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Abstract

Recommendersystems leverage product and
community information to target products to
consumers. Researchershave developed col-
laborative recommenders,content-basedrecom-
menders,and a few hybrid systems. We pro-
posea unifiedprobabilisticframework for merg-
ing collaborative andcontent-basedrecommen-
dations. We extend Hofmann’s (1999) aspect
model to incorporatethree-way co-occurrence
dataamongusers,items,anditem content.The
relative influence of collaborationdata versus
contentdatais not imposedasanexogenouspa-
rameter, but ratheremergesnaturally from the
givendatasources.However, globalprobabilis-
tic modelscoupledwith standardEM learningal-
gorithmstendto drasticallyoverfit in thesparse-
datasituationstypical of recommendationappli-
cations. We show that secondarycontent in-
formation can often be usedto overcomespar-
sity. Experimentson datafrom the ResearchIn-
dex library of ComputerSciencepublications
show that appropriatemixture modelsincorpo-
ratingsecondarydataproducesignificantlybetter
quality recommendersthan

�
-nearestneighbors

(
�
-NN). Global probabilisticmodelsalsoallow

moregeneralinferencesthanlocal methodslike�
-NN.

1 INTRODUCTION

TheInternetofferstremendousopportunitiesfor massper-
sonalizationof commercialtransactions.Web businesses
ideallystrivefor globalreach,while maintainingthefeelof
a neighborhoodshopwherethecustomersknow theown-
ers, and the ownersare familiar with the customersand
their specificneeds. To show a personalfaceon a mas-
sive scale,businessesmust turn to automatedtechniques
like so-calledrecommendersystems(Resnick& Varian,

1997). Thesesystemssuggestproductsof interestto con-
sumersbasedontheirexplicit andimplicit preferences,the
preferencesof otherconsumers,andconsumerandprod-
uct attributes. For example,a movie recommendermight
combineexplicit ratingsdata(e.g., Bob ratesX-mena 7
out of 10), implicit data(e.g.,Mary purchasedHannibal),
userdemographicinformation(e.g.,Mary is female),and
moviecontentinformation(e.g.,MysteryMenis acomedy)
to makerecommendationsto specificusers.

Traditionally, recommendersystemshave fallen into two
main categories. Collaborative filtering methodsutilize
explicit or implicit ratings from many usersto recom-
menditemsto a given user(Breeseet al., 1998; Resnick
et al., 1994; Shardanand& Maes,1995). Content-based
or information filtering methodsmake recommendations
by matchinga user’s query, or otheruserinformation, to
descriptive product information (Mooney & Roy, 2000;
Salton& McGill, 1983). Purecollaborative systemstend
to fail whenlittle is known abouta user, or whenheor she
hasuncommoninterests.On theotherhand,content-based
systemscannotaccountfor communityendorsements;for
example,aninformationfilter might recommendTheMex-
ican to a userwho likesBradPitt andJulia Roberts,even
thoughmany like-mindedusersstronglydislike the film.
Several researchersareexploring hybrid collaborative and
content-basedrecommendersto smoothout the disadvan-
tagesof each(Basuet al., 1998; Claypool et al., 1999;
Goodetal., 1999).

In this paper, we proposea generative probabilisticmodel
for combiningcollaborativeandcontent-basedrecommen-
dationsin a normativemanner. Themodelbuildsonprevi-
oustwo-way co-occurrencemodelsfor informationfilter-
ing (Hofmann,1999)andcollaborativefiltering (Hofmann
& Puzicha,1999). Our modelincorporatesthree-way co-
occurrencedataby presumingthatusersareinterestedin a
setof latenttopicswhich in turn “generate”bothitemsand
item contentinformation. Model parametersare learned
usingexpectationmaximization(EM), so therelative con-
tributionsof collaborative andcontent-baseddataarede-
terminedin a soundstatisticalmanner. Whendatais ex-



tremely sparse,as is typically the casefor collaboration
data,EM cansuffer from overfitting. In Sections4 and5,
we presenttwo techniquesto effectively increasetheden-
sity of thedataby exploiting secondarydata.Thefirst uses
a similarity measureto fill in the user-item co-occurrence
matrixby inferringwhich itemsusersarelikely to haveac-
cessedwithoutthesystem’sknowledge.Thesecondcreates
an implicit user-contentco-occurrencematrix by treating
eachuser’saccessto anitemasif it weremany accessesto
all of thepiecesof contentin the item’s descriptive infor-
mation. We evaluatethesemodelsin thecontext of a doc-
umentrecommendationsystem.Specifically, we train and
testthemodelsondatafromResearchIndex,1 anonlinedig-
ital library of ComputerSciencepapers(Lawrenceet al.,
1999; Bollacker et al., 2000). Section6 presentsempiri-
cal resultsandevaluations.In Section6.2,wedemonstrate
the potential ineffectivenessof EM in sparse-datasitua-
tions,usingbothResearchIndex dataandsyntheticdata.In
Section6.3,we show thatbothof our density-augmenting
methodsareeffective at reducingoverfitting and improv-
ing predictive accuracy. Our modelsyield moreaccurate
recommendationsthanthecommonly-employed � -nearest
neighbors( � -NN) algorithm.Moreover, ourglobalmodels
canproducepredictionsfor any user-itempair, whereaslo-
cal methodslike � -NN aresimply incapableof producing
meaningfulrecommendationsfor many user-item combi-
nations.

2 BACKGROUND AND RELATED
WORK

A variety of collaborative filtering algorithmshave been
designedand deployed. The Tapestrysystemrelied on
eachuser to identify like-mindedusersmanually (Gold-
berg et al., 1992). GroupLens(Resnicket al., 1994)and
Ringo (Shardanand& Maes, 1995), developedindepen-
dently, were the first to automateprediction. Typical al-
gorithmscomputesimilarity scoresbetweenall pairs of
users;predictionsfor agivenuseraregeneratedby weight-
ing otherusers’ratingsproportionallyto their similarity to
thegivenuser. A varietyof similarity metricsarepossible,
includingcorrelation(Resnicket al., 1994),mean-squared
difference(Shardanand& Maes,1995), vector similarity
(Breeseet al., 1998), or probability that usersare of the
sametype(Pennocket al., 2000b).Otheralgorithmscon-
structa modelof underlyinguserpreferences,from which
predictionsare inferred. ExamplesincludeBayesiannet-
work models(Breeseet al., 1998), dependency network
models(Heckermanet al., 2000),clusteringmodels(Un-
gar& Foster, 1998),andmodelsof how peoplerateitems
(Pennocket al., 2000b). Collaborative filtering hasalso
beencastasamachinelearningproblem(Basuetal.,1998;
Billsus & Pazzani,1998;Nakamura& Abe, 1998)andas

1http://researchindex.org/

a list-rankingproblem(Cohenet al., 1999; Freundet al.,
1998;Pennocket al., 2000a).SingularValueDecomposi-
tion (SVD)wasusedto improvescalabilityof collaborative
filteringsystemsbydimensionalityreduction(Sarwaretal.,
2000).

Pureinformationfilteringsystemsuseonly contenttomake
recommendations.For example, searchenginesrecom-
mendwebpageswith contentsimilar to (e.g.,containing)
userqueries(Salton& McGill, 1983).In contrastto collab-
orative methods,content-basedsystemscan even recom-
mendnew (previously unaccessed)itemsto userswithout
any history in thesystem.Mooney & Roy (2000)develop
a content-basedbookrecommenderusinginformationex-
tractionandmachinelearningtechniquesfor text catego-
rization.

Severalauthorssuggestmethodsfor combiningcollabora-
tive filtering with informationfiltering. Basuet al. (1998)
presentahybridcollaborativeandcontent-basedmovierec-
ommender. Collaborativefeatures(e.g.,BobandMary like
Titanic) are encodedas set-valuedattributes. Thesefea-
turesarecombinedwith moretypicalcontentfeatures(e.g.,
Traffic is ratedR) to inductively learnabinaryclassifierthat
separateslikedanddislikedmovies. Also in a movie rec-
ommenderdomain,Goodet al. (1999)suggestusingcon-
tent basedsoftware agentsto automaticallygeneraterat-
ingsto reducedatasparsity. Claypooletal. (1999)employ
separatecollaborativeandcontent-basedrecommendersin
an online newspaperdomain,combiningthe two predic-
tions usingan adaptive weightedaverage:as the number
of usersaccessinganitem increases,theweightof thecol-
laborative componenttendsto increase. Web hyperlinks
anddocumentcitationscanbe thoughtof as implicit en-
dorsementsor ratings.CohnandHofmann(2001)combine
documentcontentinformationwith this typeof connectiv-
ity informationto identifyprincipletopicsandauthoritative
documentsin acollection.

Recommendersystemstechnologyis in current use in
many Internetcommerceapplications. For example,the
Universityof Minnesota’sGroupLensandMovieLens2 re-
searchprojectsspawnedNet Perceptions,3 a successfulIn-
ternetstartupofferingpersonalizationandrecommendation
services.Alexa4 is awebbrowserplug-inthatrecommends
relatedlinks basedin part on other people’s web surfing
habits.A growing numberof companies,5 includingAma-
zon.com,CDNow.com,andLevis.com,employ or provide
recommendersystemsolutions(Schaferetal., 1999).Rec-
ommendationtools originally developedat Microsoft Re-
searcharenow includedwith theCommerceEditionof Mi-
crosoft’s SiteServer,6 andarecurrently in useat multiple

2http://movielens.umn.edu/
3http://www.netperceptions.com/
4http://www.alexa.com/
5http://www.cis.upenn.edu/˜ungar/CF/
6http://www.microsoft.com/siteserver



sites.

3 THREE-WAY ASPECT MODEL

Hofmann(1999)proposesanaspectmodel—a latentclass
statisticalmixturemodel—forassociatingword-document
co-occurrencedatawith a setof latentvariables.Hofmann
and Puzicha(1999) apply the aspectmodel to user-item
co-occurrencedatafor collaborative filtering. In the con-
text of a documentrecommendersystem,users�������	 ��
��������������������� , togetherwith thedocumentsthey access� ����� 	 � 
���������� � � � , form observations !"�#� � $ , which
areassociatedwith oneof the latentvariables%&�(')�	 % 
 ����������%�*+� . Conceptually, the latent variablesare top-
ics. Userschooseamongtopicsaccordingto their interests;
topicvariablesin turn “generate”documents.Usersareas-
sumedindependentof documents,given the topics. The
joint probability distribution over users,topics, and doc-
umentsis ,.-!"� $ ,.-!/%10 � $ ,.-�! � 0 % $ . An equivalentspecifica-
tion of thejoint distributionthattreatsusersanddocuments
symmetricallyis ,.-!/% $ ,.-�!/�20 % $ ,.-! � 0 % $ . The joint distri-
butionover justusersanddocumentsis

,.-!"�#� � $ �43657,.-!/% $ ,.-!"�80 % $ ,9-�! � 0 % $ �
Model parametersare learnedusing EM (or variants)to
find a local maximumof the log-likelihoodof the training
data.After themodelis learned,documentscanberanked
for a givenuseraccordingto ,9-�! � 0 � $;: ,9-�!/�<� �=$ ; that is,
accordingto how likely it is that the userwill accessthe
correspondingdocument. Documentswith high ,.-�! � 0 � $
that theuserhasnot yet seenaregoodcandidatesfor rec-
ommendation.Notethat theaspectmodelallows multiple
topicsper user, unlike mostclusteringalgorithmsthat as-
signeachuserto a singleclass.

This model is a purecollaborative filtering model; docu-
ment contentis not taken into account. We proposean
extensionof the aspectmodel to include three-way co-
occurrencedataamongusers,documents,and document
content. An observation is a triple !/�<� � ��> $ correspond-
ing to aneventof a user � accessingdocument

�
contain-

ing word > . Conceptually, userschoose(latent)topics % ,
which in turn generateboth documentsand their content
words.Users,documents,andwordsareassumedindepen-
dent,giventhe topics. An asymmetricspecificationof the
joint distribution correspondingto this conceptualview-
point is ,9-�!/� $ ,9-�!?%�0 � $ ,.-�! � 0 % $ ,.-�!/>+0 % $ . Figure1 depicts
this modelasa Bayesiannetwork. An equivalentsymmet-
ric specification(obtainedby reversingthearc from users
to topics) is ,9-�!?% $ ,9-�!/�20 % $ ,.-�! � 0 % $ ,.-�!/>+0 % $ . Marginaliz-
ing out % , weobtain

,.-�!/�<� � ��> $ � 3 5 ,9-�!?% $ ,9-�!/�20 % $ ,.-�! � 0 % $ ,.-�!/>+0 % $ �

u

w

z

d

P( d | z)
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P( w | z)

Figure 1: Graphical representationof the three-way aspect
model.

Let @.!/�<� � ��> $ be the numberof timesuser � “saw” word> in document
�
. Thatis, @.!/�<� � ��> $ ��@.!"�#� � $BA @.! � �C> $ ,

where@.!/�<� �=$ is thenumberof timesuser� accesseddocu-
ment

�
, and @.! � �C> $ is thenumberof timesword > occurs

in document
�
. Given training dataof this form, the log

likelihood D of thedataisDE� 3FHG I�G J @.!"�#� � �C> $ K�L�M ,.-�!/�<� � ��> $ �
ThecorrespondingEM algorithmis:

E step:

,9-�!/%10 �<� � ��> $ � ,.-!/% $ ,.-�!"�80 % $ ,.-! � 0 % $ ,9-�!">N0 % $O 5QP ,.-!/%=R $ ,9-�!/�20 %HR $ ,9-�! � 0 %HR $ ,.-!">+0 %=R $
M step:

,.-!"�80 % $S: 3 I�G J @.!/�<� � ��> $ ,.-�!/%10 �<� � ��> $
,.-! � 0 % $S: 3 F�G J @.!/�<� � ��> $ ,.-�!/%10 �<� � ��> $
,9-�!">N0 % $T: 3 FHG I @.!/�<� � ��> $ ,.-�!/%10 �<� � ��> $,9-�!/% $S: 3FHG I�G J @.!"�#� � �C> $ ,.-�!/%10 �#� � �C> $

The E and M stepsare repeatedalternatelyuntil a local
maximumof thelog-likelihoodis reached.

As in the two-way model, ,9-�! � 0 � $U: O J ,9-�!"�#� � �C> $ is
usedto recommenddocumentsto users.Both contentand
collaborationdata can influencerecommendations.The
relative weightof eachtypeof datadependson thenature
of thegivendata;EM automaticallyexploitswhateverdata
sourceis mostinformative.

Hofmann(1999)proposesavariantof EM calledtempered
EM (TEM) to helpavoid overfitting andimprove general-



ization. TEM makesuseof an inversecomputationaltem-
peratureV . EM is modifiedby raisingtheconditionalsin
the right-handsideof theE stepequationto the power V .
TEM startswith VXWZY , anddecreasesV with therate []\4Y
using V^W�VX_`[ , whentheperformanceonaheld-outpor-
tion of thetrainingsetdeteriorates.

In Section6.2, we seethat even TEM fails to generalize
whendatais extremelysparse.In thenext two sections,we
proposetwo methodsthateffectively increasedatadensity,
therebyimproving learningperformance.

4 SIMILARITY -BASED DATA
SMOOTHING

Oneapproachto overcomingtheoverfitting problemwith
sparsedatais to usethesimilarity betweenitemsto smooth
the co-occurrencedatamatrix. The co-occurrencematrix
containsintegerentriesthatarethenumberof timesthecor-
respondingrow andcolumnitemsco-occurin theobserved
dataset. Similarity betweenitemsin the databasecanbe
usedto fill somezerosin the co-occurrencedatamatrix,
thus reducingsparsityand helping to addressoverfitting.
Considerausera whohasaccesseddocumentbHc once,and
assumethereexists a documentb6d that hasnot beenac-
cessedby a , andthatdocumentsbHc and b6d areverysimilar
in content(e.g.,they sharemany wordsin common).Con-
sidera similarity metric which yields e�fhgji?b cCk b d�l W�monqp .
Informally, wemaybelieve thatthereis a 70%chancethat
usera actuallyhasseendocumentb d , eventhoughthesys-
temdoesnot know it. Usingthis reasoning,we proposeto
preprocessthe initial co-occurrencedatamatrix, by filling
in someof thezeroswith theaggregatesimilarity between
thecorrespondingdocumentandthedocumentsdefinitely
seenby user a . The co-occurrencematrix will no longer
be integer valued,but may also containsimilarity values
which rangebetween0 and1. TheEM algorithmusedin
theoriginalaspectmodelalsoconvergesin thissituation.

The most frequentlyusedsimilarity measurein informa-
tion retrieval is vector-spacecosinesimilarity (Salton&
McGill, 1983).Eachdocumentis viewedasavectorwhose
dimensionscorrespondto words in the vocabulary; the
componentmagnitudesarethe tf-idf weightsof thewords.
Tf-idf is theproductof termfrequency rCs2i/t k b l —thenum-
berof timesword t occursin thecorrespondingdocumentb —andinversedocumentfrequency

fhbus2i/t l W�v�wHxTy z^ybus2i"t l k
where y z^y is thenumberof documentsin a collectionandbus2i"t l is thenumberof documentsin whichword t occurs
atleastonce.Thesimilaritybetweentwo documentsis then

e�fhgji?{<| k {o} l W { |�~ { }y�y { | y�y�y�y { } y�y k

where { | and { } arevectorswith tf-idf coordinatesasde-
scribedabove.

In our setting,the user-documentco-occurrencedatama-
trix is smoothedby replacingzeroentrieswith averagesim-
ilarities abovea certainthresholdbetweenthecorrespond-
ing documentandall documentsthattheuserhasaccessed.
This effectively increasesthe density(i.e., the fraction of
non-zeroentries)in the matrix. Figure2 shows how the
densityof the ResearchIndex data(describedin detail in
Section6.1)changesdependingon thesimilarity threshold
usedin smoothing.
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Figure2: Densityof thedataagainstthesimilarity thresholdused
in smoothing.

5 IMPLICIT USER-WORDS ASPECT
MODEL

As anothermethodto overcomeoverfittingdueto sparsity,
we proposea modelwherethe co-occurrencedatapoints
representeventscorrespondingto userslooking at words
in a particulardocument. The conceptof a documentis
removedto createobservations i"a k t l . Sparsityis drasti-
cally reducedbecausedocumentscontainmany words,and
many wordsarecontainedin multipledocuments.

In this case,the aspectmodelproducesestimatesof con-
ditional probabilities�9� i"a y � l and �.� i"t y � l , aswell asthe
latentclassvariablepriors �.� i � l , allowing usto compute

�9� i"a k t l W4�6� �.� i � l �.� i"a y � l �9� i"t y � l n
But we are still interestedin estimating probabilities�.� i/b y a l to producerecommendationsof the papersthat
have the highestscoreson the �9� i/b y a l scalefor a given
usera . By assumingconditionalindependenceof wordsin
a document,we canovercomethis problemby treatinga
documentasabagof words:theprobabilityof adocument
is theproductof theprobabilitiesof thewordsit contains,
adjustedfor differentdocumentlengthswith thegeometric



mean: �.��/�1� ���.�7�h�
�
�.��"� � � ���C���C�� �����

where

� � arewordsin

�
and

� �1�
is the lengthof

�
. Con-

ditional probabilities

�.���/� � � ��� follow directly from the
model: �.��"� � � ���.� �9���/�<��� � ��&� �9���/�<�����o�
Inclusion of words through documents,and eliminating
documentsfrom directparticipationin modeling,increased
thedensityof ourdataset(describedbelow) from 0.38%to
almost9%.

6 RESULTS AND EVALUATION

Section6.1 describesthe ResearchIndex data. In Sec-
tion 6.2, we examineunderwhat conditionslearningoc-
cursat all, by measuringtheincreasein thelog-likelihood
of test dataas EM proceeds.We find that if datais too
sparse,neitherEM nor TEM succeedsin significantlyin-
creasingthe testdatalog-likelihoodover a randominitial
guess.In Section6.3,weevaluatetherecommendationsof
ourdensity-augmentedmodels,accordingto Breeseetal.’s
(1998)rankscoringmetric.

6.1 RESEARCHINDEX DATA

Thedatafor our experimentswastaken from ResearchIn-
dex (formerly CiteSeer), the largest freely available
databaseof scientific literature (Lawrenceet al., 1999;
Bollacker et al., 2000). ResearchIndex catalogsscientific
publicationsavailableon the web in PostScriptand PDF
formats. The full-text of documentsas well as the cita-
tions madein themare indexed. ResearchIndex supports
keyword-basedretrieval andbrowsingof thedatabase,for
exampleby following thelinks betweenpapersformedby
citations. Documentdetail pageaccessinformation was
obtainedfor July to November, 2000(multipleaccessesby
thesameuserwereincluded).Heuristicswereusedto filter
out robots.Wordsfrom thefirst 5 kbytesof thetext of each
documentwereextracted.

We usedthedatafrom July to Octoberasthe trainingset,
and the data from Novemberas the testingset. Due to
the rapid growth in usageof ResearchIndex, November
accountedfor 31% of the total five month activity. The
data included 33,050unique usersaccessingthe details
of 177,232documents.Densityof this datasetwas only
0.01%.

We extracteda relatively dense(0.38%)subsetof the1000
mostactive usersand the 5000documentsthey accessed
themost.We believe thesevery low densitylevelsaretyp-
ical of many real-world recommendationapplications.Ex-

perimentsreportedin this paperwereconductedusingthe
relatively densesubsetof 1,000usersand5,000papers.

6.2 OVERFITTING

6.2.1 User-DocumentAnd User-Document-Word
AspectModels

Training the two-way user-documentaspectmodelon the
relatively densesetof 1000usersand5000documentsre-
sultedin immediateoverfittingof EM, meaningthatthetest
datalog-likelihoodbeganto fall afteronly thefirst or sec-
onditeration.This immediateoverfittingoccuredfor num-
bersof latentclassesrangingfrom 3 to 50. Usingtempered
EM (underseveral reasonabletemperaturechangesched-
ules)only kept the testdatalog-likelihoodapproximately
at thesamelevel astheinitial randomseed,withoutsignif-
icantimprovements.

Includingthewordscontainedin the5,000documents,and
fitting the three-way aspectmodelalsoresultedin imme-
diate overfitting. Again, TEM failed to yield significant
improvementsin thetestdatalog-likelihood.

6.2.2 Standard AspectModel, SyntheticData

To examinewhetherthis extremeoverfitting wasspecific
to the ResearchIndex data,we testedthe aspectmodelon
a simple syntheticdataset. Usersaredivided into three
disjointgroupsaccordingto thefollowing scheme:

1. users0–49readpapers0–299,

2. users50–99readpapers300–599,and

3. users100–149readpapers600–899,

wheretheprobabilitiesthatusersreadpapersin their inter-
estsetareuniform.

Wedesignedthedatasothatthe“correct” modelwith three
latentstatesis obvious. We generatedseveral datasetsof
differingdensitiesandtrainedathree-latent-variableaspect
modelon eachto seewhetherEM convergesto thecorrect
model.Weperformedvalidationtestsateachiterationwith
testsetsof thesamedensityasthecorrespondingtraining
set. Figure3 plots the iteration (averagedover fifty ran-
domrestartsof EM) whereoverfitting7 first occursversus
the datasetdensity. In datasetsof densitylessthan1.5%
theprocessconsistentlyoverfitsfrom thefirst iteration.For
datasetsof density2.5%,testperformancebeginsto deteri-
orateafteraboutfive iterationson average.For datasetsof
density4%,overfittingbeginsafterteniterations.

7Definedasthepoint wheretestdatalog-likelihoodstartsde-
teriorating.
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Figure3: Iteration(averagedover fifty randomrestarts)where
overfittingoccursversusdensityof thesyntheticdata.

6.3 RECOMMEND ATION ACCURACY

Wefind thatbothEM andTEM fail onverysparsedata,in-
cludingResearchIndex dataandsyntheticdata.In contrast,
EM is effective on bothof our density-augmentedmodels
(Sections4 and 5). Here we comparethesetwo models
to the � -NN algorithm,commonlyemployed in commer-
cial recommendersystems.Weusetherankscoringmetric
(Breeseetal., 1998)to evaluaterecommendations.

6.3.1 Evaluation Criteria

Breeseet al. (1998)definetheexpectedutility of a ranked
list of itemsas �

� �&¡6¢ £¥¤"¦#§©¨ ª« ¬ ¢®�¯C°/± ¬�² �¯³° §
wherë is therankof anitemin thefull list of suggestions
proposedby arecommender, £¥¤"¦#§©¨ ª is 1 if user¦ accessed
item ¨ in thetestsetand0 otherwise,and ´ is theviewing
half-life, whichis theplaceof anitemin thelist suchthatit
hasa 50%chanceof beingviewed.8 As in their paper, we
use ´ �¶µ , andfound thatour resultingconclusionswere
not sensitive to the precisevalueof this parameter. The
final scorereflectingtheutilities of all usersin thetestset
is

�
��·¸�¸�¹ �

�
�¹ �

� º¼»¾½� §
where

� º¼»¾½� is the maximum possibleutility obtained
whenall itemsthat user ¦ hasaccessedappearat the top
of therankedlist.

6.3.2 � -NearestNeighbors

Figure4 gives

�
scoresfor theexperimentswith � -NN in

standardformulationon theuser-documentdatafor differ-
entvaluesof � , rangingfrom 10to 60with aninterval of 5.

8We modify Breeseet al.’s formula slightly for the caseof
observedaccessesratherthanratings.

Themaximum

�
valueachievedin theseexperimentswas

1.87for � � « µ .
�

scoreshave local maxima,suggesting
their sensitivity to thesparsityof theuser-documentdata.
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Figure4: Totalutility of therankedlists over all usersproduced
by ¿ -NN.

6.3.3 SmoothedAspectModel

Figure5 shows the total utility of the ranked lists (

�
) for

all usersagainstthe similarity thresholdusedfor smooth-
ing for the exampleof 25 latentvariables. Although the
valuesof

�
fluctuate,the patternis clearthroughthe sig-

nificant linear leastsquaresfit (À -valueof theslopecoeffi-
cient is 0.02)—

�
is largerwhenmorecontentis included

(smallersimilarity threshold).As the similarity threshold
grows, the initial datamatrix becomessparser, until it be-
comesimpossibleto learn(immediateoverfitting). Local
fluctuationsaredueto thestochasticnatureof EM; in par-
ticular, its sensitivity to therandomlyinitializedparameter
valuesandthe numberof restartsattempted(five in these
experiments)whenthedatamatrix becomessparserasthe
similarity thresholdgrows.
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Figure5: Totalutility of therankedlists over all usersproduced
by the similarity-basedUser-Documentmodelagainstthe simi-
larity thresholdusedin smoothing(25 latentclassvariables).

Themaximumvalue

�
hasreachedis2.10,whichis greater

than the best � -NN result (1.87), but not as good as the



User-Wordsmodel(2.92),discussedbelow.

6.3.4 User-Words AspectModel

Figure 6 shows the Á scoresfor the User-Words aspect
modelrecommender. Experimentsincludemodelswith the
numberof hiddenclassvariablesÂ rangingfrom 10 to 60
with anintervalof 10(two restartswereperformedfor each
experiment).Themaximum Á valueachievedin theseex-
perimentsis 2.92for themodelwith 50 hiddenclassvari-
ables,which is significantlyhigher than1.87, the best Á
valueachievedwith Ã -NN algorithm.
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Figure6: Totalutility of therankedlists over all usersproduced
by theUser-Wordsaspectmodel.

7 CONCLUSIONS AND FUTURE WORK

Wepresentedthreeprobabilisticmixturemodelsfor recom-
mendingitems basedon collaborative and content-based
evidencemergedin a unified manner. Incorporatingcon-
tent into a collaborative filtering systemcan increasethe
flexibility and quality of the recommender. Moreover,
whendatais extremelysparse—asis typical in many real-
world applications—additionalcontentinformationseems
almostnecessaryto fit global probabilisticmodelsat all.
The densityof ResearchIndex datais only 0.01%. Even
themostactive usersreadingthemostpopulararticlesin-
duceasubsetof densityonly 0.38%,still toosparsefor the
straightforwardEM andTEM approachesto work. Wefind
thataparticularlygoodwayto includecontentinformation
in thecontext of a documentrecommendationsystemis to
treatusersasreadingwordsof the document,ratherthan
thedocumentitself. In our case,this increasedthedensity
from 0.38%to almost9%, resultingin recommendations
superiorto Ã -NN.

Therearemany areasfor future research.Similar meth-
odsto thosepresentedheremight be usedto recommend
itemssuchasmovieswhichhaveattributesotherthantext.
A movie canbe viewed asconsistingof the directorand
theactorsin it, justasa documentcontainswords.Bothof

oursparsityreductiontechniques,similarity-basedsmooth-
ing andanequivalentof auser-wordsaspectmodel,canbe
used.

EM is guaranteedto reachonly a local maximumof the
training datalog-likelihood. Multiple restartsneedto be
performedif onedesiresa higherquality model. We are
planningto investigateways to intelligently seedEM to
reducethe needfor multiple restarts,which canbe costly
whenfitting datasetsof non-trivial size.

The user-words model doesnot explicitly usethe popu-
larity of items. Including such information may further
improve the quality of the recommendationsmadeby the
model,but requiresadditionalwork oncombiningandcal-
ibratingmodelpredictionswith documentpopularity.

Finally, predictive accuracy wasusedto validateour mod-
els in this paper. We are planningto deploy our recom-
mendersin ResearchIndex andperforma userstudycol-
lecting information on which recommendationsare actu-
ally followedby users.
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