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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 recentyears,theexponentialincreasein availabledataandinformation overloadhaveledto
agrowingcallfor recommendersystems.Manye-commercesitesrelyon themto helpusers
efficientlynavigatethroughever-increasingnumbersandsizesof productcatalogues.Asthe
offer increases,effectiverecommendersbecomeessentialto guideusersthroughtheplethora
of offersavailable.Recommendersystemsareoftenclassifiedin threecategories:content-
basedfiltering, that recommendsitemswhosecontentsaresimilar to theuser'spreviously
liked items[1]; collaborativefiltering (��), that targetsitemsappreciatedbyuserswith similar
tastes[2] andhybrid recommenderscombiningthetwo previouslydescribedapproaches[3].

Comparedto thecontent-basedapproach,that reliesmainlyon item attributes,thecollabo-
rativefiltering techniquetakesadvantageof tastesimilarities,whichgenerallyleadsto more
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accurateuserpreferencepredictions[4]. Startingfrom anincomplete(typicallysparse)�����
�	�
 ratingsmatrix,collaborativefiltering aimsat filling thematrix bypredictinguserratings
for itemsthat theyhavenot yetevaluated.To thisend,two typesof collaborativefiltering (��)
approacheshavebeenproposed:memory-based�� andmodel-based��. Memory-based
approaches(alsocalledneighbourhood-based approaches)infer aparticularuser'smissingrat-
ing byaveragingtheratingvaluesof the� nearestneighbours(KNN) havingratedtheitem.
Thisneighbourhoodisdirectlycomputedusingtheratingsmatrix. In contrast,model-based
approachesfirst compressthematrix in areduced-dimensionlatentspacethatwill serveasa
basisfor thepredictivevariablesof supervizedlearningmodels[5]. For instance,thematrix
factorizationtechniquecanbeusedto obtainareduced-dimensionratingsmatrix [6].

Somerecommendersystemsproceedin two steps,first estimatinguserratings(ratingpre-
diction) andthenrecommendingthelist of thetop rateditems(top-N recommendations)
whileothersskipthefirst phaseanddirectlyproducealist of recommendeditems,hencemak-
ing top-N recommendationswithout ratingpredictions.Althoughreturning thelist of sug-
gesteditemsmaybeconsideredastherealgoalof recommendersystems,with item ratings
regardedasjustanintermediatestep,obtainingreliableratingestimationsmayhaveits own
interest.For instanceit maydetectthatnoneof theitemsreallyfit theuser'sneeds(thetop
itemshavinglow ratingestimations);it couldprioritize thesuggesteditems;or combineusers
ratingsto obtainalist of suggesteditemsfor aspecificgroupof users,e.g.for socialrecommen-
dationsor customersegmentation[7]. Thoughrelated,theratingpredictiontaskandthetop-
N recommendationtaskarefundamentallydifferent,onebeingsomehowaregressiontask
while theotherisaclassificationone.Thecurrenttrend towardsdeeplearningapproacheshas
stronglyimpactedrecentrecommendersystemdevelopments[8, 9]. Thedevelopmentof deep
learningapproacheshasmostlyfocusedon thetop-N recommendationtask,atwhichthey
nowexcel.Nevertheless,aspointedout in [10], mostpublishedrecommendersystemsusing
deepneuralnetworksdo not outperformcutting-edgememory-basedapproaches,especially
for ratingprediction.Indeed,asemphasizedin [11,12],themethodsthatperformbeston top-
N recommendationsarenot thosethatperformbeston ratingprediction.For thetop-N rec-
ommendationtask,thedifferencebetweendislikedandabhorreditemsdoesnot matter,while
it is crucialfor theratingpredictiontask.Thispaperfocuseson improving ratingpredictions,
ataskfor which,asconfirmedby theconductedexperiments,deeplearningapproachesare
not alwaysthebestsolutions.Webelievethat improving ratingpredictionscouldbenefitmany
applications,suchassuggestingarestaurantto agroupof friends,sincesomeonewhodoes
not mind goingto apizzeriaisdrasticallydifferentfrom someonewhoabsolutelyrefusesto
(e.g.becauseof aglutenallergy).

Theaimof thepaperis to improveratingpredictionsby refining thesimilarity estimations
involvedin computingusers'neighbourhoodsin thememory-basedcollaborativefiltering
context.To measurethesimilarity betweentwo users,moststandardmetricsarerestrictedto
their co-rateditems.This limitation makessimilarity estimationsquiteunreliablefor users
whohavefewrateditemsin common.In addition,itemsmaybeevaluateddifferentlyfrom
othersbasedon theuser'sbackgroundknowledgeor personalcharacter.Therefore,it isalso
necessaryto considerthedisparityof ratingdistributionsbetweenusers[13].

Weproposeanapproach,namelyEBCR(EmpiricalBayesConcordanceRatio),for refining
theestimationof pairwiseusersimilaritiesby takinginto account:i) thedisparityof ratingdis-
tributions betweenusers(theCRpart),andii) thenumberof co-rateditems(theEBpart).The
proposedsimilarity adjustmentisbasedon aweightingconcordanceratio smoothedbyusing
theEmpiricalBayesmodel.Its evaluationon benchmarkdatasetsshowsencouragingpredic-
tive improvements.
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State of the art

Memory-basedcollaborativefiltering
A recommendersystemisdesignedto predict,for eachuser� andeachitem � thathe/shehas
not yetrated,therating �̂ �;� that � wouldassignto �. Two memory-basedcollaborativefiltering
approacheshavebeenproposed:theuser-basedandtheitem-basedapproach.To determine
thevalueof �̂ �;� , theformerapproachmakesuseof ratingsassignedto item � byuserswith
tastessimilar to user�'s, whereasthelatterapproachtakesadvantageof user�'s ownratings
on itemssimilar to item � [14]. Finallytheitemswith thehighestpredictedratingsarerecom-
mendedto user�. Below,theformalizationof theproposedwork isbasedon theuser-based
collaborativefiltering context.Nevertheless,it isworth noticing that theproposedwork canbe
directlytransposedto anyitem-basedone.Theitem-basedapproachisparticularlyefficientin
caseswherethenumberof usersismuchlargerthanthenumberof items,thusrequiring
muchlesscomputermemoryto build theitem similarity matrix.

To predict �̂ �;� , thememory-basedcollaborativefiltering techniqueproceedsin two conse-
cutivesteps:1) neighbourhoodidentificationand2) ratingprediction.Webriefly summarize
thesetwo stepsin thefollowingsections.

Neighbourhoodidentification. During thefirst phase,thealgorithmaimsto determinea
neighbourhoodfor thetargetuser�. To thisend,the� nearestneighbours(KNN) approach,
whichisbasedon pairwisesimilaritiesbetweenusers,is typicallyapplied.Let � bethesetsof
usersand thesetof items.Then,let � bethe|�| � || incompleteratingsmatrix and� �,� bethe
ratinggivento item � byuser�. Theneighbourhoodidentificationrelieson theconstructionof
a|�| � |�| similarity matrix � (basedon theratingsmatrix �), where� �,� denotesthesimilarity
betweenusers� and�. Aseachuser'stasteis representedbyaratingvectori.e.u = (� �,� , � = 1,
2,. . ., ||), thesimilarity betweenusers� and� canbeestimatedby theproximity between
their two ratingvectorsu andv.

Thecosinesimilarity isametric initially usedin theinformation retrievalfield to measure
thesimilarity betweendocumentsrepresentedbyword frequencyvectors[15]. It isoneof the
mostcommonlyusedsimilaritiesin thememory-basedcollaborativefiltering context.For-
mally,thecosinesimilarity betweenusers� and�, denotedby ��
 ��� (�, �), ismeasuredby the
cosineof � and�'s ratingvectors,restrictedto their co-rateditems�,� = {� 2 |� �,� 6ˆ ; and� �,�

6ˆ ;}.
Insteadof directlymeasuringthesimilarity betweentwo vectors,aswith ��
 ��� , othermet-

ricsfirst calculateadistancebetweenthesevectorsandthenconvertit into asimilarity [13].
To calculatethedistancebetween� and�, theycanbeconsideredastwo pointspositionedin
anEuclideanspaceof dimension| �,� | wherethedistancebetweenvectorsu andv caneasilybe
computed.ThesimpleEuclideandistancetendsto bebiased,in thesensethatusershaving
ratedmanyitemsin commonwill, byconstruction,appearto bemoredistantthanthosefor
whomthereareonly afewco-ratings.It is thereforepreferableto usetheMeanSquaredDis-
tance(MSD)whosedefinition, recalledin Eq(1), is inspiredby thesquareerror of astatistical
estimator[16]. Severalgenericstrategiesmaybeappliedto convertadistance���	 into asimi-
larity ��
, suchascalculatingits inverse,i.e.���	 �1 or usingthe1 � ���	 formulaoncethedis-
tanceisnormalizedinto [0, 1]. Eq(2) showsanexampleof theconversionof Eq(1) to
similarity.Notethat1 isaddedto thedenominatorto avoidapossibledivisionby0.

���…�; �† ˆ

X

�2 �;�

…��;� � � �;� †
2

j �;� j
…1†
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��
 �� � …�;�† ˆ
1

�� �…�; �† ‡ 1
…2†

Anotherwidelyusedsimilarity metric [17] in thecollaborativefiltering contextis thePear-
soncorrelationcoefficient(PCC),i.e.��
 ��� (�, �), whichmeasuresthelinearcorrelationof
two vectors.Notethat in contrastto ��
 ��� and��
 ��� whoserangeis [0, 1], therangeof
��
 ��� is [�1, 1]. Thisdifferencecouldimpacttheevaluationbehaviourof thesimilarity
adjustmentprocedures.Therefore,in thisarticle,��
 ��� (�, �) isnormalizedto obtainvalues
in the[0, 1] intervalusingEq(3):

��
 ��� 
�� � …�;�† ˆ
��
 ��� …�;�† ‡ 1

2
…3†

Theresultingsimilarity measureisdenotedby ���
���, whichstandsfor thenormalized
Pearsoncorrelationcoefficient.

Ratingprediction. After havingdeterminedtheneighbourhoodfor user�, during therat-
ing predictionphase,thememory-basedcollaborativefiltering algorithmmakesuseof the
availableratingswithin thepreviouslydeterminedneighbourhood.Therating taskis typically
achievedbyweightedaveraging�'s neighbours'ratings,in whichneighbourweightsarebased
on their similarity valueswith respectto thetargetuser�, sothatcloserneighbourshavemore
impacts.Eq(4) illustratestheweightedaveragemethodfor thepredictionof �̂ �;� . The��
(�, �)
term in theequationrepresentsthesimilarity valuebetweenuser� and� (oneof �'s neigh-
bours).The� � term representsthedeterminedneighbourhoodfor user�.

�̂ �;� ˆ

X

�2� �

� �;� � ��
…�; �†

X

�2� �

��
…�; �†
…4†

Generally,thewayusersrateitemsis influencedby their personality,moodandcontext.
Thus,on a1 to 5 ratingscale,anoptimistic (resp.pessimistic)userwill seldomgiveascoreof 1
(resp.5) to anitem evenif he/shedoesnot like it (resp.likesit). Users'ratingdistributionscan
thereforebeshiftedor compressedrelativeto eachother.Ratingnormalizationisoftenusedto
overcomethisproblem[13,18].Thez-scorenormalization,i.e.Eq(5) isanadaptationof Eq
(4), in whichtheratingsof eachuserarecentredandreduced:

�̂ �;� ˆ �� � ‡ s�

X

�2� �

‰…� �;� � �� �

s�

†� ��
…�; �†Š

X

�2� �

��
…�; �†
…5†

with �� � and� � (resp.�� � and� � ) representingtheaverageandthestandarddeviationof �'s
(resp.�'s) ratings.

Thecontribution of theproposedapproachis to adjustthesimilarity measurementin the
first phaseof thememory-basedcollaborativefiltering algorithmin orderto identify amore
reliableneighbourhoodto beusedfor theratingpredictionphase.In thefollowingsection,we
discussthedisadvantagesof theconventionalsimilarity measuresandpresentsomeexisting
worksdealingwith thesedrawbacks.
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Disadvantagesof conventionalsimilarity measures
Althoughwidelyusedin thememory-basedcollaborativefiltering context,thesimilarity mea-
suresdescribedin theprevioussectionhavedisadvantages[19]. ThePearsoncorrelation
approachfirst positionseachobservation,i.e.(� �,� , � �,� ) 8� 2 �,� , in a2-dimensionalspaceand
thencalculatesalinearcorrelation.However,thisapproachisunreliablefor small �,� sets.
Considerthefollowingexample:u = (1,3,2,;, 1),v = (1, ;, ;, 5, ;) andw = (1,2,2,;, 1), i.e.
threeratingvectorsthat representthepreferencesof users�, � and� for thesamefive items.
With thePearsoncorrelationapproach,theobtainedsimilaritiesare:��
(�, �) = 1 > ��
(�, �)
= 0.905,whichisnot desirablebecausetheassumedsimilarity between� and� isbasedon a
singleobservation,while thesimilarity between� and� isbasedon four observations.It is
thusmoresurethat � and� havesimilar tastesthan� and�. It seemsthereforemorerelevant
to use�'s ratingsratherthan�'s to predictwhatrating � wouldgiveto thefourth item asthe
predictionwouldbemorereliable.Thesamephenomenoncanbeobservedwith ��
 ��� , since
��
 ��� (�, �) = 1 > ��
 ��� (�, �) = 0.9798.Asmentionedpreviously,themainshortcomingof
thesesimilarity metricsis that theyonly considerratingdistributionsrestrictedto co-rated
items.In otherwords,theyoverlookthenumberof itemsco-evaluatedbyusersandthusthe
factthat thereliability of theusersimilarity predictionincreaseswith thenumberof co-rated
items.Managingtheresultinguncertaintycouldmaketheneighbourhoodcomputations
smootherandthepredictionsmoreaccurate.

It wouldbeinterestingto attemptto remedythisdrawbackbydiscountingsimilaritiesesti-
matedfrom only afewco-rateditems.In [13], theauthorsproposedthe������������ �����	���
factor(seeEq(6)),whichpenalizesusersimilaritieswhenthenumberof co-rateditemsis
belowathreshold	. Theyshowedthata��-based recommendersystemusing������������
�����	��� performsbetterin termsof ratingaccuracy.Thedisadvantageof thisapproachis its
potentiallackof genericity.Astheauthorsonly evaluatedit with thePearsoncorrelationcoef-
ficient measureon asingledataset,it isunknownhowit wouldperformwith othersimilarity
measures.Moreover,howto fix thethreshold	 isnot straightforward.Theauthorsadvisefix-
ing it to 50afterhavingtried various	 values.Hereagain,thegenericitymaybequestioned.In
addition,the������������ �����	��� approachdoesnot considerratingdistributionsof other
users.Asthe������������ �����	��� method,whichcanbecombinedwith anysimilarity mea-
sure,theapproachproposedin thispaperfurther usesthedistribution of all estimatedsimilari-
tiesin orderto improvetheir predictiveabilities.

��
 	…�;�† ˆ
��
…�; �† � j �;� j

	 ; �� j �;� j < 	;

��
…�; �†; ���� 	
�� �:

8
<

:
…6†

Contribution in terms of similarity measurement
In thissection,thedetailsof theproposedapproacharepresented.Thenotion of theproposed
ConcordanceRatio(theCRpart) isdetailed,followedby thedescriptionof theproposed
adjustmentmethodperformedby theEmpiricalBayesmodel(theEBpart).

Relaxationof similarity by aconcordanceratio
In thecollaborativefiltering context,two usersaregenerallyconsideredsimilarwhenthereis
concordancebetweentheir tasteprofiles,i.e.their ratings.Here,weproposefirstly to discretize
userratingsinto threeorderedcategoriesi.e. ���, ���	�� and��� ��� reflectingtheuser'staste
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for anitem,asdefinedbyDefinition 1.To alleviatethedisparityof ratingbehavioursamong
users,wecarryout thisdiscretizationbasedon thez-scoreasdetailedin Eq(7).Theparameter
� 2 [0, 1] usedin Eq(7) isahyper-parameter,whichparameterizesthesizeof the���	�� area.

Definition 1. (Discretization of usertastes).!�	 � 2 [0, 1], 	�� 	��	� �� ���� � �� 	�� �	�
 �,
������	�"�� #$	�� �%���	�� &' �� ������� �� ��  ���:

&…��;� † ˆ

like; �� � �;� � �� �

s�
> �;

dislike; �� � �;� � �� �

s�
< � �;

neutral ; ��� �	
 ���:

8
>>>><

>>>>:

…7†

Basedon thisdiscretization,theconceptof ����������� betweenusertastesisdefinedby
Definition 2.Theproposed����������� term is relatedto two users'ratingsof asingleitem
andweusetheterm ªconcordantratioº for themeasureof theoverallprofile concordanceof
two users,asdefinedbyDefinition 3.

Definition 2. (Concordanceof tastes).!�	 � 2 � ��� � 2 � #� 	�� ����� ��� � 2  �,� #� ���
�� 	���� �����	�� �	�
�. &�� %��� �� ��	���� (� �,� , � �,� ) �� ������� �� ���������	' �� ��� �� $ �� &(��,� )
= &(��,� ). &�� ��	 �� �	�
� ��	� � ���������	 ��	��� ��� � ��� � �� ����	�� � �,� = {� 2 �,� | &(��,� )
= &(��,� )}.

Thedefinition of ����������� isbasedon theapproachof [20], in whichtheauthorsused
the���������	 notion with respectto privacyproblemsin recommendersystems.

Definition 3. (Concordanceratio). ����������� ����� � 2 � ��� � 2 �, 	�� �����������

��	�� �� ������� �� ��…�; �† ˆ j� �;� j

j �;� j , ����� ������%���� 	� 	�� %��%��	��� �� �	�
� �����	�� �� �

���������	 
����� #$� ��� � �
��� �  �� 	���� �����	�� �	�
�.
Theconcordanceratio for users� and� canbeinterpretedastheprobabilitythat � and�

wouldhavethesametastefor anewitem.Weproposenewsimilarity measuresdenotedas
��
 �� anddefinedastheproductof theconcordanceratio with oneof thepreviouslypresented
similarity metricsi.e.��
 ��� (�, �), ��
 ��� (�, �) and��
 ��� (�, �). Themetric ��
 �� (�, �), i.e.
Eq(8),correspondsto adiscountingof ��
(�, �) with respectto thetasteconcordancebetween
users� and�.

��
 �� …�;�† ˆ ��…�; �† � ��
 …�;�† …8†

Adjustment of the concordanceratio via the Empirical Bayesmodel
Theproposedconcordanceratio alleviatestheproblemrelatedto thedisparityof ratingdistri-
butionsbetweenusers,asthediscretizationof usertastesiscarriedout in thesamewayfor
eachuserbyconsideringtheir specificratingdistribution.Forexample,consideringa1 to 5
ratingscale,aratingof 3 for thesameitem couldexpressadifferenttaste(e.g.like,dislike,neu-
tral) betweenoptimisticandpessimisticusers.Nevertheless,thismannerof measuringthe
concordancebetweenusersisstill not fully reliable.Forexample,consideringthefollowing
two concordanceratios:

��…�; �† ˆ
j� �;� j
j �;� j

ˆ
3
3

ˆ 1 �� ��…�; �† ˆ
j� �;� j
j �;� j

ˆ
290
300

ˆ 0:97:

Users� and� seemto havemoresimilar tastesthan� and� whenconsideringtheir con-
cordanceratio values.However,� and� only sharedtheir opinionson threeitems,anysimilar-
ity estimationbetweenthemisnecessarilyhighlyuncertainandshouldbesmoothed,asthey
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couldhaveacompletelydifferentopinion on afourth item.To predict�'s ratings,it seems
thereforepreferableto relyon �'s ratingsratherthanon �'s. Evenif ��(�, �) isalittle lower
than��(�, �), its estimationismuchmorereliablesinceit isbasedon hundredsof evaluations.
Thisexamplehighlightstheneedfor anadjustmentto theconcordanceratios,thatshouldtake
into accountthenumberof co-rateditemsbetweenusersin orderto adjustthesmoothing
rangeaccordingto someinformation criteria.

Laplaceor ����	��� smoothingiswidelyusedin statisticsandmachinelearningdomainsin
orderto smoothmultinomial probabilityestimationswith regardto thesizeof theconsidered
sample.In thecontextof concordanceratio adjustment,it isdefinedbyEq(9) where�� is the
%���������	 parameter:

!�% ���…�; �† ˆ
j� �;� j ‡ a
j �;� j ‡ 2a

…9†

FromaBayesianpoint of view,it correspondsto theupdateof abetaprobabilitygivena
non-informative(i.e.uniform) prior distribution. In thisarticleweproposeto makeuseof the
information containedin thewholesampleto determinetheparametersto beusedto adjust
(or smooth)theproposedconcordanceratios,ratherthanusingpredefined�� and2�� valuesto
do so.

In [21], theauthorsproposedto applytheEmpiricalBayesmodelto correcttheprobability
of asuccessfulshotfor baseballplayerswhohadnot playedmuchduring aseason.Inspiredby
thiswork,weproposeto penalizetheconcordanceratiosbasedon fewco-rateditems(i.e.

small| �,� | sets).Theapproachconsidersthat theproposedconcordanceratio (j� �;� j

j �;� j ) isanalo-

gousto theprobabilityof asuccessfulshot,i.e.�� ��	 �� �� ���� ��� � ��� ��
��� �� ��� �	 �� ��� �� in thebaseballcase.Specifi-

cally,weassumethat theconcordanceratiosobservedon thetotal samplefollow abeta
distribution of (�	�(�� 0, ��0), whichcouldbeusedasaprior distribution. ��0 and��0 arethetwo
hyper-parametersof thebetadistribution,whichdeterminesits shape.Thevaluesof ��0 and��0
areestimatedbymaximizingthelikelihoodof theseparametersgiventheproportions
observedovertheentiredataset.Afterwards,eachconcordanceratio valueis replaced,based
on this (�	� distribution,by thecorresponding%��	����� distribution whichshiftsit moreor
lesstowardstheaveragevalueof all theobservedproportions,i.e.theexpectedobserveddistri-
bution value.Hence,aratio basedon fewvalues,e.g.33, ishighlycorrectedto becomecloserto
the(�	� distribution'sexpectation,i.e. a0

a0‡b 0
, whilearatio estimatedon manyvaluese.g.290

300, will

remainalmostunchanged.Thisapproachallowsthesmoothedconcordanceratio to takethe
numberof co-rateditems(| �,� |) into account.Moreover,thissmoothingtakesadvantageof
information aboutotherusers'tastes,whichcouldbeconsideredasacollaborativeextrastep.
Thus,wedefinetheEmpiricalBayesConcordanceRatio(EBCR)asthesmoothedor adjusted
versionof ��(�, �) accordingto EmpiricalBayessmoothing:

)(�� …�;�† ˆ
j� �;� j ‡ a0

j �;� j ‡ a0 ‡ b0

…10†

Finally,anysimilarity measurecouldbeadjustedbymultiplying it by theEBCRweighting
term.Forexample,theterm )(��*��� denotestheadjustedmeasurefor the��� (Cosine)
similarity,asillustratedbyEq(11).

��
 )(� � ��� …�;�† ˆ )(� �…�; �† � ��
 ��� …�;�† …11†

Theadjustmentof ��0 and��0 isapre-processingstepthat isperformedonly once.Notethat
| �,� | mustbeidentifiedto beableto calculate��
 ��� (�, �), |� �,� | iscalculatedin atime
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complexityof �(| �,� |), asisalsothecasefor ��
 ��� (�, �). Therefore,computingthesimilarity
between� and� hasthesamecomplexityin termsof computationtime regardlessof whether
or not it integratestheEBCRweighting.

Assessment

Comparedapproaches
Thissectionbriefly introducesthecomparedapproaches.First,wewould like to assessthe
impactof integratingsimilarity metricswith theproposedEBCRadjustmentduring therating
predictionphasewithin memory-basedcollaborativefiltering. Thus,wecomparethememory-
basedcollaborativefiltering methodusingbasicsimilarity metricswith theoneusingthecor-
respondingadjustedsimilarity metrics.Second,wecomparetheproposedEBCRmethodwith
otherpreviouslypresentedsimilarity adjustmentmethods,i.e.the������������ �����	���
approach(Eq(6)) andthe!�% ��� smoothingapproach(Eq(9)).Third, wearealsointerested
in broadeningtheassessmentbycomparingthepredictionperformancesof theproposed
memory-basedCFapproachwith theperformancesof model-basedapproaches.Thelatter
mainly leveragedimensionalityreductiontechniques,suchasmatrix factorizationandhave
provento behighlyaccurateandflexible,notablywhentheratingsmatrix issparse[22]. To
thisend,weoptedto complementtheassessmentexperimentsbyconsideringthefollowing
models:the(��� ��� [22], SVD(SingularValueDecomposition)[6], SVD++[23] modelsand
theNeuMF(NeuralMatrix Factorization)[24] model,which isbasedon deepneuralnet-
works.Beforepresentingtheassessmentof our approach,webrieflydescribeeachof these
models.

Baseline. The(��� ��� modelisconsideredasoneof thereferenceapproachesfor model-
basedcollaborativefiltering. A priori, theratingof anitem � givenbyauser� dependson the
item andtheuser.An item maybemoreor lessappreciatedby thepublicandausermayhave
amoreor lesssevereratingbehaviour.Ratingscanthereforebeestimatedusingasimplelinear
modelwith two explanatoryvariables(theuserandtheitem).Let+ betheoverallaverageof all
ratingsin thedataset,thenthe(��� ��� predictionof �̂ �;� isdefinedbyEq(12)as:

�̂ �;� ˆ m‡ #� ‡ #� …12†

where#� and#� representrespectivelytheseparateuseranditem effects.Readersmayreferto
[22] for further detailson the(��� ��� approachandits variants.

SVDandSVD++. TheSVD(singularvaluedecomposition)approachisoneof themost
popularmodel-basedCFapproaches.Themodelappliesmatrix factorizationtechniquesto
mapusersanditemsto ajoint latentfactorspaceof reduceddimensionality� andthelearnt
representationsarethenusedto predictratings.Formally,eachitem � isassociatedwith afac-
tor vector� � 2 �� � andeachuser� isassociatedwith afactorvector� � 2 �� � . Theinner prod-
uct of thesetwo vectorsin thelatentvectorspacerepresentsthepredictedrating,i.e.
�̂ �;� ˆ � &

� � � . Thelearningof thesefactorvectorsis typicallyconductedbyoptimizing theregu-
larizedlossfunction on thetraining set(i.e.Eq(13))usingstochasticgradientdescent.

��
�;�

X

� �;� 2� 	��� �

…��;� � � &
� � � †

2 ‡ l…k� �k
2‡ k � � k

2† …13†

TheSVD++approachisanextensionof theSVDapproachwhichconsiderstheperspective
of implicit feedbackfrom users.

Neural Matrix Factorization. NeuMFisacollaborativefiltering modelbasedon deep
neuralnetworks.In general,recommendersystemsbasedon neuralnetworkstaketheuser
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ratingsmatrix astheinput layerandgenerateascorefor eachuser-itempair on theoutput
layer.Thehiddenlayers,i.e.amulti-layerneuralarchitecture,revealthelatentstructuresof
user±iteminteractions.TheNeuMFapproach[24] isoneof themostciteddeepneuralnet-
work-basedrecommendationapproaches[10]. Specifically,theapproachconcatenatesthelast
hiddenlayersof two neuralnetworks:theGMF (GeneralizedMatrix Factorization)andthe
MLP (Multi-LayerPerceptron).Themain ideaof theGMFneuralarchitectureis to generalize
thematrix factorizationmodeli.e.Eq(13),in whichlatentfactorsaretreatedequallyandalin-
earfunction (theinner product) isusedto modeltheuser-iteminteraction.TheGMF neural
networkiscapableof learningdifferentweightsfor eachlatentfactor.In addition,theuseof a
non-linearactivationfunction at theoutput layerallowsthenetworkto considernon-linear
user-iteminteractions.TheMLP neuralnetwork,unlike theGMF onewhichusesonly afixed
element-wiseproductof p� andq�, enablesthelearningof moresubtleuser-iteminteractions
byaddingmultiple hiddenlayerson theinput layer,consistingof theconcatenatedvectorof
p� andq�. Finally,thelasthiddenlayersof GMF andMLP arecombinedto generatethefinal
output scoreof agivenuser-itempair.

Thefollowingsubsectionsdescribethedatasetsandevaluationmetricsused,beforedetail-
ing theexperimentalprotocol.

Datasets
Theexperimentalassessmentof theproposedmethodisbasedon threebenchmarkdatasets:
1) the�����!����,--. dataset,whichconsistsof 100,000ratingsfrom 943userson 1,682mov-
ies;2) the�����!����,� dataset,whichrepresentsacollectionof 1,000,209ratingsassigned
by6,040usersto 3,900moviesand3) the/��	�� dataset,whichcontainsover1.7million ratings
of 140jokesfrom 59,132anonymoususers.Collectedby theGroupLensResearchProjectat
theUniversityof Minnesota,theratingsin thetwo moviedatasetsarebasedon a5-point scale
[25]. The/��	�� jokedataset,in whichtheratingsarespecifiedon a-10to 10continuousscale,
wasderivedfrom theJesterjokerecommendersystem[26]. Thesethreedatasetsarewell-
knownbenchmarkdatasetsin therecommendersystemdomain[27]. Characteristicdetailsof
theabovedatasetsaregivenin Table1.

Evaluationmetrics
In theliterature,theaccuracyassessmentof recommendersystemsis typicallydividedinto
two classesof evaluationscenarios:i) ��	��� %�����	��� andii) 	�%�� recommendations.Evalua-
tion metricsinvolvedin i), e.g.RMSE(Root-Mean-SquareError), measurehowwellarecom-
mendersystemwouldperformin thetaskof predictinguserratings,whichis typicallydoneby
measuringthedifferencesbetweenthepredictedratingsandtheactualonesfor thoseitems
whoseratingvaluesareknown.On theotherhand,evaluationmetricsbasedon the	�%�� rec-
ommendations,e.g.Precision,Recall,NDCG (NormalizedDiscountedCumulativeGain)etc.
aim to evaluatealist of recommendationsasawhole.Thiskind of evaluationscenario

Table1.Datasetcharacteristics.

dataset #users #items #ratings rating scale density domain

MovieLens-100K 943 1682 100K [1, 5] 6.30% Movie

MovieLens-1M 6,040 3,900 1M [1, 5] 4.47% Movie

Jester 59.1K 140 1.7M [-10,10] 20.53% Joke

Thedatasetdensity,i.e.theinverseof thesparsity,representsthepercentageof cellsin thefull user-itemmatrix thatcontainratingvalues.

https://doi.org/10.1371/journal.pone.0255929.t001
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measureshowwell therecommendersystemwouldperformat rankingtherelevantitemsfor
theusere.g.theonesthathe/shehasliked or hasinteractedwith, aheadof their unrateditems.

The��	��� %�����	��� basedevaluationapproachiswidelyadoptedin thecontextof recom-
mendersystems,notablyfor comparingcollaborativefiltering algorithms,e.g.theNetflix Prize
[28]. Althougheffective,researchershavealsoclaimedthat ��	��� %�����	��� basedmetrics
couldbeinaccuratein somecases.For that reason,researchershaveinvestigatedthecompari-
sonandrelationshipbetweenthesetwo classesof evaluationmetrics[11,12,29].In [11], the
authorsfound that thereis little/no correlationbetweenthesetwo kindsof metrics.In other
words,analgorithmthatperformswellatpredictinguserratingsdoesnot necessarilyperform
equallywellwhendealingwith thetop-N recommendationstask.In [12], theauthorscom-
paredvariousalgorithmsin atop-N recommendationscontextandfound thatalgorithmsthat
aredesignedto rank itemsfor top-N recommendationscouldoutperformalgorithmsthatare
goodatpredictingratings.

Thecurrentwork dealswith thecollaborativefiltering recommendationscenario,which is
typicallyevaluatedby ��	��� %�����	��� basedmetrics.Thus,weadoptedtwo basicratingpre-
diction basedmetrics,i.e.themean-absolute-error (MAE) andtheroot-mean-square-error
(RMSE):

�0) ˆ

P
�;� j� �;� � �̂ �;� j

NP
…14†

�� �) ˆ

•••••••••••••••••••••••••••••••P
�;� …��;� � �̂ �;� †

2

NP

s

…15†

where�� denotesthenumberof predictedratings,i.e.thesizeof thetestset,while � �,� and�̂ �;�

respectivelydenotetheactualandpredictedratings.LowerMAE andRMSEvaluescorrespond
to moreaccurateratingpredictions.

Experimentalprotocol
Thissectiondetailstheexperimentalprotocolusedto evaluatetheproposedEBCRmethod.

Threedifferent typesof methodcomparisons. TheproposedEBCRadjustmentis
assessedwith respectto threetypesof comparisons:

1. Impactof theproposedEBCRadjustmentfor differentsimilarity measuresduring the
memory-basedcollaborativefiltering predictionprocess.To thisend,wecomparecollabo-
rativefiltering approachesusingthebasicsimilarity measures,i.e.��
 ��� , ��
 ��� and��
-

���
��� with theonesintegratingtheEBCRadjustment.Weadoptnamesof thesimilarity
measuresto denotethebasicapproaches(e.g.���*.�� for theapproachwith cosinesimi-
larity). Notethat theª.��º (k-nearestneighbours)term iscombinedwith thesimilarity
label,asdifferentneighbourhoodsizesareconsideredfor evaluation.Respectively,the
ªEBCRºterm isaddedto denotetheEBCRadjustment,e.g.)(��*���*.��. This typeof
comparisonallowsto evaluatetherelevanceandthegenericityof theproposedadjustment.

2. Comparisonwith otherstate-of-the-artsimilarity adjustmentapproaches.To thisend,we
comparetheproposedEBCRmethodwith two existingadjustments:the������������
�����	��� factor,i.e.Eq(6) andtheLaplacesmoothing,i.e.Eq(9).Theformer isdenotedby
the�1 term (e.g.�1*���*.��) while thelatterisdenotedby the!� one(e.g.
!�*���*.��).
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3. Comparisonwith state-of-the-artmodel-basedcollaborativefiltering approaches.Thecon-
sideredmodelsarethefollowing:(��� ���, SVD,SVD++andNeuMF.Detailsof thesemod-
elsareprovidedat thebeginningof theAssessmentsection.For this typeof comparison,we
denotetheproposedapproachasªEBCRºfor short.

Datasetsplit. For theexperiments,weperformeda5-foldcross-validation.Foreachof
thethreeconsidereddatasets,werandomlyseparatedtheentiredatasetinto 5sub-samplesof
thesamesizeandselectedonefor validation(testset),while thefour otherswereusedasthe
training set.Wethenrepeatedthisprocessbyselectinganothersampleasthetestset,etc.
henceresultingin 5 differentMAE andRMSEvalues.All of thecomparedapproacheswere
trainedon thesametraining setsandevaluatedon thesametestsets.Theaverageof the5
MAE and5 RMSEvalueswerefinally consideredfor eachcomparedmodel.

Chosenparametersfor models. TheproposedEBCRapproachhastwo mainparameters,
i.e.theneighbourhoodsize(numberof neighbourswhoseratingsareusedfor ratingpredic-
tion) andtheparameter� in Eq(7),whichparameterizesthesizeof the���	�� areaof theuser
tastemodelling.Theneighbourhoodsizeis thesameparameterasfor basicmemory-basedCF
approachesandtheonesintegratingwith theLaplacesmoothing(!�) or the������������
�����	��� (�1). Foreachdataset,weconsidered8 differentneighbourhoodsizes:{5,10,20,
40,60,80,100,200}for thetwo moviedatasetsand{5,10,15,20,25,30,35,40}for theJester
jokedataset.Wesettheparameter� of theproposedapproachat0.5afterobservingthat it had
anegligibleimpacton thefinal results.Specifically,to determinethevalueof theparameter�
in Eq(7),experimentswereconductedon theMovieLens-1Mdatasetwith different� values
for differentneighbourhoodsizes.Asaresult(Fig1),weobservedthat thevariationof the
parameter� hadanegligibleimpacton thefinal resultsandthevalueof � = 0.5leadsto slightly
betterresultswhentheneighbourhoodsizeissmall.

Anotherparameterfor memory-basedcollaborativefiltering approachesis relatedto the
wayonebuildsthesimilarity matrix, i.e.user-basedor item-based.For the/��	�� jokedataset,
theexperimentswereconductedwith item-basedcollaborativefiltering in orderto facilitate
computations.Asthejokedatasetcontainsonly 140itemscomparingto 59.1Kusers,it is
moreflexibleto adopttheitem-basedapproach.In thisway,thesizeof thesimilarity matrix
(140� 140)wasmuchsmallerthanthatbuilt for theuser-basedapproach(59.1K� 59.1K),
whichrequiresmuchmorecomputermemory.For themoviedatasets,theexperimentswere
conductedusingtheuser-basedapproach.

Regardingthespecificparametersof thecomparedadjustmentapproaches,i.e.thesignifi-
canceweighting(�1) andtheLaplacesmoothing(!�), wefollowedrecommendationspro-
videdby theauthorsof thecorrespondingworks[13,30].Thus,thethreshold	 usedin the�1
approachEq(6) wassetto 50andthepseudocountparameter�� for the!� approachwassetto
1 (which isequivalentto usingauniform prior in aBayesianperspective).

Regardingtheparametersandimplementationof themodel-basedapproaches,wefollowed
theconfigurationsprovidedin thecorrespondingoriginalpapers.To achievethis,wemade
useof existingopen-sourcepackagesandimplementations.Specifically,the(��� ���, SVD,
SVD++modelswereimplementedusingthe���%���� Pythonpackage[31], aswasalsothecase
for all consideredmemory-basedapproaches,including theproposedEBCRone.Thepackage
isdedicatedto thedevelopmentandevaluationof collaborativefiltering algorithmswithin a
homogeneousframework.For theNeuMFmodel,wefollowedanexistingimplementation
[32] usingthe�$&���� framework.

All sourcecodeof theproposedEBCRmethodisprovidedat [33].
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Results
Resultsof thethreetypesof comparisonarepresentedin thissection.First,theresultsregard-
ing thegenericityof theproposedEBCRadjustmentareshownin Fig2.Eachsimilarity mea-
surein Fig2 isassociatedwith two curvesof thesamecolour:thedashedonesfor original
measures(e.g.���*.��, in bluewith rectangles)andthesolidonesfor variantsintegrating
theEBCRadjustment(e.g.)(��*���*.��). Thesolidlinesaresystematicallybelowthe
dashedones.Forexample,theEBCRadjustmentledto aMAE/RMSEimprovementof 7.78%/
7.26%for the���*.�� approachwith aneighbourhoodsizeequalsto 100for the�����!����
,� dataset.Theobtainedresultsconfirmedthat theintegrationof theEBCRmethodis rele-
vantfor improving theoverallperformanceof thetestedcollaborativefiltering methods.They
alsoconfirmedthegenericityof thecontribution becausetheintegrationof EBCRimproved
theaccuracyof ratingpredictionsfor all testeddatasetsandall similarity measures.

Second,theresultsregardingthecomparisonof theproposedEBCRadjustmentwith the
�1 and!� adjustmentapproachesarerespectivelyshownin Fig3andTable2.Asin Fig2,in
Fig3 weshowtheobtainedresultsbyassociatingeachsimilarity measurewith two curvesof
thesamecolour:thedottedonesfor similarity measuresweightedby the�1 factorandthe
solidonesfor measuresthat integrateEBCR.Table2 representsMAE andRMSEvaluesof the
!� andtheEBCRapproaches.Assimilar resultswereobservedfor theotherneighbourhood

Fig 1. Experimental resultsof EBCRwith different � values(cf. Eq(7)) for different neighbourhood sizes(�).

https://doi.org/10.1371/journal.pone.0255929.g001
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sizes,in Table2weonly illustrateresultson thesebenchmarkdatasetswith 4 differentneigh-
bourhoodsizes.Meanwhile,all theresultsareprovidedat [33].

On theonehand,theresultsin Fig3 illustratethat for all 72testedconditions(3 datasets� 3
similarity measures� 8 neighbourhoodsizes)theEBCRadjustmentledto betterMAE and
RMSEvaluesthanthoseobtainedwith the�1 approach.On theotherhand,asshownin
Table2,slightlybut systematicallybetterresultswereobtainedby theEBCRapproachcom-
paredto the!� one.This lastpoint showsthatconsideringthewholesampletastedistribution
(asis thecasefor EBCR)wasmorerelevantthanthe��������� (i.e.theuniform prior aswith
theLSapproach).

Third, theresultsconcerningthecomparisonbetweentheproposedEBCRadjustmentand
themodel-basedcollaborativefiltering approaches,including (��� ���, SVD,SVD++and
NeuMF,areillustratedbyTable3.Thedatasetsin Table3 arelistedbyascendingorderof den-
sity.Thedatasetdensityreflectsthepercentageof availableratingsin theratingsmatrix.This
attributeisknown to influencetherelativeperformancesof recommendersystemapproaches
[34,35].Model-basedapproachesin generalperformbetterthanmemory-basedoneson low
densitymatrices.Conversely,memory-basedmethodstendto performbetteron densematri-
ces.Theresultsin Table3showthatwhenthedensityof thedatasetincreases,theEBCR
approach,whichisamemory-based�� approachcouldoutperformmodel-basedapproaches.
For the�����!����,� dataset(density= 4.47%),thebestmethodisSVD++(MAE = 0.6729,
RMSE= 0.8625)followedbySVDandNeuMFapproaches.For the�����!����,--. dataset,
whichisslightlydenser(density= 6.30%),SVD++isstill thebestmethod(MAE = 0.7214,

Fig 2. Comparisonsof original similarity measures(i.e.dashedcurves)with their variants integrating EBCRratios (i.e. solid curveswith the same
colour) on threebenchmark datasets:MovieLens-100K,MovieLens-1M andJester.

https://doi.org/10.1371/journal.pone.0255929.g002
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RMSE= 0.9203),but EBCRcomesnext,aheadof othermodelsin termsof MAE (0.7348).
Finally,on thedensest/��	�� dataset(density= 20.53%),theEBCRapproachhasthebest
results(MAE = 3.0158,RMSE= 4.1008),followedbyNeuMF(MAE = 3.0375,RMSE= 4.1376)
andclearlyoutperformedSVD(MAE = 3.3713,RMSE= 4.5004)andSVD++(MAE = 3.6209,
RMSE= 4.9042)models.

Interestingly,theresultspresentedin Table3 suggestthatconventionalCFmodelse.g.
SVD,SVD++andEBCRcouldoutperformthedeepneuralnetwork(DNN)-basedmodel
(NeuMF)in termsof ratingpredictions.Althoughrepresentative,theconsideredNeuMF
modelmight not showtheoverallperformanceof DNN-basedmodels.Notably,asmanyother
DNN-basedmodelscomparedin [10], theNeuMFmodelwasdesignedto dealwith implicit
ratingsandevaluatedthrough	�%�� basedmetrics.Astheevaluationprotocolin thispaper
wasbasedon explicit ratings(RMSE,MAE), theNeuMFmodelwasadaptedbyusinghomolo-
gouslossfunctionsto dealwith theratingpredictiontask.However,worksin [24,36]have
shownthatDNN-basedmodelsclearlyoutperformedconventionalmodelsin thetop-N rec-
ommendationsscenario.

A casestudyexample
Thissubsectionillustratesarealcasestudyexampleextractedfrom theMovieLens-100Kdata-
setto showthecontribution of theEBCRmethod.Eachof thecomparedapproachesisasked
to predicttheratingvalueof thetargetuser_903(with 903beingtheuserID) for theitem_106
(with 106beingtheitem ID). Theuser'sactualrating (groundtruth) for theitem is2.Table4
showstheobtainedresults.Formemory-basedcollaborativefiltering methods,the

Fig 3. Comparisonsof the �����������	 
	������� �
� with the EBCRapproachon threebenchmark datasets:MovieLens-100K,MovieLens-1M
andJester.

https://doi.org/10.1371/journal.pone.0255929.g003
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neighbourhoodsizeis fixedto 5 andthecosinemeasureisusedto computesimilarity between
users.Asshownin Table4,thetargetuser'sneighbourhoodcomputedby theCOS_KNN
approachiscompletelydifferentfrom theEBCR_COS_KNNone.Specifically,Table4shows
that for theCOS_KNNapproach,all of thenumbersof itemsco-ratedby thetargetuserand
his/herneighboursaresmall,e.g.theneighboursuser_36anduser_33co-rated2 itemswith
thetargetuser.While in theEBCR_COS_KNNcase,usersincludedin thetargetuser'sneigh-
bourhoodhavemoreitemsco-ratedwith thetargetuser,e.g.theneighboursuser_556and
user_8co-ratedrespectively13and18itemswith thetargetuser.Theaboveobservationsillus-
tratehowthoseuserswhoco-ratedfewitemswith thetargetuserareexcludedfrom the

Table2.Comparisonsof the Laplacesmoothing(��) with the EBCRapproachon threebenchmarkdatasets: MovieLens-100K,MovieLens-1MandJester.

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

5 10 20 40

MovieLens-100K MSD MAE (0.790,0.782) (0.758,0.752) (0.743,0.739) (0.738,0.736)

RMSE (1.010,1.001) (0.969,0.962) (0.949,0.945) (0.943,0.941)

COS MAE (0.788,0.782) (0.757,0.753) (0.743,0.740) (0.737,0.735)

RMSE (1.009,1.002) (0.970,0.965) (0.951,0.948) (0.944,0.942)

NormPCC MAE (0.786,0.776) (0.756,0.751) (0.743,0.740) (0.739,0.737)

RMSE (1.008,0.998) (0.969,0.963) (0.951,0.948) (0.945,0.944)

MovieLens-1M MSD MAE (0.782,0.769) (0.747,0.736) (0.727,0.719) (0.717,0.710)

RMSE (0.997,0.983) (0.949,0.937) (0.923,0.914) (0.909,0.902)

COS MAE (0.781,0.772) (0.747,0.739) (0.727,0.721) (0.716,0.712)

RMSE (0.997,0.986) (0.950,0.942) (0.924,0.918) (0.909,0.906)

NormPCC MAE (0.775,0.753) (0.742,0.726) (0.724,0.712) (0.714,0.706)

RMSE (0.990,0.966) (0.945,0.929) (0.922,0.911) (0.910,0.903)

Jester MSD MAE (3.045,3.045) (3.035,3.035) (3.074,3.074) (3.125,3.124)

RMSE (4.189,4.189) (4.123,4.122) (4.141,4.140) (4.180,4.180)

COS MAE (3.039,3.038) (3.017,3.016) (3.041,3.040) (3.083,3.083)

RMSE (4.181,4.180) (4.101,4.101) (4.104,4.103) (4.137,4.137)

NormPCC MAE (3.049,3.048) (3.037,3.037) (3.075,3.075) (3.126,3.126)

RMSE (4.191,4.191) (4.124,4.124) (4.142,4.141) (4.181,4.180)

Thebestvaluefor each(LS,EBCR)comparison is shownin boldcharacters.

https://doi.org/10.1371/journal.pone.0255929.t002

Table3.Comparisonsof EBCRvs.model-basedcollaborativefiltering approaches.

Dataset(density)

Approach MovieLens-1M(4.47%) MovieLens-100k(6.30%) Jester(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 andRMSEvaluesfor eachdatasetareshownin boldcharactersandthesecondrankingonesareunderlined. For EBCR,thesimilarity measure(SM)and

theneighbourhoodsize(NS)usedfor eachdatasetareasfollows:SM= COS,NS= 60for MovieLens-1M;SM= COS,NS= 60for MovieLens-100kandSM= COS,

NS= 10for Jester.

https://doi.org/10.1371/journal.pone.0255929.t003
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neighbourhoodduring theEBCRadjustment,eventhoughtheysharedthesameratingsfor
their fewco-rateditems.Regardingthepredictedrating,Table4 showsthat theEBCR_-
COS_KNNleadsto moreaccurateratingpredictioncomparedto theCOS_KNNapproach,
i.e.2.306vs.3.195(while thegroundtruth ratingvalueis2).Moreover,for theconsideredcase
studyexample,theresultsshowthat theEBCRapproachachievesthebestpredictioncom-
paredto all othermethods.

Conclusion & future work
In thisarticleanewmethodisproposedto refinethesimilarity estimationbetweenusersin
thememory-basedcollaborativefiltering context.Theproposedconcordanceratio between
two usersrepresentstheconcordanceof their ratings.It takesthepotentialdisparityof their
ratingsystemsinto account.In addition,weproposedto adjusteachof theseratiosusingthe
EmpiricalBayesprior, whichtakesinto accountthedistribution of all concordanceratios
within thetraining set.Moreover,thisBayesianadjustmentaccountsfor thenumberof items
that two usershaveco-rated,afactorthat is typicallyoverlookedbyexistingsimilarity mea-
sures.Theassessmentof our approachon benchmarkdatasetsconfirmedthat it systematically
improvedtheratingpredictionaccuracy.

Theproposedapproachhastwo majoradvantages:simplicityandgenericity.Indeed,the
adjustedratio,denotedEBCR,asasmoothingof widespreadsimilarity measures,iseasyto
integrateanddoesnot increasecalculationtime. In addition,thecontribution of theEBCR
approachseemsgenericasit improvesthequalityof theneighbourhood-basedcollaborative
filtering for all testedconventionalsimilarity measures,regardlessof theneighbourhoodsize
considered.

Thecomparisonresultsconcerningtheproposedmethodvs.model-basedCFmethodsalso
highlightedtherelevanceof theEBCRadjustmentespeciallyin thecontextof densedatasets,
e.g.theproposedapproachcouldoutperformneuralnetwork-basedmethodson theJester
dataset.Nevertheless,asdiscussedat theendof theResultssection,differentrecommendation
scenariosmayleadto onemodelappearingmoreappropriatethananother.Specifically,when
dealingwith ratingpredictions(���� � �	�
�), conventionalCFmodelswouldbemoreappro-
priatethanmodelsbasedon deepneuralnetworks.Thelattercouldbeabetterchoicewithin a
top-N recommendationscontext( ��	 �� �	�
�). Notethat in somereal-worldapplications,rat-
ing predictionson singleitemscouldbemoreusefulsuchasrecommendationsfor agroupof
users[37] whereit isdifficult to providetop-N recommendationsby treatingtheusergroupas
awhole.

Table4.A casestudyexampleextractedfrom the MovieLens-100Kdataset.

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

Approach Neighbours(# of co-rateditemswith the target user) Predictedrating

COS_KNN(k = 5) user_36(2);user_33(2);user_240(3);user_61(1); user_173(2) 3.195

EBCR_COS_KNN (k = 5) user_556(13);user_8(18);user_898(4);user_563(7);user_609(4) 2.306

Baseline 3.122

SVD 2.925

SVD++ 2.780

NeuMF 2.934

Thebestpredictionapproachis boldedandthesecondrankingoneis underlined.

https://doi.org/10.1371/journal.pone.0255929.t004
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Anotherexample[38] couldbeto showusersthepredictedratingof eachitem,thushelping
themmakedecisions.Moreover,recommendationsgeneratedbyneighbourhood-basedCF
areeasierto explainthan# ��� #�2 modelsbasedon latentfactors.Forexample,theexplana-
tion patterncouldbe3����� ��� #����	 �	�
 �  ��� $��' � �� #����	 �	�
 4º.Nevertheless,classic
neighbourhood-basedapproachesdo not distinguishwhetheror not therecommendationsare
basedon trustworthyneighbours.To thisend,theproposedEBCRmethodcouldalsobeused
to enhanceusers'trust in their recommendationsbecausetheselectionof itemsrecommended
isbasedon neighbourswhohaveco-ratedaconsiderablenumberof itemsandaretherefore
morereliable.

Lastly,theproposedconcordanceratiosarebasedon thecardinalityof co-rateditemsby
userpairs,while ignoringcontent/knowledgeinformation aboutitems,e.g.starring,director
etc.for movies.Eachof theseratiosis thusadjustedusingthesameparametersof theprior
Betadistribution, i.e.��0 and��0. Futureworksmight investigatehowtheratio adjustment
couldbepersonalizedviatheintegrationof item knowledge.
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