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A RecommenderSystem



Another...



Yet another...



Flavors of recommendersystems

Content-based�ltering

� Tom likescomedymovies,sorecommendTheMaskto
him.

Collaborative �ltering

� Peoplewho likedthemoviesTom likedalsolikedThe
Mask, sorecommendit to him.



How doescollaborative �ltering work?
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Paths fr om Tom to The Mask
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An alternativeapproach
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Item basedCF
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Collaborative �ltering in detail

Form similarity neighborhoods
� of users,or

� of items

Find nearestneighbors
� above de®nedthreshold,or

� top-N

(Weighted)Aggregateratings
� by nearestneighbors,or

� of nearestneighbors



User-basedcollaborative �ltering

De�ne similarity
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� sim(u; v)

Computepredictions

pu;i = �r u +
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Item-basedcollaborative �ltering

De�ne similarity
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� sim(i; j )

Computepredictions
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Evaluating a recommender

Multiple metrics
� Coverage

� Predictive accuracy

MAE =

P
(u;i )2T jpu;i � r u;i j

jT j

� Rankaccuracy (Kendall's � )



Our goals

Whatmakesa recommendersystemwork?
� Whicharethegoodratings?bad?indifferent?

How canwe ...
� situateusersin betterneighborhoods?

� bettertargetitems?

� monitortherecommenderandits community?

� preventshilling attacks?



Our approach

Disaggregateglobalrecommendersystem
performancemetrics

� formulatethreerolesplayedby ratings

� de®necontributionsfor eachratingin eachrole

� tracktherolesandtheir evolution



BasicIdea
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BasicIdea
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Rolesalong(p1; p2; p3)
� Theratingp1 (Tom! Star Wars) is ascout.

� Theratingp3 (Jeff ! The Mask) is apromoter.

� Theratingp2 (Jeff ! Star Wars) is a connector.



Differ ent roles,differ ent ratings
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Our studies

Focuson item-basedCF
� trackitemneighborhoodsasrecommendersystemcommunitygrows

For eachprediction
� ®nd theaccuracy of theprediction

� apportionblame/creditto everywalk usedin theprediction



Credit assignmentfor rating walks (1)

Impactof usera in sim0(i; j )
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jsim 0(i; j ) � sim 0
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Credit assignmentfor rating walks (2)

If all usersratei andj identically

impact(a; i; j ) =
1

jCij j

In�uence of apathu ! j  v ! i

in�uence(u; j; v; i ) =
sim 0(i; j )

P
l 2N i \I u

sim 0(i; l )
� impact(v; i; j )

Riggedto satisfy
X

in�uence(u; ; ; i ) = 1



Rolevaluesfor predictive accuracy

Find errorin prediction
� e = jpu;i � r u;i j

Map to acomfortlevel 7! M (e)
� bin (1 � e) to [� 1; � 0:5; 0:5; 1]

For eachratingwalk u ! j  v ! i
� r u;j getsscoutvalueof M (e) � in�uence(u; j; v; i )

� r v;i getspromotervalueof M (e) � in�uence(u; j; v; i )

� r v;j getsconnectorvalueof M (e) � in�uence(u; j; v; i )



Rolevaluesfor rank accuracy

A pair (i; j ) is concordant(with error� ) if:
� if (r u;i < r u;j ) then(pu;i � pu;j < � );

� if (r u;i > r u;j ) then(pu;i � pu;j > � ); or

� if (r u;i = r u;j ) then(jpu;i � pu;j j � � ).

Creditfor apair (i; j ) in list for useru

c(i; j ) =

8
<

:

t
T � 1

C + D if (i; j ) areconcordant

� t
T � 1

C + D if (i; j ) arediscordant

9
=

;

Distributec(i; j ), amongall walks
� involvedin predictingpu;i andpu;j , proportionalto in�uences



Experimentation

MovieLensmillion ratingdataset(time stamped)
� 6040users

� 3952movies

Methodology
� processratingsin arrival-timeorder(®rst 200; 000)

� assessratingrolesat 10; 000ratingintervals

� assessratingrolesusingrandomlyselected20%of unseendata



Performanceof item-basedCF



Inducing goodscouts

Sampledistributionof scoutvalues



Is `Scoutness'= Popularity?



Bestscouts

BestScouts Conf. Pop.

BeingJohnMalkovich (1999) 1.00 445

StarWars:EpisodeIV - A New Hope(1977) 0.92 623

PrincessBride,The(1987) 0.85 477

SixthSense,The(1999) 0.85 617

Matrix, The(1999) 0.77 522

Ghostbusters(1984) 0.77 441

Casablanca(1942) 0.77 384

Insider, The(1999) 0.77 235

AmericanBeauty(1999) 0.69 624

Terminator2: JudgmentDay (1991) 0.69 503

FightClub (1999) 0.69 235

ShawshankRedemption,The(1994) 0.69 445

RunLola Run(Lola rennt)(1998) 0.69 220

Terminator, The(1984) 0.62 450



Worst scouts

WorstScouts Conf. Pop.

Midnight Cowboy (1969) 0.38 137

To Kill a Mockingbird(1962) 0.31 195

FourWeddingsanda Funeral(1994) 0.31 271

Good,TheBadandTheUgly, The(1966) 0.31 156

It' sa WonderfulLife (1946) 0.31 146

Player, The(1992) 0.31 220

JackieBrown (1997) 0.31 118

Boat,The(DasBoot) (1981) 0.31 210

Manhattan(1979) 0.31 158

TruthAboutCats& Dogs,The(1996) 0.31 143

Ghost(1990) 0.31 227

LoneStar(1996) 0.31 125

Big Chill, The(1983) 0.31 184



Inducing goodpromoters

Followsscoutpatterns



Inducing connectors

A goodconnectoris inducedwhen...
� auserwith highpromotervaluerates

� movie with a highscoutvalue

A badconnectoris induced...
� in morethanoneway

Removing badconnectors
� improves10%in precisionwithoutmuchlossin recall



Monitoring the evolution of rating roles

Bin [S, C, P] valuesasdiscretetriples
� [0:1; 0:001; � 0:01] 7! [scout+, connector0, promoter� ]

Power law behaviorsgalore
� Smallnumbersof ratingsprovide bulk of contributions

� e.g.,only 1:7%of ratingsaregoodscouts,but hold79%of all
positivecredit

� e.g.,only 1:4%of all ratingsarebadscouts,hold 82%of all discredit



Monitoring the evolution of rating roles



Characterizing neighborhoods

Studyagroupof 561users
� 476userswereinactive; scoutvaluesnegligible

Of theremaining

bad good

neighborhood neighborhood

badscout 6 24

goodscout 29 26



Conclusionsand futur e work

Finegrainedcharacterizationof ratings
� disaggregateglobalmetricsdown to individual ratings

� assessrelative contributionsacrossthreeroles

Recommendersystemhealth
� primitivesto trackrecommendersystemusage

� drive improvementsin algorithms

� detectandpreventshilling attacks



Open theoretical questions

New randomgraphmodels
� to modelrecommendationnetworks

New metrics
� e.g.,connectivity asa functionof hammockwidth

Engineeringof coverage
� Givenapower-law ratingdistributionandadesiredhammockwidth,

how many moviesshouldeverybodyrateto obtaina targetcoverage?



Questions?

For more details,see:

� B.K. Mohan,B.J.Keller, andN. Ramakrishnan,Scouts,Promoters,
andConnectors:TheRolesof Ratingsin NearestNeighbor
Collaborative Filtering, to appearin Proceedingsof theACM
Conferenceon ElectronicCommerce, Ann Arbor, MI, June2006,to
appear.

http://people.cs.vt.edu/� naren


