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Abstract

Recommender systems aim to provide users with a selection of items, based on predicting
their preferences for items they have not yet rated, thus helping them filter out irrelevant
ones from a large product catalogue. Collaborative filtering is a widely used mechanism to
predict a particular user's interest in a given item, based on feedback from neighbour users
with similar tastes. The way the user's neighbourhood is identified has a significant impact
on prediction accuracy. Most methods estimate user proximity from ratings they assigned to
co-rated items, regardless of their number. This paper introduces a similarity adjustment
taking into account the number of co-ratings. The proposed method is based on a concor-
dance ratio representing the probability that two users share the same taste for a new item.
The probabilities are further adjusted by using the Empirical Bayes inference method before
being used to weight similarities. The proposed approach improves existing similarity mea-
sures without increasing time complexity and the adjustment can be combined with all exist-
ing similarity measures. Experiments conducted on benchmark datasets confirmed that the
proposed method systematically improved the recommender system's prediction accuracy
performance for all considered similarity measures.

Introduction

In recentyearsthe exponentiaincreasen availabledataandinformation overloadhaveledto
agrowingcallfor recommendesystemsMany e-commercssitesrely on themto helpusers
efficientlynavigatehroughever-increasingqumbersand sizef productcataloguesAsthe
offerincreasesffectiverecommenderdecomesssentialo guideuserghroughthe plethora
of offersavailableRecommendesystemareoftenclassifiedn threecategoriescontent-
basediltering, thatrecommendstemswhosecontentsaresimilar to the user'spreviously
liked items[1]; collaborativdfiltering ( ), thattargetdtemsappreciatedy userswith similar
tasteg§2] andhybrid recommendergombiningthe two previouslydescribedapproache§3].
Comparedo the content-base@pproachthat reliesmainly on item attributes the collabo-
rativefiltering techniquetakesadvantagef tastesimilarities,which generalljeadso more
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accuratauserpreferencepredictions[4]. Startingfrom anincomplete(typicallysparse)
ratingsmatrix, collaborativdiltering aimsatfilling the matrix by predictinguserratings
for itemsthattheyhavenot yetevaluatedT o this end,two typesof collaborativefiltering ( )
approachebavebeenproposedmemory-based andmodel-based. Memory-based
approachegalsocalledneighbourhood-baskapproachesinfer aparticularuser'smissingrat-
ing by averagingherating valuefthe nearesheighbourdKNN) havingratedtheitem.
Thisneighbourhoods directly computedusingtheratingsmatrix. In contrastmodel-based
approachefirst compresshe matrix in areduced-dimensiotatentspaceahatwill serveasa
basidor the predictivevariableof supervizedearningmodels[5]. Forinstancethe matrix
factorizationtechniquecanbeusedto obtainareduced-dimensiomatingsmatrix [6].

Somerecommendesystem$proceedn two stepsfirst estimatinguserratings(rating pre-
diction) andthenrecommendinghelist of thetop rateditems(top-N recommendations)
while othersskipthefirst phaseanddirectly producealist of recommendedtems,hencemak-
ing top-N recommendationsvithout rating predictions Althoughreturning the list of sug-
gestedtemsmaybeconsideredasthe realgoalof recommendesystemswith item ratings
regardedasjustanintermediatestep,obtainingreliablerating estimationanayhaveits own
interest.For instancdt maydetectthat noneof theitemsreallyfit the user'sneedgthetop
itemshavinglow rating estimations)jt could prioritize the suggestedems;or combineusers
ratingsto obtainalist of suggestedemsfor aspecifiogroupof usersge.gfor socialrecommen-
dationsor customersegmentatiori7]. Thoughrelatedtherating predictiontaskandthetop-
N recommendationtaskarefundamentallydifferent,onebeingsomehowaregressionask
while the otheris aclassificatiorone. The currenttrend towardsdeeplearningapproachefas
stronglyimpactedrecentrecommendesystendevelopment$3, 9]. Thedevelopmenbf deep
learningapproachesasmostlyfocusedn thetop-N recommendatiortask,atwhichthey
now excelNeverthelessspointedout in [10], mostpublishedrecommendesystemsising
deepneuralnetworksdo not outperformcutting-edgememory-basedpproachesspecially
for rating prediction.Indeed,asemphasizedh [11, 12],the methodsthat perform beston top-
N recommendationsirenot thosethat performbeston rating prediction.For thetop-N rec-
ommendationtask,the differencebetweerdislikedandabhorreditemsdoesnot matter,while
it is crucialfor the rating predictiontask.This paperfocuse®n improving rating predictions,
ataskfor which,asconfirmedby the conductedexperimentsgdeeplearningapproacheare
not alwayghe bestsolutions We believethatimproving rating predictionscould benefitmany
applicationssuchassuggestin@restauranto agroupof friends,sincesomeonavho does
not mind goingto apizzeriais drasticallydifferentfrom someonevho absolutelyefusego
(e.g.becausef aglutenallergy).

Theaim of the paperis to improverating predictionsby refining the similarity estimations
involvedin computingusersheighbourhoodsn the memory-basedollaborativdiltering
context.To measurdhe similarity betweertwo usersmoststandardmetricsarerestrictedto
their co-rateditems.This limitation makessimilarity estimationsjuite unreliablefor users
who havefewrateditemsin common.In addition,itemsmaybeevaluatedlifferentlyfrom
othersbasedn the user'shackgroundknowledgeor personaktharacterThereforejt is also
necessaro considerthedisparityof rating distributionsbetweeruserq13].

We proposeanapproachnamelyEBCR(Empirical Baye<ConcordanceRatio),for refining
the estimationof pairwiseusersimilaritiesby takinginto accounti) thedisparityof rating dis-
tributions betweerusergthe CRpart), andii) the numberof co-rateditems(the EBpart). The
proposedsimilarity adjustmentis basedn aweightingconcordanceatio smoothedoy using
the EmpiricalBayesnodel.lts evaluationon benchmarkdatasetshowsencouragingredic-
tiveimprovements.
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State of the art
Memory-basedcollaborativefiltering

A recommendesystemnis designedo predict,for eachuser andeachitem thathe/shehas
notyetrated,therating”. that wouldassigrto . Two memory-basedollaborativdiltering
approachebavebeenproposedthe user-basedndtheitem-basedpproachTo determine
thevalueof” . , theformer approachmakesuseof ratingsassignedo item by userswith
tastesimilarto user 's, whereaghe latterapproachtakesadvantagef user 's ownratings
onitemssimilarto item [14]. Finallytheitemswith the highestpredictedratingsarerecom-
mendedto user . Below theformalizationof the proposedwork is basedn the user-based
collaborativdiltering context.Neverthelesst is worth noticing thatthe proposedwvork canbe
directlytransposedo anyitem-basedne.Theitem-basedpproachis particularlyefficientin
casesvherethe numberof userss muchlargerthanthe numberof items,thusrequiring
muchlesscomputermemoryto build theitem similarity matrix.

To predict” . , the memory-basedollaborativdiltering techniqueproceedsn two conse-
cutivestepsi) neighbourhooddentificationand2) rating prediction.We briefly summarize
theseawo stepdn thefollowing sections.

Neighbourhoodidentification. During thefirst phasethealgorithmaimsto determinea
neighbourhoodor thetargetuser. Tothisend,the nearesheighbourgKNN) approach,
whichis basedn pairwisesimilaritiesbetweerusersjstypicallyapplied.Let bethe setsof
usersand thesetofitems.Then,let bethe|| || incompleteratingsmatrixand & bethe
rating givento item byuser. Theneighbourhooddentificationrelieson the constructionof
al| || similaritymatrix (basedntheratingsmatrix ), where = denoteghesimilarity
betweerusers and . Aseachuser'sasteisrepresentedby aratingvectorieu=( , =1,
2,...,] D, thesimilarity betweerusers and canbeestimatedy the proximity between
their two rating vectorsu andv.

Thecosinesimilarity isametricinitially usedin theinformation retrievalfield to measure
the similarity betweerdocumentgepresentedyy word frequencyectorg15]. It isoneof the
mostcommonlyusedsimilaritiesin thememory-basedollaborativeiltering context.For-

mally, the cosinesimilarity betweerusers and , denotedby (, ), ismeasuredythe
cosineof and 's rating vectorsyestrictedto their co-rateditems ={2 | 67; and |
67;}.

Insteadof directly measuringhe similarity betweertwo vectors aswith , othermet-

ricsfirst calculateadistancebetweerthesevectorsandthenconvertit into asimilarity [13].
To calculatehe distancebetween and , theycanbeconsideredastwo pointspositionedin
anEuclidearspacef dimension| | | wherethe distancebetweernvectorsu andv caneasilybe
computed.ThesimpleEuclideardistancetendsto bebiasedjn the sensehat usershaving
ratedmanyitemsin commonwill, by construction,appearto bemore distantthanthosefor
whomthereareonly afewco-ratingslt is thereforepreferableo usethe MeanSquaredis-
tance(MSD) whosedefinition, recalledn Eq (1), isinspiredby the squareerror of a statistical
estimator[16]. Severafjenericstrategiesnaybeappliedto convertadistance  into asimi-
larity , suchascalculatingtsinversej.e. ! orusingthel formulaoncethedis-
tanceis normalizedinto [0, 1]. Eq(2) showsanexampleof the conversiorof Eq (1) to
similarity. Note that 1 is addedto the denominatorto avoida possibledivision by O.

2 .1t
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Anotherwidelyusedsimilarity metric[17] in the collaborativdiltering contextis the Pear-
soncorrelationcoefficient(PCC),i.e. (, ), whichmeasureshelinearcorrelationof
two vectorsNotethatin contrastto and whoserangeis [0, 1], therangeof

is[ 1, 1]. Thisdifferencecouldimpactthe evaluatiorbehaviourof the similarity
adjustmentproceduresThereforejn this article, (, ) isnormalizedto obtainvalues
in the[0, 1] intervalusingEq(3):

Lpe e .3t

Theresultingsimilarity measuras denotedby , which standsor the normalized
Pearsorcorrelationcoefficient.

Rating prediction. After havingdeterminedthe neighbourhoodor user, duringtherat-
ing predictionphasethe memory-basedollaborativdiltering algorithm makesuseof the
availableatingswithin the previouslydeterminedneighbourhoodTherating taskis typically
achievedy weightedaveraging's neighboursratings,in which neighbourweightsarebased
on their similarity valueswith respecto thetargetuser, sothatclosemeighbourshavemore
impacts.Eq (4) illustratesthe weightedaveragenethodfor the predictionof*. . The (, )
termin theequationrepresentshe similarity valuebetweeruser and (oneof 's neigh-
bours).The termrepresentshe determinedneighbourhoodor user .

Generallythe wayusersrateitemsis influencedby their personalitymood andcontext.
Thus,onalto 5rating scalean optimistic (resp.pessimisticuserwill seldomgiveascoreof 1
(resp.5) to anitem evenif he/shedoesnot like it (resp likesit). Users'rating distributionscan
thereforebeshiftedor compressedelativeto eachother.Ratingnormalizationis oftenusedto
overcomehis problem[13,18]. The z-scorenormalization,i.e.Eq(5) is anadaptationof Eq
(4),in whichtheratingsof eachuserarecentredandreduced:

X .
%QTT ... TS

with  and (resp. and ) representingheaverag@andthestandarddeviationof 's
(resp.'s) ratings.

The contribution of the proposedapproachs to adjustthe similarity measuremenin the
first phaseof the memory-basedollaborativdiltering algorithmin orderto identify amore
reliableneighbourhoodo beusedfor therating predictionphaseln the following sectionwe
discusghe disadvantagesf the conventionakimilarity measuresind presentsomeexisting
worksdealingwith thesedrawbacks.
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Disadvantage®f conventionalsimilarity measures

Althoughwidelyusedin the memory-basedollaborativdiltering context,the similarity mea-
suredescribedn the previoussectionhavedisadvantageld 9]. The Pearsorcorrelation
approacHirst positionseachobservationj.e.( , )8 2 ,ina2-dimensionakpaceand
thencalculateslinearcorrelation.However this approactis unreliablefor small | sets.
Considerthefollowingexampleu = (1,3,2,;, 1),v=(1,;, ;, 5,;) andw=(1,2,2,;, 1),i.e.
threerating vectorsthatrepresenthe preferencesf users, and for thesamefiveitems.
With the Pearsorcorrelationapproachthe obtainedsimilaritiesare: (, ) =1> (, )
=0.905whichis not desirabldbecaus¢he assumedimilarity between and isbasedna
singleobservationwhile the similarity between and isbasedn four observationdlt is
thusmoresurethat and havesimilartasteshan and . It seemshereforemorerelevant
touse's ratingsratherthan 's to predictwhatrating would giveto thefourth item asthe
predictionwould bemorereliable.The samephenomenorcanbeobservedvith , since
(, )=1> (, ) =0.9798As mentionedpreviously the main shortcomingof
thesesimilarity metricsis thattheyonly considerrating distributionsrestrictedto co-rated
items.In otherwords,theyoverlookthe numberof itemsco-evaluatedy usersandthusthe
factthat the reliability of the usersimilarity predictionincreasesvith the numberof co-rated
items.Managingtheresultinguncertaintycould makethe neighbourhoodcomputations
smootherandthe predictionsmoreaccurate.
It would beinterestingto attemptto remedythis drawbackby discountingsimilaritiesesti-
matedfrom only afewco-rateditems.In [13], the authorsproposedhe
factor(see=q(6)), which penalizesisersimilaritieswhenthe numberof co-rateditemsis
belowathreshold . Theyshowedhata -based recommendesystenusing
performsbetterin termsof rating accuracyThedisadvantagef this approachsits
potentiallackof genericity Asthe authorsonly evaluatedt with the Pearsorcorrelationcoef-
ficientmeasureon asingledatasetit is unknown howit would performwith othersimilarity
measuresVioreover,howto fix thethreshold is not straightforward The authorsadvisefix-
ing it to 50afterhavingtried various valuesHereagainthe genericitymaybequestionedin
addition, the approachdoesnot considerrating distributionsof other
usersAsthe method,which canbecombinedwith anysimilarity mea-
sure theapproachproposedn this paperfurther useghedistribution of all estimatedsimilari-

tiesin orderto improvetheir predictiveabilities.
8 o
< Lt B g g<;

I ' .6t

Contribution in terms of similarity measurement

In this section the detailsof the proposedapproacharepresentedT he notion of the proposed
ConcordancdRatio(the CRpart) is detailed followedby the descriptionof the proposed
adjustmentimethodperformedby the EmpiricalBayesnodel(the EBpart).

Relaxationof similarity by aconcordanceatio

In the collaborativdiltering context,two usersaregenerallyconsideredsimilar whenthereis
concordancdetweertheir tasteprofiles,i.e.their ratings.Here,wepropossfirstly to discretize
userratingsinto threeorderedcategoriese. and reflectingtheuser'saste
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for anitem, asdefinedby Definition 1. To alleviatethe disparityof rating behavioursamong
userswe carryout this discretizatiorbasedn the z-scoreasdetailedin Eq(7). The parameter

2 [0, 1] usedin Eq(7) isahyper-parametemnyvhich parameterizethe sizeof the area.
Definition 1. (Discretization of usertastes).! 2[0,1], ,
" # % &' :
8 . _
E like; —>
&.... T % dislike; —< LIt
neutral ;
Basedn this discretizationthe conceptof betweerusertastess definedby
Definition 2. Theproposed termisrelatedto two usersratingsof asingleitem

andweusethe term@concordantratio® for the measureof the overallprofile concordancef
two usersasdefinedby Definition 3.

Definition 2.(Concordanceof tastes).! 2 2 # 2  #
L& % (..) ' $ &)
=&( ).& c={2 &)
=&( )k
Thedefinition of isbasedn theapproachof [20], in whichthe authorsused
the notion with respecto privacyproblemsin recommendesystems.
Definition 3.(Concordanceratio). 2 2,
R % % %
#$

Theconcordanceatio for users and canbeinterpretedasthe probabilitythat and
would havethe sametastefor anewitem. We proposenewsimilarity measureslenotedas
anddefinedasthe productof the concordanceatio with oneof the previouslypresented
similarity metricsi.e. (, ), (, ) and (, ). Themetric (, ), ie.
Eq(8),correspondgo adiscountingof (, ) with respecto thetasteconcordancéoetween
users and .

S R, ¢ Lot ...8t

Adjustment of the concordanceatio via the Empirical Bayesmodel

Theproposedconcordanceatio alleviateshe problemrelatedto the disparityof rating distri-
butionsbetweerusersasthediscretizationof usertastess carriedout in the samewayfor
eachuserby consideringtheir specificrating distribution. For exampleconsideringal1to 5
rating scalearating of 3 for the sameatem couldexpresadifferenttaste(e.g like, dislike,neu-
tral) betweeroptimistic and pessimistiaisersNeverthelesghis mannerof measuringhe
concordancdetweeruserss still not fully reliable For exampleconsideringthe following
two concordanceatios:

- j. 290,

1 . ﬁ 300 0:97:

—

N ]—. ;.JA
] .

wlw

Users and seento havemoresimilartasteghan and whenconsideringtheir con-
cordanceatio valuesHowever, and only sharedheir opinionson threeitems,anysimilar-
ity estimationbetweerthemis necessarilhighly uncertainand shouldbe smoothedasthey
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couldhavea completelyifferentopinion on afourth item. To predict 's ratings,it seems
thereforepreferableo relyon 's ratingsratherthanon 's. Evenif (, ) isalittle lower
than (, ), itsestimationismuchmorereliablesinceit is basedn hundredsof evaluations.
This examplehighlightsthe needfor anadjustmento the concordanceatios,that shouldtake
into accountthe numberof co-rateditemsbetweerusersn orderto adjustthe smoothing
rangeaccordingto someinformation criteria.

Laplaceor smoothingis widelyusedin statisticsandmachinelearningdomainsin
orderto smoothmultinomial probability estimationswith regardto the sizeof the considered
sampleln the contextof concordanceatio adjustmentit is definedby Eq (9) where isthe
% parameter:

j ita

EEE ..ot

1% ...: 1t~

From aBayesiamoint of view,it correspondgo the updateof abetaprobability givena
non-informative(i.e.uniform) prior distribution. In this articleweproposeto makeuseof the
information containedin thewholesampleo determinethe parameters$o beusedto adjust
(or smooth)the proposedconcordanceatios,ratherthanusingpredefined and2 valueso
doso.

In [21], theauthorsproposedo applythe EmpiricalBayegnodelto correctthe probability
of asuccessfughotfor basebalplayersvho hadnot playedmuchduring aseasoninspiredby
thiswork, weproposeto penalizehe concordanceatiosbasedn few co-rateditems(i.e.

small| | sets)Theapproachconsiderghatthe proposedconcordanceatio ('J—J‘) isanalo-

gousto the probability of asuccessfighot,i.e. in the basebaltaseSpecifi-
cally,weassumehatthe concordanceatiosobservedn thetotal samplefollow abeta
distributionof ( (o, o), whichcouldbeusedasaprior distribution. gand oarethetwo
hyper-parametersf the betadistribution, which determinests shapeThevaluef gand g
areestimatecdby maximizingthelikelihood of theseparametergiventhe proportions
observemverthe entire datasetAfterwards,eachconcordanceatio valueis replacedpased
onthis(  distribution, by the corresponding/ distribution which shiftsit moreor
lessowardsthe averagealueof all the observegroportions,i.e.the expectedbservedlistri-
bution value Hence aratio basedn fewvaluese.g3, is highly correctedto becomecloserto
the ( distribution'sexpectationi.e.%, whilearatio estimatecbn manyvaluese.g 22 will
remainalmostunchangedThis approachallowsthe smoothedconcordanceatio to takethe
numberof co-rateditems(| , |) into accountMoreover this smoothingtakesadvantag®f
information aboutotheruserstastesyhich couldbeconsideredasa collaborativeextrastep.
Thus,wedefinethe EmpiricalBayesConcordancdRatio(EBCR)asthe smoothedor adjusted
versionof (, ) accordingto EmpiricalBayesmoothing:
| it e

j .t atb,

)W ..t

Finally,anysimilarity measurecould beadjustedby multiplying it by the EBCRweighting
term. Forexampletheterm)( * denotegheadjustedmeasurdor the (Cosine)
similarity, asillustratedby Eq(11).

- st st T A1t

Theadjustmentof gand oisapre-processingtepthatis performedonly once.Notethat
| . | mustbeidentifiedto beableto calculate (, ), | , |iscalculatedn atime
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complexityof (| | [), asisalsothe casdor (, ). Thereforecomputingthe similarity
between and hasthesamecomplexityin termsof computationtime regardlessf whether
or not it integrateshe EBCRweighting.

Assessment
Comparedapproaches

This sectionbriefly introducesthe comparedapproached=irst,wewould like to assesthe
impactof integratingsimilarity metricswith the proposedEBCRadjustmentduring the rating
predictionphasewithin memory-basedollaborativdiltering. Thus,wecomparethe memory-
basecdcollaborativdiltering methodusingbasicsimilarity metricswith the oneusingthe cor-
respondingadjustedsimilarity metrics.Secondywe comparethe proposedeBCRmethodwith
other previouslypresentedimilarity adjustmentmethodsj.e.the

approachEq(6)) andthe! % smoothingapproachEq(9)). Third, wearealsointerested
in broadeningthe assessmeilily comparingthe prediction performance®sf the proposed
memory-baseF approachwith the performance®f model-base@dpproacheslhelatter
mainly leveragaelimensionalityreductiontechniquessuchasmatrix factorizationand have
provento behighly accurateandflexible,notablywhentheratingsmatrix is sparsg22]. To
this end,weoptedto complementhe assessmeixperimentsy consideringthe following
modelsthe( [22], SVD(SingularvValueDecomposition)6], SVD++[23] modelsand
the NeuMF (NeuralMatrix Factorization]24] model,whichis basedn deepneuralnet-
works.Beforepresentinghe assessmeiatf our approachyebriefly describeeachof these
models.

Baseline. The( modelis consideredasoneof the referenceapproachefor model-
baseccollaborativeiltering. A priori, theratingof anitem givenbyauser dependnthe
item andthe user.An item maybemoreor lessappreciatedy the publicandausermayhave
amoreor lesssevereating behaviour Ratingscanthereforebe estimatediusinga simplelinear
modelwith two explanatoryariablegthe userandtheitem). Let+ bethe overallaveragef all
ratingsin thedatasetthenthe ( predictionof”. isdefinedby Eq(12)as:

AT omi## ..12%

where# and# representespectivelyhe separateiseranditem effectsReadersnayreferto
[22] for further detailson the ( approachandits variants.

SVDand SVD++. TheSVD (singularvaluedecompositionapproachs oneof themost
popularmodel-basedFapproachesl'he modelappliesmatrix factorizationtechniquego
mapusersanditemsto ajoint latentfactorspacenf reduceddimensionality andthelearnt
representationarethenusedto predictratings.Formally,eachitem isassociatedith afac-
torvector 2  andeachuser isassociatewith afactorvector 2 .Theinner prod-
uct of thesetwo vectorsin the latentvectorspaceepresentshe predictedrating, i.e.
~. 7 & Thelearningof thesefactorvectorsis typicallyconductedoy optimizing the regu-
larizedlossfunction on thetraining set(i.e. Eq(13)) usingstochastigradientdescent.

& £t .k kKt k Kkt 13t

.2
The SVD++approachs anextensiorof the SVD approachwhich considerghe perspective
of implicit feedbacKrom users.

Neural Matrix Factorization. NeuMFisacollaborativdiltering modelbasedn deep
neuralnetworks.In generalrecommendesystem®baseddn neuralnetworkstakethe user
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ratingsmatrix astheinput layerandgeneratea scorefor eachuser-itempair on the output
layer.Thehiddenlayersj.e.amulti-layer neuralarchitecturerevealhelatentstructuresof
userziteminteractions.The NeuMFapproacH24] is oneof the mostciteddeepneuralnet-
work-basedecommendatiorapproache§l0]. Specificallythe approachconcatenatethe last
hiddenlayersof two neuralnetworksithe GMF (Generalizedatrix Factorizationjandthe
MLP (Multi-Layer Perceptron) Themainideaof the GMF neuralarchitecturasto generalize
thematrix factorizationmodeli.e.Eq(13),in which latentfactorsaretreatedequallyandalin-
earfunction (theinner product)is usedto modelthe user-iteminteraction. The GMF neural
networkis capableof learningdifferentweightsfor eachlatentfactor.In addition, the useof a
non-linearactivationfunction atthe output layerallowsthe networkto considemon-linear
user-iteminteractions.The MLP neuralnetwork,unlike the GMF onewhich useonly afixed
element-wis@roductof p andq, enableshelearningof more subtleuser-iteminteractions
by addingmultiple hiddenlayerson theinput layer,consistingof the concatenatedectorof
p andq.Finally,thelasthiddenlayersof GMF and MLP arecombinedto generatahefinal
output scoreof agivenuser-itempair.

Thefollowing subsectionslescribeéhe datasetsind evaluatiormetricsused beforedetail-
ing the experimentaprotocol.

Datasets

Theexperimentabssessmeluf the proposedmethodis basedn threebenchmarkdatasets:
1the I - datasetwhich consistf 100,000atingsfrom 943userson 1,682mov-
ies;2)the ! datasetwhichrepresentscollectionof 1,000,209atingsassigned

by 6,040usersto 3,900moviesand3) the/ datasetwhich containsover1.7million ratings
of 140jokesfrom 59,13ZanonymouausersCollectedby the GroupLensResearciProjectat
the Universityof Minnesotatheratingsin the two moviedatasetarebasedn a5-point scale
[25]. The/ jokedatasetin whichtheratingsarespecifiedon a-10to 10continuousscale,
wasderivedfrom the Jestejokerecommendesysten]26]. Thesahreedatasetarewell-
known benchmarkdatasetin therecommendesystendomain[27]. Characteristicetailsof
theabovedatasetsregivenin Tablel.

Evaluationmetrics

In theliterature,the accuracyassessmeiaf recommendesystemss typicallydividedinto

two classesf evaluatiorscenariosi) % andii) % recommendationsEvalua-
tion metricsinvolvedin i), e.g.RMSE(Root-Mean-Squar&rror), measuréow wellarecom-
mendersystemwould performin the taskof predictinguserratings,whichis typicallydoneby
measuringhe differencesdetweerthe predictedratingsandthe actualonesfor thoseitems
whoserating valuesareknown. On the otherhand,evaluatiormetricsbasednthe % rec-
ommendationse.g.PrecisionRecallNDCG (NormalizedDiscountedCumulativeGain) etc.
aimto evaluatelist of recommendationsisawhole.Thiskind of evaluationscenario

Table 1. Datasetcharacteistics.

dataset #users #items #ratings rating scale density domain
MovieLers-100K 943 1682 100K [1,5] 6.30% Movie
MovieLers-1M 6,040 3,900 1M [1,5] 4.47% Movie
Jester 59.1K 140 1.7M [-10,10] 20.53% Joke

Thedatasetlensity,i.e.theinverseof the sparsity representshe percentagef cellsin the full user-itemmatrix that containrating values.

https://da.org/10.1371durnal.pon®255929.t001
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measurefiow welltherecommendesystemwvould performatranking the relevantitemsfor
theusere.g.theonesthat he/shehasliked or hasinteractedwith, aheadf their unrateditems.

The % basecdevaluatiorapproachs widelyadoptedn the contextof recom-
mendersystemsnotablyfor comparingcollaborativeiltering algorithms,e.g.the Netflix Prize
[28]. Although effectiveresearcherbavealsoclaimedthat % basednetrics
couldbeinaccuratdn somecaseds-or thatreasonyesearcherhaveinvestigatedhe compari-
sonandrelationshipbetweerthesewo classesf evaluatiormetrics[11,12,29].In [11], the
authorsfound thatthereis little/no correlationbetweerthesetwo kinds of metrics.In other
words,analgorithmthat performswell at predictinguserratingsdoesnot necessarilperform
equallywellwhendealingwith thetop-N recommendationsask.In [12], theauthorscom-
paredvariousalgorithmsin atop-N recommendationgontextandfound that algorithmsthat
aredesignedo rankitemsfor top-N recommendationgould outperformalgorithmsthatare
goodat predictingratings.

The currentwork dealswith the collaborativdiltering recommendatiorscenariowhichis
typicallyevaluatedy % basednetrics.Thus,weadoptedwo basicrating pre-
diction basednetrics,i.e.the mean-absolute-errMAE) andtheroot-mean-square-error
(RMSE):

P

o - Nl .14t
NP

) " ST ¥ ...15%
NP

where  denoteghe numberof predictedratings,i.e.thesizeof thetestset,while =~ and”.
respectivelylenotethe actualand predictedratings.LowerMAE andRMSEvaluescorrespond
to moreaccurateaating predictions.

Experimental protocol

This sectiondetailsthe experimentaprotocolusedto evaluatehe proposedEBCRmethod.
Threedifferent typesof method comparisons. TheproposedEBCRadjustmentis
assessedith respecto threetypesof comparisons:

1. Impactof the proposedEBCRadjustmentfor differentsimilarity measuresluring the
memory-basedollaborativdiltering prediction processTo this end,we comparecollabo-
rativefiltering approachesisingthe basicsimilarity measures,e. , and -

with the onesintegratingthe EBCRadjustmentWe adoptnamesof the similarity
measure$o denotethe basicapproachege.g. *. for theapproachwith cosinesimi-
larity). Notethatthe?. ©  (k-nearesneighbours}ermis combinedwith the similarity
label,asdifferentneighbourhoodsizesareconsideredor evaluationRespectivelythe
aEBCR%ermis addedto denotethe EBCRadjustmentge.g.)( * *. . Thistypeof
comparisonallowsto evaluate¢he relevanceaindthe genericityof the proposedadjustment.

2. Comparisonwith other state-of-the-arsimilarity adjustmentapproachesrlo this end,we
comparethe proposedEBCRmethodwith two existingadjustmentsthe
factor,i.e.Eq(6) andthe Laplacesmoothing,i.e.Eq(9). Theformeris denotedby
the 1 term(e.g.1* *.) whilethelatteris denotedbythe! one(e.qg.

xox ),
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3. Comparisonwith state-of-the-armodel-basedollaborativdiltering approachesrhe con-
sideredmodelsarethefollowing: ( ,  SVD,SVD++andNeuMF.Detailsof thesemod-
elsareprovidedat the beginningof the Assessmergection For this typeof comparisonwe
denotethe proposedapproachas?EBCR%or short.

Datasetsplit. Forthe experimentsyeperformeda5-fold cross-validationfor eachof
thethreeconsideredlatasetsyerandomlyseparatedhe entire datasetnto 5 sub-samplesf
thesamesizeandselecteanefor validation(testset) while the four otherswereusedasthe
training set. We thenrepeatedhis procesdy selectinganothersampleasthetestset,etc.
henceresultingin 5 differentMAE andRMSEvaluesAll of the comparedapproachesvere
trainedon the sameraining setsandevaluatewn the sameestsetsThe averag®f the 5
MAE and5 RMSEvalueswerefinally consideredor eachcomparednodel.

Chosenparametersfor models. TheproposedEBCRapproachhastwo main parameters,
i.e.theneighbourhoodsize(numberof neighbourswhoseratingsareusedfor rating predic-
tion) andthe parameter in Eq(7), which parameterizethe sizeof the areaof theuser
tastemodelling.Theneighbourhoodsizeis the sameparameterasfor basicnemory-base@F
approacheandthe onesintegratingwith the Laplacesmoothing(! ) or the

(1). Foreachdatasetyeconsidered differentneighbourhoodsizes{5, 10,20,
40,60,80,100,200}for thetwo moviedatasetand{5, 10,15,20,25,30,35,40}for the Jester
jokedatasetWe setthe parameter of the proposedapproachat 0.5afterobservinghatit had
anegligibleimpacton thefinal results Specificallyto determinethe valueof the parameter
in Eq(7), experimentavereconductedon the MovieLens-1Mdatasetith different values
for differentneighbourhoodsizesAsaresult(Fig 1), weobservedhatthe variationof the
parameter hadanegligibleimpacton thefinal resultsandthevalueof = 0.5leadgto slightly
betterresultswhenthe neighbourhoodsizeis small.

Another parameteffor memory-basedollaborativeiltering approachess relatedto the
wayonebuildsthe similarity matrix, i.e.user-basedr item-basedFor the/ jokedataset,
the experimentsvereconductedwith item-basedollaborativdiltering in orderto facilitate
computationsAsthejoke datasetontainsonly 140itemscomparingto 59.1Kusersijt is
moreflexibleto adopttheitem-basedapproachin this way,the sizeof the similarity matrix
(140 140)wasmuchsmallerthanthatbuilt for the user-basedpproach(59.1K 59.1K),
whichrequiresmuchmore computermemory.Forthe moviedatasetshe experimentavere
conductedusingthe user-basedpproach.

Regardinghe specificparameter®f the comparedadjustmentapproachesd,e.the signifi-
canceweighting( 1) andthelLaplacesmoothing(!), wefollowedrecommendationgro-
videdby the authorsof the correspondingvorks[13, 30]. Thus,thethreshold usedin the 1
approachtq (6) wassetto 50andthe pseudocounparameter forthe! approachwassetto
1 (whichis equivalento usingauniform prior in aBayesiamperspective).

Regardinghe parameterandimplementationof the model-base@pproachesyefollowed
the configurationsprovidedin the correspondingpriginal papersTo achievehis, wemade
useof existingopen-sourcgpackageandimplementationsSpecificallythe( , SVD,
SVD++modelswereimplementedusingthe % Pythonpackagg31], aswasalsothe case
for all considerednemory-base@pproachesncluding the proposedEBCRone.The package
is dedicatedo the developmentand evaluationof collaborativéiltering algorithmswithin a
homogeneouframework.For the NeuMF model,wefollowedan existingimplementation
[32] usingthe $& framework.

All sourcecodeof the proposedEBCRmethodis providedat [33].
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Fig 1. Experimental resultsof EBCRwith different values(cf. Eq (7)) for different neighbourhood sizes().
https://doi.0g/10.137 1§urnal.pon®255929.g001

Results

Resultof the threetypesof comparisonarepresentedn this section First,theresultsregard-
ing the genericityof the proposedEBCRadjustmentareshownin Fig 2. Eachsimilarity mea-
surein Fig 2 is associatedith two curvesof the samecolour:the dashednesfor original
measurege.g. *. , in bluewith rectanglesandthe solid onesfor variantsintegrating
the EBCRadjustmente.g.)( * *. ). Thesolidlinesaresystematicallpelowthe
dashednes Forexamplethe EBCRadjustmentiedto aMAE/RMSEimprovementof 7.78%/
7.26%or the *. approachwith aneighbourhoodsizeequaldo 100for the !
, datasetTheobtainedresultsconfirmedthattheintegrationof the EBCRmethodisrele-
vantfor improving the overallperformanceof the testedcollaborativeiltering methodsThey
alsoconfirmedthe genericityof the contribution becauséheintegrationof EBCRimproved
theaccuracyof rating predictionsfor all testeddatasetandall similarity measures.
Secondtheresultsregardingthe comparisorof the proposedEBCRadjustmentwith the

1 and! adjustmentapproachesarerespectivelghownin Fig3andTable2.Asin Fig2,in
Fig 3 weshowthe obtainedresultsby associatingachsimilarity measurevith two curvesof
thesamecolour:the dottedonesfor similarity measuresveightedbythe 1 factorandthe
solidonesfor measureshatintegrateEBCR.Table2 representd/AE andRMSEvaluesof the
I andthe EBCRapproachesAs similarresultswereobservedor the otherneighbourhood
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Fig 2. Comparisonsof original similarity measuregi.e. dashedcurves)with their variants integrating EBCRratios (i.e. solid curveswith the same
colour) on three benchmak datasetsMovieLens-DOK, MovieLens-M and Jester.

https://doi.0g/10.137 1§urnal.pon®255929.9002

sizesin Table2 weonly illustrateresultson thesebenchmarkdatasetsvith 4 differentneigh-
bourhoodsizesMeanwhile all the resultsareprovidedat [33].

On theonehand,theresultsin Fig 3illustratethatfor all 72testedconditions(3 datasets 3
similarity measures 8 neighbourhoodsizesthe EBCRadjustmentedto betterMAE and
RMSEvalueghanthoseobtainedwith the 1 approachOn the otherhand,asshownin
Table2, slightlybut systematicallipetterresultswereobtainedby the EBCRapproachcom-
paredto the! one.Thislastpoint showshat consideringthe wholesampleastedistribution
(asisthe casdor EBCR)wasmorerelevanthanthe (i.e.theuniform prior aswith
theLSapproach).

Third, theresultsconcerningthe comparisonbetweerthe proposedEBCRadjustmentand
themodel-basedollaborativdiltering approachesncluding( , SVD,SVD++and
NeuMF,areillustratedby Table3. Thedatasetin Table3 arelistedby ascendingrder of den-
sity. Thedatasetlensityreflectsthe percentagef availableatingsin the ratingsmatrix. This
attributeis known to influencetherelativeperformance®f recommendesystemapproaches
[34,35].Model-basedpproaches generaperformbetterthan memory-basedneson low
densitymatrices Converselymemory-basednethodstendto performbetteron densematri-
cesTheresultsin Table3 showthatwhenthe densityof the datasetncreaseshe EBCR
approachwhichisamemory-based approachcouldoutperformmodel-base@pproaches.
Forthe ! datasef{density= 4.47%)the bestmethodis SVD++(MAE = 0.6729,
RMSE= 0.8625)ollowedby SVDandNeuMFapproachedorthe ! ,--. dataset,
whichis slightlydenserdensity= 6.30%)SVD++is still the bestmethod(MAE = 0.7214,
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Fig 3. Compatrisonsof the

with the EBCRapproachon three benchrark datasetsMovieLens-DOK, MovieLens-M

https://doi.0g/10.1371§urnal.pon®255929.9003

RMSE= 0.9203)pbut EBCRcomemext,aheadf othermodelsin termsof MAE (0.7348).
Finally,on the densest datasetdensity= 20.53%)the EBCRapproachhasthe best
resultstMAE = 3.0158RMSE= 4.1008)followedby NeuMF (MAE = 3.0375RMSE= 4.1376)
andclearlyoutperformedSVD (MAE = 3.3713RMSE= 4.5004and SVD++(MAE = 3.6209,
RMSE= 4.9042)models.

Interestingly theresultspresentedn Table3 suggesthat conventionalCF modelse.g.
SVD,SVD++and EBCRcould outperformthe deepneuralnetwork (DNN)-basedmodel
(NeuMF)in termsof rating predictions Althoughrepresentativehe consideredNeuMF
modelmight not showthe overallperformanceof DNN-basedmodels Notably,asmanyother
DNN-basedmodelscomparedn [10], the NeuMF modelwasdesignedo dealwith implicit
ratingsandevaluatedhrough % basedmetrics.Astheevaluatiornprotocolin this paper
wasbasedn explicitratings(RMSE MAE), the NeuMFmodelwasadaptecby usinghomolo-
gouslossfunctionsto dealwith therating predictiontask.However worksin [24,36] have
shownthat DNN-basedmodelsclearlyoutperformedconventionaimodelsin thetop-N rec-
ommendationsscenario.

A casestudy example

This subsectionllustratesarealcasestudyexampleextractedrom the MovieLens-100Klata-
setto showthe contribution of the EBCRmethod.Eachof the comparedapproachess asked
to predicttherating valueof thetargetuser _903with 903beingthe userID) for theitem_ 106
(with 106beingtheitem ID). Theuser'sactualrating (groundtruth) for theitemis 2. Table4
showghe obtainedresults For memory-basedollaborativeiltering methodsthe
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Table2. Comparisans of the Laplacesmoothing( ) with the EBCRapproachon three benchmarkdatasetsMovieLens-100K,MovieLens-1Mand Jester.

Dataset Similarity measure Evaluation metric (LS,EBCR) Neighbouhood size

5 10 20 40
MovieLens-DOK MSD MAE (0.7900.782) (0.7580.752) (0.7430.739) (0.7380.736)
RMSE (1.0101.001) (0.9690.962) (0.9490.945) (0.9430.941)
COos MAE (0.7880.782) (0.7570.753) (0.7430.740) (0.7370.735)
RMSE (1.009,1.002) (0.9700.965) (0.9510.948) (0.9440.942)
NormPCC MAE (0.7860.776) (0.7560.751) (0.7430.740) (0.7390.737)
RMSE (1.0080.998) (0.9690.963) (0.9510.948) (0.9450.944)
MovieLens-M MSD MAE (0.7820.769) (0.7470.736) (0.7270.719) (0.7170.710)
RMSE (0.9970.983) (0.9490.937) (0.9230.914) (0.9090.902)
COosSs MAE (0.7810.772) (0.7470.739) (0.7270.721) (0.7160.712)
RMSE (0.9970.986) (0.9500.942) (0.9240.918) (0.9090.906)
NormPCC MAE (0.7750.753) (0.7420.726) (0.7240.712) (0.7140.706)
RMSE (0.9900.966) (0.9450.929) (0.9220.911) (0.9100.903)
Jester MSD MAE (3.0453.045) (3.0353.035) (3.0743.074) (3.1253.124)
RMSE (4.1894.189) (4.1234.122) (4.1414.140) (4.1804.180)
Cos MAE (3.0393.038) (3.0173.016) (3.0413.040) (3.0833.083)
RMSE (4.1814.180) (4.1014.101) (4.1044.103) (4.1374.137)
NormPCC MAE (3.0493.048) (3.0373.037) (3.0753.075) (3.1263.126)
RMSE (4.1914.191) (4.1244.124) (4.1424.141) (4.1814.180)

Thebestvaluefor each(LS,EBCR)comparisa is shownin bold characters

https://da.org/10.1371durnal.pon®255929.t002

neighbourhoodksizeis fixedto 5 andthe cosinemeasurés usedto computesimilarity between
usersAsshownin Table4,thetargetuser'sneighbourhoodcomputedby the COS_KNN
approachs completelydifferentfrom the EBCR_COS_KNMne.SpecificallyTable4 shows
thatfor the COS_KNNapproachall of the numbersof itemsco-ratedby the targetuserand
his/herneighboursaresmall,e.g.the neighbourauser_3Gnduser_33%o-rated2 itemswith
thetargetuser.While in theEBCR_COS_KNNaseuserdncludedin thetargetuser'sneigh-
bourhoodhavemoreitemsco-ratedwith the targetuser,e.g.the neighboursuser_55@&nd
user_8&o-ratedrespectivelyl 3and 18itemswith thetargetuser.Theaboveobservationdlus-
trate howthoseuserswvho co-ratedfewitemswith the targetuserareexcludedrom the

Table 3. Comparismns of EBCRvs.model-basedcollaborativefiltering approaches

Dataset(density)
Approach MovieLens-1M(4.47%) MovieLens-100k(6.30%) Jesten(20.53%)

MAE RMSE MAE RMSE MAE RMSE

Baseline 0.7195 0.9088 0.7484 0.944 3.3982 4.3134
SVD 0.6863 0.8743 0.7376 0.9358 3.3713 4.5004
SVD++ 0.6729 0.8625 0.7214 0.9203 3.6209 4.9042
NeuMF 0.6773 0.8765 0.7437 0.9363 3.0375 4.1376
EBCR 0.7052 0.9016 0.7348 0.9413 3.0158 4.1008

ThebestMAE and RMSEvaluedor eachdataseareshownin bold charactersindthe secondranking onesareunderlined For EBCR the similarity measurgSM) and
the neighbouhoodsize(NS)usedfor eachdatasetireasfollows:SM= COSNS= 60for MovieLers-1M; SM= COS /NS= 60for MovieLers-100kandSM= COS,
NS=10for Jester.

https://da.org/10.1371durnal.pon®255929.t003
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Table4. A casestudy exampleextractedfrom the MovieLens-DOK dataset.

Casestudy: predict the rating of user_903(target user)for item_106 (the user'sactualrating is: 2)

Approach
COS_KNN(k =5)
EBCR_COSKNN (k = 5)
Baselire
SVvD
SVD++
NeuMF

Neighbours(# of co-rateditems with the target user) Predictedrating
user_362); user_332);user_24@3);user_61(L)user_1732) 3.195
user_55§13);user_8§18);user_8984); user_5637); user_6094) 2.306
3.122
2.925
2.780
2.934

Thebestpredictionapproachs boldedandthe secondankingoneis underlined

https://da.org/10.1371durnal.pon®255929.t004

neighbourhoodduring the EBCRadjustmenteventhoughtheysharedhe sameratingsfor
their fewco-rateditems.Regardinghe predictedrating, Table4 showshatthe EBCR_-
COS_KNNIleadgo moreaccurateating predictioncomparedo the COS_KNNapproach,
i.e.2.306vs.3.195while the groundtruth rating valueis 2). Moreover for the considerectase
studyexampletheresultsshowthat the EBCRapproachachieveshe bestpredictioncom-
paredto all othermethods.

Conclusion & future work

In this articleanewmethodis proposedo refinethe similarity estimationbetweerusersn
thememory-basedollaborativdiltering context.The proposedconcordanceatio between
two usergepresentshe concordancef their ratings.It takesthe potentialdisparityof their
rating systemsnto accountln addition,we proposedo adjusteachof theseratiosusingthe
EmpiricalBayegrior, whichtakesinto accountthedistribution of all concordanceatios
within thetraining set.Moreover this Bayesiaadjustmentaccountdor the numberof items
thattwo usershaveco-rated afactorthatis typicallyoverlookedoy existingsimilarity mea-
suresTheassessmeif our approachon benchmarkdatasetgonfirmedthatit systematically
improvedtherating predictionaccuracy.

Theproposedapproachhastwo major advantagesimplicity andgenericity Indeed,the
adjustedratio, denotedEBCR asa smoothingof widespreadimilarity measuress easyto
integrateanddoesnot increasecalculationtime. In addition, the contribution of the EBCR
approachseemgenericasit improvesthe quality of the neighbourhood-basedollaborative
filtering for all testedconventionakimilarity measuresegardlessf the neighbourhoodsize
considered.

The comparisorresultsconcerningthe proposednethodvs.model-baseF methodsalso
highlightedthe relevancef the EBCRadjustmentespeciallyn the contextof densedatasets,
e.gtheproposedapproachcould outperformneuralnetwork-basedanethodson the Jester
datasetNeverthelesgsdiscusseatthe end of the Resultsection differentrecommendation
scenariosnayleadto onemodelappearingnore appropriatethan another.Specificallywhen

dealingwith rating predictions( ), conventionalCFmodelswould bemoreappro-
priatethan modelsbasedn deepneuralnetworks.Thelatter couldbeabetterchoicewithin a
top-N recommendationgontext( ). Notethatin somereal-worldapplicationsrat-

ing predictionson singleitemscould bemore usefulsuchasrecommendationgor agroup of
userqg37] whereit is difficult to providetop-N recommendationy treatingthe usergroupas
awhole.
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Anotherexamplg38] couldbeto showuserghe predictedrating of eachitem, thushelping
themmakedecisionsMoreover,recommendationgieneratedy neighbourhood-base@F
areeasietto explainthan#  # 2 modelsbasedn latentfactors.For examplethe explana-
tion patterncouldbe3 # $ # 4° Neverthelesglassic
neighbourhood-basedpproacheso not distinguishwhetheror not therecommendationsre
basedn trustworthy neighboursTo this end,the proposedEBCRmethodcould alsobeused
to enhancauserstrustin their recommendationbecaus¢he selectiorof itemsrecommended
is basedn neighboursvho haveco-rateda considerable@umberof itemsandaretherefore
morereliable.

Lastlythe proposedconcordanceatiosarebasedn the cardinalityof co-rateditemsby
userpairs,while ignoring content/knowledgenformation aboutitems,e.g.starring,director
etc.for movies Eachof theseratiosis thusadjustedusingthe sameparametersf the prior
Betadistribution,i.e. gand o. Futureworksmightinvestigatdhowtheratio adjustment
couldbepersonalizediatheintegrationof item knowledge.
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