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Abstract

Collaborative filtering producesrecommendation$or
someactive user using the ratings of other uses, whee
theseusess havesimilar prefeencesto the active user It
differs to traditional retrieval and filtering systemswhich
returnitemsto someuserbasedon a comparisorbetween
the contentcontainedn items(documentsiandthe content
of a userquery(informationneed).

Manyauthors haveviewedcollaborativefiltering froma
statisticalpoint of view andnumepusstatisticaltechniques
havebeenapplied(includingmeansquae difference Pear
soncorrelation, Spearmarcorrelationandtechniquesrom
probability theory),with goodsuccessto collaborativefil-
tering domains. Early collaborative filtering systemsas
well as manycommecial systemgoday usea statistical
appmoac to calculatea correlation betweeruses. How-
ever, a large bodyof work existson the applicationof other
tedhniquesand appoadiesin a collaborativefiltering do-
main, including Bayesiametworks dependencyetworks,
aspecimodelsandclustering Thispaperreviewsa number
of thesetechniques.

1 Intr oduction

This paperreviewstheareaof collaboratvefiltering and
describessome non-traditionalcollaboratve filtering ap-
proacheshathave beenusedto date.

Givena setof usersa setof items,anda setof ratings,
collaboratvefiltering systemsattemptto recommendtems
to usersbasedon prior ratingsof the users. The collab-
orative filtering systemessentiallyautomateshe “word of
mouth” process.The assumptioruponwhich collaboratve
filtering is basedis that humanpreferencesre correlated
andthuspredictionis possible.

Theproblemspacecanbe viewedasa matrix consisting
of theratingsgiven by eachuserfor itemsin a collection,
i.e., thematrix consistof a setof ratingsu; ;, correspond-
ing to the rating given by useri to anitem j. Using this
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matrix, the aim of collaboratve filtering is to predictthe
ratingsof a particularuser 4, for oneor moreitemsprevi-

ously not ratedby that user The traditional collaborative
filtering paradigminvolvesa centralisecapproactwhereby
usergegisterwith oneparticularsystemandprovideratings
for items(explicitly, implicitly or both).

A numberof issuesarisewith respecto collaboratvefil-
tering. Theseinclude,choosingthe bestmethodto predict
preferencesevaluatingthe effectivenesf the predictions
made;analysingthe theoreticalunderpinningsf collabo-
rative filtering techniquesand justifying the assumptions
madeby the variouscollaboratve filtering approachess
well asdealingwith known collaboratvefiltering problems.

The paperoutline is asfollows: firstly an overvien of
collaboratve filtering is given,togethemwith a summaryof
thetraditionalapproacho collaboratvefiltering. Section3
detailsa numberof “non-traditional”approachesConclu-
sionsarepresentedh Sectiord.

2 History, Issuesand Traditional Approaches
2.1 History

A numberof researcherbave investigatedhe construc-
tion of usermodelshasedn stereotypesvherebya stereo-
typeis a collectionof datawhich typifies a classof users.
Rice[36] definesstereotypesisa meansof makinga large
numberof assumptionsabouta user basedupon only a
smallnumberof obsenations,andshepioneeredhe useof
stereotypen the Grundysystentfor recommendindpooks
to users.

In generalpsermodellinghashadalonghistoryin mary
computersciencedomains.Traditionally usermodelswere
createcbasedon evidencefrom explicit useractions;there
hasbeena gradualchangen this approactandnow thefo-
cusis on building usermodelsusing implicit information
gleanedfrom the users interactionwith a system. User
modellingtechniquesireusedin thedomainof information
managemenvheretechniquesreusedto ascertairagiven



usersnformationneedwith the aim of providing morerel-
evantandpersonaliseéhformationto thatuser

Goldbeg [17] coinedthe term Collaborative Filtering
andwasthefirst to publishdetailsof a collaboratve filter-
ing techniquein his descriptionof the Tapestryemail fil-
tering system. This systemallowed usersto annotatedoc-
umentswith their opinionsof the documents.Userscould
specifymail filtering queriego selectinterestingdocuments
basedon the documentcontentand the documentannota-
tions. The systemwasnot automaticandrelied on usersto
manuallyidentify similar usersandto selectrecommenda-
tions.

Resnick[35] introducedautomatectollaboratve filter-
ing for a system(GroupLen$ which providedpersonalised
predictionsfor Usenetarticles. A neighbourhood-tsedal-
gorithm, using PearsonCorrelationto createneighbours,
was used. Shardanandénd Maes[38] developeda mu-
sic recommendesystem(Ringg using constrainedPear
soncorrelationto calculateusercorrelations. Neighbour
hoodswereselectedasedn afixedthreshold Predictions
weregeneratetbasednaweightedaverageof ratingsfrom
all usersin a neighbourhood.The Bellcore Video recom-
mende23] alsousedPearsorCorrelation.

Collaboratve filtering techniqueshave been success-
fully applied to several domainson the Internet, e.qg.
www.amazon.comyww.cdnav.com.

Recentadwvanceswithin the field of collaboratve filter-
ing have focusedon the applicationof clusteringanddata
mining techniquesand on the combinationof contentand
collaboratvefiltering techniques.

2.2 Collaborative Filtering Issuesand Metrics

A numberof issueswith respecto collaboratiefiltering
existincluding:

1. Voting: Thedatasetmaybe populatedisingexplicit
ratings,implicit ratingsor both. Explicit ratingscan
be obtainedusinga gaugesetor by allowing theuser
to selectthe itemswhich they will rate. Implicit rat-
ings are obtainedby inferencesfrom user actions.
Ideally, asmary ratingsaspossiblearerequiredfrom
eachuserandfor this reasorexplicit ratingsareusu-
ally notsufficientontheirown asusersarenotwilling
to investa large amountof their time in rating mary
items. Implicit ratingsmay not be asaccurateasex-
plicit ratings. Ratingscan be recordedas absolute
values(binary or within somerange)or asarelative
orderingof items.

2. Data Set sparsityis arecognisegroblemwith col-
laboratve filtering datasets. Issueswith respectto
the datasetinclude: the sparsityof the matrix and

ary assumptionshatare madewith respecto miss-
ing valuesand noise (and the validity of theseas-
sumptionsand approaches)the size of the dataset
andary dimensionreductiontechniqueghatareper

formedandtheeffectthesegechniquesave onresults
aswell asefficiency considerations.

3. Algorithms: numerouscollaboratve filtering algo-
rithmshave beenproposedandtested.Theseinclude
model-basedpproachesnemory-basedpproaches,
machinelearning approachesstatistical and prob-
abilistic approachesnd list ranking approachess
well asapproacheshich combinecontentwith col-
laborative information. Variousalgorithmshave also
beenusedasa pre-processingtep.

4. Efficiency: dueto thetypically large sizeof collabo-
rative filtering datasets efficiency considerationare
importantand may meanthat certainapproachesre
not viable. It is importantthat usersreceve recom-
mendationgrom a systemin atimely manner

5. Cold-start problem: this problemoccurswhen a
new useror a new item is addedto the dataseton
which no, or very little, dataexists.

6. one-of-a-kind problem: this problemoccurswhen
thereis someuserwho is not similar to ary other
usersin thedataset.

7. Results recommendationsanbepresentedo auser
in a numberof ways, the most commonbeing to
preseninerecommendatiofor a particularitem or
presentlist of rankedrecommendationg.g.top-N

The ability of a systemto provide quality recommenda-
tions is the main measureof effectivenessusedin collab-
orative filtering systems. Intermediatestepswithin a par
ticular approachcould alsobe evaluated for example,the
quality of the neighbourhoodormedin nearest-neighbour
approachesThe main metricsusedto testthe predictions
producedhre:

e coverage: a measureof the ability of the systemto
provide arecommendatioon agivenitem.

¢ acculacy. ameasuref thecorrectnessf therecom-
mendationgieneratedby thesystem.

Coverageis usually computedas a percentagdor the
items for which the systemwas ableto provide a recom-
mendation. Accuray metrics may be broken down into
statisticalaccurag metricsand decisionsupportaccurag
metrics. Statistical accuracy metrics are usually calcu-
lated by comparingthe ratingsgeneratedy the systemto
userprovided ratings. The accuray is usually presented



asthe meanabsolutesrror betweerratingsandpredictions
[38]. Root meansquarederror and correlationmeasures
betweerratingsand predictionscanalsobe used. Sarwar
etal. [8] claim thatthesemetricstrack eachotherclosely
Decisionsupport accuracy metrics provide a measureof
theability of the systemin a decisionsupportervironment.
Typically, the value of the rating is not thatimportant—it
is moreimportantto know if the ratingis a goodor a bad
rating. Metricswhich canbe usedinclude: ROC sensitvity
whichis measuredy plotting sensitivityagains{1 — speci-
ficity). Sensitivityis the probability of a good item being
returnedby the systemassuch,specificityis the probability
of apooritem beingaccuratelyidentified. Weightederrors
andreversalratemayalsobe considered.

2.3 Traditional Approaches:Memory-based
Techniques

Memory-basedechniguesirethe mostcommonlyused
approachin collaboratve filtering. The title “memory-
based'is attributedto thesesetof techniqueslueto thefact
that the datasebf userpreferencesnustbe keptin mem-
ory asit is accessedor eachprediction/recommendation
made. The majority of memory-basetkechniquesireuser
user techniquesthough some item-item techniqueshave
alsobeeninvestigated.Griffith and O’'Riordan[20] give a
detailedoverview andempiricalanalysisof memory-based
techniques.

Memory-basedechniqueprovide a simpleandintuitive
approacho collaboratvefiltering andarewidely used.Dis-
adwantagesnclude:

¢ Recommendationareslow to respondo changesn
auserprofile.

e They could be seento be theoreticallyweakin that
the choiceof thresholdfor neighbourhoodelection
affectsthe recommendatiomesultsbut it is difficult
to ascertainthe optimal thresholdvalue. Also the
similarity is basedonly on the known featuresin the
dataset.

¢ Thecorrelationbetweenwo userprofilescanonly be
computedbaseddnitemsthatbothusershave rated.

¢ The correlationapproachinducesone global model
of similarities betweenusers, rather than separate
modelsfor classesof ratings(e.qg., positive vs neg-
ative ratings).

¢ To overcomeproblemswith the sparsityof the data
setandthe sizeof the dataset,someform of prepro-
cessingmay be required. Singularvalue decompo-
sition (SVD) is onepossibleapproach.Using SVD,
theinitial matrix canbedecomposeahto 3 matrices:

A = UoVT whereU andV are composedf or-
thonormalvectorsthat defineleft andright singular
valuesof A. ¢ is a diagonalmatrix. The highestk
singularvaluesaremaintainedogethemwith the cor
respondingows and columnsin U andV?. From
thesethreereducedmatrices,A’ anapproximatiorof
the original matrix A canbe derived. A detailedde-
scriptionis availablein [4, 12].

e Therearescalabilityissuesasthedatasetncreases.

3 Non-Traditional Approaches
3.1 Description

Typicalor “traditional” collaboratvefiltering algorithms
usestandardstatisticalmeasureso calculatethe similarity
betweerusergdmeansquaredifference pearsorcorrelation
etc.). Suchtechniquesalongwith othersimilarity measures
suchasvectorsimilarity, belongto thecatigory of memory-
basedapproaches.

Within the groupingof “non-traditional” approaches
large setof approachebave beeninvestigated Probability
theoryhasbeenused[33] to calculatethe probability that
usersareof thesametype.

Otheralgorithmsconstructa model of underlyinguser
preferencesrom which predictionsareinferred. Examples
include Bayesianmodels[6]; dependeng networks [22],
aspectmodels[24, 25], horting[1], clusteringmodels[39]
andmodelsof how peoplerateitems[33].

Collaboratve filtering hasalso beencastas a machine
learningproblem([3, 5, 31, 15], asa list-ranking problem
[15] andasadatamining problem[1, 30)).

SVD hasbeenusedto improve scalabilityby dimension-
ality reduction[5, 37]. This sectiongivesan overvien of
thesemary “non-traditional” approacheso collaboratve
filtering.

3.2 Probability Theory

Pennocketal. [33] proposepersonality typesasanap-
proachto collaboratve filtering. A personalitytypeis en-
codedas a vector of the users “true” ratingsfor titles in
the databaseGiventhe users known ratingsof items, the
probability of otherusershaving the samepersonalitytype
is computedthentheprobabilitythattheusemwill likesome
new itemis computed.This approactthereforetriesto ac-
quireamodelof usersandgroupsof usergo give aninitial
ideaof neighbourhoodsTraditional collaboratye filtering
techniguescould thenbe used. Thusit could be seenasa
form of pre-processingtHowever, from a practicalpoint of
view, usersmay notbewilling to give explicit ratings.



3.3 Model-basedApproaches

Breeseet al. [6] describean approachwhereBayesian
networks canbeusedto createa modelbasednatraining
setwhereeachnodecorrespondso anitem andthe states
for eachnodecorrespondo the possiblerating valuesfor
eachitem. After training,eachitemin theresultingnetwork
will have a setof parentshatarebestpredictorsof its rat-
ings. Eachconditionalprobabilitytableis representetly a
decisiontreeencodingthe conditionalprobabilitiesfor that
node. Over the experimentsperformed,the Bayesiannet-
work approachperformedaswell ascorrelationmethods.
Bayesiametworks have typically smallermemoryrequire-
mentsandallow for fastempredictionghanamemory-based
approach6]. However, atrainingphases requiredthatcan
be time consuming.lt wasalsoshavn thatwhenthereare
relatively few ratings Bayesiametworksperformlesswell.
Bayesiametworksmay prove practicalfor ervironmentsn
which knowledgeof userpreferenceghangeslowly with
respectto the time neededo build the modelbut are not
suitablefor ernvironmentsin which userpreferencanodels
mustbeupdatedapidly or frequently

Heclermanetal. [22] usedependencynetworks asan
alternatve to Bayesiannetworks. The graphof a depen-
deng network is potentiallycyclic (unlike a Bayesiamet-
work) andthe probability componentf a dependengnet-
work, like a Bayesiametwork, is a setof conditionaldis-
tributions,onefor eachnodegivenits parents.They evalu-
ateddependengnetworks andBayesiametworkson three
datasetsaand usedthree metrics: the accurayg of the rec-
ommendationsthe predictiontime (time takento createa
recommendatiolist givenwhatis known aboutauser);and
the computationatesourcesieededo build the prediction
models.In generalresultsshovedthat Bayesiametworks
are slightly more accuratethan dependeng networks but
dependeng networks are significantly fasterat prediction
andrequiresubstantialljfesstime andmemoryto learn.

Horting is agraph-basetkechniqudan which nodesrep-
resentusersand edgesbetweennodescorrespondo the
notion of predictability [1]. Predictionsare producedby
traversingthegraphto nearbynodesandcombiningtherat-
ingsof thenearbyusers Hortingdiffersfrom nearesheigh-
bour approachess the graph may be traversedthrough
otherusers/nodewho have not ratedtheitem in question,
thus exploring transitve relationshipsthat nearestneigh-
bour algorithmsdo not consider A predictionfor item j
for useri canbe computedasweightedaveragesomputed
via a few reasonablyshortdirectedpathsjoining multiple
users. Eachdirectedpathwill connectuseri at oneend
with anotheruserk who hasrateditem j. In [1], using
syntheticdata, horting producedbetterpredictionsthana
nearesheighbouralgorithm.

Hofmann[24] proposesan aspectmodel-alatentclass

statistical mixture model—for associatingword-document
co-occurrencedata with a set of latent variables. Hof-
mannet al. [25] apply the aspectmodelto useritem co-
occurrencedatafor collaboratve filtering. A latentclass
variable,z € Z = z,, ..., 7z, iSassociatedvith eachobser
vation. Theassumptions thatz (setof personsandy (set
of objects)are independentconditionedon z. The main
motivation behindthe introduction of the latent variables
z is to explain the obsered preferencedy somesmaller
numberof typical preferenceatternsvhich areassumedo
underliethe datageneratiorprocesgthe cardinalityof z is
smallerthanthe numberof itemsin thedocumentthusz is
usedasa “bottleneck”variablein predictingitems).

Browning andMiller [7] testtwo statistical modelling
approaches—Naive Bayes Model and Latent (variable)
clustermodel. They claim that such approachesre not
affected by missingfeaturesand that the compleity has
“limited” dependencen the datasefsize. However, such
approacheassumdeatureindependencerhichis not nec-
essarilyvalid in the collaboratve filtering domain. They
then presenta “statistical modelling” approachto the col-
laboratvefiltering task—theg view thetaskasoneof learn-
ing a maximum entroy (ME) model [26]. The general
ideais whenonly partial information aboutpossibleout-
comesexist, probabilitiesshouldbe chosenso asto max-
imise the uncertaintyaboutthe missinginformation. Sev-
eralapproacheto ME learningcanbe usedincludingiter-
ative scalingandits extensions(as usedin [7]). The ME
modelhasbeenusedin avariety of tasksincluding natural
languagemodelling, classificationandinferencetasks. In
experimentsysingthe F1 measurg2X2recisionxrecilly and
the MS Web dataset{using 285 features) the ME method
achieved betterresultsthan nave Bayesand clustermod-
elsaswell asbetterresultsthanSVMs (discussedhater)and
the Pearsorcorrelationmethod. A numberof experiments
were performedwherez featureswere selectedas known
andratingsproducedor theremainingfeaturesWith x = 2
the ME methodhadanF1 valueof 0.331,the Naive Bayes
methodgave avalueof .317,theclustermodelgave avalue
of .316, the correlationmethodgave a value of .198 and
the SVM approachhadan F1 valueof .197. Whenz was
increasedo 10, all methodsperformedbetterbut therela-
tive performanceof the approachestayedthe same. The
ME techniquedoesnot assumédeatureindependencand
no matrix reductionis required.In addition,the ME model
building compleity grows only with the numberof known
featurevaluesand/orthe numberof ME constraintghatare
encoded. However, it could be an inefficient approachif
changesremadeto the datasetovertime.



3.4 Machine Learning

Variousmachinelearningapproachekave beeninvesti-
gatedsuchasBayesianmnetworks (asdescribedn the pre-
vious section),classificationclusteringandrule-basedp-
proaches.Pre-processings often carriedout prior to the
machindearningstage.

In general,classification involves assigningan object
to somedefinedclass. As discussedn the previous sec-
tion, Browning and Miller [7] review the useof a SVM
(supportvector machine)approachwherebyN SVMs are
built—eachonededicatedo the predictionof a singlefea-
ture. They claimthatevenwith preprocessintheapproach
is infeasibledueto the effect missingfeatureswill have on
theaccuray of predictionsandthecomputationatomplex-
ity of thelearningtask.

BillsusandPazzani[5] describeatechniquenhich com-
binesa neuralnetwork coupledwith singularvaluedecom-
position(SVD). A feed-forward neuralnetwork is created
for eachuser After training, eachnetwork will mapa vec-
tor (representingn unseeritem) to a predictedrating for
thatitem for thatuser The EachMwie datasetwasused
and “reasonablepredictionaccurag” wasachieved. This
approactappearso havetwo majorproblemstheapproach
is inefficient dueto the factthata neuralnetwork wasused
for eachuser;alsoSVD is computationallyexpensve and
thereis difficulty in knowing the bestdimensionto choose
for thereducedmatrix.

Boosting [16] is a generalset of methodswhich pro-
ducea seriesof classifiers. The training setusedfor each
memberof the seriesis chosenbasedon the performance
of earlierclassifierdn the seriesg.g.,examplegshatarein-
correctlypredictedby previous classifiersin the seriesare
chosenmore often thanexamplesthat were correctly pre-
dicted. Thus, a classifieris forced to concentrateon the
difficult examplesn thetrainingset. Two mainapproaches
to boostingarecalledArcing andAda-Boosting.Freundet
al. [15] view collaboratve filtering asa list ranking prob-
lem andusea boostingalgorithm,usinga weaklearner for
collaboratvefiltering. Thegoalof thelearneris to produce
a“good” rankingof all items,includingthosenot obsened
in training. Resultsshavedthatit outperformedegression
and nearestneighbourapproachegthe nearestneighbour
approachusedfound only one mostsimilar userto the ac-
tive user).

The EachMorie datasetwasusedwith 61625usersand
1628 movies. For experimentsa subset,C, of the users
were selected.Eachuserin C definedan orderingof the
setof moviesliked by thatuser For eachtargetuser 50%
of thesemovies were usedin the feedbackfunction and
50% usedfor testing. Assumingthat eachapproachpro-
ducesa function H which ordersmovies, four measures
were usedto testthe approachesdisagreemengthe frac-

tion of movies mis-orderedby H), predicted-rank-of-top
(precisionof the first good movie on H's list); coverage
(precisionof lastgoodmaovie) andaverageprecision(how
good H is at puttinggoodmovies high on thelist). Three
experimentavereperformedwvherethe numberof features,
densityof feedbaclkanddensityof featureswverevaried.

With featuresizeof 100, the averageprecisionof rank-
boostwasapprox.0.475;0f nearesheighboumwas0.45and
of regressiorwas0.1.

Clustering involvesdividing a heterogeneougroup of
objectsinto homogeneousubgroupslin acollaboratvefil-
teringdomain,clusteringtechniquesanbe usedto cluster
usersbasedon their similar preference®r clustersimilar
items. Predictiondor a userin a clustercanbe madeusing
theratingsof otherusersin the samecluster

UngarandFoster[39] investigatech numberof cluster
ing approachesvhich could be appliedto the problem. A
movie domainis usedandthe modelviews classeof peo-
ple and mavies—moarie classesare known, e.g. comedy
drama,etc.,whereagpeopleclassesareunknovn andmust
bederived. The modelcontainghreesetsof parameters:

e P(k) theprobabilitya (random)personis in classk.
e P(I) theprobabilitya (random)movie s in classl.

e P(kl) the probabilitya personin classk is linkedto
amoviein classl.

Clusteringapproachesisedwere: k-meansclustering;re-
peatedclustering(clusteringon clusters);and Gibbs sam-
pling [2, 9]. Resultsshavedthatall threeapproachegave
comparableerror rateswhenthe classedradequalnumber
of membersandin generalresultsdependedn the nature
of the databeingfit. Choosingthe attributeson which to
clusterled to betterperformance For example,CDs were
clusteredbasedon artistandthe userswerethenclustered
basedon CD clusters.It wasnotedthatrepeatedtlustering
may overcomehedisadwantageof the sparsityproblembut
theapproactalsohasthe potentialto over-generalise.
Lee[29] investigatedwo clusteringapproachesin the
first approachit is assumedhateachuseris equallylikely
to belongto oneof m clustersof usersandthe rating for
eachitem is generatedandomlyaccordingto a distribu-
tion that dependsn the item andthe clusterto which the
userbelongs. In the secondapproacheachuseris again
assumecequally likely to belongto one of m clustersof
userswhile eachitem is equallylikely to belongto one of
n clustersof items. Therating for a < user, item > pair
is thengeneratedandomlyaccordingto a distribution that
dependon the clusterto which the userbelongsandthe
clusterto which theitem belongs(similar to [39]). Heuris-
tic algorithmsto approximatéBayesiarsequentiaprobabil-
ity assignmentvere developedwherea row columnclus-
tering methodandrow clusteringmethodwere combined.



Experimentswere performedon the EachMwie dataset.
In general,(using averageabsoluteerror), row clustering
performedbetterthanrow column clusteringand the cor-
relationalgorithm. The designeccombinedalgorithmper
formedwell for new userswho hadmadevery few ratings
andfor new itemsthathadrecevedvery few ratings.

Mobasheret al. [30] considera web mining domain
wherethey aim to find overlappingaggreateprofilesthat
can be usedby recommendesystemsto provide recom-
mendations. They evaluatetwo web mining techniques:
PACT (profile aggreyationsbasedon clusteringtransac-
tions), which clustersbasedon usertransactionandasso-
ciation rule hypegraphpartitioning, which clustersbased
on the viewing of a page. The Clique algorithm[34] was
alsousedfor comparison.The techniquesvere evaluated
in termsof the quality of individual profilesgenerated@nd
the quality of recommendationghenthe techniquesvere
integratedwith a “personalizatiorengine”. Resultsshaved
thatbothtechniguesresuitablefor webpersonalisation.

O’Connoretal. [32] list threemotivationsfor clustering
itemsprior to usingtraditional collaboratie filtering tech-
nigues:

¢ reducalimensionalityof spacevia clusteringthusre-
ducingcomputatiortime.

¢ increaseaccurag of predictions.
¢ increaseotentialfor parallelismof task.

Their approachwas to partition the data set (on items)
andthenapplytraditionalcollaboratve filtering techniques
within eachpatrtition to producerecommendationsThey
experimentedwvith four differentclusteringalgorithms:av-
eragelink hierarchicalagglomeratie [19]; ROCK (robust
clusteringalgorithm for cateyorical attributes) [21]; and
kMetis andhMetis[28, 27]. Somepreprocessingvasper
formedandthe Pearsorcorrelationcoeficient wasusedto
calculatethe similarity betweeritems. Resultsshovedthat
kMetis was the most promisingof the four clusteringal-
gorithmstested. However in mostcasesthe accuray of
recommendationfr the partitionedmodelwas not better
thantheaccurag of recommendationssingthewholedata
set(unpartitioned).They positthatthis couldbe dueto the
factthatthe similarity measuraisedis basedn ratingdata
ratherthan contentdata. Also, due to the fact that they
wantedto parallelisethe task, an item could only belong
to one clusterwhereascertainitems may have significant
predictve valuefor anumberof clusters.

Basuetal. [3] developaninductive learning approach
usingRippef10] which canlearnrulesfrom datawith set-
valuedattributes.Thetestsetuseds from themovie recom-
mendatiordomain. Pre-processingf the datasetinvolves
converting eachuser/maie rating into a tuple of two set-
valuedfeaturesmovieslikedby auserandusersvholiked

amovie. Thenotionof like is definedto be ary ratingthat
is in the top quartileof the ratingsmadeby a user In ad-
dition, contentinformationwas addedwherebya setwas
createdf movie genreswith threepossiblevalues— com-
edy, dramaandaction. Thefirst experimentuseshefollow-
ing collaboratve featuresfor eachmovie: userswho liked
the movie; userswho disliked the movie andmoviesliked
by theuser In generalprecisionwasreasonablé78%) but
therewasalowerlevel of recall(27%)in comparisoro tra-
ditional collaboratvefiltering techniques—irparticularthe
Recommendesystem[23]. Recommendeachiered 78%
precisionand 33% recall. A secondexperimentadded26
contentfeaturedo thelist of collaboratve featuresNo im-
provementdn precisionandrecall werenoticed(73% and
33%respectiely). A furtherexperimentcombinedcollab-
orative with contentinformationrelatingto the genreof a
movie. The hybrid featuresusedwere: comediediked by
user;dramadikedby user;actionmaoviesliked by user In
addition featuredor eachgenrewereused:usersvholiked
manymoviesof genreX'; userswho liked somemovies of
genreX ; useravholikedfew moviesof genreX ; usersvho
disliked movies of genreX. With this dataset, precision
andrecallwereincreased83%and34%respectiely).
Nakamuraet al. [31] castthe collaboratve filtering
problemasone of learninga binary relation betweenthe
users(rows) and items (columns). Predictionis carried
out by the useof weightedmajority binary predictional-
gorithmswhich arebasednlearningbinaryrelationsusing
weighted-majorityoting[18]. Initially, eachuseris related
to eachitemin the datasetA valueis calculatedor there-
lation of a userto anitem usinga predictionfunctionor set
of predictionfunctions. In this processusers’preferences
areconsideredo bethelearnttarget function
Delgado[13] usesa pool of independentprediction
algorithms—ondor eachuser wherea predictionis made
in eachtrial. Theideais, for someuser to find othertar
get functionsthat consistentlybehae in a neutral, oppo-
site or similar way to the actve targetfunctionthatthe sys-
temis trying to learn. The algorithmspredictionis a func-
tion of the originaltargetfunctionanda similarity measure
betweeruserg(similarity calculatecusingcorrelationmea-
sure). Several learningtechniquescan be usedto update
weights,the mostcommonbeingweightedmajority voting
which updatesveightsonly whenthe predictionis wrong.
Theapproactwasnottestedn [13].

3.5 List Ranking

Freundetal. [15] view collaboratie filtering asan or-
deringtask. They usea rankingapproachwherethe output
from acollaboratvefiltering systemis arankingof all items
(peruser)which accuratelypredictswhichitemsa userwill
like more or lessthan otheritems. This list will include



itemsthatthe userhasnotalreadyrated.

Problemsthat involve orderingand ranking have been
investigatedn variousfields suchasdecisiontheory social
scienceinformationretrieval andmathematica¢conomics.
The problemof learningto rank is closely relatedto the
I.R. problemof combiningresultsfrom differentsearchen-
gines. A numberof techniquescan be usedto learnthe
rankingmodelincluding, classification(usingboosting)as
carriedoutin [15]. Cohenetal. [11] alsousea list rank-
ing approach. They develop a framavork for manipulat-
ing andcombiningmultiple rankingswith the aim of min-
imising the numberof disagreementisetweerrankings.In
their framework, the rankingsare usedto constructpref-
erencegraphsand the problemis reducedto an optimisa-
tion problemwhich is NP-completeand thus an approxi-
mationis usedto combinethe differentrankings. Results
were reportedin Section3.4 but are difficult to evaluate
asthe methodschosenwith which to compareRankBoost
werenot standardnes(i.e., mostotherapproacheshoose
Pearsorcorrelationasthe nearesheighbourapproactwith
which to comparea new technique;this was not donein

[11]).
3.6 Item-basedTechniques

Iltem—basedechniqueg14, 8] identify relationshipe-
tweendifferentitems, and then usetheserelationshipsto
computerecommendationfor users.

Fisk [14] presentsa system MORSE which makes
personalisedilm recommendationbasedon information
aboutusers’film preferencesThe approachakeninvolves
calculatingthe correlationbetweeritem 5 (onwhicharec-
ommendationis requiredfor users) andall otheritemsin
thedataset. Thenfor eachuserk in thedataset,theratings
givenby i to the N films mostcloselycorrelatedwith j is
plottedagainstratingsgivento thesamsfilms by thecurrent
k. Thebest-fitstraightline is determined.The correlation
between; and k (for the n films mostclosely correlated
to with 7) is alsoplotted. Using the samedataset, results
shaved that the approachproducedmore accuratepredic-
tionsthanPearson:r

Sarvar et al. [8] looks at the set of items that the
userhasratedand firstly computeshow similar they are
to the targetitem ¢ andthenselectsk mostsimilar items
{i1,142,-..,in}. At thesametime their correspondingim-
ilarities {si1, si2, - .-, Sin} arealsocomputed. Oncethe
most similar items are found the predictionis then com-
putedby taking a weightedaverageof the targetusersrat-
ings on thesesimilar items. Eachitem pair in the co-rated
setcorrespond$o adifferentuser A numberof approaches
canbeusedto computehesimilarity betweeritemsinclud-

ing:
e correlation: compute the similarity betweentwo

itemsby calculatingthe Pearson-correlation.

e cosinesimilarity: thetwo itemsarethoughtof astwo
vectorsin the m dimensionaluserspace. The sim-
ilarity betweenthemis measuredy computingthe
cosineof theanglebetweerthetwo vectors.

¢ adjusteccosinesimilarity: theratingsarenormalised
by subtractingthe useraveragefrom eachco-rated
pair beforeusingthe cosinesimilarity.

Approachesvhich canbe usedfor predictioninclude:

¢ weightedsum: computeshe predictionfor anitem
1 for a useru by computingthe sum of the ratings
givenby theuseronitemssimilarto . Eachratingis
weightedby the correspondingimilarity (s;, j) be-
tweenitemss andj.

e regression: insteadof directly using the ratings of
similar items,an approximationof the ratingsbased
onaregressiormodelis used.In practicethesimilar
ities computedusing cosineor correlationmeasures
may be misleadingin the sensethat two rating vec-
torsmaybedistant(in Euclidearsenseyetmayhave
high similarity. In sucha caseusingtheraw similar
ity ratingsmayresultin poorprediction.

Two typesof experimentswere performed: thosetest-
ing the quality of predictionsandthosetestingthe perfor
manceof the approaches.Threetypesof similarity algo-
rithmsweretestedbasiccosine adjustedcosineandcorre-
lation). The weightedsumalgorithmwasusedto generate
predictions. The adjustedcosineshaved lowestMAE and
wasusedin theremainingexperiment{ MAE usingthe ad-
justedcosinemeasurewas approx0.733; the MAE using
the basiccosinemeasuravasapprox. 0.835andthe MAE
usingthecorrelationmeasurevas0.83approx.).

Resultsshoved that the item-item algorithmsslightly
outperformedi Pearsomiseruseralgorithm.With thetrain-
ing set/tesketratio setat0.5andtheneighbourhoodizeset
at 30 the item-itemapproacthasan MAE of .749andthe
useruserapproacthasan MAE of .755. Performancex-
perimentsshovedthattheitem neighbourhoodare“f airly
static” andthus can be pre-computedvhich will facilitate
goodonline performance.

3.7 Advantagesand Disadvantages

Someof theapproachesouldbeviewedastheoretically
strongetthanneighbourhood-basexpproaches.

Modelling approache@ generalprovide flexibility and
have scaledbestwith large datasetsSomecanalsohandle
missingvalues.



Many of the machine learning techniquesare more
computationallyexpensve that memory-basediechniques.
However, machinelearningapproachesufer from being
seemasa“black box” whereit is difficult to explicitly state
whathasbeenlearnt.

Thereis a potentialproblemwith the applicationof sta-
tistical techniqueslueto thefactthatthesetechniquesnay
requirecertainfeaturesof datato hold andthis maynot be
feasible.For this reasonmachindearningapproachemay
bemorerobust.

4 Summary and Futur e Dir ections

Collaboratve filtering hasattractedmuchinterestin the
researchdomain since the publication of details of the
Tapestrysystemin 1992[17]. Collaboratve filtering has
beenviewed as a complementanapproachto traditional
I.R. systemsand mary collaboratve filtering approaches
havebeerproposedEarly collaboratvefiltering techniques
usestandardstatisticaimeasureto calculatethecorrelation
betweerusers.Numerousothertechniquesave beenpro-
posedto improve on the performanceof thesetechniques
andto try overcomesomeof the problemsinherentin the
collaboratvefiltering domain,suchassparsityandhigh di-
mensionality This paperhasgiven an overview of these
techniques.

Researclin the areahasby no meansreached steady-
stateand muchwork canyet be performedon evaluating
existing approacheaswell asthe potentialof investigating
new modelsandnew approaches.
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