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Abstract

The explosive growth of the world-wide-webandthe emegenceof e-commercéhasled to the developmentof
recommendesystems-a personalizednformation filtering technologyusedto identify a setof N itemsthat will
be of interestto a certainuser UserbasedCollaboratve filtering is the most successfutechnologyfor building
recommendesystemgo date,andis extensiely usedin mary commerciarecommendesystemsUnfortunatelythe
computationatompleity of thesemethodsgrows linearly with the numberof customerghatin typical commercial
applicationscan grow to be several millions. To addressthesescalability concernsitem-basedecommendation
techniqgueshave been deelopedthat analyzethe useritem matrix to identify relationsbetweenthe differentitems,
andusetheserelationsto computethelist of recommendations.

In this papemwe presenbnesuchclassof item-basedecommendatioalgorithmsthatfirst determinethe similari-
tiesbetweerthevariousitemsandthenusedthemto identify thesetof itemsto berecommendedThekey stepsn this
classof algorithmsare (i) the methodusedto computethe similarity betweertheitems,and(ii) the methodusedto
combinethesesimilaritiesin orderto computethesimilarity betweera baslet of itemsanda candidataecommender
item. Our experimentalevaluationon five differentdatasetshowv thatthe proposedtem-basedalgorithmsare up
to 28 timesfasterthanthe traditionaluserneighborhoodasedecommendesystemsandprovide recommendations
whosequality is up to 27% better

1 Introduction

Theexplosive growth of theworld-wide-webandtheemegenceof e-commercéasled to thedevelopmenif recom-
mendersystem$11]. Recommendesystemss a personalizedhformationfiltering technologyusedto eitherpredict
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whethera particularuserwill like aparticularitem (predictionproblen), or to identify asetof N itemsthatwill be of
interestto a certainuser(top-N recommendatioproblen). In recentyearsrecommendesystemshave beenusedin
a numberof differentapplicationg18, 7, 9, 19, 17, 8, 10, 3], suchasrecommendingroductsa customemill most
likely buy movies, TV programspr musicauserwill find enjoyable,identifyingweb-pageshatwill beof interest,or
evensuggestin@lternatevaysof searchingor information.

Variousapproachesor recommendesystemshave been deelopedthat utilize eitherdemographiccontent,or
historicalinformation[7, 1, 2, 18,19, 9]. CollaboratveFiltering (CF),is probablythemostsuccessfuandwidely used
techniquedor building recommendesystemd12, 9]. For eachuser CF-basedecommendesystemsausehistorical
informationto identify a neighborhoodf peoplethatin the pasthave exhibited similar behaior (eg., accessethe
sametype of information,purchased similar setof productsjiked/dislikeda similar setof movies)andthenanalyze
this neighborhoodo identify new piecesof informationthatwill belikedby theuser We will referto this classof
approacheasuser-based recommendation algorithms.

Despitetheir successCF-basedecommendesystemshave two major limitations. Thefirst is relatedto sparsity
andthe seconds relatedto scalability[17]. In mary recommendesystemsthe amountof historicalinformationfor
eachuserandfor eachitem is often quite limited. As a result, CF-basedecommendesystemscannotaccurately
computethe neighborhoodndidentify the itemsto recommend—leadin poorrecommendationsTo addresghis
problem,a variety of techniqueshatuseeitherdimensionalityreduction[16, 15 or content-basedoftwareagentso
automaticallygenerateatings[6] have been deelopedthatincrease¢he densityof the datasets.

Unfortunately nearesteighboralgorithmsrequirecomputationghatgrows linearly with the numberof usersand
items. With millions of usersanditems, existing CF-basedecommendesystemssuffer seriousscalabilityproblems.
Oneway of reducinghecompleity of thenearest-neighbaomputationss to clusterthe usersandthento eitherlimit
the nearest-neighbaearchamongthe usersthat belongto the nearestlusteror usethe clustercentroidsto derive
the recommendationf0, 10]. Theseapproachesventhoughthey cansignificantlyspeedup the recommendation
engine they tendto decreas¢he quality of therecommendationAn alternateapproactis to build recommendation
modelsthat are basedon theitems. In theseapproacheshe historicalinformationis analyzedo identify relations
betweenthe items suchthat the purchaseof anitem (or a setof items) often leadso the purchaseof anotheritem
(or a setof items) [4, 13, 21, 8]. Theseapproachessincethey usethe pre-computednodel, can quickly recom-
menda setof items,andhave beenshavn to producerecommendationesultsthatin somecasesarecomparabldo
traditional,neighborhood-basedF recommendesystems.We will referto this classof approacheasitem-based
recommendation algorithms.

In this paperwe presenbnesuchclassof model-basedop-N recommendatioalgorithms.Thesealgorithmsfirst
determinghesimilaritiesbetweerthevariousitemsandthenusedhemto identify thesetof itemsto berecommended.
Thekey stepsdn thisclassof algorithmsare(i) themethodusedo computehesimilarity betweertheitems,and(ii) the
methodusedto combinethesesimilaritiesin orderto computehesimilarity betweerabasletof itemsandacandidate
recommendeitem. In particular we presentwo differentmethodof computingtheitem-to-itemsimilarity. Thefirst
methodmodelsthe itemsas vectorsin the userspaceandusesthe cosinemeasurgo measurdhe similarity. The
secondnethodcomputegheitem-to-itemsimilarity usingatechniquénspiredby the conditionalprobabilitybetween
two items,extendedsothatit candifferentiatebetweeruserswith varyingamountof historicalinformationaswell as
differentiatebetweerfrequentlyandinfrequentlypurchasedtems. Furthermorewe presenta methodof combining
theseitem-to-itemsimilarities that accountsfor item-neighborhoodsf differentdensity that canincorrectly bias
the overall recommendationWe experimentallyevaluateour algorithmson five differentdatasetsrisingin various
applicationsOurexperimentshaw thattheitem-to-itembasedilgorithmsareupto 28timesfastethanthetraditional



userneighborhoodbasedrecommendesystems Furthermoregur algorithmsachieve substantiallyhigherquality. In
particular the cosine-andconditional-probabilitbasedalgorithmsareon theaveragel5.7%and27%betterthanthe
userbasedecommendatioalgorithm,respectrely.

Therestof this paperis organizedasfollows. Section2 presentsan overview of the traditionaluserbasedop-N
recommendatiomlgorithms. Section3 describeghe variousphasesand algorithmsusedin our item-basedop-N
recommendatiosystem. Section4 providesthe experimentalevaluationof the variousparametersf the proposed
algorithmsandcomparest againstthe userbasedalgorithms.Finally, Section5 providessomeconcludingremarks
andanoutlineof thefutureresearch.

2 Overview of User-Based Top-N Recommendation Algorithms

UserbasedCollaboratve filtering (CF) [12, 9] is the mostsuccessfutechnologyfor building recommendesystems
to date,andis extensiely usedin mary commerciarecommendesystems Theseschemesely onthefactthateach
personbelongsto a larger group of similarly-behaing individuals. Consequentlyitems (i.e., products)frequently
purchasedy the variousmembersf the groupcanbe usedto form the basisof therecommendedems.

Let R be ann x m useritem matrix containinghistoricalpurchasingnformationof n customer®nm items.In this
matrix, ri j is oneif theith customehaspurchasedhe jth item, andzerootherwise.Let U bethe setof itemsthat
have alreadybeenpurchasedy the customerfor which we wantto computethe top-N recommendationswWe will
referto this customerasthe activecustomerandin orderto simplify the presentatiowe will assumehatthe active
customeoesnot belongto the n customerstoredin matrix R. UserbasedCF recommendesystemscomputethe
top-N recommendedemsfor thatcustomeiasfollows.

First they identify the k mostsimilar customersn the database.This is often doneby modelingthe customers
anditemswith the vectorspacemodel,usedwidely for informationretrieval [14, 13, 15]. In this modeleachof the
n customersaswell asthe active customeiis treatedasa vectorin the m-dimensionaitem spaceandthe similarity
betweerthe active andthe existing customerss measuredby computingthe cosinebetweerthesevectors.Oncethis
setof thek mostsimilar customer$iave beendiscorered their correspondingowsiin R areaggrejatedo identify the
setC of theitemspurchasedby the groupaswell astheir frequeng. Using this set,userbasedCF techniqueghen
recommendhe N mostfrequentitemsin C thatarenotalreadyin U (i.e., theactive userhasnot purchased@lready).
Note that the frequeng of the itemsin the set C canbe computedby eitherjust countingthe actualoccurrence
frequeng or by first normalizingeachrow of R to beof thesamelength(i.e., ||ri «||2 = 1). Thislaternormalization
gives lessemphasigo itemspurchasedby customershatarefrequentbuyersandleadsto somevhatbetterresults.

Despitethe popularityof userbasedCF recommendesystemshey have anumberof limitationsrelatedto scal-
ability. The computationatompleity of thesemethodsgrows linearly with the numberof customerghatin typical
commerciabpplicationsangrow to be severalmillions. Furthermoregventhoughthe useritem matrixis sparsethe
userto-usersimilarity matrixis quitedenseThisis becausesvenafew frequentlypurchasedemscanleadto dense
userto-usersimilarities. Moreover, real-timetop-N recommendationsasednthecurrentbaslet of items,utilized by
mary e-commerceaites,cannottake advantageof pre-computediserto-usersimilarities. Consequentlyeven though
thethroughpubf userbasedecommendatioenginescanbeincreasedy increasinghe numberof senersrunning
therecommendatiorngine they cannotdecreas¢he lateng of eachtop-N recommendatiothatis critical for near
real-timeperformance.



3 Item-Based top-N Recommendation Algorithms

To addresshescalabilityconcern®f userbasedecommendatioalgorithmsjtem-basedecommendatiotechniques
(alsoknown asmodel-basedhpave been deeloped[4, 13, 21, 8]. Theseapproachesanalyzethe useritem matrix to
identify relationsbetweerthe differentitems,andthenusetheserelationsto computethelist of top-N recommenda-
tions. The key motivation behindtheseschemess thata customemwill morelikely purchasatemsthatare similar
or relatedto the itemsthathe/shehasalreadypurchasedSincetheseschemeslo not needto identify the neighbor
hoodof similar customersvhenarecommendatiois requestedhey leadto muchfastemecommendatioenginesA
numberof differentscheme$ave beenproposedo computetherelationsbetweerthe differentitemsbasedn either
probabilisticapproachesr moretraditionalitem-to-itemcorrelations.

In this paperwe study a classof item-basedop-N recommendatiomlgorithmsthat useitem-to-itemsimilarity
to computethe relationsbetweenthe items. During the modelbuilding phase for eachitem j, the k mostsimilar
items{j1, j2, ..., jk} arecomputedandtheircorrespondingimilarities{sj,, sj,, . . ., Sj,} arerecordedNow, for each
customethathaspurchasedset(i.e., baslet)U of items,thisinformationis usedto computehetop-N recommended
itemsasfollows. First,weidentify thesetC of candidateaecommendedemsby takingtheunionof thek mostsimilar
itemsfor eachitem j € U, andremoving from the unionary itemsthatarealreadyin U. Then,for eachitemc € C
we computdts similarity to thesetU asthesumof the similaritiesbetweerall theitemsj € U andc, usingonly the
k mostsimilaritemsof j. Finally, theitemsin C aresortedin non-increasingrderwith respecto thatsimilarity, and
thefirst N itemsareselectedasthetop-N recommendedet.

3.1 Item Similarity

Thecritical stepin theproposedtem-basedecommendatioalgorithmis the methodusedto determinghe similarity
betweertheitems. In therestof this sectionwe describewo differentclassesf similarity algorithms,onederived
from thevectorspacenodelandthe otherfrom probabilisticmethods.

3.1.1 Cosine-Based Similarity

Oneway of computingthe similarity betweerntwo itemsis to treateachitem asa vectorin the spaceof customersand
usethecosinemeasurdetweerthesevectorsasa measuraf similarity. Formally, if Risthen x m useritemmatrix,
thenthe similarity betweentwo itemsv andu is definedasthe cosineof the n dimensionalectorscorrespondingo
thevth anduth columnof matrix R. The cosinebetweerthesevectorsis given by

- o

v-u

sim(v, u) = cos(v, U) = ———,
[lvll21ull2

1)
where'-’ denoteshevectordot-producbperation.

From Equationl we canseethat the similarity betweentwo itemswill be high if eachcustomerthat purchases
oneof theitemsalsopurchaseshe otheritem aswell. Furthermorepneof theimportantfeatureof the cosine-based
similarity is thatit takesinto accounthe purchasindgrequeng of thedifferentitems(achieved by the denominatoin
Equationl). As aresult,frequentlypurchasedtemswill tendto be similar to other frequentlypurchasedtemsand
notto infrequentpurchasedtems,andvice versa.Thisis importantasit tendsto eliminateobviousrecommendations,
i.e., recommendationef very frequentitems, astheseitemswill tendto be recommendednly if other frequently
purchasedtemsarein the currentbaslet of items.

As it was the casewith the userbasedrecommendatiomlgorithms,the rows of R caneithercorrespondo the



original binarypurchasenformation,or it canbe scaledsothateachrow is of unit length(or any othernorm),sothat
to differentiatebetweercustomershatbuy a smallor alargenumberof items. Dependingn hov thecustomers/users
arerepresentedhecosine-baseitem similarity will bedifferent.In thefirst casefor any pairof items,eachcustomer
will betreatedequally whereasn the secondcase moreimportancewill be given to customershathave purchased
fewer items. The motivationfor the secondschemas thatco-purchasingnformationfor customerghathave bought
few itemstendsto be morereliablethan co-purchasingnformationfor customerghat buy mary items, asthe first
grouptendsto representonsumershatarefocusedn certainproductareas.

3.1.2 Conditional Probability-Based Similarity

An alternateway of computingthe similarity betweeneachpair of itemsv andu is to usea measurehatis based
on the conditionalprobability of purchasingone of the itemsgiven thatthe otheritemshasalreadybeenpurchased.
In particular the conditionalprobability of purchasingu given thatv is purchased (u|v) is nothingmorethanthe

numberof customershatpurchaséothitemsv andu dividedby thetotal numberof customershatpurchased, i.e.,

Freg(uv)

P(ulv) = Freqw)

whereFr eq(X) is thenumberof customershathave purchasedheitemsin thesetX. Notethatin generalP (u|v) #
P(v|u), i.e., usingthis asa measuref similarity leadsto asymmetriaelations.

Oneof thelimitations of usingconditionalprobabilitiesasa measuref similarity, is thateachitem v, will tendto
have high conditionalprobabilitiesto itemsthatarebeingpurchasedrequently Thatis, quite often P(u|v) is high,
asaresultof thefactthatu occursvery frequentlyandnot because andu tendto occurtogether This problemhas
beenrecognizeckarlierby researcheri informationretrieval as well asrecommendatiorystemg14, 13, 8, 5]. One
way of correctingthis problemis to divide P (u|v) with a quantitythatdepend®n the occurrencdrequeng of item
u. Two differentmethodshave beenproposedor achieving this. Thefirst oneinspiredfrom the inverse-document
frequeny scalingperformedin informationretrieval systemsmultiplies P(ujv) by —log2(P(u)) [14], whereaghe
otheronedivides P (u|v) by P(u) [8].

Our experimentshave shavn thatthis scalinggreatlyaffectsthe performancef therecommendesystem further
more, the optimal scalingdegreeis problemdependedFor thesereasonsye usethe following formulato compute

thesimilarity betweentwo items:
Freq(uv)

Freq(v) x (Freq(u)*’
wherea is a parametethattakesa valuebetweer0 and1. Notethatwhena = 0, Equation2 becomesdenticalto

sim(v, u) =

)

P(ulv), whereasf o = 1, it becomesimilar (upto a scalingfactor)to theformulationin which P(u|v) is dividedby
P(u).

One of the limitations of using Equation2 is thatit providesno mechanisnby which to discriminatebetween
customersvho purchasenary itemsandcustomersvho purchasdew items.As discusseth Section3.1.1,customers
thatbuy fewer itemsmaybe morereliableindicatorswhendeterminingthe similarity betweentems. For this reason
we have extendedhe similarity measuref Equation2 in thefollowing way. Firstwe normalizeeachrow of matrix R
to beof unitlength. Thenwe definethe similarity betweeritemsv andu as:

ZVi:ri,U>0ri,U

SIM, W) = £r500) x (Freq@)e”

®3)




Theonly differencebetweerEquation3 andEquation? is thatinsteadf usingtheco-occurrencéequeny we usethe
sumof thecorrespondingon-zeraentriesof the uth columnin theuseritem matrix. Sincetherows arenormalizedo
be of unitlength,customershathave purchasedanoreitemswill tendto contritutelessto the overall similarity; thus,
giving emphasigo the purchasinglecisionf the customershathave boughtfeweritems.

3.2 Similarity Normalization

Recallfrom Section3 thatgiven abaslet of itemsU, theitem-basedop-N recommendatioalgorithmdetermineshe
itemsto berecommendety computingthe similarity of eachitem notin U to all theitemsin U andselectinghe N
mostsimilar itemsasthe recommendedet. The similarity betweerthe setU andanitemv ¢ U is determinedby
addingthesimilaritiesbetweereachitemu € U andv (if v is in thek mostsimilaritemsof u).

One of the potentialdrawbacksof this approachs that the raw similarity betweeneachitem u andits k most
similaritemsmaybesignificantlydifferent. Thatis, theitem neighborhoodareof differentdensity Thisis especially
true for itemsthatarepurchasedomavhatinfrequently sincea moderateoverlapwith otherinfrequentlypurchased
items canleadto relatively high similarity values. Consequentlytheseitems can potentially have stronginfluence
in the selectionof thetop-N items,sometimedeadingto wrongrecommendationgor this reasonjnsteadof using
the actualsimilaritiescomputedoy the variousmethodsdescribedn Section3.1, for eachitem u we first normalize
the similarities. As the experimentspresentedn Section4 shaw, this oftenleadto dramaticimprovementsn top-N
recommendatioquality.

3.3 Computational Complexity

The computationatompleity of the item-basedop-N recommendatiomalgorithm dependson the amountof time
requiredto build the model(i.e., for eachitem identify the otherk mostsimilar items)andthe amountrequiredto
computetherecommendationsingthis model.

The modelbuilding phaserequiresto computethe similarity betweeneachitem v to all the otheritemsandthen
selectthe k mostsimilar items. The upperboundon the compleity of this stepis O(m?2n), as we needto compute
m(m— 1) similarities,eachpotentiallyrequiringn operationsHowever, thatactualcompleity is significantlysmaller
becauséhe resultingitem-to-itemsimilarity matrix is extremelysparse.In our datasetsthe item-to-itemsimilarity
matrix was in generaimorethan99% sparse.The reasorfor thesesparsitylevelsis thateachcustomempurchases
relatively small numberof items,andthe itemsthey purchasedendto be clustered.Consequentlyby usingsparse
datastructuredo store R, andcomputingthe similaritiesonly betweenpairsof itemsthatare purchasedy at least
onecustomemve cansubstantiallyreducethe computationatompleity.

Finally, the amountrequiredto computethe top-N recommendationfor a givenbaslet U is given by O(k|U ),
becauseve needto accesshe k mostsimilaritemsfor eachof theitemsin U, andidentify theoverall N mostsimilar
items.

4 Experimental Results

In this sectionwe experimentallyevaluatethe performancef theitem-basedop-N recommendatioalgorithmsand
compardt againsthe performancef the userbasedop-N recommendatioalgorithms.All experimentsvereper

formedon a Pentiumll basedworkstationrunningat 366MHz, 256MBytesof memory andLinux-basedoperating
system.



4.1 Data Sets

We evaluatedthe performancef the differenttop-N recommendatioalgorithmsusingfive differentdatasetsvhose
characteristicareshovn in Tablel. For eachuseritem matrix R, the columnslabeledNo. Rows”, “No. Columns”,
and“No. of Non-Zeros"shav the numberof customers/usersiumberof items, andtotal numberof transactions,
respectrely.

Name No. Rows | No. Columns| No. of Non-Zeros
ecommerce 6667 17491 91222
catalog 50918 39080 435524
ccard 42629 68793 398619
skills 4374 2125 82612
movielens 943 1682 100000

Table 1: The characteristics of the various datasets used in evaluating the top-N recommendation algorithms.

The ecommaere datasettorrespondso web-basegurchasingransactionof an e-commercesite. The catalay
datasetorrespondso the catalogpurchasingransaction®f a major mail-ordercatalogretailer The ccard dataset
correspondso the store-brandedredit card purchasingransaction®f a major departmenstore. The skills dataset
correspondso the IT-relatedskills that are presentin the resumesof variousindividuals and were obtainedfrom
a majoronline job portal. Finally, the movielensdatasetcorrespondso movie ratingsandwere obtainedfrom the
MovieLengesearclproject.Notethatin our experimentsye ignoredtheactualratingsin the movielensdataset.

4.2 Experimental Design and Metrics

Our goal of our experimentswas to evaluatethe quality and performanceof the top-N recommendationprovided
by the variousrecommendealgorithms. In orderto evaluatethe quality of the top-N recommendations/e split
eachof the datasetsnto a training andtest set, by randomlyselectingone of the non-zeroentriesof eachrow to
be part of the testset, and usedthe remainingentriesfor training!. Thenfor eachcustomer/usewe obtainedthe
top-N recommendationby usingthe items presentin the training setas the baslet for that customer/userin the
caseof the item-basedlgorithms,the top-N recommendatiomvere computedusingonly the training setto build
the item similarity models. Similarly, in the caseof the userbasedalgorithms,the nearestneighborsand top-N
recommendationserecomputednly usingthetrainingset.

Thequality was measuredby looking at thenumberof hits; i.e., the numberof itemsin thetestsetthatwherealso
presentin the top-N recommended@emsreturnedfor eachcustomer/userin particulay if n is the total numberof
customers/usersje computedherecall of therecommendedystemas:

Numberof hits
recall = ———.

A recallvalue of 1.0 indicatesthat the recommendatioalgorithmwas ableto alwaysrecommendhe hiddenitem,
whereasa recall value of0.0 indicatesthat the recommendatiomlgorithmwas not able to recommendary of the
hiddenitems.

In orderto ensurahatour resultswerestatisticallyaccuratefor eachof theexperimentsve performedendifferent

1ourdatasetsveresuchthat eachrow hadat leasttwo non-zeroentries.



runs, eachtime usinga differentrandomsplit into training andtest. The resultsreportedin the restof this section
arethe averageover thesetentrials. Finally, in all of experimentave usedN = 10, asthe numberof itemstop be
recommendedy thetop-N recommendatioalgorithms.

4.3 Effect of Similarity Normalization

Our first experimentwas designedo evaluatethe effect of the similarity normalizationasdiscussedn Section3.2.
Figure 1 showvs the recommendatiomaccuracieschiezed by four differentitem-basedecommendatiomalgorithms.
Two of them usethe cosineas the similarity function whereasthe othertwo usethe conditionalprobability The
differencebetweeneachpair of algorithmsis thatonedoesnot normalizethe similarities (thoselabeled“Cos-Srav’

and“CProb-Srav”) whereaghe othernormalizesthem (thoselabeled“Cos-Snorm”and“CProb-Snorm”). For all

four algorithmsthe rows of the matrix werenormalizedsothatthey areof unit length,k was setto 10,andavalue of
a = 0.5 wereusedfor “CProb-Srav” and“CProb-Snorm”.

@ Cos-Sraw @ Cos-Snorm [ CProb-Sraw g CProb-Snorm
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ecommerce catalog ccard skills movielens

Figure 1: The effect of the similarity normalization on the recommendation quality achieved by the cosine- and conditional-
probability-based recommendation algorithms.

Looking at the resultsin Figure 1, we can seethat the algorithmswhich use similarity normalizationachieve
high recommendatioaccuraciesomparedo their counterpartshatdo not. The actualimprovementis datasetnd
algorithmdepended.In general the relative improvementstendto be higherfor the conditionalprobability based
schemeshanthe cosine-basedchemesThe performancef the cosine-basedchemamproves by 0% to 6.5%with
anaveragemprovementof 3.1%,andthe performancef the conditionalprobability-basedchememproves by 3%
to 12%with anaverageimprovementof 7%. Dueto this clearperformancadwantageijn therestof our experiments
we will always usesimilarity normalization.

4.4 Effect of Row Normalization

Thesecondxperimentwas designedo evaluatetheeffect of row-normalizatiorsothatcustomershatpurchasenary
itemswill weightlessduringthe item similarity calculations. Figure 1 shawvs the recall achieved by four different
item-basedecommendatioalgorithms.Two of themusethe cosineasthe similarity functionwhereaghe othertwo
usethe conditionalprobability The differencebetweeneachpair of algorithmsis that one doesnot normalizethe
rows (thoselabeled’ Cos-Rrav’ and” CProb-Rrav") whereaghe othernormalizeghem(thoselabeled* Cos-Rnorm



and“ CProb-Rnorm). For all experimentsk was setto 10, andfor thetwo conditionalprobability-basealgorithms a
value ofa = 0.5 wasused.
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Figure 2: The effect of row normalization on the recommendation quality achieved by the cosine- and conditional-probability-based
recommendation algorithms.

Fromthe resultsin Figure2 we canseethat the row-normalizedversiondoesbetterin all but the ccard dataset
for boththe cosine-andthe conditionalprobability-base@lgorithms.The averageimprovementfor the four datasets
is 2.6%for the cosineand4.2%for conditionalprobability-basedimilarity. However, the row-normalizedversion
doessomeavhatworsefor the ccard datasetespeciallyfor the cosine-basedlgorithm. Neverthelessbecausef the
consistenimprovementsachieved in the majority of the datasetsin the restof our experimentswe will always use
row normalization.

4.5 Model Size Sensitivity

Recallfrom Section3 the item-basedecommendationare computedusinga modelthat utilizes the k mostsimilar
items for eachone of the differentitems. To evaluatethe sensitvity of the differentalgorithmson the value ofk
we performedan experimentin which we let k to take the valuesof 10, 20, 30, 40and50. The recommendation
accuraciesor theseexperimentsareshown in Figure3 for the cosine-andconditionalprobability-basedlgorithms.
For the conditionalprobability-base@lgorithms the experimentsvereperformedusingavalue ofe = 0.5.

Aswe canseefrom theseexperimentstheoverallrecommendatioaccurag of theitem-basedlgorithmsdoestend
to improve aswe increasehevalue ofk. Theonly exceptionis the movielensdatasefor which therecommendation
accuracieslecreassslightly aswe increasek. If we ignore this datasetthe averagerecommendatiomccuracies
for the cosine-basedlgorithmincrementallyimprove by 1.8%, 0.9%, 0.8%and0.4% aswe vary k from 10 to 50
items;whereadn the caseof the conditionalprobability-basedlgorithmthe averageincrementaimprovementsare
1.5%, 0.5%, 0.4%and0.3%. Theseresultsindicatethat(i) evenfor smallvaluesof k theitem-basedecommendation
algorithmsprovidereasonablaccurateecommendationgind(ii) increasinghevalue ofk doesnotleadto significant
improvements. This is particularlyimportantsince small valuesof k leadto fastrecommendatiomates(i.e., low
computationatequirementsyvithout materially affecting the overall quality of the recommendationsNote that the
diminishingincrementaimprovementsachiered by increasinghe value ofk is a directconsequencef the factthat
we areonly looking for 10recommendedems(i.e., N = 10). As aresult,oncek is suficiently large,to ensurethat
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Figure 3: The recall as a function of the number of most similar items (k) used in computing the top-N recommendations for the
cosine- and conditional-probability-based recommendation algorithms.

thevariousitem-to-itemlists have sufficientcommonitems,ary furtherincreaseén k will notchangeheorderof the
top-N items.

4.6 Item Frequency Scaling Sensitivity

Oneof the parametersf the conditionalprobability-basedop-N recommendatioalgorithmis thevalue of« usedto
control the extendto which the similarity to frequentlypurchased/occurrindemswill be de-emphasizedTo study
thesensitvity of therecommendatioalgorithmon this parametewe performeda sequencef experimentsn which
we variede from 0.0to 1.0in incrementf 0.1. Figure4 shavs therecallachiered onthe differentdatasetgor the
differentvaluesof «, relative to therecallachieved by the cosine-basedlgorithm. A valuegreateithanoneindicates
thatthe conditionalprobability-basedchemeoutperformshe cosine-basedchemewhereasa valuelessthanone,
indicatesthatthelater performsbetter Note thattheseresultswereobtainedusingk = 10.

mecommerce @catalog Occard gskills mmovielens

Relative Recall

00 01 02 03 04 05 06 07 08 09 10

Various values of

Figure 4: The recommendation quality as a function of the item-frequency-based scaling achieved by the « parameter for
conditional-probability-based recommendation algorithms relative to that achieve by the cosine-based algorithm.

A numberof interestingobsenationscanbe madeby looking attheresultsshovn in Figure4. First, for all datasets,
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thevalue ofa hasa significantimpacton the recommendationquality, as differentvaluesof « leadto substantially
differentrecalls. Second,aswe increasethe value of«, the changesn the recommendatiomccuraciesare fairly
smooth.Third, thevalue ofa thatleadsto the highestrecalldepend®n the datasetThe highestperformancdor the
ecommaege, catalag, ccard, skills, andmovielenswas obtainedusinge valuesof 0.1, 0.2, 0.2, 0.4and0.5,respectiely.
Fourth, for eachone of the datasetshereexist a setof valuesfor « that leadto higher quality recommendations
thanthosecomputedby the cosine-basedlgorithm. Fifth, for all datasetsif 0.3 < o < 0.6, thenthe conditional
probability-basedchemeachieved consistentlygoodperformance Theseresultssuggesthatthe optimalvalue ofa
needgo be estimatedor eachparticulardatasetThis canbe doneby hiding a portionof thetrainingsetandusingit
to estimatehevalue ofa thatleadsto the highestrecommendatioaccurag.

Theresultsin Figure4 alsoshov how the cosine-andconditionalprobability-basedchemesomparewith each
other Fromtheseresultswe canseethatfor mostdatasetsinda wide rangeof « valuesthe conditionalprobability-
basedalgorithmleadsto someavhat higherrecallsthanthe cosine-basedcheme.Onethe average the conditional
probability-basedchemedoes2.9%, 4.8%, 5.0%and3.1%betterfor « equalto 0.1, 0.2, 0.3, 0.4and0.5, respec-
tively. Furthermoreif we comparethe resultsobtainedfor the optimal valuesof «, we canseethatthe conditional
probability-basedlgorithmdoes9.1% betterthanthe cosine-basedcheme.We believe theseimprovementsare a
directresultsof the higherdegreeof tunability thatis providedby the« parameter

4.7 Comparison with the User-based Recommendation Algorithm

Finally, to comparethe performancef the proposedtem-basedecommendatiomalgorithmswith thatachieved by
userbasedalgorithmswe performedan experimentin which we computedhe top-N recommendationgsing both
theitem-basedndthe userbasedecommendatioalgorithms.Theseresultsareshavn in Figure5. The userbased
recommendationwere obtainedusingthe algorithmdescribedn Section2 with userneighborhoodsf size50, and
unitlengthnormalized-ows. Furthermorewe useda similarity-weightedapproacho determinghefrequeny of each
item, andwe did notincludeneighborghathadanidenticalsetof itemsasthe active item (astheseneighborsdo not
contrituteatall in therecommendation).

Figure5 includesthreedifferentsetsof item-basedesultsobtainedwith k = 20. Theresultslabeled* Cosiné cor-
respondo thecosine-baserksults. Theresultdabeled' CProb-a=0.5correspondo theconditionalprobability-based
algorithmin which a was setto 0.5. Theresultslabeled” CProb-a=0gt correspondo the conditionalprobability-
basedalgorithmthat usesfor eachdatasethe value ofa that achiered the highestperformancen the experiments
discussedh Sectiord.6. Finally, Figure5 alsoincludesthetop-N recommendatioguality achieve by the nave algo-
rithm, labeled’ Frequent, thatrecommendghetop-N mostfrequentitems,notalreadypresentin theactive users set
of items.

Fromtheresultsin Figure5 we canseethatboththe“ Cosiné andthe“ CProb-a=0.5 algorithmsoutperformthe
userbasedalgorithmin threeout of the five datasetswhereas' CProb-a=0pt outperformsthe userbasedscheme
in all five datasets.It is interestingto notethatthe first two item-basedalgorithmsperformsubstantiallybetterfor
thefirst threedatasetsndonly mamginally worsefor the remainingtwo. In fact, the averageimprovementachiered
over dl five datasetss a significant15.7%and18.8%for “Cosiné and“CProb-a=0.5, respectiely. Theitem-based
algorithmthat usesthe optimal valuesof « performseven better achiezing an averageimprovementof 27%. Also
notethatboththeuser anditem-basedlgorithmsproduceecommendationshosequalityis substantiallybetterthan
therecommendationgroducedy the nave “Frequerit algorithm.

Furthermorepneof the advantage®f theitem-basedlgorithmis thatit hasmuchsmallercomputationatequire-
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Figure 5: The quality of the recommendations obtained by the naive, the item-based and the user-based recommendation algo-
rithms.

mentsthanthe userbasedop-N recommendatioalgorithm. Table2 shavs the amountof time requiredby the two
algorithmsto computehetop-N recommendation®r eachoneof thefive datasetsThecolumnlabeled' ModelTime”
shavs the amountof time requiredto build the item-basedecommendatiomodel(i.e., computethe k mostsimilar
items),thecolumnslabeled'RecmdTime”’ shavs theamountof time requiredto computeall therecommendationf®r
eachone of the datasetandthe columnslabeled‘RcmdRaté shavs the rateat which the top-N recommendations
werecomputedn termsof recommendations/secandote that our implementatiorof the userbasedop-N recom-
mendatioralgorithmtakesadvantageof the sparsaiseritem matrixin orderto identify the nearestisersasquickly as
possible All thetimesin Table2 arein seconds.

Userbased ltem-based
Name RcmdTme | RcmdRate| ModelTime | RemdTime | RecmdRate
ecommerce) 4.05 1646 0.92 0.33 20203
catalog 27.20 1848 4,14 2.20 22817
ccard 50.04 851 7.85 2.43 17542
skills 6.50 672 1.30 0.23 19017
movielens 3.38 278 1.54 0.20 4715

Table 2: The computational requirements for computing the top-N recommendations for both the user- and item-based algorithms.

A numberof interestingobsenationcanbe madeby looking at Table2. First,therecommendatioratesachieved
by theitem-basedalgorithmare 12 to 28 timeshigherthanthoseachieved by the userbasedalgorithm. If we add
the various“RcmdTime” for all five datasetswe can seethat the overall recommendatiomate for the item-based
algorithmis 19579recommendations/secondmparedo only 1157recommendations/secoadhiered by the user
basedalgorithm. This translatedo onerecommendatiorvery 50usfor the item-basedalgorithm, versus864usfor
theuserbasedalgorithm.Secondasdiscussedn Section3.3,theamountof time requiredto build themodelsfor the
item-basedhlgorithmis quite small. Third , even accountingor the modelbuilding time, theitem-basedlgorithmis
still two to seventimesfasterthanthe userbasedalgorithm.

In summary the item-basedop-N recommendatiolgorithmsimprove the recommendationproducedby the
userbasedalgorithmsby upto 27%in termsof recommendatioaccurag, andit is upto 28timesfaster
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5 Conclusions and Directions for Future Research

In this paperwe presentedind experimentallyevaluateda model-basedop-N recommendatioalgorithmthatuses
item-to-itemsimilaritiesto computethe recommendationgOur resultsshoved thatboth the cosine-andconditional
probability-basedtem similarity schemedeadto recommenderthat on the averageprovide more accuraterecom-
mendationghanthoseprovided by traditionaluserbasedCF techniques.Furthermorethe proposedalgorithmsare
substantiallyfaster;allowing real-timerecommendationsdependentf the sizeof the useritem matrix.

We believethatthetop-N recommendealgorithmspresentedh this papercanbeimproved by combiningelements
from boththeuser anditem-basedpproachedJserbasedpproacheby dynamicallycomputinga neighborhooaf
similar usersarebettersuitedto provide truly personalizeéhformation.Onthe otherhand,item-basedpproacheby
directly computingthe similarity betweernitemsappeato computemore accurateecommendations-However, one
potentiallimitation of item-base@pproachesn verylargeusercollectionsjs thattheglobally computedtem-to-item
similaritiesmay not be ableto provide sufficiently degreeof personalizatiorfeven whencombinedin the context of
baslet-to-itemsimilarity). In thesecasesanapproactthatfirstidentifiesa reasonablyarge neighborhooaf similar
usersandthenusingthis subseto derive the item-basedecommendatiomodelmay be ableto combinethe bestof
bothworldsandperformevenbetterrecommendations.
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