalsopossible,andindeed
commonplace,toattemptcross-clusteradaptation  for
addressingotherTOs.Unfortunately,whilesuchadaptations
maybeusefulattimes,theyareoftenperformedinan
adhocfashion.Specifically,thedifferencesbetweenthe
technicaldetailsofeachTOareoftenoverlookedinthe
adaptationprocess,asillustratedviathefollowingtwo
examples(andinmoredepthinChenetal. ).

First,youmighttrytouse“featureimportanceweights,”
viaSHAP(Shapleyadditiveexplanations), *aslinear
coefficientsinalocalapproximation.Suchanadaptation
assumesthatthenotionoflocal‘importance”alsocan
reflectlinearinteractionswithfeaturesonthedesired
approximationregion.Thisisnotnecessarilyguaranteed
bySHAPhoweverwhichinsteadenforcesadifferentset
ofgame-theoreticdesiderataontheimportancevalues
andmaybesetuptoconsideraquitedisparatesetof
perturbationscomparedtothetargetapproximationregion.

Conversely,youcanthinkofsaliencymapsviavanilla
gradients®asanadaptationintheoppositedirection.
Thesesaliencymaps,alocalapproximationwherethe
effectiveneighborhoodregionisextremelysmall,are
morepopularlyusedtoaddresslocalfeatureattribution
objectives,suchasidentifyingwhichpartsoftheimage
areaffectingthepredictionthemost.Thisadaptation,
however,carriesanunderlyingassumptionthatthepixels
withthelargestgradientsarealsothemost ‘important.”
Thisapproximationmaynotbeaccuratebecausethe
localshapemeasuredbythegradientisnotnecessarily
indicativeofthemodel'sbehaviornearabaselineinput
thatisfartheraway.
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Runningexample: Inthisscenario,supposethatthere
havebeennopreviouslyestablishedresultsfordetecting
positivespuriouscorrelations.Theteamfollowsthe
methodspartofthetaxonomytogeneratehypotheses
forwhichtypesoflocalexplanationsbestsuittheirneeds
forunderstandingindividualimages.Theydecideagainst
approximation-basedobjectives,becauseastheinputs
varyinpixelspace,simpleapproximationsareunlikelyto
holdorbesemanticallymeaningfulacrosscontinuouslocal
neighborhoods.Theychoosefeatureattributionbecause
theybelievethatvisualizingthefeaturesthatthemodel
deemsmostimportantwouldbeusefulfordetectingthese
typesofspuriouscorrelations.
Theteamproposesamethodinthelocalcounterfactual
methodclusterthatidentifiesthesuper-pixelsthatmust
changeinordertoflipthepredictionfrom“tennisracket”
to‘notennisracket.’By ‘visualizing thecounterfactual
explanationlikeasaliencymap,theteamperformsacross-
clusteradaptationtointerpretthecounterfactualasa
featureattributionexplanation.Todoso,theyareassuming
thatthemostchangedfeaturesarealsothemostimportant
fordetectingthetennisracket.Theyreasonthatafeature
attributionexplanationwouldbeamoreintuitiveformat
forthedatascientistforthisTUC.Intermsofcomparison,
thefeatureattributionmethodthattheteamselectsfor
comparisonisGrad-CAM(gradient-weightedclassactivation
mapping) ?whichalsoproducesasaliencymap.

Step3:MethodEvaluation
Onceappropriatemethod(sJhavebeenchosen,thelast
stepistoevaluatethem.Evaluationisthecrucialstep
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of testing whether proposed methods can actually help
address the specified TUC. Yet despite its importance, this
step is often carried out in manners incongruent with the
properties it claims to test. One common mistake is that
the evaluation of an explanation’s faithfulness [i.e., ability
to meet a specified TO) is often problematically conflated
with the evaluation of its usefulness (i.e., applicability for
addressing practical TUCs). While both may play important
roles, they target fundamentally different claims.
Considering these evaluations within the overall
pipeline of an IML application (as shown in figure
5) addresses this kind of mistake. It first highlights
differences in goals of these evaluations by connecting
back to the taxonomy presented in this article; faithfulness

FIGURE 5: EVALUATION PROCEDURES WITHIN IML PIPELINES
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correspondstomeetingobjectivesofaspecificTOinthe
methodspart,andusefulnesscorrespondstomeetingthe
TUCintheusecasespart.Then,italsolaysoutthevarious
movingcomponentsthataffecteachtype,withgrayboxes
denotingcomponentsthatrequiremorecarefulstudy.This
servestogroundhoweachmaybecarriedout,whichwe
discussingreaterdetailnext.

Faithfulnessevaluations areperformedwithrespect
toaproxymetricspecifiedusingtherelevanttechnical
detailsfromthetargetTOclass.Forexample,ifthegoal
weretoshowtheusefulnessofanapproximation-based
explanationadaptedasacounterfactual,thefaithfulness
evaluationshouldbewithrespecttoacounterfactual
proxymetric.ReferringtotheterminologyfromDoshi-
VelezandKim, °thesetypesofevaluationsarecalled
functionallygrounded —thatis,involvingautomatedproxy
tasksandnohumans.Whilesuchevaluationsareeasiestto
carryout,theycomewithkeylimitations.

Ingeneral,youshouldexpectthatamethodwould
performwellatleastonaproxyforitsselectedTO,and,
naturally,thosemethodsthatdonotdirectlytarget
thisspecificproxywilllikelynotperformaswell.An
explanation'sperformancecanalsobefaultilycompared
withanother'sasaresultofunfairorbiasedsettings
oftechnicaldetails.Asanexample,althoughGAMs
(generalizedadditivemodels) “andlinearmodelsboth
providelocalapproximations,comparingthesemethods
onlyinthecontextoffidelityignoresthefactthatGAMs
potentiallygeneratemore‘complicated’explanations.

Further,whilefaithfulnessevaluationscanactas
afirst-stepsanitycheckbeforerunningmorecostly
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usefulnessevaluations,showingthatamethodisfaithful
tothemodelaloneisnotconclusiveofthemethod’s
real-world usefulnessuntiladirectlinkisestablished
betweenthecorrespondingproxyandTUC.Oncethese
linksareestablished,theseproxiescanthenbeusedmore
confidentlytohelpruleoutbadsetupsbeforeperforming
expensiveusefulnessevaluations.
Usefulnessevaluations,incontrasttofaithfulness,
measureauser’ssuccessinapplyingexplanationstothe
specifiedTUC.Sincetheyareultimatelyanevaluationof
whatauserdoeswithanexplanation,usefulnessdepends
cruciallyonfactors,suchastheuser’spriorknowledge—
forexample,theirdomainandMLIIMLexperience.Again,
usingterminologyfromDoshi-VelezandKim, ‘users’
perspectivescanbeincorporatedthroughstudieson
realhumansperformingsimplifiedoractualtasks(i.e.,
human-groundedorapplication-groundedevaluations,
respectivelyl.Inparticular,aspartofconducting
usefulnessstudies,youwouldneedtoconsiderhowusers
mightactdifferentlydependingonthepresentation
oftheexplanationandexplicitinstructionsthatare
provided.
Ashighlightedbythecloudinfigure5,exactlyhow
userstranslateexplanationcalculations(intheirminds)
totheirfinaljudgmentsremainsmurky.Thismotivates
furtherresearchrelatingtobetterunderstandingwhat
usersunderstandexplanationstotellthemandhowthey
actupontheseunderstandings .Then,whenestablishing
newdiagnostics,theseassumptions/limitationsshouldbe
clearlyspelledoutforwhenresearchersusethemethodin
afuturestudyandwhenconsumersdeploythemethod.
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Motivatedbythesechallenges,researchersmightwant
toalsoconsideranothertypeofusefulnessevaluation:
simulationevaluation .Thisisanalgorithmicevaluationon
asimulatedversionoftherealtaskwheresuccessand
failurearedistilledbyadomainexpertintoameasurable
quantity(asillustratedintherunningexample). Thistype
ofevaluationisstillbasedontherealtaskbutiseasierand
potentiallymorereliabletorunthanuserstudies.

Bysimulatingtheusersandtheirdecision-making
processalgorithmically,thuscontrollingsomenoisier
aspectsofusefulnessevaluation,researchersmaybe
abletobetterunderstandwhytheirmethodsare*failing™
isitbecauseofthealgorithmitselfortheusers’actual
decision-makingprocess?

Overall,successonthesevariouslevelsofevaluations
providesevidenceforestablishingaconnectionbetween
themethodinquestionandtheTUC.Specifically,theteam
shouldchecktoseeiftheproxymetricsconsideredearlier
werecorrelatedtosuccessontheTUC.Ifso,thiswould
provideevidenceforwhethertheproxymetricsconsidered
shouldbeusedagaininfuturestudies,connecting
faithfulnessandusefulnessevaluations.

Runningexample: Theteamfirstperformsseparate
localfeatureattributionfaithfulnessevaluationsforboth
methodsusingtherespectivenotionsofimportancethat
eachdefines.Forexample fortheproposedmethod,the
teamensuresthateachgeneratedexplanationfaithfully
carriesoutitsintendedTOofidentifyingtheeffectofthe
presenceorabsenceofasuper-pixel. Goodperformance
onanyproxymetric,however,doesnotconclusivelyimply
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goodperformanceontheactual TUC,sotheteamturnsto
usefulnessevaluation.
Theteamfirstconductsasimulationevaluation,where
datasetsarecreatedthatcontaineither(artificially
induced]positivecorrelationbetweenapairofobjectsor
nosuchcorrelations.Bycarefullycontrollingthetraining
andvalidationdistributions,theycanautomaticallyverify
whetheramodelhaslearnedtheproblematicbehavior
theywanttodetect.Thentheycandefineascoringfunction
fortheexplanations(i.e,howmuchattentiontheypay
tothespuriousobjectlandmeasurehowwellthatscore
correlateswiththegroundtruthforeachexplanation.
Second,theteamrunsahumanstudywithmultiple
modelswheretheyknowthegroundtruthofwhichones
usespuriouscorrelations.Theyscoredatascientists
basedonwhethertheyareabletouseeachexplanation
generatedbythecounterfactualversusGrad-CAMto
identifymodelsthatusespuriouscorrelations.lfthe
methodsaresuccessfulonthehumanstudies,theteamhas
demonstratedtheconnectionbetweenthemandtheTUCof
detectingpositivelycorrelatedobjects.

CONCLUSION
AssumingadiagnosticvisionforIML,thetaxonomy
presentedhereisawaytoclarifyandbeginbridgingthe
gapbetweenmethodsandusecases.Furtherthisarticle
discussesbestpracticesforhowthetaxonomycanbeused
andrefinedovertimebyresearchersandconsumersto
establishwhichmethodsareusefulforwhichusecases.As
thetaxonomyisfleshedoutviamorestudiesbyconsumer-
researcherteams,ourvisionisthatitwillbeincreasingly
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usefulforbothpartiesindividually(figure2,right).Overall,
thegoalistopromotebetterpracticesindiscovering,
testing,andapplyingnewandexistinglMLmethodsmoving
forward.
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