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ABSTRACT

Researchers’choiceofmetricsandcriteriainevaluatingrecommendersystemsdependsonwhat
theresearcherfeelsispopularamongotherresearchers,orsometimesbasedontheobjectiveofthe
research.Thereisnoharmonizedsetofcriteriaandmetricsthatcanbereferencedwhenevaluating
recommender systems inhealthcare. In this article, a setofmetrics andcriteria areharmonized
andcategorizedasaguideforevaluatingrecommendersystems.Bymeansofanonlinesurvey,the
opinionsofforty-fourexperiencedresearchersandotherstakeholdersfromeightcountriesandfour
continentsweresoughtontherelevanceofidentifiedmetricsandcriteria.Analysisoftheresults
showspeedandtimelinessareatthetop.Toppingthelistofcriteriaistheprovisionofinformation
thatwillguideuserstousefuldecisions.Theresultispresentedfromtwologicalperspectives.Four
categoriesarethenidentifiedasausefulguideforevaluatingrecommendersystems.
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INTRoDUCTIoN

Recommender systems have played an important role in people’s search for articles of interest,
thusmakingsearchinganeasyandenjoyableexercise.Butmoreimportantly,givingpersonalized
recommendationsisthebeautyofanyrecommendersystem.Effectivenessofarecommendersystem
inthisregardessentiallydependsonthequalityofrecommendationsobtainedfromit.Thisnodoubt,
andexplainswhymanyauthorshaveplacedhighdegreeofimportanceondeterminingthequality
ofrecommendationsobtained.Thiscanbejudgedusingseveralmetricsandcriteria.Inadditionto
usingmetricsandcriteria,effectivenesscanalsobemeasuredfromusersandsystemperspectives
(Cremonesietal.,2013).Itisreasonablethat,foraneffectiveevaluationofrecommenderssystems
to takeplace, thismustbedonefrombothperspectives.Evaluationofarecommendersystemis
incompletewithoutevaluatinguserexperiencesinusingacertainrecommendersystem,nomatterhow
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effectivethesystemmightseemfromsystem’sperspective.Thisperspectivewillinvolveconsidering
evaluationmetrics.Therehavebeenattempts toproduceanevaluationframeworkthatcombines
system-centricanduser-centricevaluationmethods(Kavuetal.,2017).Thisseemstobeawayof
notleavingoutanypartintryingtogetaclearpictureofeffectivenessorqualityofarecommender
system.Fromtheseperspectives,harmonizedmetricsandcriteriaforcarryingoutsuchanevaluation
isdesirable,especiallyiftheycanbecategorized.Ithasbeenaffirmedthatperforminganevaluation
beforedeployingarecommendersystemisveryessential(Fazelietal.,2017).Thisthereforerequires
asetofmetricsandcriteriathatwillprovideanagreeableresultamongrelevantstakeholders.While
ourworkfocusesonhealthcare,thereisgenerallackofuniformityinthemetricsforevaluationof
recommendersystemsbecausemanyofthemareinuse(DelOlmo&Gaudioso,2008).Anumber
of thesemetricshavebeenusedby individualsbasedon theirperceivedappropriateness to their
work.Therefore,harmonizingandcategorizingthemwillprovideauniformplatformforevaluating
recommendersystemsregardlessoftheobjectivesofanindividualresearcherorstakeholder.Valdez
etal.(2016)listedevaluationofarecommendersystemasoneoftheimportantsteps.Itcanthenbe
deducedthatthinkingaboutdevelopingarecommendationsystemshouldgoalongwiththinking
aboutmakingitmeetevaluationcriteria.Thisobviouslyisbetterdoneaspartofrequirementsand
designofsucharecommendersystem.

Injustifyingtheirchoiceofmetricsandprovingtheirappropriateness,manyauthorshavechosen
toevaluatetheirworkusingtwoorthreemetrics.Accuracyhasbeenthemostpopularmetricfor
evaluating recommender systemsand this sometimes isbasedon thealgorithmused (DelOlmo
& Gaudioso, 2008; Sokolova & Lapalme, 2009; Rebouças Filho et al., 2017; Rodrigues et al.,
2018).RelatedcloselytothisarePrecision,recallandsortprioritywhichhavealsobeenidentified
as the commonevaluationmetrics for evaluationof recommender systems. (Zhong&Li, 2016;
Moreiraetal.,2018)However,somehavearguedthatthereistheneedtolookbeyondaccuracy
(Vargas&Castells,2011;Wuetal.,2012;Heetal.,2016).Ithasalsobeenreportedthatquality
ofrecommendationisanimportantmetricthatdeservesanattentionratherthanjustthepredictive
accuracyofalgorithms(Geetal.,2008).Whileaccuracyhasbeengivenwiderpublicityasametric
fordeterminingtheeffectivenessofarecommendersystem,someresearchershaveopinedthatitis
notagoodmeasureofqualityperceivedbytheusers(Cremonesietal.,2011)butothermetricssuch
asserendipityandcoverage(Geetal.,2008)alongwithconfidence(Duanetal.,2011)havemore
rolestoplayinsatisfyingusersrecommendationsdesiredotherthantheaccuracy.Whileitmaybe
truetohavesurpriserecommendationsthatfittheneedsofaparticularuser(serendipity),delivering
healthrecommendationsasasurprisetotheusershouldbedonewithalotofcaution.Inanongoing
project,RecommendationsSharingCommunity forAged andChronically IllPeople (ReSCAP),
concernismoreaboutaddressingthespecificneedsoftheindividualswithinthiscommunityin
ordertoreducetimespentinsearching,andbecauseofthechronicnatureoftheailmentsofthe
individualsinvolved.Inthistypeofproject,timelinessasanimportantfactortobeconsideredcan
enhanceaccuracy(Zhangetal.,2017).

Inthiswork,Criteriaisdefinedasasetofstandardsbywhichtheeffectivenessandqualityofa
recommendersystemisdeterminedwhileMetricsareasetofmeasurableattributesthatcanbeused
todetermineperformanceofarecommendersystem.Evaluationistheprocessofjudgingthequality,
importance,orvalueofarecommendersystem.(AfolabiandToivanen,2018).Themainobjective
ofthisworkistoharmonizeandcategorizemetricsandcriteriaforevaluatingrecommendersystems
andnothowtheyaremeasured.Severalauthorshavedealtwiththisotherobjectivesofthiswork
includesdeterminationofrelevantmetricsandcriteriaforevaluationofrecommendersystemsin
healthcare,determinationofthedegreeofimportanceofeachmetricorcriteriontothestakeholders,
andascertainingtherelationshipbetweendegreeofimportantofthemetricsandcriteriaandthe
institutionwherestakeholderscarryout their researchactivities,Afteranalyzing theresultofan
onlinesurvey,speed,timeliness,accuracy,andusefulnessareonthetopofmetricsonthedegree
ofimportancetostakeholders.Forcriteriahowever,providinginformationthatwillguideusersto
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usefuldecisions,Personalization-ability to infer theneedsofeachpersonandthensatisfythose
needs,andtakingintocognizancetheprogressionsofsomeailmentsandprovidingrecommendations
ofimmediateandfutureoccurrencesbasedonthisfollowinthatorderondegreeofimportanceas
indicatedbytheresultoftheanalysis.Thisisthefirstattemptatharmonizingandcategorizingmetrics
andcriteriaforevaluationofrecommendersystemsknowntotheauthors.Advantagesofharmonizing
andcategorizingmetricsandcriteriaforevaluationofrecommendersystemsinhealthcarearethe
abilitytoprovideguidanceforresearchersduringevaluation,helpdevelopersduringdevelopment
processes, provide a leap towards a universally acceptable checklist for evaluation, and ensure
flexibilityintheuseofthesemetricsandcriteria.Withthepresentationoftwodifferentperspectives
andfourdifferentprioritysets,theflexibilityofthechecklistisenhanced.

Theremainderofthispaperisorganizedasfollows.Followingthissectionisthebackground
tothestudy,detailingthecurrentandpreviouscontributionstothesubject.Researchdesignfollows
afterwhichtheresultofthestudyispresented.Thediscussionisthereafterpresentedandfinallythe
conclusionandfuturework.

BACKGRoUND

Recommendersystemshavecometoplayacrucialroleinthelifeofusersandotherstakeholders.
Asaresult,manysectorsofeconomyhaveimplementedrecommendersystemstoprovideeffective
services,althoughitsuseispopularlyknownine-commerce.Effectivenessoftheserecommender
systemsarejudgedbyevaluatingthemagainstknownmetricsandcriteria.Unfortunately,however,
according toourpreviouswork, someof the recommender systems inhealthcarehavenotbeen
evaluatedbyresearchersanddevelopers.(Afolabietal.,2015,Afolabi&Toivanen,2018))Those
thathaveevaluatedsomeoftheserecommendersystemshavedonesousingmetricsthatarepopular,
thathavebeenusedbyfamousresearchers(Zhong&Li,2016),orthatappealtothem.Thistheyhave
doneusingdifferentmetricsandcriteriaforevaluationwithoutanycollectivelyacceptableguideor
standard.Whileitmayappearfromresearchers’pointofviewthatthismethodhasnodeficiencyor
thatitiseasytouse,itisnottotallyhealthyforthefieldofrecommendersystemsdevelopmentand
forusers’community.Therefore,producingharmonizedsetsofmetricsandcriteriaforvaluating
effectivenessofrecommendersystemsisareasonableinvestmentinthisresearchdomain(Afolabi
et al., 2015).Realizing thisproblem, this articlepresents anewviablemethodofusingmetrics
andcriteriainevaluatingrecommendersystems.Onemajordrawbackthatmaycomefromusing
individualapproachinselectingmetricsandcriteriaforevaluationisthedifficultythatwillarise
frommeasuringandcomparingperformanceofrecommendersystemsuniformlyacrossregional
andinternationalboundaries,asiscommoninscientificcommunities.Thus,thereisneedtohavea
harmonizedsetofmetricsandcriteriaforevaluationofrecommendersystemsfromtheperspectives
ofdifferentinvolvingstakeholders.Thisworkisessentiallybasedonproducingharmonizedmetrics
andcriteriaforevaluationofrecommendersystemsfromthestandpointofresearchersandother
relevantstakeholdersandcategorizingthem.Therelevanceofmetricstoeffectivenessofsystems
usedinhealthcarecanbeseenfromhowtheyhavebeenconsideredinevaluatingdecisionsupports
systemsinadditiontoimageprocessingsystemssuchasLungs,tissuessegmentation,identification
andclassificationofvariousdiseases(RebouçasFilhoetal.,2016;ReboucasFilho,2017),stroke
diagnosis(RebouçasFilhoetal.,2017),Parkinsondiseasedisgnosis(deSouzaetal.,2018).

In recommender systems evaluation, onemetric standsout andhas beenwidelyused.That
metricisaccuracyusedbothforevaluatingrecommendersystemsandotherhealth-relatedsystems
suchasdecisionsupportanddiagnosticsystems(Sokolova&Lapalme,2009;RebouçasFilhoetal.,
2017;Rodriguesetal.,2018).Manyresearchersworkinginthisfieldandotherhealthrelatedfields
havearguedinfavourothermetricsbesidesaccuracybutalso,Specificityamongothers.(Ramalho
et al.,2014;CavalcantiNetoet al.,2016;Heet al.,2016). It is important to state that although
decisionsupportsystemsaredifferentfromrecommendersystemontheissueofpersonalization
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ofrecommendations,drawingexamplesfromsuchothersystems,ashasbeendonehere,helpsto
seetheimportanceresearchershaveplacedonevaluationmetricsunderconsiderationinthiswork.

Anothermetricofrelevanceinrecommendersystemsevaluationis timeliness.Timeliness is
thedegreetowhichtheinformationcontainedineachsourceiscontinuouslyupdated(Aciaretal.,
2007).Severalresearchersgenerallyagreethattimelinessisanimportantmetricinevaluatingthe
qualityofrecommenderssystemsandthatsomeactivitiesrequirestimeliness(O’MahonyandSmyth,
2009;LiandKao,2009;WolfeandZhang,2010;Fongetal.,2011;Zhangetal.,2018;Xuetal.,
2018),althoughitmaynotplayasignificantroleinsomeinstances(RusellandYoon,2008);ithas
beenseentobeasoneofessentialattributesthatdetermineseffectivenessofarecommendersystem
(Aciaretal.,2007)andoneofthelimitingattributesforonlineinformationprocessing(Zamanetal.,
2015).Somehavespecificallyconsideredtimelinessasoneofattributesthatdeterminethequality
ofrecommendations(Ciaramellaetal.,2010;Lvetal.,2015;Xuetal.,2018)

Furthermore,othershaveemphasizedvisibilityandrelevancebasedonthepremisethatforanitem
tobechosenitmustbeseen,andrelevantitemsarelikelytobechosen(Vargas&.Castells,2011).In
thecategorizationdoneinthiswork,relevancehasbeendefinedasrelatingtousefulness.Relevance
metricmeasureswhethertherecommendationisusefultotheuserinperformingtheparticularanalytic
task(Vartaketal.,2016).Concerningtherelevanceofanitemproducedbyarecommendersystem,
thereisgeneralagreementthatthisattributeshouldbeconsidered(Anellietal.,2017),andthatitis
animportantattributethatisdeterminedbyothermetrics(FrolovandOseledets,2017).Itemsthat
arehighlyratedareconsideredrelevant(Bellogínetal.,2011).Relevancemetricsevaluateshowfar
itemssuggestedbyarecommendersystemarerelevantfortheuserandthiscouldbeimprovedwith
diversification(ShafnaandRajendra,2017).Othershaveindicatedtheimportanceofrelevancein
theirworks(Wuetal.,2016;KamishimaandAkaho.2017).However,ithasalsobeenshownthat
orderofrecommendationsandpopularityofanitemisdeterminedbyrelevance(Vartaketal.,2016;
CanamaresandCastells,2018).

Another important metric is adaptability. Adaptability has been defined as changes in
recommendationsasaresultofchangesinuser’sprofile(McNeeetal.,2006;Saidetal.,2012).This
operatesinanenvironmentwhereitemscollections,trendsininterestonitemschangerapidly(Shani
andGunawardana,2011).Therefore,adaptabilityisoneofthekeyattributestobeconsidered(Wuet
al.,2012)becauseithasthepotentialtomakerecommendersystemsperformbetterandisconsidered
arecommendersystempersonality(McNeeetal.,2006;Torrent-Fontbona,2018).Somerecommender
systemshavebeendevelopedtoexplorethisuniqueattribute(Nathansonetal.,2007;Yangetal.,
2018).Inothercontexts,recommendersystemsmustbeadaptablesothattheycandeliverhighly
relevantinformationforpatients(WiesnerandPfeifer,2014).Otherresearchershaveadvocatedother
metricssuchasflexibility,scalability,andmodifiability,changeability,efficiensy,andengagement.
(Rossetal.,2008;Adams,2015;Heetal.,2016).Someofthemetricsherementionedarerelated
inattributeormeausretothemetricsandcriteriaextractedforuseinthiswork.Inarelevantwork,
certain criteria have been combined with a framework for evaluation of recommender systems.
Theresultingmodelhassome60questions(asimplifiedversionhas15questions)usedtoassess
thequalityofarecommendersystem(Puetal.,2011).Theframeworkisessentiallypredictiveis
evaluatinguser’smotivationforchoosingarecommendersystem.Nowthatrelevanceofevaluation
metricsandcriteriaforrecommendersystemsintheliteraturehasbeenexamined,attentionwillbe
directedtotheresearchdesigninthefollowingsection.

RESEARCH DESIGN

Thedesignof thisworkwasdivided into three stages.The first stage is identifyingall relevant
stakeholders.Thisincludesresearcherswhohavefocusedonandmadeimportantcontributionsinthe
fieldofrecommendersystemswithspecificreferencetohealthcare.Othersarephysicians,patients,
andcaregivers.Thesecondstageisidentifyingthemetricsandcriteriathattheyusedforevaluation
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oftheirrecommendersystemsandcollatingthem.Sincetheearlierworkoftheauthorsindicatesthat
manyworksreviewedonrecommendersystemsinhealthcarewerenotevaluated,thesearchlightwas
takentothedomainofrecommendersystemsingeneral.Asaresultofthissomemetricsandcriteria
wereidentified.ThesehavebeencategorizedasillustratedinTable1.Inthiscategorization,main
metricsareindicatedwhileotherproperties,qualitiesormetricsthatarerelatedtothemainmetrics
areincluded.Forexample,nearnessisrelatedtoaccuracywhichisthemainmetric.Thiswasarrived
atafterseveralsessionsofbrainstorming.Inthethirdstage,usingthemetricsandcriteriathathave
beenidentified(asshowninTables2and3),anonlinesurveywasconductedtodeterminehowmuch
thestakeholdersagreewitheachofthemetricsandcriteriaontheirimportanceintheevaluationof
recommendersystems.Keyresearcherswhohavemaderemarkablecontributionsalongwithother
relevantstakeholdersfromhospital,researchinstitute,andtheindustrywereinvitedtorespondto
theonlinesurvey.Remindersweresentoutatfrequentintervalsforsomethreemonths.Thedegree
ofimportancewasmeasuredusingthefollowingcategorization;leastimportant,slightlyimportant,
somewhatimportant,veryimportant,andextremelyimportant.Thisisrankedfrom1astheleast
importantto5asextremelyimportant.Thedecisiontouseonlinesurveywasborneoutoftheneed
tomakeaccessibilitytothesurveybyrespondentsanditsadministrationeasier,withoutgeographical
boundarieshinderingtheprocess.Althoughquestionswereinitiallysentouttorespondents,butit
wasfoundoutthatthebestwaytogowouldbeonlineassuggestedbyoneoftherespondents.

Identifying Interest Groups and Stakeholders
Asmentionedearlier,thefirsttaskwastoidentifythestakeholders(alsocalledtheinterestgroup).
Thisisdonebyidentifyingwhattheydoandwheretheywork.Theinterestgroupandthestakeholders
havebeencategorizedintothefollowing:

• Researchers–Academic,industry
• Implementers–Industry,Government,Hospital
• Users–Hospital,Government,Hospice,Home

Table 1. Categorization of metrics for evaluation of recommender systems

S/N Metric Related Metrics/ Qualities/ 
Properties Reference (Authors)

1 Speed Pre-surveystudy/Authors’experience

2 Accuracy Nearness,(precision,recall,
fallout-Methods)relevance

Breeseetal.,1998;Herlockeretal.,1999;Shardanand
&Maes,1995;Wiesner&Pfeifer,2014;Ragoneetal.,
2017

3 Relevance Precision Zhong,&Li,2016

4 Usefulness Quality,closeness,utility,
diversity,relevance DelOlmo&Gaudioso,2008;Geatal.,2010

5 Specificity Pre-surveystudy/Authors’experience
Ramalhoetal.,2014

6 Reliability Confidence,trust Duanetal.,2011Herlocker,etal.,1999;Swearingen&
Sinha,2001

7 Adaptability Scalability,adaptivity Shani&Gunawardana,2011;McNeeetal.,2006

8 Robustness Coverage,stability,novelty,
serendipity

Geetal.,2010;O’Mahonyetal.,2004;Shani&
Gunawardana,2011

9 Timeliness Contextcompatibility Zhangetal.,2017
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Thiscategorizationisnotaveryrigidone.Therecouldbeoverlapinthefunctionsofindividuals
orinstitutionsinthesecategories.Thiscategorizationhelpedintoreachingouttootherstakeholders
whoarenotinthemainstreamofresearchandacademic.Thisoverlapoffunctionsisdepictedin
Figure1.Thisimpliesthatacademicstakeholderscanfunctionasaresearcher,implementer,and
userdependingonwhatfunctiontheindividualassumesatanygiventime.

Important Issues to Be Resolved
Attheinitialstage,someissuesthatmightseemdifficulttoresolveandmighthindertheprogressof
theprojectwereconsideredandreviewed.Therefore,duringbrainstormingstage,amockinteraction
betweenusandtheintendedrespondentswascreated.

Table 2. Table of metrics

S/N Metric

1 Speed

2 Accuracy

3 Relevance

4 Usefulness

5 Specificity

6 Reliability

7 Adaptability

8 Robustness

9 Timeliness

Table 3. Table describing evaluation criteria and variables describing them

Variable Criterion

V10 Personalization-abilitytoinfertheneedsofeachpersonandthensatisfythoseneeds

V11 Shouldbeabletoperformasmanyrecommendationsaspossiblepersecondformillionsofusersanditems
simultaneously

V12 Shouldhavelearningcapabilitiesfromuser’spreferencesandcurrenttrends

V13 shouldbeabletoguideusersinapersonalizedandusefulwaytowardsmeetingtheiraims

V14 shouldtakeintocognizancetheprogressionsofsomeailmentsandproviderecommendationsofimmediate
andfutureoccurrencesbasedonthis

V15 Shouldhavetheabilitytogiverecommendationsreal-time

V16 Shouldprovideinformationthatwillguideuserstousefuldecisions

V17 Shouldhavetheabilitytoeducate

V18 Shouldbeuser-basedevaluationofthesystemasawhole

V19 Interestingtotheuser

V20 Shouldgivepredictionsthatmatchuser’sinterests
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Setting the objectives
Inordertobewellguided,therewastheneedtosettheobjectivesfortheresearch.Thefollowing
aretheobjectivesset:

1. Todeterminetherelevantmetricsforevaluationofrecommendersystemsinhealthcare;
2. Todeterminethedegreeofimportanceofeachmetrictothestakeholders;
3. Todeterminetherelevantcriteriaforevaluationofrecommendersystemsinhealthcare;
4. Todeterminethedegreeofimportanceofeachcriteriontothestakeholders;
5. Todeterminetherelationshipbetweendegreeofimportantofthemetricsandtheestablishment

(job)ofstakeholders;
6. Todeterminetherelationshipbetweendegreeofimportantofthecriteriaandtheestablishment

ofstakeholders(whathedoes,whereheworks);
7. Toproduceandcategorizeharmonizedmetricsforevaluationofrecommendersystems

inhealthcare;
8. Toproduceandcategorizeharmonizedcriteriaforevaluationofrecommendersystems

inhealthcare.

RESULT

Bymeansofanonlinesurvey,opinionsofforty-fourexperiencedresearchersandotherstakeholders
fromeightcountriesandfourcontinentsweresoughtontherelevanceofidentifiedmetricsandcriteria.
Attheexpirationofthesurvey,thedatacollectedwassubjectedtoanalysisinordertodecipherthe
thinkingofvariousstakeholderswhorespondedandcomeupwithsomeformofharmonizedset
ofmetricsandcriteria forevaluationof recommenders systems inhealthcare.The responsewas
consideredbasedoneachoftheobjectivesofthiswork,indicatedasfollows.

Determining the Relevant Metrics for Evaluation of Recommender 
Systems in Healthcare and Their Degree of Importance
FromTable4,itcanbeseenthat,25respondentsrepresenting56.8%feelthatspeedisextremely
important while 24 respondents representing 54.5% choose timeliness as extremely important.
Accuracy and timeliness have 19 and 23 individuals respectively who consider them extremely
important.These represent43.2%and52.3%, respectively.Themean for these top fourmetrics:

Figure 1. Interrelationship among stakeholders
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speed,timeliness,accuracy,andusefulnessare4.41,4.32,4.23,and4.23inthatorder.Adaptability
alsohas15respondentswhichrepresents34.1%choosingthemetricasextremelyimportantwhile
relevance,specificity, reliability,androbustnesshavebeenchosen tobevery importantwith25,
13,17,and17respondentsrespectivelyrepresenting56.8%,29.5%,38.6%,and38.6%inthatorder.
Theirmeansarerelevance(3.98),specificity(3.63),reliability(3.53),androbustness(3.43)while
themeanforadaptabilityis3.86.

Determining the Relationship Between Degree of Importance of the 
Metrics and Criteria and the Establishment (job) of Stakeholders
Table5showstherelationshipsbetweenthesevariablesandthechoiceofrankofthemetricsacross
differentcontinentswheretherespondentsworkasfollows.Forveryimportantrankatotalof63.6%
forAfrica,4.5%forAsia,15.9%forNorthAmerica,and236.4%forEuropeweregotten.Asforthe

Table 4. Frequency and mean table for metrics

Metrics Least 
Important

Slightly 
Important

Somewhat 
Important

Very 
Important

Extremely 
Important Mean SD

Speed 1(2.3) 1(2.3) 2(4.5) 15(34.1) 25(56.8) 4.41 0.87

Timeliness 1(2.3) 1(2.3) 5(11.4) 13(29.5) 24(54.5) 4.32 0.93

Accuracy 1(2.3) 6(13.6) 1(2.3) 17(38.6) 19(43.2) 4.23 0.87

Usefulness 1(2.3) 1(2.3) 8(18.2) 11(25.0) 23(52.3) 4.23 0.99

Relevance 1(2.3) 1(2.3) 8(18.2) 25(56.8) 9(20.5) 3.98 0.71

Adaptability 1(2.3) 5(11.4) 8(18.2) 13(29.5) 15(34.1) 3.86 1.12

Specificity 1(2.3) 2(4.5) 16(36.4) 17(38.6) 7(15.9) 3.63 0.90

Reliability 1(2.3) 4(9.1) 15(34.1) 17(38.6) 6(13.6) 3.53 0.93

Robustness 2(4.5) 8(18.2) 12(27.3) 13(29.5) 9(20.5) 3.43 1.15

Table 5. Cross tabulation of metrics against the country where stakeholders work

Degree of Importance
Continent

Total
Africa Asia North America Europe

LeastImportant
Count 0 0 0 9 9

%ofTotal 0.0% 0.0% 0.0% 20.5% 20.5%

SlightlyImportant
Count 3 1 2 17 23

%ofTotal 6.8% 2.3% 4.5% 38.6% 52.3%

SomewhatImportant
Count 6 4 7 63 80

%ofTotal 13.6% 9.1% 15.9% 143.2% 181.8%

VeryImportant
Count 28 2 7 104 141

%ofTotal 63.6% 4.5% 15.9% 236.4% 320.5%

ExtremelyImportant
Count 26 2 20 89 137

%ofTotal 59.1% 4.5% 45.5% 202.3% 311.4%

Total
Count 7 1 4 32 44

%ofTotal 15.9% 2.3% 9.1% 72.7% 100.0%
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extremelyimportantrank,59.1%forAfrica,4.5%forAsia,45,5%forNorthAmericaand202.3%
forEurope.Table5clearlyindicatestheresultforthekindofinstitutionswheretheyworkandthe
bearingthismayhaveontheirchoiceofrankforthedegreeofrelevanceofthesemetrics.Forvery
important20.5%comesfromresearchinstitute,256.8%fromUniversity,25%fromhospital,and18.2%
fromtheindustry.Theresultforextremelyimportantshows20.5%,forresearchinstitute,247.7%
fromtheuniversity,34.1%fromthehospital,and9.1%fromtheindustry.Thetotalpercentagefor
veryimportantrankis320.5%while311.4%isfortheextremelyimportant.

ThescattergraphsinFigures2a–2c,showtherelationshipbetweeneachofthemetricsandthe
institutionswhererespondentswork.Theessenceofthisistoascertainifthechoiceofrespondentson
themetricshasanythingtodowiththeirplacesofwork.Forinstance,isitpossiblethatrespondents
workinginthehospitalwillfavorrobustnessoverothermetricsorthepatientswillfavortimeliness
overothermetrics?Thescatterdotssimplyshowthatnopositiverelationshipexistsbetweenthechoice
ofmetricsbytherespondentsandtheinstitutionwheretheypractice.Therefore,itmaybeconcluded
thatthechoiceofmetricsbythestakeholdersdoesnothaveanyrelationshipwiththeinstitutions
wheretheypracticebutlikelydependsonindividual.However,asthegraphshaveshown,thereexists
nosuchrelationship.Although,thisresultseemsinterestingbutfurtherresearchwillbeconducted
thatwillbeinstitution-basedwhichwillhelpconfirmthecurrentfinding.

Determining the Relevant Criteria for Evaluation of Recommender 
Systems in Healthcare and Their Degree of Importance
Therelevanceofthehighlightedcriteriaintheevaluationofrecommendersystemsinhealthcarecan
beseenfromTable6.Atthetopofthetableofmeanistherecommendersystem’sabilitytoprovide
informationthatwillguideuserstousefuldecisionswiththemeanof4.43andacountof29(65.9%)
respondentsfeelingitisextremelyimptable7

Figure 2a. The scatter line graph of institutions against metrics (the dots show no agreement)
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Figure 2b. The scatter line graph of institutions against metrics (the dots shows no agreement)

Figure 2c. The scatter line graph of institutions against metrics (the dots show no agreement)
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ortant.ThreeothercriteriaonthetopofthemeantablearePersonalization-abilitytoinfertheneeds
ofeachpersonandthensatisfythoseneeds(4.05),abilitytotakeintocognizancetheprogressions
ofsomeailmentsandproviderecommendationsofimmediateandfutureoccurrencesbasedonthis
(4.00),abilitytobeabletoguideusersinapersonalizedandusefulwaytowardsmeetingtheiraims
(3.95).ontheotherhand,theabilitytoprovideinformationthatwillguideuserstousefuldecisions,
andtheabilitytogiverecommendationsreal-timehaveextremelyimportantasdegreeofimportance
tobehighest,29 (65.9%),and15 (34.1%) respectively.However,14 (31.8%)of the respondents
choosebothveryimportantandextremelyimportantfortheabilityofarecommendersystemtogive
recommendationsthatareinterestingtotheuser.

DISCUSSIoN

Whilewaiting for responsesof the invitedstakeholdersa lotofanticipation in theirdiversityof
opinionsandthenumberofresponsesthatwouldbeobtainedwasbuilt.Asaresult,whenfinally
confrontedwithsomefeedback issues, itwasnotcompletelysurprising.Thefollowingfeedback
issueswererecordedfromtheonlinesurveyconductedanddespitesendingoutrepeatedreminders
totheinvitedstakeholders

Someoftheinvitedrespondentsdidnotrespondduetothefollowingreasons:

1. Timetorespond;
2. Nointerestanylongerinthefield;
3. Leftacademicandnolongeractiveinthefield(acoupleofthesespecificallywrotebackto

mentionthis);
4. Nointerestintheresearch.

Determining the Relevant Metrics for Evaluation of Recommender 
Systems in Healthcare and Their Degree of Importance
Theresultoftheanalysisoftheresponsesofthestakeholdersshowsthefirstfourmetricsthatare
consideredrelevantfortheevaluationofrecommendersystemsarespeed,timeliness,accuracyand
usefulness.Wheninformationisneededtheusersconsiderthetimeittakestofetchtheinformation

Table 6. Frequency and mean table for criteria

Metrics Least 
Important

Slightly 
Important

Somewhat 
Important

Very 
Important

Extremely 
Important Mean SD

V16 1(2.3) 1(2.3) 5(11.4) 8(18.2) 29(65.9) 4.43 0.95

V10 1(2.3) 1(2.3) 9(20.5) 17(38.6) 16(36.4) 4.05 0.94

V14 1(2.3) 2(4.5) 10(22.7) 17(38.6) 14(31.8) 4.00 0.87

V13 1(2.3) 2(4.5) 8(18.2) 19(43.2) 13(29.5) 3.95 0.95

V12 2(4.5) 1(2.3) 6(13.6) 27(61.4) 9(20.5) 3.93 0.87

V20 1(2.3) 3(6.8) 11(25.0) 16(36.4) 13(29.5) 3.91 0.92

V17 1(2.3) 3(6.8) 8(18.2) 19(43.2) 12(27.3) 3.88 0.98

V19 2(4.5) 5(11.4) 7(15.9) 14(31.8) 14(31.8) 3.79 1.18

V15 3(6.8) 5(11.4) 8(18.2) 13(29.5) 15(34.1) 3.73 1.25

V18 4(9.1) 17(38.6) 12(27.3) 10(22.7) 10(22.7) 3.65 0.95

V11 2(4.5) 7(15.9) 18(40.9) 10(22.7) 6(13.6) 3.26 1.05
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becausetimeisanessentialcommodity.Thismayaccountforthereasonforaccordingtimeahigh
priority.Havingtimelinessinthetopfourprioritylistisnotsurprisinghoweverbecauseeveryone
isconcernedaboutgettinginformationinatimelymanner.Inhealthcare,thisisimportantbecause
gettinginformationinatimelymannermaysavesituationfromdeterioratingandmayevenresultin
savinglives.Accuracynodoubtshouldbeimportantinhealthcarebecauseforanyrecommendations
toachieve theirdesiredobjectives, then theaccuracycannotbecompromised. Inotherdomains,
accuracymaynotmeansomuch,asmanyresearchershaveopined,however,thisisnotthecasein

Table 7. Continental response cross tabulation for evaluation criteria

Degree of Importance
Continent

Total
Africa Asia North America Europe

LeastImportant
Count 1 1 0 11 13

%ofTotal 2.3% 2.3% 0.0% 25.0% 29.5%

SlightlyImportant
Count 3 0 5 25 33

%ofTotal 6.8% 0.0% 11.4% 56.8% 75.0%

SomewhatImportant
Count 9 4 6 88 107

%ofTotal 20.5% 9.1% 13.6% 200.0% 243.2%

VeryImportant
Count 29 3 13 127 172

%ofTotal 65.9% 6.8% 29.5% 288.6% 390.9%

ExtremelyImportant
Count 34 3 19 95 151

%ofTotal 77.3% 6.8% 43.2% 215.9% 343.2%

Total
Count 7 1 4 32 44

%ofTotal 15.9% 2.3% 9.1% 72.7% 100.0%

Table 8. Institutional response cross tabulation for evaluation criteria

Degree of Importance
Institution

Total
Research University Hospital Industry

LeastImportant
Count 1 12 0 0 13

%ofTotal 2.3% 27.3% 0.0% 0.0% 29.5%

SlightlyImportant
Count 0 30 1 2 33

%ofTotal 0.0% 68.2% 2.3% 4.5% 75.0%

SomewhatImportant
Count 10 82 6 9 107

%ofTotal 22.7% 186.4% 13.6% 20.5% 243.2%

VeryImportant
Count 14 136 13 9 172

%ofTotal 31.8% 309.1% 29.5% 20.5% 390.9%

ExtremelyImportant
Count 8 128 13 2 151

%ofTotal 18.2% 290.9% 29.5% 4.5% 343.2%

Total
Count 3 36 3 2 44

%ofTotal 6.8% 81.8% 6.8% 4.5% 100.0%
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healthcarewherelivesareatstake.Therefore,itisnotsurprisingtoseeusefulnessmakingthefirst
fourinthelistofrelevantmetricsforevaluatingrecommendersystems.Inthecandidopinionofthe
authors,anyrecommendationsthatdonotproveusefultotheuserhavenoplaceinhealthcare.One
ofthemainreasonsforseekingrecommendationsinhealthcareistofindituseful.Whileitcanbe
saidthatdeterminingthismaybealittledifficult,sincethedeterminingwhetherarecommendation
isusefulornotdependslargelyonthejudgmentoftheuser,thismetricisattheheartofratinga
recommendersystem’seffectiveness.

Theresulthowevershowsothermetricsnotfindingaplaceinthetoplistandthisisappalling
totheauthorsbecauseoftheirperceivedrelevanceinhealthcare.Oneinstanceofthisisreliability.
Thismetricshowsupassecondtothelastonthemeantable.Inthepre-surveyopinionconducted
wehadthoughtthatforanyrecommendationstobeacceptabletotheusers,especiallyinhealthcare,
thesourceofsucharecommendationmustbereliable.Lookingatthismetricfromthisperspective,
itseemsthatnotuserwillbeinclinedtoacceptarecommendationwhosesourcecannotbejudgedto
bereliable.Althoughthisresultisnotdismissingreliabilityasrelevant,placesitinthepositionthat
iscontrarytowhattheauthorshadthought.

Determining the Relevant Criteria for Evaluation of Recommender 
Systems in Healthcare and Their Degree of Importance
Criteriaforevaluatingrecommendersystemsarevery importantandaresomehowrelated to the
metricsinsomeways.Theresultoftheanalysishowever,hassprungsurprisesthough.Thetopfour
criteriafavoredbyrespondentsareprovidinginformationthatwillguideuserstousefuldecisions,
personalization-abilitytoinfertheneedsofeachpersonandthensatisfythoseneeds,takinginto
cognizancetheprogressionsofsomeailmentsandprovidingrecommendationsofimmediateand
futureoccurrencesbasedonthis,andabletoguideusersinapersonalizedandusefulwaytowards
meetingtheiraims.Mostoften,usersdigoutinformationwhentheyarefacedwithdecisionmaking.
Asaresultoftheirlimitedskillorknow-howonthesubjectmatter,theyareopentohelpfromexperts
inthefield.Thisthusinformstheirdecisiontoseekrecommendations.Suchinformationshouldnot
failtoguidethemtousefuldecisionsthen.

It is not surprising however, that high priority is accorded personalization. Personalization
hasbeen themarkeddifferencebetween the functionofa recommendersystemandanordinary
predictivesystem.Theresultofthesurveyhasjustconfirmedthis.Arecommendersystemshould
beabletoinfertheneedsoftheuserandthenmakeprovisionsforsatisfyingthem.Thistherefore
suggeststheundisputableabilityofarecommendersystemtomakepersonalizedrecommendations
toaparticularuser.

Ofvital interest is the indicationfromthesurvey thatsuggests theneedfora recommender
systemtobeabletogivepredictiverecommendations.Thisfeaturewillfindagreatusefulnessin
healthcare,especiallyforchronicandprogressiveillnesses.Whenarecommendersystemisableto
providepredictiverecommendations,bymeansofapowerfulartificialintelligenceprocess,illnesses
thatareprogressiveinnaturecanbemanagedwithlessstress.Manyindividualsarefacedwitha
situationinwhichtheymaynotknowwhattoexpectastheirillnessesprogress,andthusmaynot
bepreparedforthechallengesthatcomealongwithsuch.Theabilityofarecommendersystemto
makerecommendationsthatwilladdressthesechallengesisimportant.

Determining the Relationship Between Degree of Important of the 
Metrics and Criteria and the Institutions where Stakeholders work
Althoughtheresultfromtheanalysisoftheresponsedoesindicatethatcontinentwheretherespondents
carryouttheirresearchandtheinstitutionwheretheyworkhavenoeffectontheirresponses,itis
obviousfromtheresultthatmoststakeholderswhohadrespondedcomefromEurope.Thismaybedue
tothefactthatmostoftheresearcherswhoseworkwehadreviewedwerefromEurope,althoughwe
invitedmanyresearchersandotherstakeholdersfromotherpartsoftheworld.Besides,otherfactors
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thatwehavehighlightedabovemayberesponsibleforthis.TheresultsindicatedinTables5and7
clearlyshownosignificantdeparturefromeachother.Asshown,agreatnumberofrespondentsare
oftheopinionthatthemetricsareveryrelevantandindicatedbythetotalpercentageofthosewho
choseveryimportantandextremelyimportant.

Harmonizing the Metrics
Inharmonizingthemetrics,logicalreasoningandruleofthumbshavebeenadopted.Asaresult,the
followinghavebeendeducedfromtheresultofthesurvey.Table9indicatestheorderofpriorityby
themajorityoftherespondentsandbythemeanfromtheanalysis.

Fromthetable,itcanbeseenthatthereisathinlinebetweensomewhatimportantandvery
important for the followingmetrics,Specificity (somewhat important- 16, very important - 17),
Robustness(somewhatimportant-12,veryimportant-13),andReliability(somewhatimportant-15,
veryimportant-17),Foraccuracyhowever,thereisalittlegapbetweenveryimportant(17or38.6%)
andextremelyimportant(19or43.2%).Thislittlegapbetweenthetwotopdegreesofimportancemay
beanindicationofsomeresearchers’shiftofattentionfromaccuracytoothermetricsasdiscussed
inthebackgroundsection.

Harmonizing the Criteria
Asindicatedunderharmonizingmetrics,norigidruleshavebeenfollowedinharmonizingthecriteria
aswell.However,sincemuchemphasishasnotbeenplacedoncriteriainthepastandintheliterature,
thesamelogicalreasoningandruleofthumbshavebeenappliedindeducingthecriteriafromthe
analysisoftheresultofthesurvey.Table10givesthesummaryofthis.

Thelittlegapcanbeobservedinthefollowingcriteriainthedegreeofimportance.Personalization,
betweenveryimportant(17or38.6%)andextremelyimportant(160r36.4%),andtheabilitytogive
recommendationsreal-time,betweenveryimportant(13or29.5%)andextremelyimportant(15or
34.1%)havelittlegapsbetweenthetwotopdegreesofimportance.However,forInterestingtothe
user,thereisatiebetweenveryimportantandextremelyimportantwitheachhaving14or31.8%.

Layman’s Logical Perspective Versus Statistics Logical Perspective
Theinterpretationsoftheanalysisoftheresult,thoughnotrigid,arecarefullyillustratedinFigures
3and4.InterpretationshavebeenpresentedfromtwodistinctperspectivesnamelytheLayman’s
logicalinterpretationandthestatisticslogicalinterpretation.Instronglyheldopinionbytheauthors

Table 9. Order of importance of the metrics

Metrics
Degree of 

Importance 
(Highest Count)

Count (%) Mean SD

Speed Extremelyimportant 25(56.8) 4.41 0.87

Timeliness Extremelyimportant 24(54.5) 4.32 0.93

Accuracy ExtremelyImportant 19(43.2) 4.23 0.87

Usefulness ExtremelyImportant 23(52.3) 4.23 0.99

Relevance VeryImportant 25(56.8) 3.98 0.71

Adaptability ExtremelyImportant 15(34.1) 3.86 1.12

Specificity VeryImportant 17(38.6) 3.63 0.90

Reliability VeryImportant 17(38.6) 3.53 0.93

Robustness VeryImportant 13(29.5) 3.43 1.15
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thetwoperspectivesarelogical.Simpleandlogicalexplanationfortheperspectiveillustratedwith
Figure3isthat,duringevaluationthemetricsinthetraylabeledextremelyimportantaretobegiven
thehighestprioritybeforeanyothermetricsintheremainingtrays.Ontheotherhand,itcouldalso
meanthatduringevaluation,themetricsinthetraylabeledextremelyimportantaretobeusedfirst,
thereafterthemetricsinthetraylabeledveryimportant.Thisordershouldbefollowedasindicated
bythebigarrow.

Itmayalsobepossibletousethestatisticalperspectivetodeterminetheevaluationmetrics.This
simplyandlogicallyimpliesthatorderofimportanceofthemetricsisasindicatedbythearrow.
Thisstepwiseordershowsweightofeachofthemetricsintheevaluationprocess.Oneareathatwill
needfurtherlightishowmuchofthesemetricsshouldbeusedbeforearecommendersystemcan
besaidtohavemettherequiredstandard.Moreresearcheffortsandsomeformofstandardization
mayberequired.Anotheronemaybeconsideringfactorsthatmaymakeitmandatorytoalterthe
orderpresentedabove.Theseareinterestingsubjectsforresearchthatcanbeexploredinthenearest
future.Figure4showstheevaluationorderbasedonstatisticalmeans.

Theapproachadoptedinpresentingandexplainingtheresultofanalysisofmetricshasalsobeen
adoptedforpresentingandexplainingthatofthecriteria,Figure5givesasimpleillustrationofthe
orderofcriteriainaLayman’sperspectivethatislogicalandeasytounderstand.Whethertoinclude
thetwocriteriaatthebottomofthestaircasemaydependonotherfactorssuchasthepurposeofthe
recommendersystemsandtheinstitution.

Categorization of Metrics and Criteria
Following the analysis of and logically reflecting on the result from the survey, there was
theneedtocategorizethemetricsandcriteriaforuseinevaluationofrecommendersystems

Table 10. Order of importance of criteria

Criterion
Degree of 

Importance (Highest 
Count

Count 
(%) Mean SD

Shouldprovideinformationthatwillguideuserstouseful
decisions ExtremelyImportant 29(65.9) 4.43 0.95

Personalization-abilitytoinfertheneedsofeachpersonand
thensatisfythoseneeds VeryImportant 17(38.6)) 4.05 0.94

Shouldtakeintocognizancetheprogressionsofsomeailments
andproviderecommendationsofimmediateandfuture
occurrencesbasedonthis

VeryImportant 17(38.6) 4.00 0.87

shouldbeabletoguideusersinapersonalizedandusefulway
towardsmeetingtheiraims VeryImportant 19(43.2 3.95 0.95

shouldhavelearningcapabilitiesfromuser’spreferencesand
currenttrends VeryImportant 27(61.4) 3.93 0.87

Shouldgivepredictionsthatmatchuser’sinterests VeryImportant 16(36.4) 3.91 0.92

Shouldhavetheabilitytoeducate VeryImportant 19(43.2) 3.88 0.98

Interestingtotheuser ExtremelyImportant/
VeryImportant 14(31.8) 3.79 1.18

Shouldhavetheabilitytogiverecommendationsreal-time. ExtremelyImportant 15(34.1) 3.73 1.25

Shouldbeuser-basedevaluationofthesystemasawhole SlightlyImportant 17(38.6) 3.65 0.95

Shouldbeabletoperformasmanyrecommendationsaspossible
persecondformillionsofusersanditemssimultaneously Somewhatimportant 18(40.9) 3.26 1.05
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Figure 3. The evaluation order based on the degree of importance (Layman’s Logical interpretation)

Figure 4. The evaluation order based on statistical means (Statistics Logical interpretation)
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inhealthcare.Sincethis is thefirstattemptatdoingthis,norigidrulesareprovidedfor this
purpose,however,itisbelievedthatthiswillproveusefulinevaluationprocessandwilllaya
solidfoundationforthisprocess.

Lookingat themetricsandcriteriacriticallyfromthestatistics logicalperspective,
thepresentationandinterpretationforusebecomesclearandstraightforward.However,
an analytical examination of the Layman’s logical perspective takes us a step further.
UsingthestepwisedegreeofimportancedepictedbytheLayman’slogicalperspective,the
metricsandcriteriacanbecategorizedintofourdifferentgroups,namelyhighpriority,
low priority, weak priority, and conditional high priority. Candidly, we are persuaded
of the logical soundness of this categorization. Each of the categorization is brief ly
describedasfollows.Itshouldbenotedthat,bythiscategorization, theauthorsarenot
recommendingthatsomeofthesemetricsandcriteriabeusedintheevaluationbecause
theyhavebeengroupedashighprioritywhileothersnotbeusedbecauseofloworweak
priority.Forcomprehensiveevaluationofanyrecommendersystemsitmaybenecessary
touseallmetricsandcriteria.

High Priority Set
Highprioritysetincludesthosemetricsandcriteriathatareextremelyimportanttothestakeholders.
These seem to essentially determine the effectiveness of a recommender system, and hence its
acceptabilitybytheusers.FromFigure3,examplesofmetricsinthiscategoryarespeed,timeliness,
accuracy,usefulnessandadaptability.ExamplesofcriteriafromFigure5areprovisionofinformation
thatwillguideuserstousefuldecisions,abilitytogiverecommendationsthatwillbeInterestingto
theuser,andtheabilitytogiverecommendationsreal-time.Metricsandcriteriathataresogrouped
areexpectedtobegivenhighpriorityduringevaluation.

Figure 5. The evaluation order based on the degree of importance of criteria (Layman’s interpretation)
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Low Priority Set
Asthenamesuggests,metricsandcriteriagroupedunderlowpriorityaregivensecondarypriority
duringevaluation.Theyaretobeconsideredafterconsideringthosebelongingtothehighpriority
set.Thisdoesnotindicatethattheyarelessimportantbutthattheyfallbehindthoseintheclassof
highpriority.ExamplesoflowprioritysetfromFigure3arerelevance,specificity,reliability,and
robustnesswhiletheexamplesfromFigure5arePersonalization,abilitytotakenoteofprogressions
ailmentsandrecommend,abilitytohelpuserstowardsmeetingtheiraims,abilitytohavelearning
capabilities,abilitytopredictive,andtheabilitytoeducate.

Weak Priority Set
Weakprioritysetcontainsthemetricsandcriteriathatfallbelowthelowprioritycategory.These
areusuallyfoundinthesomewhat,slightly,andleastimportantranksinthedegreeofimportance
ranking.Thishowever,doesnotimplythattheycannotandmustnotbeusedforevaluation.The
prerogativeofusedependsofresearchersandtheeffortsatcarryingoutcomprehensiveevaluation.
TherearenoexamplesthatcanbeusedtoillustratethissetfromFigure3becausethetraysforthose
ranksareempty.However,inFigure5,abilitytoperformmillionsofrecommendationspersecond,
andbeinguser-basedevaluationofthesystemasawholefallunderthisset.

Conditional High Priority Set
Metricsandcriteriaunderconditionalpriority setmaynot followanyof theabove ranks in the
degreeofimportanceranking.Otherfactorsmaydeterminetheuseofthesemetricsandcriteriain
theevaluationofrecommendersystems.Henceanymetricorcriterioncanbepulledfromanyofthe
categoriesandbeused.Suchfactorsastheobjectiveoftherecommendersystems,thetargetusers,
andthefunctionalpriorityamongotherscanbetakenintoconsiderationindeterminingthemetric
orcriterionthatfallsintothiscategory.AtypicalexamplefromFigure3isreliabilitywhichhasbeen
groupedunderlowprioritybutmaybecomeaconditionalhighpriorityinahealthcarerecommender
systemwherethereliabilityofrecommendationsisextremelyimportanttotheusers.

Advantages of our Method
Thefollowingadvantagescanbededucedfromthemethodofharmonizationandcategorizationof
metricsandcriteriaintheevaluationofrecommendersystemspresentedinthiswork.

Provision of Guidance in Evaluation
Before now, there had not been any known checklist of metrics and criteria for evaluation of
recommendersystems.Asstatedearlier,researchers’choiceofmetricsforevaluationofrecommender
systemsaredeterminedby their own researchobjectives, thekindof recommender system, and
sometimestheviewofknownresearchersinthefield.Withthiswork,itwillbeeasyforresearchers
andotherstakeholderstohaveaguideforevaluationoftheirwork.

Helpful for Developers in System Development
Developerswillnothavetolabortoomuchtodeterminewhattheirclientswillbelookingforinany
recommendersystem.Therefore, intheirvariousrecommendersystemdevelopmentprojects, the
expectedqualitiesofthesystemcancomplementtheireffortsatobtainingeffectiverequirementsfor
thesystemdevelopment.

Toward a Universal Guide for Evaluation
Asofnowandtothebestofourknowledge,therehasnotbeenanyuniversallyacceptedchecklistof
metricsandcriteriaforevaluationofrecommendersystemsinhealthcare.Researchershaveuseda
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specificmetricoracoupleofmetricsforevaluationbasedonwhattheyfeelshouldbeevaluated.In
thisstance,thisworkhasprovidedasuitableleapinthisdirection.

Flexibility on the Use of Any of the Perspectives as a Guide
Intheauthors’carefuleffortstoprovideaguidefortheuseofmetricsandcriteriaforevaluation
ofrecommendersystems,twoperspectivesnamelyLayman’sLogicalPerspectiveandtheStatistic
LogicPerspectivehave beenproposed.Anyof theseperspectives canbeused in the evaluation
processes.Thisallowsresearchersomeflexibilitytochoosetheperspectivethatsuitshisobjective.
Thecategorizationprocessalsoallowsthisflexibility.

Clinically Beneficial to Patients and Physicians
Sincethelistofmetricsandcriteriapresentedcanbeusedtoevaluaterecommendersystemsbefore
theyareused,physiciansandothercaregiverswillfinditeasymakingrecommendationstotheir
patientsonthechoiceofrecommendersystemsforeffectiveperformance.Inaddition,thephysicians
andothercaregiversthemselveswillfindthisdecisioneasiertomake.Thisisclinicallybeneficial
toboththepatientandcareprovider.

CoNCLUSIoN

Therelationshipbetweentheacceptabilityofarecommendersystemanditsperformancecannotbe
separated.Therefore,forarecommendersystemtopassthetestofacceptabilityandfindusefulness
amongteeminguserswhoselivesandworksdependonthissystemitsperformancemustbewell
aboveaverage.Determiningthissometimesmayposesomechallengesbecauseofthediversityof
opinionsofresearchersandotherstakeholdersworkinginthisdomain.Overtheyearsmanymetrics
havebeenusedtoevaluatetheeffectivenessofrecommendersystemsandtheseareoftenbasedonthe
solejudgmentofaresearcherorstakeholder.Asaresult,therehavebeenalotofdivergentopinions
astowhatsortsofmetricshouldbeusedforevaluationofrecommendersystems.

Inviewofthis,thesubjectwasexploredwithaclearobjectiveofharmonizingmetricsandcriteria
forevaluatingrecommendersystemsinhealthcare.Althoughourprimarydomainofapplicationof
thisworkishealth,westronglyholdthatourresultcanbeappliedtoevaluationofrecommender
systemsgenerally.Themetricsandcriteriathatweidentifiedwereusedinanonlinesurveytoelicit
opinionsofstakeholdersontheirdegreeofimportanceinusingthemforevaluation.Theresultof
thesurveywasthereafteranalyzed.

Theresultindicatesthatspeed,timeliness,accuracy,andusefulnessareatthetopofmetricsonthe
degreeofimportancetostakeholders.Toppingthelistofcriteriahoweverare,providinginformation
thatwillguideuserstousefuldecisions,Personalization-abilitytoinfertheneedsofeachpersonand
thensatisfythoseneeds,andtakingintocognizancetheprogressionsofsomeailmentsandproviding
recommendationsofimmediateandfutureoccurrencesbasedonthis.

Whilethisisthefirstattemptatharmonizingandcategorizingmetricsandcriteriaforevaluationof
recommendersystemsknowntotheauthors,theadvantagesofharmonizingandcategorizingmetrics
andcriteriaforevaluationofrecommendersystemsinhealthcarehavebeenpresented.Thesearethe
abilitytoprovideguidanceforresearchersduringevaluation,helpdevelopersduringdevelopment
processes,providealeaptowardsauniversallyacceptablechecklistforevaluation,ensureflexibility
in theuseof thesemetricsandcriteria,andclinicallybeneficial topatientsandtheirphysicians.
Withthepresentationoftwodifferentperspectivesandfourdifferentprioritysets,theflexibilityof
thechecklistisenhanced.

Thisresearchwasconfrontedwithcertainlimitations.Althoughthesurveyquestionsareeasy
toanswerandnottimeconsuming,manyoftheresearchers,perhapsbecauseoftheirbusyschedules
have limited time to respond despite repeated reminders sent. Another limitation is that not all
desiredresearchersandstakeholderscouldrespond.Someofthecontactedresearchersarenolonger
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interestedinthefieldwhilesomehaveLeftacademicandnolongeractiveinthefield.Acoupleof
thesespecificallywrotebacktomentionthis.Aninstitution-basedsurveycouldnotbeconductedas
planned.Thiswasduetotimeconstraints.However,thereareplanstodothisinthenearfuturein
ordertovalidatethecurrentconclusionsoncategorization.

Intheimmediatefuturethefocuswillbeoncarefullyisolatemetricsandcriteriagivenmore
weightineachinstitutionalreadyidentifiedandexpandingthecategorization.Hopefully,thisresult
willbetestedonanongoingprojectembarkedbytheauthors.
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