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Abstract-Recent research increasingly brings to question the 
appropriateness of using predictive tools in complex, real-world 
tasks. While a growing body of work has explored ways to 
improve value alignment in these tools, comparatively less work 
has centered concerns around the fundamental justifiability of 
using these tools. This work seeks to center validity considerations 
in deliberations around whether and how to build data-driven 
algorithms in high-stakes domains. Toward this end, we translate 
key concepts from validity theory to predictive algorithms. We 
apply the lens of validity to re-examine common challenges 
in problem formulation and data issues that jeopardize the 
justifiability of using predictive algorithms and connect these 
challenges to the social science discourse around validity. Our 
interdisciplinary exposition clarifies how these concepts apply 
to algorithmic decision making contexts. We demonstrate how 
these validity considerations could distill into a series of high­
level questions intended to promote and document reflections on 
the legitimacy of the predictive task and the suitability of the 
data. 

Index Terms-predictive analytics, validity, deliberation, algo­
rithmic oversight, responsible AI, algorithmic decision support 

I. INTRODUCTION

Data-driven algorithmic decision-making, in theory, can 
afford improvements in efficiency and the benefits of evidence­
based decision making. Yet in practice, data-driven decision 
systems, often taking the form of algorithmic risk assessments, 
have caused significant adverse consequences in high-stakes 
settings. Investigators have identified unintended and often 
biased behavior in algorithmic decision systems used in a 
variety of applications, from detecting unemployment and 
welfare fraud to determining pre-trial release decisions and 
child welfare screening decisions, as well as in algorithms 
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used to inform medical care and set insurance premiums 
[l, 2, 3, 4, 5, 6, 7, 8]. These high-profile incidents have brought 
into focus key questions such as how we can anticipate these 
harms before deployment, and perhaps more fundamentally, 
whether algorithms are suitable in the first place for such high­
stakes decision-making tasks. 

In this work, we examine how validity considerations can 
help guide decisions about whether to build and deploy 
algorithmic decision systems. Our proposal can be con­
textualized in the tradition of technology refusal. Activists 
have long argued for the value in refusing technology and 
opting not to build [9, 10]. These calls have taken on new 
urgency in the modem setting of algorithmic proliferation 
as many scholars and activists debate when to repair or 
abolish the use of algorithms in socially consequential settings 
[11, 12, 13, 14, 15, 16, 17]. 

To anticipate harms before deployment, researchers and 
practitioners have proposed a suite of tools and processes. This 
work has frequently considered questions of value-alignment, 
such as how to promote fairness and establish transparency 
and accountability [18, 19, 20, 21, 22]. More recently, there 
have been growing calls to assess the appropriateness of using 
predictive tools for complex, real-world tasks from a valid­

ity perspective [23]. In many cases where algorithms prove 
unsuitable for real-world use, the problem originates in the 
initial problem formulation stages [24, 25], or in the process 
of operationalizing latent constructs of interest (e.g., worker 
well-being, risk of recidivism, or socioeconomic status) via 
more readily observable measures and indicators [26, 27, 28]. 
Without addressing these issues directly, it may be challenging 
or impossible to align the resulting model with human values 
after the fact. In some cases, efforts to do so may actually 
backfire because of unaddressed upstream issues. 

Our work seeks to center validity considerations, a crucial 
criterion for the justified use of algorithmic tools in real-world 
decision-making [26, 27, 28]. In doing so, we situate our work 
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Abstract-Recentresearchincreasinglybrings to question the
appropriatenessofusing predictive toolsincomplex, real-world
tasks.Whileagrowingbodyof work has explored waysto
improve value alignmentinthesetools, comparativelyless work
has centeredconcerns aroundthe fundamentaljustifiability of
usingthesetools.This work seeksto centervalidity considerations
in deliberationsaroundwhether and howto build data-driven
algorithmsin high-stakesdomains.Towardthisend,we translate
key concepts fromvalidity theory to predictive algorithms.We
apply thelensofvalidityto re-examine commonchallenges
in problem formulation and data issues that jeopardize the
justifiability ofusingpredictive algorithms and connectthese
challengestothesocialsciencediscourse aroundvalidity. Our
interdisciplinary expositionclarifieshowtheseconceptsapply
to algorithmic decision making contexts.We demonstratehow
thesevalidity considerationscoulddistillintoaseriesofhigh-
levelquestions intendedto promoteanddocumentreflectionson
thelegitimacyofthe predictive task and the suitability ofthe
data.

Index Terms-predictiveanalytics, validity, deliberation,algo-
rithmic oversight, responsibleAI, algorithmicdecision support

I. INTRODUCTION

Data-drivenalgorithmic decision-making,intheory,can
affordimprovementsinefficiencyandthebenefitsofevidence-
baseddecisionmaking.Yetinpractice,data-drivendecision
systems,oftentakingtheformofalgorithmicriskassessments,
havecausedsignificantadverseconsequencesinhigh-stakes
settings.Investigatorshaveidentified unintendedandoften
biased behavior inalgorithmicdecisionsystemsusedina
varietyofapplications,fromdetecting unemployment and
welfarefraudto determiningpre-trial releasedecisionsand
childwelfarescreeningdecisions,aswellasinalgorithms
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usedtoinform medical careandset insurance premiums
[1,2,3,4,5,6,7,8]. Thesehigh-profileincidentshavebrought
intofocuskeyquestionssuchashowwecananticipatethese
harmsbeforedeployment,andperhapsmorefundamentally,
whetheralgorithmsaresuitableinthefirstplaceforsuchhigh-
stakes decision-makingtasks.

Inthiswork,weexaminehowvalidity considerationscan
helpguidedecisionsaboutwhethertobuildanddeploy
algorithmicdecisionsystems.Our proposal canbecon-
textualizedinthetraditionof technology refusal.Activists
havelongarguedforthevalueinrefusing technology and
optingnottobuild[ 9,10 ].Thesecallshavetakenonnew
urgencyinthe modem settingof algorithmic proliferation
asmanyscholarsandactivistsdebatewhentorepairor
abolishtheuseof algorithmsin socially consequentialsettings
[11,12, 13, 14, 15, 16, 17].

To anticipate harmsbeforedeployment,researchersand
practitionershaveproposedasuiteoftoolsandprocesses.This
workhasfrequently consideredquestionsof value-alignment,
suchashowtopromotefairnessandestablish transparency
and accountability [18,19, 20, 21, 22].Morerecently,there
havebeengrowingcallstoassesstheappropriatenessofusing
predictivetoolsforcomplex,real-worldtasksfroma valid-
ity perspective[ 23]. Inmanycaseswherealgorithmsprove
unsuitable forreal-worlduse,theproblemoriginatesinthe
initial problemformulationstages[ 24,25],orintheprocess
of operationalizinglatentconstructsof interest (e.g.,worker
well-being,riskofrecidivism,or socioeconomicstatus)via
morereadilyobservablemeasuresandindicators[ 26,27, 28].
Withoutaddressingtheseissuesdirectly,itmaybechallenging
or impossibletoaligntheresultingmodelwithhumanvalues
afterthefact.Insomecases,effortstodosomayactually
backfirebecauseof unaddressedupstreamissues.

Ourworkseekstocentervalidity considerations,acrucial
criterionforthejustifieduseofalgorithmictoolsin real-world
decision-making[26,27, 28].Indoingso,wesituateourwork
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atthe intersection ofresearchthatdebatesalgorithmrefusal
versusrepairandresearchthatdevelopsartifactsforrespon-
sibleAIIML.Guidedbythegoalofdeliveringanaccessible
tooltopromotedeliberationandreflectionaroundvalidity,we
proposeastructureforaprotocoldesignedtodistillcommon
validityissuesintoa question-and-answer(Q&A)format.

Themaincontributionsofthispaperareasfollows:
1)Weprovideaworkingtaxonomyofcriteriaforthejusti-

fieduseofalgorithmsinhigh-stakessettings.Weutilize
thistaxonomytoilluminatetwoimportantprinciples
for substantiating/refutingtheuseofMLfordecision
making:validityandreliability(Section II ).

2)Weusethistaxonomytoconductan interdisciplinary
literaturereviewonvalidity,reliability,andvalue-
alignment(Section III ).

3)Weconnectmodemvaliditytheoryfromthesocial
sciencestocommonchallengesinproblemformulation
anddataissuesthat jeopardizethevalidityofpredictive
algorithmsindecisionmaking(Section IV ).

4)Wedemonstratehowthis systematization caninform
futureworkbysketchingthestructureforaprotocol
topromotedeliberationonvalidity.

Throughoutthepaperwewilldiscussvalidityinthecontext
ofseveralhigh-stakessettingswherepredictivealgorithmsare
increasinglyusedtoinformhumandecisions:pre-trialrelease
inthecriminal justice systemandscreeningdecisionsinthe
childwelfaresystem.Inthecriminal justice setting, judges
mustdecidewhethertoreleaseadefendantbeforetrialbased
onthelikelihoodthat,ifreleased,thedefendantwillfail
toappearfortrialaswellasthelikelihoodthedefendant
willbearrestedforanewcrimebeforetrial[ 29]. Forthe
childwelfarescreeningtask,callworkersmustdecidewhich
reportsofallegedchildabuseorneglectshouldbescreened
inforinvestigationbasedonanassessmentofthelikelihood
ofimmediatedangerorlong-termneglectifnofurtheraction
istaken[ 30].

II. A TAXONOMY OF CRITERIA FOR JUSTIFIED-USE OF
DATA-DRIVEN ALGORITHMS

Toassesswhethertheuseofdata-drivenalgorithmsis
adequatelyjustifiedinagivendecisionmakingcontext,one
mustaccountforawiderangeoffactors.Togivestructure
tothisvastarrayofconsiderations,weproposeahigh-level
taxonomy-wepositthatthejustifieduseofalgorithmictools
requiresatminimum accountingforvalidity,value-alignment,
andreliability.Inthissection,weofferaprecisedefinitionfor
theseterms.Section III offersanoverviewofexistingliterature
oneachofthesetopics.

a)Therationaleforourtaxonomy:: Toevaluatewhether
theuseofpredictivetoolsissufficientlyjustifiedinahigh-
stakesdecisionmakingdomain,ataminimum,weneedto
answerthefollowingsequenceofquestions:

•Canwetranslate(partsof)thedecisionmakingtaskinto
apredictionproblemwherebothameasurerepresenting
theconstruct we'd liketopredictandpredictiveattributes
areavailableintheobserveddata?

• If theanswertotheabovequestionisaffirmative,does
themodelwetrainalignwith stakeholders'values,such
asimpartialityand non-discrimination?

•Doweunderstandthelonger-termconsequencesofde-
ployingthemodelindecisionmakingprocesses?For
example,howmightthedeploymentsettingchangeover
timeandcanthemodelbereliablyutilizedunderthis
changingenvironment?

Theabovequestionsmotivateourthreehigh-levelcategories
ofconsiderationsfor justifying/refutingtheuseofdata-driven
algorithmsindecisionmaking:validity,valuealignment,and
reliability.

Beforeweelaborateonourtaxonomy,tworemarksare
inorder.First,weemphasizethataformal,comprehensive
taxonomyofconsiderationsaround justified-useofalgorithms
isaformidableresearchquestioninitself,andthepurpose
ofourtaxonomyislimitedtostructuringourreviewofthe
availableliterature,toolsandresources.Wemakenoclaims
regardingthecomprehensivenessofourtaxonomy.Werefer
theinterestedreadertotreatisesonthesubjectincluding
Fjeldetal.[ 31], FloridiandCowls[ 32], Golbinetal.[ 33].
Additionally,wenotethatthethreecategoriesattheheartof
ourtaxonomyareintimatelyconnected,ratherthanmutually
exclusive.

Validity.Ourfirstcategoryofconsiderations,validity,aims
toestablishthatthesystemdoeswhatitpurportstodo.This
qualityismuchhardertosatisfythanonemightinitially
think.Considerforinstancethetaskofpredictingwhich
criminaldefendantsarelikelytoreoffend.Predictivemodels
areoftentrainedusingre-arrestoutcomes[ 34]. Whethera
modelpredictingre-arrestactuallypredictsreoffenseissubject
toconsiderabledebate,particularlygiventhatalargebody
ofworkhasestablishedracialdisparitiesinarrestsevenfor
crimeswhichhavelittledifferencesinprevalencebyrace
[35]. Amodelthatappearsaccuratewithrespecttore-arrests
maybequiteinaccuratewithrespecttoactualcrime.More
broadly,thenotionofvalidityrequiresnotonlythatthe
systemhastopredictwhatitpurportstopredict,butalso
mustachieveacceptableaccuracybothwithinandoutsidethe
trainingenvironment(inthereal-worlddeployment).These
validitycriteriaareadaptedfromvalidityconsiderations(e.g.,
constructvalidity,internalvalidity, andexternalvalidity) that
arewidelyadoptedinsocialsciences,includingpsychology,
psychometrics,andHuman-ComputerInteraction[36,37, 38].

Definition1(Validity). Ameasure,test,ormodelisvalid if it
closelyreflectsorassessesthespecificconcept/constructthat
thedesignerintendstomeasure [ 39].

Wesaythatapredictivealgorithmisvalidwhenitpredicts
thequantitythatwethinkitdoes,andsimilarlywesaythat
anauditorassessmentisvalidwhenitevaluatesthequantity
thatwewouldliketoauditorassess.Threatstovalidity
canariseasearlyastheproblemformulationstagewhere
decisionsabouthowtooperationalizetheproblemcaninduce
misalignmentbetweenwhatweintendtopredictversuswhat
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themodelactuallypredicts[ 24,26].Whenvaliditydoesnot
hold,itisquitechallengingtoassess value-alignment-our
nextcategoryofconsiderations. In thissense,weclaimthat
validityisaprerequisiteforthemorecommonlydiscussed
valuessuchasfairness.
Value-alignment.Oursecondcategoryofconsiderationsfo-
cusesonthecomplianceofthesystemwithstakeholders'
values.

ValueAlignment

Accountability
Human Interaction

Transparency
CommunityValues

Privacy

Fairness

Reliability

Robustness

Feedbackloops

Strategic responses

Definition2 (Value-alignment).Value-alignmentrequiresthat
thegoalsandbehavior of thesystemcomplywithcollective
values ofrelevantstakeholdersandcommunities[ 40}.

Relevantstakeholdersmightincludethecommunitiesthat
willimpactedbythealgorithmicsystemorthefrontline
workerswhowillworkwiththesystem.Commonlydiscussed
valuesincludefairness,privacy,transparency,andaccount-
ability.Propertieslikesimplicityandinterpretabilityareoften
desiredasameanstoensurethesevalues[ 41], andwithin
thistaxonomy,weincludethesepropertiesunderthebroad
umbrellaofvalue-alignment.
Reliability.Thefinalsetofconsiderationsthatwewilldiscuss
concernreliabilityovertimeandcontext.

Definition3(Reliability). Reliabilityistheextenttowhichthe
output ofameasurement/test/modelisrepeatable,consistent,
andstable- whendifferentpersonsutilizeit,ondifferent
occasions,underdifferentconditions,withalternativeinstru-
mentsthatmeasurethesamething [ 39}.

Reliabilityconcernsinpartthedynamicalnatureofsystems
intherealworld.Asystemthatsatisfiesourprevioustwo
criteriaatagivensnapshotintimemaysoonafterexperience
apolicy,population,orothernotablechangethatmayhave
profoundeffectsonitsvalidityandvalue-alignment.Threats
toreliabilityincludechangesinthepopulationcharacteristics
and/orriskprofiles(i.e.,distributionshift)orstrategicbehavior
inresponsetothealgorithmicmodelpredictions.

Weusethistaxonomytostructurealiteraturereviewof
relatedworkinthefollowingsection.

III. LITERATURE REVIEW

In thissectionweconductastructuredliteraturereviewof
priorworkinvalidity,value-alignment,andreliability.

A. Validity

Webeginourliteraturereviewwithvalidity.Thema-
chinelearningliteraturehasvibrantcommunitiesaddressing
validity-relatedconsiderations,suchasselectionbiasand
representationbias,but,tothebestofourknowledge,there
isnounifyingvalidityframeworkaroundtheseissues.For
thiswetumtothetheoryofvalidityinthesocialsciences.
Inthissectionwereviewkeyconceptsfromsocialscience
researchonvalidity,andinsubsequentsectionswetranslate
theseconceptstothesettingofdata-drivenalgorithms.

Constructvalidityisconcernedwithwhetherthemeasure
captureswhattheresearcherintendedtomeasure.Modem

Attribute alignment

Targetalignment

PopulationMisalignment

Validity

Fig.1.Thejustifieduseofalgorithmsinhigh-stakesdecisionmakingrequires
atminimumthatweaccountforvalidity,reliabilityandvaluealignment.These
conceptsare overlappingand interconnected,encompassingmanyaspectsof
responsiblemachineleaming.

validitytheoryoftendefinesconstructvalidityastheoverarch-
ingconcernofvalidityresearch:constructvalidityintegrates
considerationsofcontent,criteria,andconsequencesintoa
unifiedconstructframework[37,42].Messick[ 37]andGergle
andTan[ 38] highlightdistinguishableaspectsofconstruct
validity.Belowwereviewthedefinitionofdifferentaspects
ofconstructvalidity,highlightingaspectsthatareparticularly
relevantinassessingthevalidityofdata-drivendecision-
makingalgorithm.

• Face validity meansthatthechosenmeasure"appears
tomeasurewhatitissupposedtomeasure"[ 38]. For
example,imagineyouproposetoassessorpredictthe
onlinesatisfactionwithaproductonae-commerceweb-
sitebymeasuringtheproportionofpositivecomments
amongallthepurchasecomments.Youfeelthatthe
highertheproportionofthepositivecomments,themore
satisfiedthecustomerswere,so"onitsface"itisa
validmeasureorpredictiontarget.Facevalidityisa
veryweakrequirementandshouldbeusedanalogously
torejectingthenullinhypothesistesting:rejectingface
validityallowsustoconcludethatthemeasureisnot
valid,butfailuretorejectfacevaliditydoesnotallowus
toconcludeitisvalid.

•Convergent validity usesmorethanonemeasurefor
thesameconstructandthendemonstratesacorrelation
betweenthetwomeasuresatthesamepointintime.
Onecommonwaytoexamineconvergentvalidityisto
compareyourmeasurewithagold-standardmeasure
orbenchmark.However,GergleandTan[ 38] warned
thatconvergentvaliditycansufferfromthefactthat
thesecondaryvariableforcomparisonmayhavesimilar
limitationsasthemeasureunderinvestigation.

• Discriminant validity testswhethermeasurementsof
twoconceptsthataresupposedtobeunrelatedare,in
fact,unrelated.Historicallyresearchershavestruggledto
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demonstratediscriminantvalidityformeasuresofsocial
intelligencebecausethesemeasurescorrelatehighlywith
measuresofmentalalertness[ 43].

•Predictivevalidity isavalidationapproachwherethe
measureisshowntoaccuratelypredictsomeothercon-
ceptuallyrelatedvariablelaterintime.Forexample,in
thecontextofchildwelfare,Vaithianathanetal.[ 44]
demonstratedthepredictivevalidityofAlleghenyFamily
ScreeningTool(AFST)byshowingthattheAFST's
homeremovalriskscore atthetime ofamaltreatment
referral, wasalsosensitivetoidentifyingchildrenwitha
heightenedriskofanemergencydepartment(ED)visit
orhospitalizationbecauseofinjury duringthefollow-
upperiod. Therefore,theyargued"theriskofplacement
intofostercareasareasonableproxyforchildharmand
thereforeacredibleoutcomefortrainingriskstratification
modelsforusebyCPSsystems"[ 44].

Internalvalidity andexternalvalidity areimportantvalid-
ityconsiderationsinexperimentalresearch[ 36,38].Internal
validityisthedegreetowhichtheclaimsofastudyholdtrue
fortheparticular(oftenartificial)studysetting,whileexternal
validityisthedegreetowhichtheclaimsholdtrueforreal-
worldcontexts,withvaryingcultures,differentpopulation,
differenttechnologicalconfigurations,orvaryingtimesofthe
day[ 38].GergleandTan[ 38] discussedthreecommonways
tobolsterexternalvalidityinstudydesign:(1)choosinga
studytaskthatisagoodmatchforthekindsofactivitiesin
thefield,(2)choosingparticipantsforthestudythatareas
closeaspossible to thoseinthefield,and(3)assessingthe
similarityofthebehaviorsbetweenthelaboratorystudyand
the fieldwork.

Priorworkondata-drivendecision-makingalgorithmshas
probedvariousaspectsofvaliditythreatsorconcerns,of-
tenusingthevocabularyof"measurementerror","problem
formulation",and"biases".Forexample,PassiandBarocas
[24] chroniclehowtheanalysts'decisionsduringproblem
formulationimpactsfairnessofthedownstreammodel.Relat-
edlyJacobsandWallach[ 26] demonstratethathowoneop-
erationalizestheoreticalconstructsintomeasurablequantities
impactsfairness.SureshandGuttag[ 45] alsohighlightmea-
surementerrorintheircharacterizationofseventypesofharm
inmachinelearninganddescribeotherbiasesinrepresentation
andevaluationthatcanthreatenvalidity.Representationand
evaluationbiasescanoccurwhenthedevelopmentsampleand
evaluationsample,respectively, donotaccuratelyrepresent
whoisinthetargetpopulation.Tothebestofourknowledge,
thereisnopriorworkthatproposestoolsorprocessescentered
aroundvalidityissues.Ourpaperaims to fillthisgapby
drawingonthefindingsinthesepapers to structureavalidity-
centeredartifactintendedforreal-worlduse.

B. ValueAlignment

Theliteratureonvalue-alignmentisvast,andwetherefore
focusontheworksmostrelatedtoourpurposeofdevel-
opingartifacts, suchasdocuments,checklists,andsoftware

toolkits,topromotejustifyingtheuseofalgorithmicsys-
temsindecision-making.Documentationartifactsdesignedto
improvetransparencyandinformtrusthavebeenproposed
fordatasets,machinelearningmodels,andAlproductsand
services[ 46,22, 47, 21, 48].Theseartifactsdocumenttypical
usecases,product/developmentlineage,andotherimportant
specificatonsinorder to promoteproperuseasthemodels,
data,andservicesaresharedandre-usedacrossavarietyof
contexts.Noticingthatthesedocumentationproductslargely
representtheperspectiveofalgorithmdevelopers,arecent
workdevelopedatoolkitdesignedtoengagecommunity
advocatesandactivistsinthisprocess[ 49].

An increasinglypopularmechanismischecklistsforfair-
nessandethicsinmachinelearning.Checklistscanprovide
astructuredformforindividualadvocatestoraisefairness
orethicsconcerns,butacompliance-orientedchecklistmay
failtocapturethenuancesofcomplexfairnessandethical
challenges [19].Recentworkhasadvocatedforchecklists
designedtopromoteconversationsaboutethicalchallenges
[50]. However,checklist-style"yesorno"questionsmaybe
ill-suitedforpromotingdeliberation.Moreover,incentering
aroundthequestion "haveweperformedallthestepsneces-
sarybeforereleasingthemodel?", checklistsadopta"deploy
bydefault"framingthatmayencouragepractitionerstoerron
thesideofbrushingconcernsaside.Toaddresstheseissues,
wesketchaprotocoltopromotedeliberationcenteredaround
thequestion "isanalgorithmicmodelappropriateforusein
thissetting?".

Rajietal.[ 20] proposedaconceptualframework,
SMACTR,fordevelopinganinternalauditforalgorithmic
accountabilitythroughoutthemachinelearningdevelopment
cycle.Theproposedmethodologyisgeneral-purposeand
comprehensive,involvingotherdocumentationandchecklists
discussedinthissection(likemodelcardsanddatasheets),
butthisgeneral-purposemethodologymaybecomplicated,
expensiveandtime-consumingtoimplement,perhapspro-
hibitivelysoforteamswithlimitedbandwidthsuchasthe
analyticsdivisionofapublicsectororganization.Ofnote,the
SMACTRmethodologydoesnotfocusonissuesofvalidity.
Foragivenclassofproblems(e.g.,predictiveanalyticsfor
decisionsupport)thereareasetofcommonvalidityissues
andquestionsthatcanbedetailedandre-usedacrosscontexts.
DoingsowouldcomplementtheSMACTR methodology.

Basedonimpactassessmentsinotherdomainslikecon-
struction,algorithmicimpactassessments(AlAs)requireal-
gorithmdeveloperstoevaluatetheimpactsoftheproposed
algorithmonsocietyatlargeandparticularlyonmarginalized
communities[51,52,53].In2019Canadamadeitcompulsory
foragovernmentagencyusinganalgorithmtoconductanal-
gorithmicimpactassessment[54].AcomprehensiveAlAwill
likelyneedtoinvolvedeliberationaboutvalidityissuessince
aninvalidalgorithmmayverywellcauseadverseimpacts.Re-
latedtoAlAistheUKGovernment'sDataEthicsFramework
whichaskspractitionerstoperformaself-assessmentoftheir
transparency,fairness,andaccountability[18].Theframework
askstherespondenttoidentifyuserneeds,considerboththe
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benefitsandunintended/negativeconsequencesoftheproject,
andtoassesswhetherhistoricalbiasorselectionbiasmaybe
presentinthedata.Thisframeworkishelpfulinitsbreadth
andspecificity.However,theframeworkdoesnotaddresscore
validityissueslikeproxyoutcomes.

Anumberoftoolkitsareavailabletovisualizetheperfor-
mancemetricsandtradeoffsthereinofalgorithmicmodels.
Visualizationsoftwarehasbeendevelopedtocommunicate
tradeoffstoalgorithmdesigners[ 55] andtodisplayinter-
sectionalgroupdisparities[ 56]. Anumberoffairness/ethics
toolkitsandcoderepositoriesareavailabletohelpresearchers
probemodeldisparitiesandexplorepotentialmitigations
[57,58, 59].

Astrainoftheliteraturedevelopspedagogicalprocesses
forimprovingeducationalinstructionofethicsissuesindata
sciencecurriculum.Shenetal.[ 60] proposedatoolkit,Value
Cards,tofacilitatedeliberationamongcomputersciencestu-
dentsandpractitioners.TheValueCardslargelyfocuson
tradeoffsbetweenperformancemetrics,stakeholderperspec-
tives,andalgorithmicimpacts.Batesetal.[ 61] describesthe
experienceofintegratingethicsandcriticaldatastudiesinto
amastersofdatascienceprogram.

Guidesforbestpracticesinselectingapredictivealgorithm
forhigh-stakessettingshavebeenproposedforpublicpolicy
andhealthcaresettings[ 62,63]. Forinstance,Kleinbergetal.
[62] discussconceptualissuessuchastargetspecification,
measurementissues,omittedpayoffbias,andselectivelabels.
Ourworkconnectstheseissues,amongothers,toestablished
conceptsofvalidityfromthesocialsciences.

C. Reliability

Asmentionedearlier, "reliabilityistheextenttowhichmea-
surementsare repeatable- whendifferentpersonsperformthe
measurements,ondifferentoccasions,underdifferentcondi-
tions,withsupposedlyalternativeinstrumentswhichmeasure
thesame thing" [39].Reliabilityencompassesreproducibility.
Reliabilityisalsodefinedasthe consistency ofmeasurement
[64], andthe stability ofmeasurementresultsoveravariety
ofconditions[ 65]. Reliabilityisnecessarybutnotsufficient
toensurevalidity.Thatis,reliabilityofameasuredoesnot
implyitsvalidity;however,ahighlyunreliablemeasurecannot
bevalid[ 65].

Drost[ 39] enumeratesthreemaindimensionsofreliability:
equivalence(ofmeasurementsacrossavarietyoftests),stabil-
ityovertime,andinternalconsistency(consistencyovertime).
Thereareseveralgeneralclassesofreliabilityconsiderations:

• Inter-raterreliabilityassessesthedegreeofagreement
betweentwoormoreratersintheirappraisals.Lowinter-
raterreliabilitycouldbeapotentialconcerninhuman-in-
the-loopdesignswherehumandecision-makersreceive
thepredictionsofaMLmodel,andinterpretthemto
reachthefinaldecisions.

•Test-retestreliabilityassessesthedegreetowhichtest
scoresareconsistentfromonetestadministrationtothe
next.Populationshifts[ 66], feedbackloops[ 67], and

strategicresponses[68] areamongthethreatstothetest-
retestreliabilityofriskassessmentinstruments.

• Inter-methodreliabilityassessesthedegreetowhich
testscoresareconsistentwhenthereisavariationinthe
methodsorinstrumentsused.Forexample,supposetwo
differentmodelsareindependentlytrainedtopredictthe
riskofdefaultbyloanapplicants.Inter-methodreliability
assesseswhetherthesemodelsoftenreachsimilarpredic-
tionsforthesameloanapplicants.Anotherareainwhich
inter-methodreliabilityisapplicabletoMListheextent
towhichanMLmodelcanreproducethedecisionsmade
byhumandecision-makers.

•Internal consistencyreliability,assessestheconsistency
ofresultsacrossitemswithinatest.Modelsthatmake
significantlydifferentpredictionsforsimilarinputsmay
violatethisnotionofreliability.

EffortsinemergingareassuchasMLOpsfocusonthe
developmentofpracticaltoolstoassessandensurethereli-
abilityofdata-drivenpredictiveanalytics[ 69,70, 71].While
theseeffortsarestillintheirinfancy,thereisagrowingbodyof
workpointingtoanurgentneedforbettertooling[ 69,70].For
example,Vealeetal. identifiedkeychallengesforpublicsector
adoptionofalgorithmicfairnessideasandmethods,highlight-
ingtherisksposedbychangesinpolicy,datapractices,or
organizationalstructures[72]. Focusingontheprivatesector,
Holsteinetal.[ 73] identifiedwhatlargecompaniesneedto
improvefairnessinmachinelearning,highlightingtheneed
for"domain-specificframeworksthatcanhelpthemnavigate
anyassociatedcomplexities."Inadditiontotheabovechanges,
feedbackloopsandstrategicresponsescaninducepopulation
shifts,alsoknownasdistributionshiftordatasetshift[ 74].
Theliteratureondatashiftconcernsthefastdetectionand
characterizationofdistributionshifts,includingdistinguishing
harmfulshiftsfrominconsequentialones[ 75,76].Anactive
areaofresearchinmachinelearningaimstodesignlearning
algorithmsthatmakeaccuratepredictionsevenifdecision
subjectsrespondstrategicallytothetrainedmodel(see,e.g.,
[77,68,78,79,80]). Generalizingsuchsettings,Perdomoetal.
[81] proposeaframeworkcalled performative predictions,
whichbroadlystudiessettingsinwhichtheactofpredicting
influencesthepredictiontarget.

Whileourworkfocusesonvalidityissues,wehopethatit
servesasajumpingoffpointforfutureworkonreliability
artifactsforpredictiveanalytics.

IV. THREATS TO VALIDITY OF PREDICTIVE MODELS

Thissectiondelvesintocommonchallengesthat jeopardize
validity.Weorganizethesechallengesintothreegroups:
populationmisalignment,attributemisalignment,andtarget
misalignment.Weconnectthesegroupstonotionsofvalidity
fromthesocialsciencesmentionedinSection Ill .

A. Attribute Misalignment

Tomakemeaningfulpredictions,wemusthavedataon
pertinentpredictivefactors,ideallyonesforwhichwecan
pointtoevidencesupportingtheclaimthattheyarerelevantto
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thepredictivetaskathand.Thechoiceofwhichfeaturestouse
inpredictionhasclearimplicationsforinternal,external,and
constructvalidity. If thereisnoplausiblecausalpathbetween
thetargetandafeaturesuchthatanycorrelationisentirely
spurious,theinclusionofthefeatureimmediatelychallenges
internalandexternalvalidity.Additionally,itcanfailtestsof
facevalidity.Aparticularlypressingexampleofaprediction
taskthatlacksfacevalidityistheuseofimagesofhuman
facestopurportedly"predict"criminality[ 82], becausean
extensivebodyofresearchhasdisprovedthepseudoscience
ofphysiognomyandphrenology[ 83].

Notethatvaliditydoesnotrequireallpredictivefactorsto
havea direct causalrelationshiptothetargetvariable.For
instance,raceisawell-establishedriskfactorforCOVID-
19relatedmortality,althoughthecausalpathwaysthrough
whichraceandCOVID-19mortalityinteractarenotwell-
understood[84,85].Oneplausiblepathwayisthatraceis
causallyassociatedwithaccesstohealthcare,andaccesshasa
causaleffectonhealthoutcomes[ 86,85].Giventheexistence
ofsuchplausiblecausalconnection,raceisofteninvokedas
animportantriskfactortoweighinallocationofCOVID-19
mitigationresources[87,88].

B. Target Misalignment

Inpracticethereisoftenconsiderablemisalignmentbetween
whathumansintendedforthealgorithmtopredictandwhat
thealgorithmactuallypredicts.Theseissuesofconstruct
invaliditycanleadtoundesirableresultsafterdeployingthe
predictivealgorithm.

Inmanysettings,thedesiredpredictiontargetisnoteasily
observed,andsoaproxyoutcomeisusedinitsplace.For
thepre-trialreleasetaskinthecriminaljusticesetting,the
desiredpredictiontargetmaybecriminalactivity,butitis
notpossibletodirectlyobserveallcriminal activity. Instead,
algorithmdesignershaveusedproxyoutcomeslikere-arrests
orre-arreststhatresultedinconvictions[ 34,89].Theuse
ofproxiesinthissettingisparticularlyproblematicbecause
therearedocumentedbiasesinthecriminaljusticesystem,
suchasracialdisparitiesinwhoislikelytobearrested
[35]. Thesesystematicbiasesmeanthepredictionsarenot
predictingwhomaycommitacrimebutinsteadarepredicting
whomaybearrested.Inhealthcarecontexts,medicalcostsare
sometimesusedtoproxyhealthoutcomes.However,dueto
racialbiasinqualityofhealthcare,theseproxiessystematically
underestimatetheseverityofoutcomesforblackpatients[ 3].
Inothersettingsfurthercomplicationsarisewhentheobjective
ofthedecisionmakingtaskisafunctionofmultipledesired
predictiontargets.Forinstance,inthechildwelfarescreening
settingdecisionmakersmaywanttoreduceboththeriskof
immediatedangerandthelong-termriskofneglect.Whenthe
algorithmisconstructedtoonlyfocusononetarget,thenwe
maysuffer omittedpayoffbias ifthealgorithmperformsworse
inpracticeonthecombinedobjectivesthananticipatedfrom
anevaluationonthesingularobjective[ 29].

Oftenweonlyobserveoutcomesunderthedecision taken-
thatis,wehavebanditfeedback[ 90].Predictiontasksinsuch

settingsarecounterfactualinnature,inthesensethatwewould
liketopredicttheoutcomeunderaproposeddecision[ 91].
An algorithmtrainedtopredictoutcomesthatwereobserved
underhistoricaldecisionswillnotprovideareliableestimate
ofwhatwillhappenundertheproposeddecisionifthedecision
causallyaffectstheoutcomes.Forinstance,inachildwelfare
screeningtaskthegoalistopredictriskofadversechild
welfareoutcomesifnofurtheractionistaken("screenedout"
ofinvestigation).Investigationcanimpacttheriskofadverse
outcomesifthewelfareagencyisabletoidentifyfamily
needsandprovideappropriateservices.Apredictivealgorithm
thatistrainedontheobservedoutcomeswithoutproperly
accountingfortheeffectofinvestigationontheoutcomewill
screenoutfamilieswhoarelikely to benefitfromservices
[91].Whenwehavemeasuredallfactorsjointlyaffectingthe
decisionandtheoutcome,wecanaddresstreatmenteffects
bytrainingacounterfactualpredictionmodel[ 91,92].When
someconfoundingfactorsareunavailableforuseatprediction
time,aslongaswehaveaccesstothefullsetofconfounding
factorsinabatchdatasetavailablefortraining,thenwe
canproperlyaccountforanytreatmenteffectsinthebandit
feedbacksetting[ 93]. Insettingswherewehaveunmeasured
factorsinboththetrainingandtestdata,wecanpredictbounds
onthepartiallyidentifiedpredictiontargetusingsensitivity
models[94].

C. Population Misalignment

Evenifwecanjustifyourchoiceofpredictiveattributes
andtargetvariable,wecanstillhavevalidityissuesifthe
datasetdoesnotrepresentthetargetpopulationduetoselection
biasorotherdistributionshifts.This populationmisalignment
posesathreattoavalidevaluationofthepredictivealgo-
rithmbecauseperformanceonthedatasetmaynotaccurately
reflectperformanceonthetargetpopulation.Notably,fair-
nesspropertiessuchasdisparitiesinperformancemetricsby
demographicgroupcanbemarkedlydifferentonthetarget
population.Forexample,KallusandZhou[ 95] demonstrated
inthecontextoftheNewYorkCityStop,Question,and
Friskdatasetthatsignificantdisparitiesinerrorratespersist
inthetargetdistribution(allNYCresidents)evenwhenthere
arenodisparitiesinerrorratesonthedatasample(stopped
residents).IntheconsumerlendingcontextCostonetal.[ 96]
foundthatpredictivedisparitiescomputedonthepopulationof
applicantswhoseloanwasapprovednotablyunderestimated
disparitiesonthefullsetofapplicants.Misalignmentbetween
themodel'sperformanceduringdevelopmentandperformance
atdeploymentareclearthreatstopredictiveandexternal
validity.

Populationmisalignmentoccursinpracticeoftenwhenthe
datasetexamplesareselectivelysampled(i.e.,notrandomly
sampled)fromthetargetpopulation.Inanumberofhigh-
stakessettings,outcomesareonlyobservedforaselectively
biasedsampleofthepopulation.Inconsumerlending,we
onlyobservedefaultoutcomesforapplicantswhoseloan
wasapprovedandfunded[ 96]. Incriminaljustice,weonly
observere-arrestoutcomesfordefendantswhoarereleased
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[29]. Inchildwelfarescreening,weonlyobserveremoval
fromhomeforreportsthatarescreenedintoinvestigation
[30]. Acommonbutpotentiallyinvalidapproachinsuch
settingsistousetheselectivelylabelleddatatobothtrain
thepredictivemodelandperformtheevaluation,implicitly
treatingthissampleas if itwerearepresentativesampleof
thetargetwheninrealityitisnot.

Apromisingstrategytoaddressselectionbiasleverages
unlabeledsamplesfromthetargetdistributionwhichareoften
alreadyavailableorcouldbeavailableunderanimproveddata
collectionpractice[ 97]. Forinstance,inconsumerlending
thefeatures(theapplicationinformation)areavailableforall
applicants[96].Ifwebelievethatwehavemeasuredallfactors
affectingboththeselectionmechanismandouroutcome
ofinterest(i.e.,nounmeasuredconfounding '), methodsare
availabletoperformacounterfactualevaluationthatestimate
theperformanceonthefullpopulation(includingbothlabelled
andunlabelledcases)bytakingadvantageoftechniquesfrom
causalinference[ 98,91]. In settingswherewesuspectthere
areunmeasuredconfoundingfactors,wecanstillevaluatea
predictivemodelagainstthecurrentpolicyifwecanidentify
anexogenousfactor(i.e.,aninstrumentalvariable)thatonly
affectstheselectionmechanismandnottheoutcome[ 99,29].

Anothercommonmechanismunderwhichpopulationmis-
alignmentarisesisdistributionshiftduetodomaintransfer.
Forexample,whenexpandingcreditaccesstoanewinterna-
tionalmarket,acompanymaywanttotransferamodelofloan
defaultbuiltonitscustomerbaseinonecountrytothenew
country [100].Becausepopulationdemographicsandother
factorsmaydifferbetweenthetwocountries,theperformance
ofthepredictivemodelinthesourcecountrymaynotbe
avalidevaluationoftheperformancewewouldseeinthe
new(target)country.Whenunlabeleddataisavailablefrom
thetargetdomain,wemaywishtoreweighthesourcedata
tomakeit"resemble"thetargetdata.Undertheassumption
thattherearenounmeasuredconfoundingfactorsthataffect
bothselectionintothesource/targetdomainandthelikelihood
oftheoutcome(knownas covariateshift), wecanusethe
likelihoodratioasweightstoestimatetheperformanceonthe
targetpopulation [101, 74].Wecanalsousetheweightsto
reweighthetrainingdatainordertoretrainamodel.

In practiceandevenwithextremediligence,itisgenerally
notpossibletoensureperfectpopulation,target,andattribute
alignment.Forinstance,nearlyallpredictionsettingswillsuf-
ferpopulationmisalignmentduetotemporal differences-the
trainingdataisobservedinthepastwhereastheprediction
taskisinthefuture.Acentralquestionconcernsthe degreeof
thismisalignment.Asafirststeptowardscharacterizingthis,
weproposeadeliberationprocesstoidentifyandreflecton
sourcesofmisalignmentinagivensetting.

V. DELIBERATING OVER THE VALIDITY OF PREDICTIVE
MODELS

Weproposeaseriesofquestionscenteredaroundvalidity
toevaluatethejustifieduseofalgorithmsinagivendecision-

1Alsoknownascovariateshift[ 74]

makingcontext.Wenextpresentthetop-levelquestions,dis-
cussingtheminthecontextofthechildwelfareandcriminal
justicesettings.Wenotethatthequestionspresentedinthis
sectionareintendedpurelytoillustratetheskeletonofan
artifactthatisguidedbyoursystematizationofconceptsfrom
validitytheory.Outsidethescopeofthecurrentcontribu-
tion,futureworkdesigningspecificsub-questionsmustsolicit
feedbackfromstakeholdersandpractitionerstoensurethe
questionsareaccessible,comprehensible,anduseful.

A.TheHigh-levelStructure ofAValidity-CenteredProtocol

Atahighlevel,ourproposedartifactwillconsistoffive
parts.Part1promptsthedescriptionofthedecision-making
taskandconstructsofinterest.Part2,3,and4consistsof
questionsassessingconstructvalidity,internalvalidity,and
externalvalidity.Lastbutnotleast,part5attemptstocontextu-
alizevalidityconcernswithinthebroadersetofconsiderations
aroundtheuseofalgorithms(e.g.,efficiency).Inwhatfollows,
webrieflysketcheachsection.Forillustrativepurposes,we
providehypotheticalresponsesinthechildwelfarescreening
setting.

1. Descriptionof the decision-makingtask. Tocenterthe
deliberationaroundvalidity,thefirstsetofquestionsrequire
therespondenttodescribethekeyconstructsofinterest,
includingthedecisionmakingobjective(s),thecriteriaacross
whichthedecisionismade,andotherdecisionpointssur-
roundingthistask.Forexample,inthechildwelfarescreening
setting,theanswermaybeasfollows: Thehotlinecallworker
determineswhethertoscreeninareport for investigation
basedondetailsinthecaller'sallegationsandadministrative
records for allindividualsassociatedwiththereport.The
reportshouldbescreenedin if thecallworkersuspectsthe
childisinimmediatedangeroratrisk ofharmorneglectin
thefuture.Precedingthisscreeningdecisionwasthedecision
byanindividual(e.g.,neighbor,mandated reporter, other
familymember)toreporttothechildwelfarehotline. If a
reportisscreenedin for investigation,thenextmajordecision
pointiswhethertoofferservicestothefamily.Adecisionto
screenoutissuccessfulwhenthechildisnotatrisk ofharm
orneglect.

2. Questions assessing construct validity: Atahigh
level,constructvalidityrequiresunderstandingtheconstructs
involved(e.g.,theidealtargetlabelandattributesinfluencing
it)andtheparticularcauseandeffectrelationshipsamong
them.Toassessconstructvalidity,ourprotocolwillinclude
questionsaboutthefollowingtypesofvalidity:

• Contentvalidity askswhethertheoperationalizationof
eachconstructofinterestserveasagoodmeasureofit.
Onemajorapproachtoassessingcontentvalidityisto
asktheopinionofexpertsintherelevantfields.

• Convergentvalidity: Toassessconvergentvalidity,one
mustassess:Isthereastandard/ground-truthmeasurefor
theconstructofinterest? Ifyes,howdoesthatcorrelate
withthenewmeasureonthetargetpopulation?

• Discriminant validity: Toassessdiscriminantvalidity,
onemustevaluatethefollowing:Canonethinkofa
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conceptthatisrelatedbuttheoreticallydifferentfromthe
constructofinterest? If yes,cantheproposedmeasure
distinguishbetweenthatconceptandtheconstructof
interest?

• Predictive validity: referstotheabilityofatestto
measuresomeeventoroutcomeinthefuture.Therefore,
toassesspredictivevalidity,weneedtoask:Istherehigh
correlationbetweentheresultsoftheproposedmeasure-
mentandasubsequentrelatedbehaviorofinterest?

Oneeffectivewaytoprompttherespondenttorespondto
theabovequestionsistoconsiderwhatquestion(s)theywould
askanoraclewhocouldansweranythingaboutthefuture.
Inourchildwelfareexample,theanswerherecouldbeas
follows: Wewouldaskwhetherthechildwillsufferharm
orneglectinthenextyear. Subsequentquestionswillrefer
totheoutcomesidentifiedinthisquestionblockas"oracle
outcomes"-thatis,theoutcomes/eventstherespondentwould
liketoaskanoracletopredict.

Wefollowtheoraclequestionwithquestionsaboutavailable
outcomesinthedata,howtheseavailableoutcomesdiffer
fromtheoracleoutcome(s),andwhetheranyofthepreviously
statedgoalsarenotaddressedbytheavailableoutcome.These
questionsdirecttherespondenttoconsiderforwhichsegments
ofthepopulationwilltheoracleandavailableoutcomesbe
mostlikelytoalignandforwhichsegmentsofthepopulation
willtheavailableoutcomelikelydivergefromtheoracle
outcome.Akeyquestioniswhentheavailableoutcomes
areobserved.Theanswertothesequestionsmayilluminate
whethermeasurementerror,banditfeedback,orotherforms
ofmissingnesspertaintothisoutcome. An exampleanswer
inthechildwelfarescreeningcontextcanbethefollowing:
Availablecandidateoutcomesinthedataincludere-referral
tothehotlineatalaterpoint(e.g.,withinsixmonths)or
removalofthechildfromhomewithinatimeframe(e.g.,two
years).Re-referralisanoisyproxyfortheoracleoutcome of
harm/neglectbecauseare-referralcanoccurintheabsence
of anyharm/neglectand,ontheflipside,achildmaybe
experiencingharmorneglectevenwhennore-referralis
made.Weexpectonaverageachildthatisre-referredtobe
morelikelytoexperienceharm/neglectthanachildwhose
caseisnot re-referred. Re-referralismorelikelytooccur,
regardlessofunderlyingtruerisk ofharm/neglect,forfamilies
ofcolorandlimitedsocioeconomicmeans [1, 102, 12J.Re-
referral(orlackthereof)isobservedforallreports,including
thosethatarescreenedinandthosethatarescreenedout.By
contrast,removalfromhomeisonlyobservedforreportsthat
arescreenedinforinvestigation [91J.

Asubsetoftheconstructvalidityquestionswilldirectthe
respondenttofocusonissuesofbanditfeedbackandtreatment
effects.Thesequestionsasktherespondenttoconsiderhowthe
decisionrelatestotheoutcome,includingwhethertheoutcome
isobservedunderalldecisionsandwhetherthedecision
affectstheoutcome(andinwhatways).Forexample,the
respondentmaydescribetherelationshipbetweenthedecision
andoutcomeinthechildwelfarescreeningsettingasfollows:
Thedecisioniswhethertoscreeninorscreenoutacase for a

childmaltreatmentinvestigation.Theoutcomethatisobserved
foralldecisionsiswhetherthechildwaslaterre-referred
tothechildwelfarehotline. If thecaseisscreenedin,there
areadditionalobservedoutcomes:Whethertheallegationsare
substantiateduponinvestigationbya caseworker,whetherthe
familyisofferedsupportintheform ofpublicservices,and
whetherthechildislater placedout-of-home.Theseoutcomes
areobservedunderscreenoutonlywhenalaterreportis
screenedinforinvestigation.Thecallscreener'sscreening
decisionaffectstheoutcome.Forexample,thedecisionto
screeninacasemaydecreasethelikelihood of observing
adverseoutcomes if thefamilyreceivespublicservicesthat
leadtoimprovedparentingpractices.

3. Questionsassessing internal validity: Atahighlevel,
internalvalidityisconcernedwiththeexistenceofdefensible
causal relationshipbetweenfeaturesandthetargetlabel.To
honeinonissuesofinternalvalidity,therespondentmust
identifyavailabledatafeaturesthatonecanplausiblyclaimare
riskfactorsorprotectivefactorsfortheidealoracleoutcome.
Therespondentmustadditionallyprovideevidencetosupport
theclaimthatthesearevalidriskfactorsorprotectivefactors
fortheoracleoutcome.Forinstance,arespondentinthechild
welfarescreeningsettingmayidentifythefollowingasrisk
factorsandprotectivefactorsinthedata: Thedatacontainsthe
results ofanypriorchildwelfareinvestigations,andwemay
suspectthatachildinacasethatwaspreviouslyfoundtohave
childneglectinthepastmaybeatriskforfutureneglect.The
dataalsocontainsinformationonhowoftenextendedmembers
ofthefamily(suchasthegrandmother)interactwithorcare
forthechild,andregularsupervisionfromastableguardian
maymitigaterisk ofchildharmorneglect.

4. Questionsassessingexternalvalidity: Externalvalidity
isconcernedwiththegeneralizablityofthemodelacross
persons,settings,andtimes.Thequestionblockfocusingon
externalvaliditycontainsquestionsthatrequiretherespondent
todescribethepopulationforwhichdataisavailable (training
population),includingprovenance,thelocaleandtimeperiod
forwhichdatawasobserved,andwhetheranyoftheobser-
vationswerefilteredoutofthedataset(e.g.,due to missing
dataissues).Thequestionssimilarlydirecttherespondentto
describethepopulationonwhichthepredictivealgorithmwill
beused (targetpopulation), includingtheanticipatedtime
frameandgeographiesforwhichthepredictivealgorithmwill
bedeployed.Therespondentwillalsobeaskedtospecify
inwhatwaysthetrainingpopulationdiffersfromthetarget
population.Inourrunningchildwelfareexample,theanswer
maybe: Thetrainingpopulationisallreportstothestate's
childwelfarehotlinefrom2015-2020thatwererecordedin
thestaterecordssystem.Noreportswereknowinglyfiltered
out of thedataset.Thetargetpopulationisallreportsto
thestate'shotlineatleastforthenextfiveyears.Thetarget
populationlikelydiffersfromthetrainingpopulationbecause
ofachangeinmandatoryreportinginmid2019thatexpanded
thedefinition of mandatedreportertoincludeteachersand
sportscoaches.Asaresult,thevolume ofcallstothehotline
increasedafterthepolicychangeandlikelyincludessome
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reportsthatwouldnothavebeenmadeabsentthepolicy
change.

6.Tradeoffsbetweenvalidityandcompetingconsidera-
tions:Topromptdeliberationonhowtoweighmisalignments
threateningvalidityagainstotherconsiderations(suchaseffi-
ciencyorstandardization),thenextsetofquestionsrequires
therespondenttoarticulatewhyapredictivealgorithmmay
supportdecisionmakingandtodescribehowtheyanticipate
thepredictivealgorithmtocomplementtheexistingtoolsand
informationavailable.Togroundthisreflectioninspecifics,
thissectionwillaskrespondentstopreciselyidentifythe
expectedbenefitsofthealgorithm(e.g.,improvementsin
efficiencyoruncoveringnewpatternsofrisk).Continuing
thechildwelfareexample,theanswermaybe: Weintendfor
thepredictivealgorithmtosummarizetheinformationinthe
administrativerecordswhichthecallscreenerstypicallydo
nothavesufficienttimetofullyparse. If theadministrative
recordscontainadditionalpatterns of risknotcapturedin
theallegationsreportedbythe caller, thenweanticipatethe
predictivealgorithmmaybeabletoflagreportsthatshould
bescreenedinbutwouldotherwisebescreenedout.

Targetrespondent:Therespondent(s)weexpecttode-
liberateanddocumentanswerstothesequestionsarethe
individual(s)involvedintheprocessofbringingdata-drivenal-
gorithmsintothedecision-makingprocess.Thesemayinclude
(butarenotlimitedto)algorithmdevelopers,datascientists
andanalysts,thoseresponsibleforalgorithmprocurement,
management,frontlinedecisionmakers,andcommunitymem-
bers.

B.ProtocolasaMechanismfor Transparency, Oversight,
Conversation,& Translation

Wenextdiscusshowweenvisionaprotocolreflecting
theabovestructure,potentiallyincombinationwithquestions
fromotherexistingprotocols(e.g.,focusedaroundvaluealign-
ment),canserveasamechanismfor transparency,oversight,
conversation,andtranslation.

1) Protocolasa mechanismoftransparency.Agrowing
bodyofliteraturediscussestheneedtofindbetterways
toempowerimpactedcommunitymemberstoshape
algorithmdesign[103, 104, 105].However,community
membersstruggletodothiswithoutsufficientinsight
intotheinternaldeliberationprocesses.Theprotocol
canhelplowerthesebarriers.Forexample,without
theprotocol,communitymembersmaybelimitedto
assessingthefacevalidityofmodels.Publiclyshared
responsestoprotocolquestionsmayextendcommunity
members'knowledgetoencompassawiderrangeof
modelvaliditymeasuresthatwouldotherwisebeinac-
cessibleorunknowntothem.

2) Protocolasa mechanismforoversight.Iftheprotocol
isreviewedbyanindependentreviewboard,delibera-
tionsaroundmodelvalidityindecision-makingcould
beguidedbystandardsthatmayreflectandalignex-
pectationsacrosspractitioners,policymakers,andcom-
munitymembers.Wedrawananalogytotheresearch

InstitutionalReviewBoard(IRB),whichhasagoalof
"protecting[therightsandwelfareof]researchsubjects"
[106].An independentreviewboardforthisprotocol
mayservetoprotectimpactedcommunitymembers,
asopposedto'researchsubjects.'However,thereview
processmaybelimitedbyhumanbiasesthatchallenge
theconsistencyorthequalityofreviewacrossdifferent
applicationsdependingonthereviewer'suniquesetof
biases.

3) Protocolasa mechanismforconversationbetween
multiplestakeholders.Ifadiversesetofstakeholders
areinvolvedindeliberatinganddiscussingtheprotocol
questions,theprotocolcouldhelptheseconversations
reachthosewhomaynottypicallybeinvolvedinmaking
model-leveldesigndecisions.Forexample,insome
publicsectoragenciesthatusealgorithmicdecision
supporttools,frontlinedecision-makers,organizational
leaders,andmodelanalystsmaydevelopbeliefsand
goalsaroundtheuseofdecision-makingalgorithmsin
silo[ 107,108].Theprocessofrespondingtotheproto-
colquestionscanintroduceopportunitiesforstructured,
proactivemodesofinteractionsacrossworkerswho
mightotherwisetypicallyworkinisolation.Engaging
diverseperspectivesincollaborativediscussionssur-
roundingtheprotocolmayopenopportunitiesforbetter
understandingandmitigatinginter-organizationalvalue
misalignments[109]thatwouldotherwisegetembedded
andreinforcedthroughthemodelitself.

4) Protocolasa mechanismoftranslationtobridge
academic-practitionerdivide.Recentresearchsuggests
thatmanyoftheconceptsunderthepurviewofouren-
visagedprotocolmaybelessdeliberatelyscrutinizedby
practitionersdevelopingalgorithmsfordecision-making
inthereal-world[ 24,72].Theprotocolmayhelpbridge
thisdividebetweentheresearchcommunityandreal-
worldpractitioners.Forexample,thisprotocolcouldbe
ameansfortheresearchcommunitytooperationalize
concernsrelatedtomodelvalidityintopracticalques-
tionsthatcouldguideinternaldeliberationprocessesin
organizationsconsideringthedesignoruseofalgorithms
fordecision-making.

C. Limitations

Ourpaperpresentsaninitialsteptowardstranslatingtheo-
reticalvalidityconceptsintoconsiderationsforevaluatingthe
justifieduseofpredictivealgorithmsinpractice.Wesketcha
structureforadeliberationprotocol,targetedtoguidemulti-
stakeholderconversationsregardingwhetherornottodevelop
anduseapredictivealgorithm.Movingforward,weplan
toempiricallystudypractitioners'currentpracticesaround
validity-relatedconcerns.Thisresearcheffortwillhelpto
groundtheprotocol,forexample,byidentifyingquestion
categoriesthatmaybenefitthemostfromfurtherscaffolding.
Futureworkshouldalsoexplorewhethersubcategoriesof
real-worlddomainsortypesofpredictivealgorithmsrequire
additionaloralternativeconsiderationsaroundvalidity.
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Importantly,weemphasizethatavalidity-focuseddeliber-
ationprotocolis not sufficientonitsown to justifytheuse
ofapredictivealgorithm.Rather,weseetheprimaryvalue
ofsuchaprotocolasameanstostructureandscaffoldcriti-
calconversationsamongrelevantdecision-makers.Moreover,
validityisjustonecomponentofevaluatingthejustifieduse
ofalgorithms,alongsideconsiderationsrelatedtoreliability,
valuealignment,andbeyond.Lastbutnotleast,organizations
deployingalgorithmsshoulditerativelyandconstantlyre-
evaluatewhetherapredictivealgorithm'suseisjustified,as
theconditionsforagivenalgorithm'sjustificationmayevolve
withtime.

Theworkinthispaperwasshapedbytheauthors'per-
spectivesasmachinelearning,human-computerinteraction,
andquantitativesocialscienceresearchers.Additionally,our
experiencesworkingwithcountyandstatepublicagencies
overseveralyearsinformedthework. In futurework,wewill
incorporateperspectivesfromgroupsnotrepresentedamong
theauthors,includingimpactedcommunitymembers.

VI. CONCLUDINGREMARKS

Thispaperprovidesavalidityperspectiveonevaluatingthe
justifieduseofdata-drivendecision-makingalgorithms.This
perspectiveunitesconceptsofvalidityfromthesocialsciences
withdataandproblemformulationissuescommonlyencoun-
teredinmachinelearningandclarifieshowtheseconcepts
applytoalgorithmicdecisionmakingcontexts.Wesituatethe
roleofvaliditywithinthebroaderdiscussionofresponsible
useofmachinelearninginsocietallyconsequentialdomains.
Weillustratehowthisperspectivecaninformandenhance
futureresearchbysketchingavalidity-centeredartifactto
promoteanddocumentdeliberationonjustifieduse.
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