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Abstract

This thesis preseris a new approac to recommendersystems. Previous recommendersys-
tems based on collaborative Itering typically solicit user feedba& on domain items as
overall ratings which are then recordedas numeric values. This paradigm limits the seman-
tic richnessof the user'sinteraction with the systemand the depth to which the systemcan
understand user preferences.We proposea hew recommendersystem, Recommendz which
allows the userto commert not only about the overall quality of the item but also about
the quantity and quality of features of the item. This allows the userto justify his or her
ratings and allows the systemto compareusersnot only with respect to overall preference,
but alsoto comparethe reasonsbehind those preferences.

We have deweloped an implmentation of our approad, and have collected extensive
empirical data basedon movie ratings. We demonstrate the e ectiv enessof our approad,

and describe the details of the implementation.



Resume

Cette thesepreserte une nouvelle approche aux systemesde recommender. Les systemes
de recommender precederts bases sur ltrer en collaboration sollicitent typiquemert les
reactionsd'utilisateur sur lesarticles de domaine commeles classemets generaux qui sort

alors enregistre commeles valuers numeriques. Ce paradigme limite la richessesemartique

de l'interaction de l'utilisateur avecle systemeet la profondeur a que le systemepeut com-
prendre les preferencesd'utilisateur. Nous proposonsun nouveau systemede recommender,
Recommendz,qui permet Il'utilisateur de commerntier pas seulemen de la qualite generale
de l'article mais ausside la quantite et la qualite des caracteristiquesde l'article. Ceci per-
met a l'utilisateur de justi er sonou sesclassemets et permet au systemede comparerdes
utilisateurs passeulemen dansla referencea la preferencegenerale, mais ausside comparer
lesraisonsqui ont cause les preferences.

Nous avons developpe une implemertation de notre approche, et par il a recueilli la
basedesdonneesempiriques etenduesbaseessur les classemets de Im. Nous demortrons

I'e cacit e de notre approche, et decrirons les details de I'impl emertation.
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Glossary

This sectionis intended as a concisereferenceof acronyms and mathematical notation for

the reader.

CF Collaborative ltering.
MAE Mean Absolute Error.
NMAE Normalized Mean Absolute Error.
PCA Principal Componert Analysis.
POP Prediction method in which the global mean overall rating for an item is taken
asthe predicted rating for all usersfor that item.
SFA SparseFactor Analysis.
SVD Singular Value Decomposition.
Fu The set of all featuresusedby useru in creating ratings.
I, The setof all items rated by user u.
I, The set of items for which the system could compute predicted ratings for user
u.
o, The feature opinion rating of useru on feature f in item i.
Omin; Omax The minimum and maximum values, respectively, of a feature opinion rating,
that the user may enter.
qui The feature quartit y rating of useru on feature f in item i.
Omin; Gmax The minimum and maximum values, respectively, of a feature quarntity rating,
that the user may enter.
rui The overall rating of item i by useru.
Fui The predicted overall rating of useru on item i.

I'min;Fmax The minimum and maximum overall rating, respectively, that the usermay erter.



GLOSSARY

Sr; So; Sq Three measuresof the similarity betweena pair of users,basedon overall ratings,
feature opinion ratings, and feature quartit y ratings, respectively.
u, w Usersof the system.
U The set of all usersof the system.
I't;'or! g The weights given to the overall, feature opinion, and feature quartity weights,

respectively, in computing user similarity.
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CHAPTER 1

Intro duction

A recommendersystem is a mecianism providing suggestionsregarding items of interest
basedon knowledge of a user'stastes. Most recommendersystemsare web-basedand base
their suggestionson knowledge of a user's existing tastes in the domain of interest (for
example, what movies they like and dislike).

This thesis preseris a new approad to recommendersystemswhich certres around
richer interaction with the user. In most recommendersystems, the model of a user is
generated from user feedba& specied as a numeric rating re ecting the user's overall
opinion of an item; howewer, this a ords the user no oppourtunity to provide feedbadk on
the basisand peculiarities of their judgment on the items. In our system, we allow the user
to describe his or her opinion of the presenceand quality of featuresthat characterize the
item, and so our preferencedata is more nuanced and has a di erent structure from that
of other recommendersystems. As a result, our approach to recommendation must be as
unique as the preferencedata we collect.

This work is exemplied in a system we have deweloped called Recommendz This
recommendersystemis web-basedand contains a databaseof items from multiple domains
of interest (such as movies). Visitors to the site provide feedba& on particular items and

are then provided with predicted ratings on items they have not yet rated.

1. Motiv ation

The Internet hasgrown greatly over the past decade,and this growth hasmeart a great

increasein the availabilit y of information. This information takeson many di erent forms,



1.1 MOTIV ATION

and any item may not be equally interesting to all users. In part, this is due to di ering
userinterestsin the content of the items. If we know the sorts of cortent in which a useris
interested, we can then Iter items in order to eliminate those the userwill nd irrelevant.
This processis referred to as content-based ltering .

It is important to recognizethat people'spreferencesare intrinsically subjective, and
that items containing similar content can vary in (perceived) quality. To addressthis,
collaborative Itering systemswere developed in which users provide subjective ratings of
items, and this preferencedata is then taken into accourt to try to understand the user's
tastes and to make appropriate recommendations.

In addition, somecontent may not lend itself to content-based Itering as readily. For
instance, we may not have a method for automatically extracting useful content information
from the items (e.g. images). In sudc a caseit will not be possibleto use a traditional
content-based ltering sdeme, where cortent is assumedto be objectively known. Good
examplesof items which work well with content-based Itering include documerts sud as
web pagesin which cortent, in the form of text, can be extracted easily and automatically.
We wish our systemto be genericenoughto work with either sort of item, and sowe assume
no preexisting or easily-extractable content information. Instead, the content information
of an item is speci ed by the usersasthey provide feedbak about it.

A bene t of collaborative Itering are so-calledserendipitous recommendations|[GSK * 99],
recommendationswhich may have little to do with the content the useris accustomedto,
but which nonethelesshe or sheis likely to enjoy basedon the experienceof otherwise simi-
lar users. One alternativ e to collaborative Itering which may o er this benet to a userare
traditional \expert" reviews, for instance Roger Ebert 1 for movies or Allm usic Guide 2 for
music. In this system ead review is written by a single expert, who may have preferences
wildly divergent from those of the user, resulting in disagreemen regarding the reviewed
item. In addition, the experienceof the reviewer may be quite di erent from the userin
guestion, potentially leading to serendipitousrecommendations. Meta-review sites also ex-

ist, which combine the reviews of many experts into a single review, essetially basedon a

Lhttp:/iwww.sun times.com/index/eb ert.html
2http://ww.allm  usic.com
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consensusof experts rather than the opinion of one 3. Still, any given user may typically
disagreewith consensusgespecially in a domain where preferenceis extremely subjective.
In fact such a global consensus-basedecommendation is used later as a baseline against
which to comparethe performanceof personalizedrecommendersystems,and we shov we
can substartially outperform it (seeChapter 5, Section 3).

Content-based and collaborative Itering methods are by no meansmutually exclusive.
In fact, some combination of the two approaces may be necessary In a cortent-based
ltering system the user can still be overwhelmed by too many matches, and those rec-
ommendeditems may not match the user'stastes. In a collaborative ltering systemthe
user may prefer familiar types of content to serendipitous recommendations. There has
beensubstartial researd into ways of combining collaborative and content-based Itering
(see Chapter 2, Section 6). At the most basic level we can apply the two sorts of lters
sequettially, either using content-based ltering to nd items with content in which the
user might be interested, and then using collaborative ltering to nd which of theseitems
the user might prefer; or using collaborative Itering to nd items the userwill prefer and
then ltering out items in which the user is most likely not interested. One could also
calculate the content-based and collaborative Itering predictions for a givenitem and then
combine the two in a weighted average. Our approad is not simply sequetial and is more
complicated than a simple weighted average. We introduce a novel format for providing
feedba& on items which combines both content and preferenceinformation, and presen a
method for providing recommendationsfrom this enriched data set.

In a collaborative ltering system, it is necessaryto record user preferencesin some
form. There are di erent approacesto this (seethe discussionin Chapter 2, Section 2)
but the most commonapproad [RIS * 94, HKB * 99, MLRO3 ] is to have the userindicate
overall attitude toward the item asa number on somescale,for instancefrom 1 to 10, with a
lower value indicating lesspreferencefor the item. The result is that the systemis aware of
user preferencegoward items, but the reasonsbehind those preferencesare hidden. Seeral
authors have developed techniquesto infer thesereasonsbehind preferencesn order to make
better recommendations[Hof01, Can02 ], but these approadiesdo not explicitly identify
the reasonsbeing inferred, which limits their usefulnessin explaining recommendations

SExamples of such systems include \RottenT omatoes" at http://www.rotten tomato es.com, and \Meta-
Critic" at http://www.metacritic.com
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to the user. Explaining recommendationshas beenidentied as an important aspect of
recommendersystems[HKROO 1.

It is possiblethat two usersmay assigna similar rating to a given item but have dif-
ferert or even contradictory reasonsfor choosing that particular rating value. If we lack
information about the reasonsbehind the users'preferenceghen we will not know whether
it is appropriate to consider such a pair of usersas similar or not. Burke [Bur0O ] cre-
ated a recommendersystem which used semantic ratings (short phrasesdescribing some
characteristic of the item), but the set of semariic ratings in this systemis static and pre-
determined by manual knowledge-engineering.In cortrast, all usersin our systemare free
to add new features to describe content if none of the features suggestedare felt to be
adequate. There are no restrictions on the character of features, and in practice we have
found that the featuresrange from high level review-like descriptions, to very low-level de-
scriptions of minor details of the item (someexamplesare\directed beautifully”, \comedy",
and\dark™). In Burke's system overall opinion is inferred from user behaviour, whereasin
Recommendzusers explicitly provide overall feedba& on items. In addition, our feature
feedbadk includesboth numeric and textual componerts, allowing the systemto reasonwith
the feature mathematically while still presening easily-understandableinformation to the
user. Also, as described above, in a system which only collects overall feedba& regard-
ing items, the justi cation behind any given opinion must be inferred, typically in only a
rudimentary form. Preferencedata is regarded as a noisy data space[YXT *02], sowe
believe that actually asking the user about the reasoningbehind his or her preferencescan
sometimesbe preferableto trying to infer it from noisy data.

By combining preferenceand content information our system gains a greater insight
into the underlying reasonsbehind user preferences. We allow usersto add new features
to the systemto describe items asrequired, rather than manually knowledge-engineeringa
limited set of features. By doing so, we ensurethat userscan describe items in whatever
terms they feel are appropriate, meaning that the content information will not only be
exible and extensible, but alsorich and appropriate aswell. It is alsoworth noting that
in somedomainsit may be harder to manually engineeran appropriate and e ectiv e set of
features than in others, either becauseit is hard to predict which features userswill nd

useful, which featureswill be relevant to new items introducedinto the system, and which



1.2 APPLICA TIONS

new features(e.g. specializedjargon) will be dewveloped for describingthe items in question
after the system'slaunch. In our solution these problems do not arise: any sort of item
which peoplecan discusscan be easily added.

We also suggestthat our feedbak system provides a more social and personally grat-
ifying method of reviewing items. In our experiencerecommendations,for instance at the
sccial level, are commonly made with both an overall opinion of the item aswell asopinions
about various aspects of the content of the item. This both provides more information and
justi es the overall opinion.

This approad certainly requires an increasedamourt of interaction with the system
on the part of the user; howewver, we believe that this requiremert is outweighed by all of
the bene ts outlined above. This belief is mirrored in positive empirical results, both in
terms of the accuracy of recommendationsand user response(see Chapter 5).

One standard approad to collaborative Itering is to usenearestneighborhood inter-
polation to make predictions [SM95, RIS *94]. In this approad, to make predictions for
a given userthe system rst computesthe user's similarity to all other users.\Similarit y"
is some measureof the degreeof corresppndencebetween the preferencesthe users have
expressedthrough their ratings. Given this measure,a neighbourhood of the most similar
users can be computed, and well-liked items within the neighborhood would be recom-
mendedto the user. Essettially this approad recommendsthe preferreditems of userswho
have appearedto be similar to the target userin the past.

As personalizedrecommendersystemsbecomemore and more common, on the Internet
and mobile devices,it will be important to explore alternate methods of user feedba& for
human-computer interaction purposes,increasedexplanatory power for the system, and
an enriched understanding of user preferences,all of which are important aspects of a

recommendersystem.

2. Applications

Many websites have begun soliciting user feedba& on various items. News sites ask
for user feedbak on articles and images|[Y ah], for instance. Other websitescollect expert
reviewsand usethem to calculate consensupinions [rot, met]. Howewer, individual users

often disagreewith a population average and have more in common with smaller groups

5
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of like-minded users. As a result, personalizedrecommendersystemshave beenapplied to
many item domains (e.g. movies, music, books, websites,researty documerts) and on many
websites, someof which are informative [GSHJ01 , GR GP01, RIS *94, Dud ] and some

of which are speci cally basedon advertising and e-commercdama, SKKR0OOb, SKRO1 ].

3. Thesis Outline

The following is an outline of the remainder of this thesis:

Chapter 2 provides an overview of relevant researt in the eld of recommendersys-
tems, with particular attention to methods of feedbad, collaborative Itering systems,the
combination of content-based and collaborative Itering techniquesin hybrid systems,and
the problem of preferenceelicitation.

Chapter 3 discussesthe approad to recommendersystemswe have taken in this re-
searhr. Our approad includes item recommendation through a hybrid of collaborative
Itering and content-based lItering, and intelligent preferenceelicitation to encouragemore
useful feedbad from users.

Chapter 4 describesthe implemenrtation of our approad asthe Recommendz* recom-
mender system. We discussthe structure of the software infrastructure, the userinterface,
and the designdecisionsinvolved.

Chapter 5 discusseghe experimental results we have obtained for the performance of
our systemwith respect to predictive accuracy These results are compared with those of
seweral other approacies. This chapter also discussesthe apparert user reaction to our
system, as demonstrated in usagestatistics as well as explicit userfeedba& on the system.

Chapter 6 contains a discussionof the results obsened, preseris conclusions,and dis-

cussedirections for future work.

“http://www.recommendz.com
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tems into the e-commerceexperience.



CHAPTER 2

Background

1. From manual to automated Collab orativ e Filtering

Attempts to gain an understanding of a subject's personality by extracting information
from feedbak hasbeena topic of interestin psycology researt for sometime. For instance
the Minnesota Multiphasic Personality Invertory (MMPI) was rst dewelopedin 1940asa
standardized questionnaireintended to implicitly classify the subject in seweral personality
dimensions[HMB * 89]. The goal of this systemis not to make recommendationsto a user
but to understand the user's psychological makeup. MMPI involvesa very large number of
detailed psydological questionsbut is popular despiteits intrusiveness.

The earliest collaborative ltering (CF) systemswere primarily toolsto facilitate scocial
information lItering amongthe users,and were not automated.

In the Tapestry system [GNOT92 ], usersannotate documerts, creating a databaseof
annotated documerts. Usersof the systemcanthen query this databaseby making seartes
using the annotation values, allowing them to seard not only with respect to the corntent
of the documerts, but also with respect to user commerts regarding the documerts. This
is a manual form of collaborative ltering.

Maltz and Ehrlich [ME95 ] dewveloped a similar collaborative Itering system which
facilitated and supported pre-existing recommending behaviour. In their system, which
was a website recommender,a recommendationis made by sendinga pointer to a group of
users,or a database(a repository for recommendations). A pointer consistsof a hyperlink

to the resourcebeing recommended,an annotation containing contextual information about
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the resource,and, optionally, any commerts on the resourcethat the recommenderfeels
are relevant. This systemis primarily a formalized method for sendinghyperlinks to other
people,and is, like Tapestry, a manual collaborative ltering system.

As researtiers recognizedthe potential in collaborative ltering, and the needfor rec-
ommender systemsin general, automated collaborative Itering systemsbeganto be de-
veloped in which users provided feedbad that would be analyzed and used to compute
predicted ratings in order to automatically provide the userwith recommendations. Good
early examplesof suc systemsinclude GroupLens [RIS * 94], PHOAKS [THA *97], and
Ringo [SM95 ].

Eventually the term recommendersystembecamepopular for describing systemswhich
provide users with items predicted to be of interest, whether the prediction was made
through collaborative ltering, traditional information retrieval techniques, or somecomnbi-

nation of these and other approacdes[RV97 ].

2. Feedback

User feedbadk is crucial to any recommendersystem. A name has been given to the
lack of userratings in a recommendersystem: The Cold Start problem, or the Early Rater
problem. The Cold Start problem is the state of a new recommendersystem which has
no rating information. At this state it is impossibleto perform traditional collaborative
Itering to provide recommendations. A standard way of alleviating this problem is to
incorporate any known information about the content of items into the recommendation
process[CGM * 99, SPUPO02 ] sothat items can be matched basedon user interest. Of
coursesudc an approach assumesghat somesort of content information is available for the
items involved. The \Early Rater" problem refersto being a userin a recommendersystem
su ering from Cold Start. For such a userthere are few items which can be recommended,
if any at all, and the accuracy of these recommendationsmay be impaired due to lack of
information. Theseproblemsalsoarisein relation to items which have recertly beenadded
to the databaseand thus have received no feedbad.

Even systemswhich do not su er from the Cold Start problem must be able to make
accurate predictions basedon sparsepreferencedata. Recommendersystemsare often used

in systemswith large item sets(e.g. in e-commerceor in a domain such as movies) where
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2.2 FEEDBA CK

ead userwill only ever be able to provide feedbad&k on a small number of items. As aresult,
there is a great deal of sparsity in the ratings data, and a recommendersystem must be
able to function accurately despite this sparsity.

Researters have attempted to addressthis sparsity issuein a few ways. One approac
is to usea statistical measurewhich is designedto processsparsedata [BHK98 , HKB *99].
Pearsoncorrelation (seeChapter 3, Section2.1.1) is oneexampleof such a measure. Another
approachisto Il in the gapsin a eat user'sratings and then make similarity comparisons
between these denseversionsof the ratings. There are many ways the gaps can be lled
in, including item mean ratings, user mean ratings, or a more intelligently personalized
value. It has beenfound that this approad does not perform very well without a large
degreeof manual intervertion [BHC98 ]. Canny arguesthat lling in gapsin the data and
then making predictions basedon the resulting data is incorrect becausethe known ratings
data induce a probability distribution over possible ratings, not a single value [Can02 ].
Preferencedata is highly dimensional, typically with one dimensionper possiblerating, i.e.
one for eadh conbination of userand item. Seeral methods can be usedto compresssuch
highly-dimensional, sparsedata into a lower-dimensional, densespace,in which similarity
betweenusersor items can then be calculated [GR GP01, Can02, SKKRO0OOa ]. Section5
contains a survey of seweral techniquesrelated to dimensionality reduction.

One way in which we can classify recommendersystemsis with respect to how the user
provides feedba& regarding their preferencedor the set of items being recommended.The
medanism by which the user interacts with the system has an impact on the character
of the data which is available to the systemin making recommendations. For instance, in
e-commerceapplications, userinteraction with the systemmay consistof buying items, and
as a result the system may only know whether a given item was purchased (preferred) or
not. In this casethe systemwill have to work with binary preferencedata.

In general,a system can collect preferencedata through an implicit mecanism such as
monitoring user behaviour, or through an explicit medanism where the user is prompted
for a reaction to items in the database. Although most recommendation systemsrepre-
sert feedba& as numeric values corresponding to the strength of preferenceor degreeof
relevance, some systems[Bur00 | have used\semantic" feedbad& which describes content

information or re ects human judgments on the quality or character of the rated item.
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2.1. Implicit feedback. In asystemusinganimplicit feedbak scheme,the actions
a user takesare monitored and preferencesare inferred from these monitored actions. The
inferred preferencesare then usedto make predictions about future preferences.

User preferencescan be inferred from many behaviours. Which behaviours are relevant
typically dependson the context of the recommendersystem. In a recommendersystem
for documerts or web pages,a system can monitor navigation history, time spent reading
documerts, whether or not a documert was bookmarked or saved, and so on [CLWBO1 ,
K ORO01, Nic97 ]. A music program might monitor the frequencywith which certain songs,
artists, or albums, are listened to [Aud ]. Somesystemscombine both explicit and implicit
feedbad [HCOO ].

In somesystems,di erent behaviours are assigneddi erent valuesre ecting the relative
importance (for instance clicking a link to view a webpageindicates interest but lessthan
bookmarking that page), and others use binary values (for instance in e-commerce,where

all the information the systemmay have is whether a user has purchasedan item or not).

2.2. Explicit feedback. In a systemusing an explicit feedba& scheme, the user
will be preseried with an item and prompted to provide an opinion on that item. This
opinion cantake any of a number of forms. A typical approad is having the userspecify an
overall opinion of the item asa rating on somenumeric scale,for instancein the range[1; 5]
where a low scoreindicates distaste and a high scoreindicates preference. Some systems
usea binary feedba& scheme (e.g. \lik e"/Adislik e" or \relevant"Airrelev ant”) [CMZF0O0 |,
BP99 ], others use rating scaleswith more or fewer choices[GR GP01, HKRO0O0 ], and
somesystemsusea rating scalewhich is presered in suc a way asto (appear to) provide
a continuous range of choice rather than just a few distinct options [GR GPO1 ].

A variation on this approad is in a cortent- ltering basedrecommendersystemwhere
the user would not provide feedbadk directly on items, but rather on topics or features of
items, and recommendationis achieved by Itering the databaseof items accordingto the

likesand dislikes expressedby the userthrough the lIter.

2.3. Semantic feedback. In many systems,userfeedbad is provided asa numeric
rating on a scalesuch as1 to 10, or a binary value indicating a nit y or dislike. We might

describe such a rating system as numeric or abstract, or holistic since it aggregatesall
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properties of an item and reducesthem to a single number indicating an attitude. In our
system we combine sud ratings with semantic ratings [Bur00 ], which are in part text
annotations of features of the items.

The documernt annotation method usedby the Tapestry system[GNOT92 ] is another
good example of semariic feedbadk; howewver, while in Tapestry this semariic feedbadk is
only used in manual queries, in Recommendzsemariic feedbad is incorporated into an
automatic recommendersystem. While usersare able to manually seard items according
to semaric feedbadk, the systemautomatically suggestsitems wheneer the userlogsin.

In Burke's Entree restaurant recommendersystem, knowledge engineeringis used to
provide a set of semartic rather than numeric rating options [BurOO , Bur02 ]. The user
beginswith somerestaurant, and then can selectfrom a list of attributes which indicate
what is desiredin a restaurant (e.g. \nicer", \less expensiwe", \liv elier", \quieter", etc.).
Choosingan attribute in order to browseto a newrestaurant in e ect enters arating for that
user and restaurart: for instance browsing away from a particular restaurant by selecting
\less expensiwe" indicates to the systemthat you think that restaurant is overly expensiwe.
On the other hand, if a user stopsbrowsing at a restaurant, then that restaurart is assigned
a positive rating under the questionableassumptionthat the userhasfound what he or she
was looking for. User similarity is then basedon not only on similarity of preferencefor
items, but also on the reasonsbehind those preferences,allowing the systemto nd truly
like-minded users. For instance if two usersdislike the samerestaurant but one dislikesit
becauset is too lively and the other becauseit is too quiet, there is little reasonto consider
the userstruly similar. On the other hand if two users\bro wse away" from a restaurarnt
becausethey feel it is too expensive the system can becomemore con dent that the users
are looking for the samething in arestaurant. The approac takenin Entree wascompared
to seweral other approachesand found to be a very good predictor of restaurant preference.

In avariation on this approac employed by the RACOFI music recommendersystem,
Anderson et al. de ned v e dimensionsof music feedbad (impression lyrics, music, orig-
inality , and production) [ABB *03]. To provide a rating for a given item, the user must
provide a rating in ead of these categories. Of coursein this system, the feedba& dimen-
sions must be determined via manual knowledge-engineering,and are xed once decided

upon.
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The CoFIND [Dro99 ] systemalso usesa semaric rating system. In this system, the
user provides feedbak on the \qualities” of the item and qualities are suggestedfor use if
they have beenused repeatedly. Usersare able to add new qualities to the system. The
emphasisin CoFIND is in organizing resourcesto aid learning as opposedto predicting

preferences.

3. Preference elicitation

The problem of how to e cien tly prompt the userto provide useful feedbad, known as
preference elicitation, is important to recommendersystems. It is worth noting, asBoutilier
points out [Bou02 ], that preferenceelicitation isimportant in a number of areasof researd,
not just recommendersystems. In the context of a recommendersystem, the issueis to
identify those items which will be useful to the systemin predicting preferences,so that
the user can be guided to provide as much information as possiblewith as little burden
as possible. For instance, we may nd that someitem or group of items is a particularly
good predictor of preferenceson other items (e.g. maybe userswho enjoyed a romance
Im are typically much lesslikely to enjoy slasherhorror). In this case,having the user
provide feedbak upon a romance Im will be useful becausebasedon that feedbadk we can
con dently infer preferencestoward another group of items. On the other hand there may
be items which will not be so useful, and it may even be the casethat there are no items
which would signi cantly increaseour understanding of the user's preferences.

We wish to consider all possible queries which could be asked of the user to elicit
additional preferenceinformation, and actually selectand ask only those which provide
the most useful information. Researt which considerspreferenceelicitation stressesthe
desirability of providing an online and interactive experience for users of recommender
systems[BZMO03 , CSP03].

Carenini et al. identify preferenceelicitation as an underdeweloped aspect of recom-
mender systemreseart), and argue that researt should focus both on improving the accu-
racy of recommenderalgorithms aswell as devising methods which elicit asmany ratings as
possiblefrom the users[CSP03]. Thesereseardersalsoarguethat the focuson preference
elicitation as a technique relating to new usersshould be altered to create recommender

systemsin which intelligent preferenceelicitation plays an integral role, not just at user
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registration time but throughout the user's interaction with the system, so that we can
continually strive to learn as much as possibleabout the user, leading to better recommen-
dations not only for that userbut for others. The authors refer to suc systemsas adhering
to a Conversational and Collaborative model. The authors identify four situations in which
the system should prompt the user for more ratings:

(i) The usersasksfor arating of an item but the systemdoesn't have enoughinfor-
mation to provide a con dent prediction for that userand item.

(i) The system has a small amourt of information on the user, and the prediction
on a requesteditem is average. More information may provide a better recom-
mendation.

(iii) The useris puzzled or surprised by a recommendation. In this casemore infor-
mation might help the system better understand the user's preferencesand not
make sud surprising recommendationsin the future.

(iv) Another usermay have asked for a recommendationon an item which the system
knows little about. By asking other usersabout this item, recommendationsfor
the community as a whole will be improved.

The authors presert seweral measuresof the usefulnessof a given item in understanding the
preferencesof a user. Thesemethods include popularity, entropy, a combination of entropy
and popularity, items similar to items the user has already rated (item-item personalize).
These measureswere compared against a random item selector. The conmbination of pop-
ularity and entropy was found to provide the best improvemert in predictive accuracy
without requiring a large usere ort. The authors alsorefer to researt which obsened that
usersare willing to provide more feedbak to the systemin order to receive more accurate
predictions [SS01].

Boutilier has formulated the preferenceelicitation problem as a partial ly observable
Markov decision process (POMDP) [Bou02]. In this formulation, the recommendation
processis seenas a decision problem in which the recommendation problem is broken into
a seriesof steps; at ead step, the system can either query the user for more preference
information, or provide a recommendation. The gathering of information through sucd
queriesprovides a greater understanding of the user's preferenceg(referred to asthe user's

utility function in POMDP terminology [Bou02 ]). Queries have an assaiated cost which
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represers the fact that providing feedbadk requires somee ort. This approacd allows the
systemto balancethe costof elicitation with the gain in usefulinformation achievedthrough
the queries. In this POMDP formulation, the set of systemstatesis the set of possibleuser
attitudes and the POMDP's states are densities over the set of system states. The system
can make a decisionto elicit a query from the user, or to make a prediction of the user's
underlying attitude towards items (these predictions are terminal). Rewards are given by
the expected utilit y of the prediction made, and the obsenations of the system are the
probabilities of the user giving a particular responseto the given query.

In [BZMO3 ], Boutilier et al. discussan approac to preferenceelicitation basedon
the expected value of information (EV OI) of new user ratings. This particular measure
ts well within systemsthat learn an explicit probabilistic model of the domain (such
as [PHLG00, CG99]). The details presened in this researh can be applied to any
such system, and is demonstrated using the multiple-cause vector quantization (MCV Q)
model [RZ02 ] and with a Naive Bayesclassi er. The essetial idea in this approad is to
compute an approximation of the (myopic) EVOI for eath possible query which could be
asked of the user, and to choosethe query with the maximal EVOI (or to make a prediction
if the maximal EVOI is belov somethreshold or the system feelsthat too many queries
have beenasked and a prediction should be made). This processis quite computationally
intensive for ead user, sincea large number of costly calculations must be made. Thus, the
authors present an approad for pruning potential query items, and for pre-computing sets
of prototype queries. The authors demonstratethat their approad leadsto animprovemert
in both MCV Q and Naive Bayes performance as comparedto entropy-basedand random
measuredor preferenceelicitation. The improvemert in performanceis most dramatic when
only a few user ratings have been obsened, indicating that if a user should only provide
a small amourt of information, a well-designed preferenceelicitation sdeme can be very
helpful.

Another group of researtiers[DLLO3 ] hasperformed a theoretical analysis of the com-
putational properties of a generalcollaborative Itering and preferenceelicitation problem.
In this work, the problem is de ned as using queriesto elicit preferenceinformation from
the userin order to determine the expert which is closestto the userin terms of preferences.

The authors outline a polynomial-time approximation algorithm to solve this problem in
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a bounded number of queries, and shaw that this upper bound on the number of queries
cannot be beatenby a polynomial-time algorithm unlessall problemsin N P have n©(°cglogn)

time algorithms.

4. Memory and model-based systems

Recommendersystems can be categorized according to how they handle the ratings
data which hasbeencollected, into memory- and model-kasal systems[BHK98 ], which use
the entire data setor a model of the data setto make recommendations,respectively. Lemire
suggestsa third category of recommendersystems,the learning-fr ee systems,which do not
employ a model and do not compareusersin order to make recommendations[Lem04 ].

Somesystems, known as\memory-based", usethe ertire data setin order to compute
a prediction. A typical memory-basedalgorithm would be one which used an inter-user
similarity measureto nd userswho are similar to ead other, and to then draw preferred
items from that group asrecommendations[RIS * 94]. This classicalCF approac hasbeen
shown to provide a good level of accuracy and is easyto maintain [BHK98 , PHLGOO ].
Another advantage is that memory-basedsystemsalways have a clear interpretation: ead
useris being matched to like-mindedusers[YXS * 02]. Lemire characterizesmemory-based
systemsas those in which updating the ratings databaserequires constart time (since no
model needsto be updated), but recommendationrequirestime proportional to the number
of users(since usersmust be comparedto make predictions) [Lem04 ]. As a result, with ex-
tremely large data sets,memory-basedmethods canbe computationally expensive. Yu et al.
have developed methodsto identify \relevant" and\irrelev ant" instancesin the ratings data
set, allowing the size of the data setto be reduced,increasinge ciency without degrading
accuracy[YXS * 02]. In related work Yu et al. deweloped instance selectionalgorithms for
memory-basedrecommendationwhich actually improved accuracyaswell ascomputational
speedby reducing noiseand over tting [YXT *02]. Other authors have also attempted to
improve the performanceof memory-basedalgorithms, including Cheeet al., who developed
a tree structure tailored speci cally for recommendationalgorithms [CHWO1 1.

\Mo del-based" recommendersystemsdevelop a model of the rating data which is col-
lected and then make predictions by manipulating the model rather than the raw rating

data. The model is typically createdin an oine phase, allowing online predictions to
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be made quickly. For example model-basedsystemsmay use a dimensionality reduction
algorithm sud as Singular Value Decomposition (SVD) or the related Principal Compo-
nent Analysis (PCA) [GR GP01, SKKRO0Oa , Can02], a probabilistic model such as a
Bayesian network [BHK98 , CG99 ], clustering [GR GP01, UF98], or latent semartic
models [Hof01 , Hof04 ]. Someof the models used by recommendersystemshave mean-
ingful semariic interpretations, which can help usersunderstand how recommendationsare
generated[PHLGOO ]. Lemire characterizesmodel-basedsystemsasthose in which recom-
mendation requires periodic updates of a potentially complicated model. These updates
require linear or worse time in the number of usersin the system but recommendations
are based on a query of the model and likely fast; howewer, Yu et al. argue that the
learning phase of model-based approades can become prohibitiv ely long for large data
sets[YXS *02].

The Personality Diagnosis system combines someof the bene ts of both memory and
model-basedmethods [PHLGOO ]. In Personality Diagnosis, a set of \p ersonality types"
(stereotypesin terms of ratings on the item set) are determined, and usersare matched to
the nearestpersonality type. The systemusesall data without a model-building phase,but

at the sametime it provides a model with a clear semariic interpretation.

5. Dimensionalit y reduction

Seweral researders have investigated the application of dimensionality reduction meth-
ods to recommendersystems. These approachesall work by rst creating a model of the
rating data by reducing the dimensionality of the rating data space. These methods are
often created to reduce the problems causedby sparsity in the ratings data, scalability
problems that can exist in nalve memory-basedrecommendersystems,and to nd latent
connectionsbetweenitems [SKKR0OOa ].

Singular Value Decomposition (SVD) results in data which is lessnoisy and also cap-
tures latent assaiations between items (Berry et al. [BDO95 ] quoted in [SKKRO0Oa ]).
As discussedin Section7, SVD has also beenusedin conjunction with supervisedlearning
techniques [BP98 ].

In the Eigentastemethod, which hasbeenimplemented asthe Jesterjoke recommenda-

tion systemby Goldberg et al. [GR GPO01 ], Principal Componert Analysis (PCA) is used
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to reducethe rating spaceto two dimensions. All usersare required to rate a gaugeset of 10
items, and are then projected into the lower-dimensionalrating spacebasedon this gauge
set. Within the lower-dimensional space,groups of similar usersof the system are divided
into clusters, and recommendationsare computed as the preferred jokes among the users
of eadh cluster. In terms of accuracy this method was shawvn to perform very favourably
comparedto seweral other algorithms. Prediction with the algorithm is constart-time be-
causethe model can be maintained in an oine phase: eat user is projected into the
low-dimensionalrating spacebasedon the gaugeset, and recommendationsare then looked
up from the best cluster.

Sarwar et al. have also applied dimensionality reduction to recommender
systems[SKKROOa ]. These researders actually rst addressedthe sparsity problem in
earlier work by using semi-irtelligent ltering agens to make predictions in order to I
in someof the sparsity in the ratings set [SKB * 98]. This approac usesSVD to do two
things: capture the latent relationships between usersand products, and then usethat to
directly predict for a givenitem; and to compute a low-dimensionalversion of the customer-
product spaceand usethis to compute neighbourhoods and within these neighbourhoods
produce Top-N recommendationlists. Note that SVD assumesompletedata, meaningthat
any missing values (of which there are many) must be lled in with somesort of default
values. To Il in the gaps,Sarwar et al. tried using averageratings per customerand average
ratings per item (and found product averageto work better). Ratings are normalized before
computing the SVD aswell. Normalization by subtracting user averageratings was found
to work better than conversionto z-scores.

In Canny's 'Mender system [Can02 ], dimensionality reduction is performed with an
SVD-related technique called sparse factor analysis. With this approac Canny avoids the
problem encountered above by Sarwar et al. of having to Il in the sparseratings data
before being able to analyzeit to build a model. In sparsefactor analysis missing elemens
are e ectiv ely ignored rather than replaced with default values. The author arguesthat
this method is more appropriate than making guesseso reducesparsity becauseat doesnot
introduce additional uncertainty. In the resulting lower-dimensionalmodel, items and users
are characterized in terms of hidden factors which depend on content, and preferencefor

thesefactors, respectively. Predicted ratings canthen be quickly calculated from the model.
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Very good results were reported with this method on se\eral data sets,in comparisonwith
other methods.

Sarwar et al. have investigated collaborative Itering algorithms which rely on com-
puting similarities betweenitems (\item-item similarities") rather than similarities between
users (\user-user similarities") in order to make recommendations[SKKRO1 ]. They ar-
guethat the bottleneck in many collaborative Itering algorithms is the seard for similar
usersin a large user population. In the approac presened in this work, the collabora-
tive Itering algorithm nds items which are similar to items the userin question has en-
joyed in the past. Unlike in content-based systems,the similarities betweenitems are still
computed basedon preferencedata rather than on content information, sothe benet of
serendipitousrecommendationsis not diminished. The authors shawv that theseitem-based
approadesleadto slightly improved quality of predictions over a user-usersimilarit y-based
k-nearest-neigtbour scheme. More importantly, a simple model can be adopted which al-
lows pre-computation of item similarities, so that the system can avoid the bottleneck of
computing inter-user similarity. The authors assumethat item neighbourhoods are \fairly
static”, which meansthat item similarities can be pre-computed and subsetsof the most
similar items can be stored as a simple model.

Since the feedba&k in recommendersystemsis intrinsically subjective, it is not only
possible but probable for di erent usersto usedierent rating valuesto indicate similar
degreesof preference. This e ect manifestsitself in di ering biasesin rating valuesand in
the amplitude of ratings (i.e. the range of ratings used) between users. A recommender
system must translate ratings from one userto another to make accurate predictions and
therefore it is common to normalize ratings according to user biases. Lemire presens a
detailed analysisof this phenomenon[Lem04 ] and developsscale-and translation-in variant
versions of seweral learning-free, memory-, and model-basedrecommendation algorithms,
demonstrating that the invariant versionsoutperform the standard versions.

Clustering algorithms have been applied to recommendersystems. The users of the
system are divided into groups of similar usersbasedon preferencedata, and predictions
are madewithin thesegroups. Ungar and Foster presernt a statistical model of collaborative
Itering and compareseeral di erent methods for clustering users[UF98 ]. Goldberg et al.

cluster usersafter reducing the dimensionality of the ratings spaceusing PCA [GR GP01 ].
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O'Connor and Herlocker evaluated several algorithms for clustering items based on
similarity in ratings data [HO99 ]. The suggestionis that items which receive similar ratings
from the sameusersare similar in somesense,and that only items within a given classare
relevant to making predictions within that class. To achieve a more scalable system, the
authors suggestthat predictions for a given classof item can still be e ectiv ely performed

using a single subsetof items.

6. Hybrid recommendation

It has beennoted in Information Retrieval researt that a combination of the scores
from various retrieval agerts can outperform the scoreof any of the individual agerts (Vogt
et al. [VCBB96 ] quoted in [CGM *99]).

The Fab system by Balabanov ¢ and Shoham[BS97, Bal97 ] is a hybrid cortent and
collaborative Itering-based recommendationsystem for web sites. Usersprovide feedbak
on sites on a scalewhich is preseried asterms such as\Neutral" and \T errible" but which
correspond to, and within the machinery of the recommendationalgorithm are treated as,
numeric values. In addition to this feedbad, the system analyzesthe words occurring in
the web pagesand usesthis information combined with the user'sfeedbad to build pro les
both of the web pagesand of user interests. A set of agerts are then trained to make
recommendationsto the user. Fab is designedto support so-called parasitic users users
who wish to provide no feedbadk but still receive recommendations. Sud usersare provided
with global meanrecommendations.

Claypool et al. deweloped P-Tangg a recommendersystemfor online newsparger arti-
cles[CGM *99]. P-Tangooperatesby combining predictions madeby a collaborative lter
and a content-based Iter. In this system usersexplicitly provide preferencefeedbad in
the form of ratings of news articles, and also explicitly specify content in which they are
interested. In addition, the system nds keywords in articles the user hasrated highly and
includes them in an implicit user pro le in the hope that those keywords re ect what the
user found appealing about the article. The collaborative Iter nds similar usersbasedon
preferencedata and draws recommendationsfrom this neighborhood. The content-based
Iter ewaluatesthe corresppndencebetweenkeywords in the user'spro le and ead article,

in orderto nd potentially interesting articles. The two predictions made for ead item are
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then uni ed via a linear combination. The weights usedin the combination are tuned on
a per-user basis, over time, by nding valueswhich minimize the predictive error on past
ratings.

Burke haspresened a survey of existing and possiblehybrid approaches[Bur02 ]. First,
many di erent methods a recommendersystem can use are identi ed, including collabora-
tive ltering, content-based Itering, demographics, and other methods. Then, existing
hybrid systemsare classi ed according to which techniques they combine. Se\eral of the
approadtesdiscussedhave not yet beenattempted.

Montaner et al. preser ataxonomy of recommendersystems[MLRO3 ]. They identify
eight dimensionsby which recommendersystemscan be classi ed:

User pro le represenation
Initial pro le generation
Pro le learning technique
Relevancefeedbak
Information Itering method
User pro le-item matching technique
User pro le matching technigue
Pro le adaptation technique
The paper also lists possible approacdiesto ead of these dimensionsand discussesmany

recommendersystemswithin this taxonomy.

7. Learning-based metho ds

Billsus and Pazzanisuggestedhat it might be usefulto nd away to apply someof the
more mature and well-developed techniquesof machine learning to the eld of recommender
systems and collaborative Itering in specic [BP98]. The approac presened involves
using SVD to reducethe sparsepreferencerating data spaceinto a denselower-dimensional
spacerepreserning someset of features. The ideais that this feature setcanthen be usedas
input to a traditional supervised machine learning algorithm, with the set of actual ratings
as the label. As an example, the authors used a portion of the feature set to train an

arti cial neural network.
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Rule-basedlearning algorithms have alsobeenusedin recommendersystems. Sarwar et
al. provided information about movies, with training rating data, to the Ripper rule-learning
algorithm [BHC98 ]. The authors found that simply making all movie data available to
Ripper did not lead to better results than either collaborative or content-based Itering
alone. Better performancewas only achieved when the authors manually selecteda subset
of the movie information to use. Another rule-learning collaborative Itering system is
RACOFI, a Canadian music recommender,by Anderson et al. [ABB *03]. Kim and Kim
presert another approac which learns rules relating items and also takes advantage of
hierarchical structure among the items (for instance genresin music or movies) to learn
rules relating categoriesof items [KKO3 ].

Another supervisedlearning method which hasbeenusedsuccessfullyin the context of
recommendersystemsis the Bayesiannetwork. In one version of this approad, a Bayesian
network is constructed with a node for ead item in the domain. The possiblevalues for
ead node correspond to the possibleratings on the item, including no rating at all. Some
method is then usedto learn structure from dependenciesin the rating data [BHK98 ]. A
similar approach was presenied by Chen and George[CG99 ]. Robleset al. use a naive
Bayesclassi er [RnM * 03]. Robleset al. create a number of naive Bayesclassi ers using
con dence intervals and choose the best one [RnM *03]. Yu et al. use a hierarchical
Bayesian approach to conmbine corntent and preferenceinformation [YST *03]. Bayesian
approachessuc asthesehave beenfound to perform well, but both inferenceand structure
learning in a Bayesiannetwork are hard problems, and in a domain with a large number of

items a large number of nodesmay be required.
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CHAPTER 3

Approac h

1. Ratings data

In preliminary experiments, we determined that having the user provide detailed feed-
badk to substartiate their rating was e ective in improving the mean absolute error of
predictions [DGO3 ].

Initially in our researt, we wished to have users attempt to explicitly identify the
normally hidden reasonsbehind their preferences. To this end, we allowed the user to
specify one or more features which were important to his or her opinion of the item. In
addition, we recognizedthat an item can be viewed positively on the whole but that some
features of the item might be viewed negatively (and vice versa), so the user would also
specify whether ead feature was positive or negative, and how much so.

Since that time, we have obsened that the extent to which a feature is applicable
is an important criterion for both user satisfaction and performance. In addition, a user's
reactionto afeature candepend signi cantly on the strength of its obsened\presence" (i.e.
a little bit of violencemay be good, but a large amount may be negative, or a little romance
might be somewhatpositive but a large amourt of romancemight be very positive). Based
on these obsenations we now permit a userto:

(i) specify an overall opinion of the item,
(i) selecta relevant feature of the item,
(i) specify the quartit y of that feature in the item (or applicability of the feature to

the item),



3.1 RATINGS DATA

(iv) specify the degreeto which the presenceof this feature was a positive or negative

factor.
This provides a more natural transliteration of the form of a typical interpersonaldialogue
regarding the review of an item, but it doesimposemuch more overhead on the user. For
example,

| thought that movie was pretty good. There was a lot of action and

special e ects, whichis great. It's just too bad that the romantic subplot

was underdevelopd.
becomes

Overall: 8
action guartity 8 | opinion 5

romantic subplot | quantity 2 | opinion -4

Precisely a rating by user u on item i is of the following form: Exactly one overll
rating, rui 2 [rmin;rmax]- This represeits the user's opinion of i on the whole, where a
rating of rmin indicates extreme dislike and a rmnax indicates extreme preference. In our
system, rmin = 1 and rmax = 10.

For this item, u must selecta minimum of onefeature which wasimportant to his or her
overall opinion. We represert this set of featuresusedby useru onitem i asF;. Suppose
feature f 2 F; is chosen. Then the user speci es the feature quantity of f perceived to
be in the item, qLi 2 [Gmin ; Gmax], Where gmin indicates the complete absenceof this feature
while gnax indicates a very large amourt. The quartities of the features selectedare not
requiredto sumto a particular value. The ideais not for the userto completely and in detalil
characterize the item in terms of features, but rather to indicate a few features which are
important to his or her overall opinion of the item. Indeed, we do not preser the quartity
speci cation as an absolute and exact rating on a numeric scalebut rather graphically, as
an indication of quantity. In our system, gmin = 0 and gnax = 10. To complete this feature
rating, the user must specify his or her feature opinion of this presenceof f in the item,
as oLi 2 [Omin; Omax ], Where a rating of onin should be usedfor extremely negative features,
and omax should be used for extremely positive features. In our system, omin = 5 and

Omax = .
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3.2 NEAREST NEIGHBORHOOD RECOMMEND ATION

Overall rating Important features

Choose a feature... ~||... amount in the item? | and did you like this amount?
a work of art O(noneatall) || — (dislike extremely)
action a |

8.5 x| |aesthetics - |-—-
alternative perspective o =
anachronisms Liaddd li-
atmospheric | e 10 (no opinion)
beautiful film e ey +
beautiful imagery EEE. -

SUBMIT rating | _S black comedy LTI

black humor
captivating

P T ——

b+t
+++++ (like extremely)

Figure 3.1. Screenshotof providing feature feedbadk for a movie in Recommendz.

We will denotethe set of all overall ratings by useru asRy, all feature quantity ratings
by useru onitem i as Qi, and all feature opinion ratings by useru onitem i asOy. A
completerating by useru on item i then is (ry;; Qui; Oui)-

The set of all usersis U, the setof all items |, and the set of all featuresin the system,
F. For convenience,we denote the set of all items rated by useru as|, and the set of all
featuresusedby useru asF,.

We discussthe reaction of usersto this more detailed rating system in Chapter 5,

Section 2.

2. Nearest Neigh borho od recommendation

In Recommendzwe have implemented a nearestneighbour interpolation method. Cre-
ating recommendationsfor a given user requiresthe following steps:

() We compute the similarity betweenthe userin question and ead other userin
the system. Any of a variety of similarity measurescan be usedin this step. We
discussthe issueof similarity measuresin Section2.1. In Chapter 4, Section 1.4
we discusshow the systemhasbeendesignedto reducethe computational burden
of this step to improve scalability.

(i) Sort the usershby similarity and return a neighbourhood of k users.

(i) For ead item that has beenrated by one or more of the usersin the nearest
neighbourhood, compute the averageof reported overall ratings, with ead rating
weighted by the inverseof the user's similarity.

(iv) Report the resulting list of predicted ratings, or somesubsetthereof.
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3.2 NEAREST NEIGHBORHOOD RECOMMEND ATION

Users are given the option to ignore predictions of items that have been rated by only
one user. Unlessthe user who has rated the item is very similar to the user receiving the
prediction, a recommendationon an item rated by only one user should generally not be

given much con dence.

2.1. Similarit y measure. Perhapsthe mostimportant part of a nearestneighborhood-
basedcollaborative Itering scemeis the similarity measureused. Di erent measureswill,
in general,lead to di erent groups of neighbours, and di erent setsof neighbours will usu-
ally have had di erent experiences{ so di erent neighbourhoods will, in general, lead to
di erent recommendations.

It is important to recognizethat for many of the domainsto which we want to apply
collaborative Itering, the number of items to choosefrom is very large; much larger than
either the number of users,or more importantly, the number of items ead user has rated.
The implication of this is that the number of items rated in common betweenany pair of
userswill often be small. As a result, it is important that any similarity measurebetween
a pair of usershandle sparsity e ectiv ely.

In addition, preferencedata tendsto be noisy and soa good similarity measureshould
not be too sensitive to noise.

2.1.1. Pearson correlation.  The PearsonCorrelation coe cien t hasbeenwidely used
in collaborative ltering. Its design addressesthe issuesof sparsity and normalizing for
userrating biases.First, Pearsoncorrelation betweentwo usersis calculated basedonly on
the items rated in common. Gaps in the rating data do not needto be lled in in order
to compute the similarity, although we would tend to have more con dence in similarities
computed on more data.

Second,ead rating is normalized by subtracting the user's mean rating. Users may
have di erent internal sensitivities to quality in movies. One usermight rate all of his or her
favourite items with relatively low valuescomparedto the valuesgivento favourite items by
another user. This illustrates that the absolute valuesof rating valuesare not asimportant
as the relationships betweenthe values. By normalizing for user biasesin rating, we hope

to isolate the relationships betweenrating values.
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3.3 HYBRID RECOMMEND ATION

In a systemin which usershave speci ed ratings over a set of items, we can compute
the Pearsoncorrelation betweentwo users,u and v, with the formula

=
i(rui ru)l(:,rvi rv)

correlation(u;v) = p-—PR !
i(rui ru)® i(rvi rv)?

(3.1)

wherer; is the rating of useru onitem i, andr is the meanrating of useru over all items.
Note that this equation is a generic version of Pearson correlation, and versions of this
equation speci ¢ to our rating systemis presened in sections3.1 and 3.2 (and speci cally
in Equations 3.2, 3.3, 3.4, 3.7, 3.8).

2.1.2. Cosine Vector similarity.  Vector similarity comesfrom the eld of Information
Retrieval, whereit is often usedfor documert similarity comparisons. We would construct
a vector for eadh documert under consideration, with a position for ead word occurring in
the set of documerts, and with the value at ead position in the vector being the frequency
with which the word occursin the documert. The distance betweena pair of suc vectors
is then computed and interpreted as the distance betweenthe documerts, i.e. in terms of
word similarity. This similarity is then a measureof how similar the composition of the
documerts are, in terms of word frequency Sincethis measurehas beensuccessfuin IR it
was suggestedas a possiblesimilarity measurein neighborhood-basedcollaborative Itering
systems, by researters including Resnik et al. [RIS * 94], Herlocker et al. [HKB *99],
and Breeseet al. [BHK98 ] who found PearsonCorrelation to perform better. We initially
investigated whether vector similarity would be more e ectiv e in our systemthan Pearson
Correlation but found Pearsonperformed better.

Herlocker et al. discussother potential similarity measuresfHKB * 99].

3. Hybrid recommendation

Our approacd to hybrid recommendationsusesboth preferenceinformation and the
content information which is supplied by the usersin the form of features. We have devel-

oped two variations on this certral theme.

3.1. Feature bias. The system usesa nearest-neiglbor interpolation scheme to
recommenditems that are preferred by similar users. Typically, usersimilarity is computed
as the Pearson correlation [BHK98 ] of items rated in common between the users. In

our system the ratings are more complicated so while we also use Pearson correlation,
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3.3 HYBRID RECOMMEND ATION

we actually compute three di erent similarity measures(de ned as Eq. 3.2, Eg. 3.3, and
Eq. 3.4) and then take a weighted averageof the three to arrive at one similarity value.
Supposewe wish to compute the similarity betweenusersu and w.
First, we have the similarity in overall ratings, which is just the Pearson correlation
betweenthe overall ratings of the items rated in common.

P
i(rui ru),(_.,rwi Mw)

i (i ru)2r i (rwi w)?

Sr(u;w) = p-R (3.2)

where in each summation, i 2 14\ |y, the items commonto both useru and w; and r is
the mean overall item rating for useru.

In the rst of two alternative approadies, we calculate statistics for feature ratings.
In e ect we compare user biasestoward features, rather than comparing feature usageon
an item-by-item basis (this is donein Section 3.2). Thus, the next similarity measurewe
compute will be the similarity in feature bias betweenthe two users. For eat user u, for
ead feature used, we calculate the mean feature opinion for feature f over all items, o,

and the mean opinion over all features, o,. Then, using the Pearsoncorrelation:

P f
¢(0u oy)(ow ow)

So(U;W) = & (3.3)

(oh )2 ()2
wherein eadh summation, f 2 F,\ F,, the featureswhich have beenusedby both useru
and w.

We wish to compute a third measurebasedon the similarity in quartit y valuesassigned
by the two users. The following equation usesPearsonCorrelation to compare mean quan-
tit y ratings assignedto the featuresrated in commonby the two users. This similarity can
be interpreted as similarity in interest or experience (for instance two userswill be more

similar if both have scoredmany items having high or low levels of particular features).

"od a)d g
sq(U; W) = g f (3.4)

P
fd )2 ((dv )2

where in each summationf 2 F,\ Fy, the featureswhich have beenusedby both useru
and w; q, is the mean quartity rating by useru over all featuresand items; and qL is the

mean quartit y rating from useru for feature f , over all items.
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3.3 HYBRID RECOMMEND ATION

We now want to combine these three similarity measuresinto one. To do this we
compute a weighted sum of s, s,, and sq using weights ! (, ! o, and ! 4, respectively. The
nal similarity betweentwo usersu and w then is:

s(u;w) =
e+ o+ lyg

(3.5)

With the ability to calculate this similarity s betweenany two users,we can nd the k
nearestneighbors of user u, which we denoteas NX. We will be interested in the subsetof
NX who have rated item i, denoted NX . With this information, we can predict the rating

of useru on item i:
w2k s(Uu;W)(Fwi - Twi)

wan S(U;w)

Note that we normalize the predicted rating accordingto the users' overall rating biases,

Mi =

+ Iy (3.6)

and then make the actual prediction by adding the target user's overall meanrating.

3.2. ltem-b y-item feature usage comparison. Another approac is to compare
feature usageon an item-by-item basis,rather than comparing the statistics of feature usage
as was done in Section 3.1. The basic approad is the sameas that taken above. We use
the sameoverall similarity s, but we will rede ne s, and sq with the sg and sg functions
below.

In Section 3.1, we consideredtwo usersto be more similar to one another if they had
similar biasesin their feature ratings, i.e. if they usedfeaturesin a similar way in geneal.
In this approad we only considertwo usersto be more similar if they usedfeaturesin a
similar way on the sameitems.

In this version of the feature opinion similarity measure,we compare the individual
feature opinion ratings for featuresboth usersusedin items they rated in common. Before
giving the equation, we will dene Cyy = ff :f 2 Fy; \ Fyi;8i 2 I\ 1yg, i.e. for usersu

and w, C,y is the setof all featuresthat wereusedby both userson commonly rated items.
P f RYR f
f2Cu (Oui 0u)(Oi  Ow)

0/ 1 i —
SO(U,W) - q f T ) P : :
f2cer Qi 0u)®  f2c,, (Owi  Owi)

(3.7)

P
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3.4 FEATURE SUGGESTION

The feature quantity similarity measureis computed similarly:
P £ fyf f
f2Cw (G WGy Ow)
f fioh f f
f2cu Qi W) f2c,, (Gwi Owi)

Oncethesetwo similarity valuesare computed, the predicted rating for item i is com-

sq(u;w) = ¢ (3.8)

P

puted using Eq. 3.5with s, and sq replacedwith sd and sg, respectively, and then equation

3.6 is usedto calculate the predicted overall rating ;.

4. Feature Suggestion

In our system, it is up to the usersto cortribute featureswhich can then be used by
all. Becauseof this, the number of featuresin the systemis constartly growing. In orderto
encouragefeedbadk and to be better able to compareuser similarity, we would like usersto
usepreexisting featuresto rate items. At the sametime we cannot simply preseri the users
with a list of all of the featuresin the database,asthat would be overwhelming. What we
wish to do is suggestrelevant features. This notion of relevant featuresis itself a subjective
issue, however. The suggestedfeatures should be relevant to the item to be rated and
should provide useful information to the system. This is a preferenceelicitation problem,
sincewe wish to intelligently determine a subsetof featuresabout which feedbad from the
user would be useful in determining the user's preferences(see Chapter 2, Section 3 for
prior work in this eld).

Recommendzsuggestsfeatures using a combination of the following six techniques:

4.1. Controversy. Controversial featuresare those about which usersdi er widely
in opinion. If usershave, in the past, disagreedstrongly in their opinions of suc features,
then knowing the opinion of future userson the same features should help discriminate
betweenuserswith very di erent underlying reasonsfor item preferences.

We considertwo methods of determining the controversiality of a feature: entropy and
variance.

4.1.1. Entropy. One suggestedmeasureof the controversiality of ratings is a high
ertropy [CSP03]. The authors showed that entropy is a useful measurefor determining

the usefulnessof an item to a preferenceelicitation scheme (in fact it is even more useful
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3.4 FEATURE SUGGESTION

when combined with popularity). In our system,to nd controversial features, we would
be looking for those featureswith a high entropy in terms of feature opinion.

We can compute the entropy H (f ;i) of the feature f for item i. This entropy can be
computed with respect to the feature's opinion value or quartit y value and in the equations

below we indicate theseas H, and Hg, respectively.

X
Ho(f ;i) = P(a = x)log,[P (0 = x)] (3.9)
x2[ 5;5]
where P(oif = X) is the probability that the opinion rating given by any user for feature f

on item i hasthe value x.

X
Hq(f ;i) = P(q = x)log,[P(q = x)] (3.10)
x2[0;10]

whereP(qf = X) is the probability that the quartity rating given by any userfor feature f
on item i hasthe value x.

We can alsohave a combination of the feature's popularity for this item (in terms of the
number of ratings, not preference)and the entropy, as Carenini et al. found to be the most
e ectiv e metric for preferenceelicitation. Those researders usedthe product of entropy
and the logarithm of the item's popularity.

4.1.2. Variance. As discussedn the precedingsection, entropy hasbeensuggestedoy
other researters as a useful measureof the cortroversiality of items in a recommendersys-
tem. Other researtershave usedvariance,instead, asa measureof cortroversy[GR GPO1 ].

We should also make the obsenation that an item (or feature, in our case)can have
a high entropy but a low variance, meaning userstend to disagreeon the rating to assign
to the item, but not by much. On the other hand, a high variance and low entropy might
indicate a few outlying ratings but something closeto consensusasidefrom that.

In Recommendz,we have used variance in feature opinion value as a measureof how
useful a feature will be. Variance is easily and quickly calculated, unlike ertropy, and we

have found, that variance producesqualitativ ely good results.

4.2. Correlated Features. As of writing, the system has a database of nearly

sewen hundred features. While we needto selectrelevant features from the list, note that
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3.4 FEATURE SUGGESTION

the Controversy method described above will only suggestfeatures which have already
been used on the item by other users. It is possible, especially when only a few ratings
have beenentered for the item, that many featureswhich are relevant to the item will not
have beenusedyet. We would like to explore the feature spaceto nd these unused yet
relevant features. We can randomly choosefeaturesto suggestand hopeto nd something
relevant (in fact the system can and does do this, as discussedin section 4.6), but we
can approad this task in a more intelligent way, by examining somemeasureof similarity
betweenfeatures.

We can calculate the correlation in usageof any two features, over all items. The
idea s that if two featuresare often usedin similar quantities on the sameitems, then the
features may be related in someway. Given these correlation values, if we know that one
or more features are relevant to an item becausethey have beenusedto provide feedbadk
on that item, then we can calculate a list of features which are highly correlated to the
original features. Correlated features are not necessarilysynonyms (in fact they may have
very di erent meanings)but they are similar in somesense,and it is possiblethat within
a set of correlated features, any user may nd somemore applicable to a particular item
than others. Therefore, by suggestingcorrelated features, the systemhasa better chanceof
covering more of the featureswhich the userwill nd usefulin rating the item. This would
result in a more accurate represenation of the user's true opinion of the item, and less
frustration and e ort on the user's part. Additionally, in the caseof seldomly-rated items,
there may be a very limited number of featureswhich are known conclusiwely to be relevant
(i.e. by previously being used in ratings of the item). If we do not consider correlated
featuresthen the systemwill have no chanceto suggestany of theselik ely-relevant features,
and either the user'srating will be lessaccuratethan it might otherwise be, or the amount
of e ort required to completethe rating to the user's satisfaction will be much greater than
it might otherwise be.

To calculate the correlation betweentwo featuresf and g, we examinetheir valueson

items for which both have beenused:

P q ¢
: . _ '2|f\|g(Qmax)
correlation(f ; g) = ' . i 3.11
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3.4 FEATURE SUGGESTION

where | T is the set of all items which feature f has been used to rate, and Omax IS the
maximum quartit y rating, in our caselO.

Other formulae for computing the correlation betweenthe two featurescould be substi-
tuted for Eqg. 3.11. One alternativ e might be the mutual information betweenthe quartities
of the two features:

P(d =xd=y)
(df =P =y)

X X
lq(f ;) = Hd=x$=waP ) (3.12)

x2[0;10]y2[0;10]
As with entropy we can de ne mutual information of in terms of the feature opinion
ratings rather than the quartit y ratings:
f cod =
P(0| =X O|g - y)
f
P(o = x)P(0) = y)

X X
lo(f;9) = P(d = x; 0 = y)logy( ) (3.13)

x2[ 55]y2[ 0;10]

The system maintains a table of correlation valuesbetween pairs of features, and from
the Controversy suggestionmethod we will have a list of features we already have decided
to suggest. For ead feature with high controversy we can nd a list of correlated features.
From this list we can choosea humber of featuresto suggest,either accordingto the strength
of correlation (i.e. we choosethe n features most highly correlated to the features which
are have already beenchosenfor selection), or probabilistically. In the caseof probabilistic
selection, the likelihood of choosing a correlated feature is proportional to the strength of
the correlation.

In practice, we currently suggestseweral of the most highly correlated features, and
then we choosese\eral of the lesswell-correlated features probabilistically. The idea behind
this is to balancethe exploitation of features which we suspect will be relevant with the

exploration of featureswhich might be relevant but about which we are lesscon dent.

4.3. Indirectly correlated features. We can also suggestse\eral features which
are not directly correlatedto featureswhich have actually beenusedon the item, but which
are correlated to those features which are directly correlated to the features used on the
item. It is alsopossibleto iterativ ely suggestfeatureswhich are correlated to featureswhich
in turn are indirectly correlated to the original features of the item.

Suggestingthese indirectly correlated features allows us to explore the feature space

more than focusing ertirely on features known to be relevant. In practice, we currently
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iterate to two levels of indirectly correlated features. We have not yet performed a de-
tailed quartitativ e analysisto seehow well this procedureworks, but our initial qualitativ e

obsenations suggestthat it is quite useful.

4.4. Favourite features. There may be features which are not controversial, but
have beenusedon the item in question very often, and therefore must be applicable to the
item in somesense. Since users have a tendency to use these features on the item, they
may nd it conveniert to have thesefeatureseasily available, and sowe can suggestse\eral
of thesefavourites. We refer to thesefeatures asitem favourites.

Sofar, the techniquesfor suggestingfeatures depend on having accesdo at least some
features which have beenused on the item in question. Iltems newly added to the system
will have few ratings (and initially no ratings), and thus there will be very little knowledge
about which features are actually relevant. One option would be to presert few or no
features; howewer, this placesa burden on the userto comeup with one or more features
for the item from scratch. Usersmight nd this intimidating or annoying. For that reason,
we would like to provide the user with a list of features, even when we don't know which
are relevant to the item. We can useseweral methodsto nd featureswhich will hopefully
be useful.

A given user may have a feature or set of featuresto which he or shepays a great deal
of attention in the items under consideration. In this casethe usermay nd it convenient
to always have these features easily available for providing feedba&, asthe usermay nd
them useful in discriminating the quality of items. For instanceif a user often rates movies
using the action feature, then it may make senseto suggestthis feature to this user, even
when the movie in question contains no action (this absencemay in fact be important if
action is a favourite feature). We refer to thesefeatures as user favourites.

Similarly, there may be featureswhich are favourites over all usersin the system. Since
users nd these features useful, we can suggestsome of them. We refer to these as glotal

favourites.

4.5. Globally contro versial features. We can suggestfeatureswhich are contro-

versial, i.e. have beenconsideredcortroversial acrossratings by all users.
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4.6. Random features. We can suggestsomefeatures completely at random, in
order to explorethe spaceand hopefully nd somerelevant yet seldomly usedfeatureswhich

escaped the notice of our other suggestionmethods.
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CHAPTER 4

Implemen tation details

In order to evaluate the e ectiv enessof our approad, and to determine whether a commu-
nity of userswould be enthusiastic about our system and its unique feedba& method, we
implemented our approac asthe Recommendzrecommendersystemand madeit available
through the internet.

Sincewe have developed what is essetially a padkageto createa recommenderwebsite
for Zope on Unix, we also discussthe structure of the software to someextert.

The system discussedin this chapter was designedand written over approximately a

year, and consistsof many thousand lines of html, C, and Python code.

1. Software infrastructure

The overall architecture is basedon dynamically generatedweb pageswhich display the
results from a \back end" computational subsystem. Data for these computational layers
is stored in a database. This structure is described below and illustrated by Fig. 4.1.

For the presenation of the site on the internet, we chosethe Z Object Publishing
Environment (Zope) [Zop]. The characteristics of a recommendersystemrequire somesort
of ability of dynamic presenation of content. New items may be added at any time, soit
is more corveniert to be able to pull item information out of a databaseand automatically
generatethe necessaryweb pagesrather than have static pageswritten for ead item. In
addition, Recommendzhas beendesignedto handle arbitrary domains, so the actual item
information to be preserned may not be constart, requiring custom scripts or templates

to recognizewhat should be displayed, and to display it appropriately. Recommender
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I NTERNET

Lope (presentation)

I
Python (interface)

I
C (computation)

MySQL (database)

Figure 4.1. An overview of the software infrastructure usedin Recommendz.

systemsalso require someamount of computation at the presenation level, for instancein
seardhing through the databaseand in calling lower level functionalit y which will compute
recommendations. An application serer suc as Zope is a good choice for a system with
the requiremernts discussedabove. Zope is an open-sourcesystem for the presenation of
dynamic web pages. Zope can presen regular html, or its own combination markup and
scripting languagewhich is basedon html and Python [Pyt ].

Zope was selectedbecauseit is freely available, reasonablyfast in its presenation, and
has a large community of users. Another option might have beenhtml pagesusing php to
organizeand presert dynamic content.

Zope is not actually usedto compute recommendationsor any of the other compu-
tationally intense aspects of the system. For this, there is a collection of badk-end code

written mainly in C, with someof the lesstime-critical functions written in Python. To
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allow communication betweenthe layers of the system, an interface, written in Python, was
establishedbetweenZope and the computational badk-end.

Any recommendersystem also requires a databasein order to store information about
items, users,and the ratings of userson items. Each of these setsof data are either likely
or certain to grow during the life of the system, and to grow to potentially very large sizes.
A databaseprovides a dynamic storage spaceand should be optimized for e cien t queries.
For the database, MySQL [mys] was chosen, since it is freely available, fast, and well-
documernted. Zope has built-in support for communicating with MySQL databases,which

was also a positive factor.

1.1. Database structure. An important goal in the design of the database, as
in the design of the rest of the software, was genericity with respect to the items being
used. We wished to have one database, but within it to potentially have seweral distinct
item types. We alsowished to be able to make recommendationsfrom within a particular
item type, or, asa future direction, potentially be able to treat all items asone domain and
make recommendationswithin all, for instance measuringsimilarity betweenusersbasedon
ratings on moviesand books, rather than oneor the other, and then make recommendations.

This genericity we wished to achieve meart simple things suc as calling the table for
storing items \item" rather than, say, \movie"; and slightly more complicated decisions
such as having a domain identi cation number asa eld in the item table, and providing
elds for the storage of any description of the item as might be available. For this last
set of elds, we decidedon three: one for a basic description of the item, another for any
additional information which might not be of generalinterest but good to know nonetheless,
and a third to store any other namesby which the item might be known.

It is alsoworth noting that the databasestructure usedhere can be usedfor traditional
collaborative ltering sdemeswhich do not involve feature ratings, as well as for content-
based Itering schemessincethe item table can store item information which is as detailed

as desired.

1.2. Content. For the movie domain discussedin this thesis, the databasewas ini-
tially populated with the moviescontained in the EachMovie data set[Eac]. The EachMovie

data setis actually a collaborative ltering data set from a now-defunct recommendation
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site; however, since EachMovie useda di erent rating format than we do, we took the item

information, which consistedof 1628 movies, and did not usethe rest.

1.3. Computational code. The codewhich actually usesthe databaseto compute
recommendationsis written in C. C was chosenfor its speed and becausethe version of
Python currently being usedby Zope doesnot support extensionswritten in C++.

One of the main goalsin writing the computational corewasto make it modular at all
levels. For instance, the functions which compute neighbourhoods use inter-user similarity
functions which share a common interface and are abstracted so that the neighbourhood
could be computed based on any similarity measure. Ideally, the interface of the rec-
ommendation engine with Zope would also be modular enough that Zope that dierent

recommendationalgorithms could be substituted transparertly .

1.4. Online and oine computation. Inter-user similarit y and predicted ratings
basedon neighbourhoods of usersare computed online as the user views the pageswhich
display recommendations,or asthe user requestsa recommendation.

Aside from recommendations,the other major computational burden on the system
is the calculation of inter-feature correlation, which is then usedin the feature suggestion
process(described in Chapter 3, Section 4). A table of inter-feature correlations is com-
puted ead night and usedin feature suggestionfor the next day, avoiding a great deal of

computation which could slow the systemdown.

2. Presentation

A highly accuraterecommendersystemhaslittle useif no oneenjoys usingit. Further,
with few userslittle data can be collected. In this section we discussthe website through

which the userinteracts with the computational core of our recommendersystem.

2.1. Login and preferences. In our systemwe needto connectuseridentity with
ratings, so ead user must have an accourt on Recommendzin order to use the system.
Creating an accourt consists of specifying a username,an email address, and password.
Optionally, the user can specify demographic information including age and courtry of
residence. This information is currently collected solely for interest and is not used in

calculations; however, in his survey of hybrid recommendation systems, Burke [Bur02 ]
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included demographicsas a piece of information which might be pro tably incorporated.

Thus, collecting this data could lead to further hybridization of the recommendationengine

in the future.

Oncethe accourt is createdthe userhasthe option of performing a few customizations

of the site. The useris able to cortrol the number of feature rating boxesthat appear for

new items (see Section 2.3).

Sincewe recognizethat a user may usethe sameusernameand password combination

on other sites, the password is stored on our system encrypted as an MD5 hash for the

protection of privacy.

2.2. Main page. The main page presers the user with seweral options. These

options are describedin the following list (the options are numberedin referenceto Fig. 4.2).

(i)

(ii)

(i)

(iv)

v)

Recommendations. In this area, the useris presened with alist of recommended
items. The user can specify the number of recommendationsto be preseried,
from the best 10 to 50. Alternativ ely, the user can chooseto seethe 10 items
the system thinks he or she will dislike the most. The recommendation list is
refreshedwhen the userreturns to the main page.

Domain. If the database contains items from more than one domain then the
userwill have the option to choosewhich of thesedomainsto work in and receive
recommendationson.

ltems. The items in the current domain are organizedinto tabs alphabetically
by name. In addition, there is a tab which contains a list of someof the most
often-rated items. This is done for corvenience, reasoningthat if usersin the
past have wanted to rate theseitems, new usersmay want to rate them in the
future.

Search. Somedomainsmay have far too many items to just navigate through the
lists by name, so we have provided a seard function. Userscan seard by name
or by a feature which has beenusedto describe the item.

Item addition. Userswho have rated 10 or more items are consideredtrusted
in some senseand are given accessto a form through which they can suggest

items to be added to the database. The information taken by the form can be
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Figure 4.2. The main pageof Recommendz.Various features of the system have
beenlabeled and thesefeatures are described in Section 2.2.

customizedto the item domain, if desired. For instance in suggestingmovies the
useris asked to erter the title, the year of release,and a description. The year

and title are then combined into one string which is usedasthe item's name.
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Figure 4.3. An example of typical user-administration interaction in the Recom-
mendz feedbadk forum.

(vi) Rating information. The user can click theselinks to view the ratings and item
suggestionsthat he or she has previously entered into the system.
(vii) FAQ. A list of answersto frequertly asked questionsabout Recommendz.
(viii) Feedback. We provided userswith a forum in which they could quickly and easily
post questions,suggestionsand feedbak. An exampleof sometypical interaction

is illustrated in Fig. 4.3.

2.3. Rating interface. When an item is selectedfor viewing, the useris taken to
a page which preserns whatever information the system has about the item, and a form
through which the user can specify his or her rating.

The information preseried can be customizedto suit the item domain being usedand
the type of information available for the item. The rating form provides boxesfor the overall
rating and enough spots for the userto specify as many as four feature ratings. For three
of these positions, the user may choosefrom a drop-down list of preexisting features which
have beensuggestedfor use by this useron this item. The fourth of the positions doesnot
contain a suggestedfeature, and instead is a place where the user can specify someother
feature. If the feature speci ed already exists in the systemthen that feature will be used;
otherwise, the new feature will be added and the feature rating which accompaniedit will
be registered.

A screenshotof the rating interface and an example of a user entering a rating on a

movie is shavn in Fig. 4.4.

2.4. Recommendation explanation. Herlocker et al. have persuasiwely argued
that recommendationsare more e ectiv e when accompaniedby an explanation [HKROO ].

For this reasonwe incorporated a pageto justify the predicted rating given by the system.
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(a) Rating interface.

(b) User entering a rating on a movie.

Figure 4.4. Screenshotf the rating interface of Recommendz.

In the list of recommendeditems, ead predicted rating value is also a hyperlink to a page
which provides information on how we arrived at that prediction. Currently, this page
consistsof a list of features which have been usedon the item, and the mean quartity of
ead reported in the item. The pagealso givesa rough idea of how many other usershave
rated the item. When only a very small number of usershave rated the item, the usercan
view the recommendationwith a lower amourt of con dence.

This is aweakform of explanation. A stronger sort of explanation would be personalized

to the userand recommendationin question.

2.5. Recommendation-on-demand. The primary way the system provides rec-
ommendations is through the list on the main page (see section 2.2); however, if a user
should log in to the system and be curious about a speci c item, it would be corvenient

for him or her to be able to view the system'srating on that item without having to nd
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Figure 4.5. An example of the explanation for a recommendation of the movie Gladiator.

the desireditem in the list of all recommendations. Instead, on the item information and
rating pagewe have provided a button which, when clicked, will attempt to nd a predicted
rating on that item. This prediction is madein either one or two steps,asthe casemay be:
() The system attempts to nd the personalizedrating for the item as is com-
puted in the main page'slist of recommendations,i.e. asa personalizednearest

neighbourhood-basedrecommendation (as described in Chapter 3, Section 2).
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(i) If the previous attempt at computing a personalizedrecommendation has not
beensuccessfulthen the system computesthe mean overall rating given to this

item. This is an unpersonalizedprediction and likely to be lessaccurate than a
personalizedprediction (seeChapter 5), but we believe that having somesort of
recommendationwill be more usefulto the userthan nothing. If at leastoneuser

hasrated the item then at least this attempt at a prediction will be successful.

When a recommendation is made through this method, the system also provides an
explanation page which includes the information discussedin section 2.4 as well as an

indication of how the recommendationwas actually made.

2.6. Item suggestion. In many domainswhich might be usedin our recommender
system, the set of relevant items may grow with time. In addition, whatever database
is used initially may cortain only a relatively small subset of the existing relevant items.
Administrativ e usershavethe ability to add newitems to the systembut in the early days of
the system'soperation we found that someuserswanted to be able to add items themsehes.
Allowing usersthe ability to add to the databasedirectly would be a problem if a malicious
user decidedto spam the systemwith a large number of fake items, so we implemented a
mecanism by which userscan suggesta movie to the system, and those suggestionsare
then reviewed by an administrativ e user before being added into the system. Even with
this level of oversight by the administrators we have setthe item suggestionform up to only
be visible to userswho have rated ten or more items, sothat those userswho have already
shawvn a geruine interest in and commitment to the systemcan becomemore involvedin it.

One of the designgoalsof Recommendzis a recommendersystemwhich doesnot have
to rely on extensive, preexisting textual descriptions of items, but there are somedomains
in which we may have accesgo sud information. In thesecaseswe may want to provide a
userwith alink to this information for his or her corvenience,and soin the item suggestion
step we can insert a script to chedk an authoritativ e information repository for veri cation
that the item suggestedactually exists. If it doesexist then it is givento an administrativ e
userto approve for addition to the database.

The item suggestionfeature of the system has been very successful,with users hav-
ing contributed over two hundred items within lessthan 10 months of accessto the item

suggestionfeature.
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3. Administrativ e features

Administrativ e usersof the systemare given accesgo many functions that casualusers

do not have.

Iltem control This includes the ability to add and remove items from the database, and to
modify existing items. Also administrativ e userscanreview and either approve or
reject the item additions suggestecby casualusersof the system(seeSection2.6).

Feature control It is ertirely possiblethat some usersof the system will be either less mature
than others, or simply malicious. Such usersmay attempt to abusethe system
by entering o ensive features into the system. For this reason, administrativ e
usershave accesdo a pageon which they can switch featuresto be invisible. An
invisible feature will only be seenby the userwho added and usedit (and by any
other userswho subsequetly try to add the feature to the system). This option is
intended for featureswhich werenot entered with any consciousmalicious intent,
but all the samemay not be appropriate for all users(e.g. features containing
profanity or sexual referenceswill not be appropriate for children). For features
which appearto have beenentered with actual maliciousintent, an administrator
can just delete the feature and any and all ratings in which it appears.

It is also possiblethat userswill independertly try to enter the same feature
with spelling which is di erent enoughfrom an existing feature that our seard
medanism doesn't view them as the same. For this reasonanother page exists
through which an administrator can easily mergetwo or more featuresinto one
new feature.

Within the past year, se\eral features have been made invisible, but none have
beensobad asto require being deleted.

Usageinformation The system keepstrack of and displays upon demand, recent usage,including a
list of the newest usersand the amount of feedbak ead has provided. Various
other piecesof information are provided to save the administrativ e users from
having to actually log in to and query the database.

The system also provides someusageinformation graphically, including a graph

of the number of items rated for ead user, and a histogram of the number of
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Options
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overall ratings made with ead of the possiblerating values (i.e. in the range
[1;10)).

There are alsoseeral pageswhich display resultsin which an administrator might
be interested, including the correlation values between features as calculated in
Chapter 3, Section4.2 using Eq. 3.11.

Administrativ e usershave more control over the parametersusedin the recom-
mendation engine, sucd as neighbourhood size and the values of the weighting
values! , ! o, ! q. The average,casualuserwill likely not take the time to read
about the details of the recommendation algorithm and so to preseri the users
with these options would most likely be overwhelming. For sud users these

parametersare set and cortrolled by the administrators.
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CHAPTER 5

Results

1. Evaluation

Before preseriing our results, we will introduce the methods usedto evaluate the sys-

tem.

1.1. Error measure. A commonly used error measurein recommendersystem
researd is the normalized mean absoluteerror (NMAE) (e.g. in [HKB *99, GR GPO01,
Can02]). The mean absoluteerror (MAE) for useru is de ned as

1 X .
Ju i21y

The NMAE then is the Normalized MAE. The normalization is with respect to the

particular rating system being used. If rmax and rpyin are the maximum and minimum

rating valuesbeing used(in our casel0 and 1, respectively), then

NMAE(u) = rmalj(/l#min 2 [0;1] (5.2)

Carenini et al. suggestthat MAE is a rough and \somewhat unrealistic" measureof
error becauseit focuseson the accuracy of predictions and not the usefulnessof a recom-
mendation to the user. They proposethat an error measurebasedin utilit y theory might
be more appropriate [CSP03]. Very recertly, Carenini and Sharma proposedand evalu-
ated seweral measuresof the e ectiv enessof recommendersystemswhich are grounded in
decisiontheory [CS04]; however, since (N)MAE is a very commonly usederror measure,it

is the measurewe useto analyze the results of our system.
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1.2. Recall. It is good to be able to make accurate recommendations,but if the
system can only recommenda very small number of items, that accuracy will not be very
useful. For that reasonit is important to also considerthe number of items the systemcan
recommendto a given user. This measureis referred to asrecall, and is the percenage of
items for which the systemattempts to predict arating and is ableto do so. Mathematically,

Recall = J%J X J'lel\iuJ'EJ 2 [0;1] (5.3)

u2u
where |, is the set of items rated by useru, |} is the set of items for which the system
could compute predicted ratings for useru, and U is the set of all users. Note that recall

could also be de ned per user, but we are interested in the system'soverall recall.

1.3. Pro cedure. In evaluating the performance of Recommendzwe used a leave-
one-out cross-validationscheme. In this method, for ead user, his or her rating on oneitem
is held out, and then the remaining ratings are usedto predict a rating on the hold-out
item, using the prediction methods described below. It is possiblethat the systemwill not
be able to make a prediction for this user and item (e.g. if this is the only user who has
rated it, or if no onein the user'sneighbourhood of most similar usershasrated the item),
but if the systemis able to calculate a predicted rating, then the absolute error of that
prediction is calculated and cortributes to the user'sNMAE asdescribed above. The mean
NMAE of all usersis then recordedfor the trial. A trial is performedfor eat setting of the
number of nearestneighbours to be usedand the weights in the

This variation of the cross-wlidation technique is commonly usedin data sets where
there is not enoughdata to partition the data into larger training and testing sets,and this
is the major reasonwe selectedit: In all of our tests we have usedall userswho have rated
10 or more items, so many of the usersexamined have a relatively small number of ratings
to work with. This test set cortains 225 users.

In our algorithm we have se\eral adjustable parameters,including the number of neigh-
bours usedto make the prediction, and the weights ! , ! o, ! 4 usedto compute the hybrid
similarity in Eq. 3.5. We examined a large number of combinations of weights soin order

to simplify the discussionof the results we have named seweral of the more useful weighting
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schemes. Thesenamesare givenin Table 5.1. Note that Pure CF, Pure Opinion, and Pure
Quantity are not hybrid methods sincethey useonly one of the three similarity measures.

Neighbourhood sizeranged from 1 to 100.

Table 5.1. Explanation of the weighting combinations usedin testing our approad.

e 1o g
Pure CF 1 0 O
Pure Opinion 0 1 O
Pure Quantity 0 0 1
FeaturesOnly 0 1 1
All 1 1 1
CF+ 4 1 1
Opinion+ 1 4 1
Quarntit y+ 1 1 4

For comparisonwith a model-basedapproac to recommendation,we alsoevaluated the
performanceof Eigentaste[GR GP01 ] on our data set. Results of thesetests are preseried

in Section 3.6.

1.4. Sparsity and similarit y metho ds. In Chapter 3, Section 3, we preseried
two methods of calculating a hybrid similarity betweenusersusing feature information.

In the Feature Bias method we compute similarity by comparing bias towards fea-
tures (Chapter 3, Section 3.1) and in the Item-by-ltem method we only examine feedbad
on features which were usedin common and on the sameitems (Chapter 3, Section 3.2).
The former approad was actually found to relieve rating sparsity: There are nearly four
hundred user pairs for which a similarity could not be computed basedon the overall com-
ponent of item ratings (i.e. traditional CF could not compute a similarity sg), but for
which feature-basedsimilarity could be computed. There were roughly v e hundred pairs
of userswho rated items but who had used no featuresin common. On the other hand,
the Item-by-ltem approadc resulted in just over 18000pairs of userswho could not have a
feature-basedsimilarity computed, sincethe usersmay have rated featuresin common but
not on the sameitems. Both methods only apply to feature information so both usethe
sameoverall similarity values.

As a result of this nding regarding sparsity, we decided to not only ewaluate the

two hybrid similarity approaces separately but to also evaluate a Combination approach
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(Section 3.4), in which we combine the two by using feature similarities from the Item-by-
Iltem method where they could be computed, and to usethe Feature Bias everywhere else,
in the hopesthat this would result in increasedaccuracywhile avoiding the large reduction

in recommendableitems that could result from such sparsity.

1.5. Baseline performance. Note that in an appendix to [GR GPO01 ], Goldberg
et al. shaved that NMAE for prediction against a random data set by guessingrandom
values was either 0.333 or 0.282, depending on whether the distribution of ratings and
predictions were uniform or normal, respectively. Clearly a recommendersystem must be
able to beat these baselinesby a signi cant margin in order to be of any use.

A more useful baselinefor the performance of a recommendersystem is the NMAE
achieved by non-personalizedpredictions which are calculated as the global mean ratings
(i.e. the so-called\POP" method [BHK98 ]). A recommendersystem which makes per-
sonalizedrecommendationsbut can not consistertlly outperform POP is doing extra com-

putation (comparedto POP) for no real reason.

1.6. Evaluating feature suggestion. Evaluating the feature suggestionmethod
proposedhasbeendi cult, asthe evaluation measureusedmust take into accourt not only
any gainsin accuracyprovided by the useof suggestedeaturesbut alsothe usersatisfaction
with the featureswhich have beensuggested(i.e. have any of the featuresthe userhad in
mind beensuggested).In addition, for any givenrating only a small number of featuresare
available and so comparisonsof the accuracy of di erent methods is di cult. As a result
of these issueswe have left the nature of this evaluation an open problem and intend to

examineit in future work.

2. User response

Sinceour rating systemis new, the question aroseasto how usersfeel about providing
feedba&. The initial concernwasthat the detail required might be too complicated, or too
time-consuming and arduous. We felt this was a very important issue: The nature of our
problem domain is such that accurate predictions will be uselessf usersare so annoyed by

the interface that they never usethe system.
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In order to determine whether our rating systemwas in fact a problem, we examined
feature usage. We found that among users of the system who are not a liated with the
researd project, who had entered 7598item ratings, the averagenumber of featuresspeci ed
per item rated was slightly more than 2.5. In addition, amongthese sameusers58% of all
ratings entered were made using 3 or more ratings (with a maximum of 15 features entered
by a userfor a singleitem), 49% of all ratings were made using exactly 3 features, and only
23% of all item ratings were made using the bare minimum of only onefeature. It is worth
noting that by default the item rating screenallows the userto ernter 3 features (the user
enters more by clicking a button which reads\submit and add more features"), meaning
that over half of all ratings made involved the user lling out all available feature slots, or
specifying a new feature (seeFig. 4.4 for an illustration of the rating page). It is interesting
to speculate whether providing the userwith more spacedor specifying featureswould have
led to usersentering even more feature information on average.

Of the 956 userswho had createdan accourt asof writing, 568had ertered at least one
rating into the system. As reports on other recommendersystemsdo not typically publish
information of this sort, we have nothing to comparethis gure with and only include it for
completeness,not drawing any conclusions,and point the userto our other usageresults
which are very promising.

Due to these results, we are con dent that on average usersdo not nd our system
overly complicated or too arduous to use. There are exceptions of course. It is possible
that many users nd the processof providing detailed feedba& fun in and of itself, but
such a claim would require collecting user feedbadk about the systemitself, something we
have only done informally thus far; however, this hypothesis ts with results reported by
Swearingenand Sinha indicating that usersof recommendersystemsare willing to provide
more feedbadk if they feel they are getting somethingin return [SS01].

As of writing, the system contains approximately 670 features and slightly over 2100
items, 11400f which have beenrated at least once. Sincewe compute inter-user similarities
in order to make recommendations,only featuresand items which have beenusedby more
than one userwill be useful to the algorithm.

Fig. 5.1 illustrates the number of distinct userswho have used ead feature at least

oncein arating. Of thesefeatures, 70% have beenusedby 2 or more users. Most features
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Figure 5.1. Featuresversusthe number of distinct userswho have usedthe feature.
70% of all featureswere usedby 2 or more users.
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Figure 5.2. The number of ratings ertered for ead item (eadch item can only have
onerating by ead userat any momert). 63% of all items were rated by 2 or more
users.
have beenusedby fewer than 50 users. Table 5.2 lists the ten most frequertly-used features
in the system, and the number of distinct userswho have entered ratings using ead.
In the movie database,there is a larger proportion of items which have beenrated by
only one user (63%). Fig. 5.2 illustrates the number of userswho have rated ead item.

Just over 70% of all items have beenrated by 5 or fewer users.

2.1. User feedback. We included a simple messageboard page on the website,
sothat usersof the system could easily provide explicit feedba& on the system. Many of
the postswere questionsabout the systemand its capabilities, but we received feedbak as
well.

For instance:
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Table 5.2. The 10 most frequertly-used featuresand the number of distinct users

of ead.
Feature Number of users
action 271
comedy 210
clever 174
good acting 170
good storytelling 166
violence 161
adventure 157
Sci- 156
funny 153

captivating plot 142

| previously gave you an 8 of 10in ratings, then | rented a few movies
the systemrecommended... now | give you a 9.5 out of 10. 1
Another user wrote:
I had fun with this system. It took 23 ratings before my tastes were
really zerced in on. | found that if there was a clunker in either likes
or dislikes| could rate that and it helped a lot to focus on my tastes.
Thanks. ?
Someusersdid feel that the systemis too complicated. For instance, one user wrote:
What! Are! You! Doing! 2
This user also complained that too much work was required to receiwe ratings.
Another user said, simply:
It's too complicated #
howewer, it is worth noting that this user misunderstood the instructions slightly, believing
that at least three feature ratings were required per item, when in fact only oneis actually
required.
In all, the negative feedbak waslesscommonthan the positive, and the amourt of use
our system has enjoyed appearsto be an indicator of a generally positive and enthusiastic

response.

1Comment by user\D1e7el"
2Comment by user \grayster"
3 Anonymous user via email
4Anonymous user
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2.2. ltem suggestion. Someuserstook a more active interest in the system and
begansuggestingmore moviesto be addedto the databaseusing our online suggestionform
(seeChapter 4, section 2.6).

After the system had beenup and running for 10 months, of the slightly more than
2000moviesin the system'smovie database,242, or over 10%, had beensuggestedoy users
who have no connection with the researters.

It is alsoreassuringto note that to date there have beenno \prank” or malicious item
suggestiongreceived, although somequestionablefeatures have beenproposed,suc as\Go

go gadget Carpet!", and somereasonablefeatures have beenusedinappropriately.

3. Exp erimen tal Results

In this section we presen the results of tests designedto determine the e ectiv eness
of our approach. Terms such as Pure CF and Opinion+ refer to the weighting schemes

described in Table 5.1, on page 50.

3.1. POP prediction. As described earlier, the POP prediction for an item is
simply the global mean rating over all users. This is the sort of recommendationto be
found in many popular sources(e.g. the metacritic ° web site).

On our test set, the POP algorithm produced an NMAE of 0.2343.

3.2. Pure CF.

3.2.1. Accuracy. Pure collaborative ltering (i.e. noin uence is givento the feature
rating data) outperformed POP predictions on all but the smallest neighbourhood size but
wasin turn outperformedby all of the hybrid weighting schemesexceptfor thosewhich gave
the most weight to the quartity values,i.e. Pure Quantity and Quantity+ (seeFig. 5.3.
The results for both Pure CF and POP are included in ead of the graphs of results for
comparison.

3.2.2. Recall.  In terms of recall, the performanceof Pure CF wasslightly better than
the hybrid weighting schemesunder the Feature Bias similarity method. This is illustrated
in the left-hand columns of Fig. 5.7 and Fig. 5.8, where the recall valuesfor Pure CF are

either equivalent to, or slightly better than the recall valuesfor the hybrid methods.

Shttp://www.metacritic.com
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3.3. Hybrid CF with Feature Bias.

3.3.1. Accuracy. In the results which follow we omit the NMAE valuesfor the case
where the neighbourhood usedfor predicting consistsof only one user. The reasonfor this
is illustrated in Fig. 5.3: All of the weighting schemestested perform very badly when the
neighbourhood is restricted to the single nearestuser. The results are better illustrated by

omitting thesevalues.

0.26 T T T T T T T T T

POP
\ —— Pure CF

\ — - Pure Opinion
0.25 — - Pure Quantity -

NMAE

0.2 I I I I I I I I I
0 10 20 30 40 50 60 70 80 90 100

Neighbourhood size

Figure 5.3. NMAE versusneighbourhood sizefor Feature Bias similarity schemes,
for all neighbourhood sizes,including the neighbourhood of only the single nearest
user
The graphsin Fig. 5.4illustrate the NMAE of the various weighting schemeswhenusing
Feature Bias similarities, over neighbourhoods of sizesranging from 5 to 100. All weighting
schemesprovide better performancethan POP (the horizontal line at the top of ead graph),
and Pure Opinion and all of the hybrid weighting schemesprovide better performancethan
traditional collaborative Itering (Pure CF). Pure Quantity doesnot outperform Pure CF.
The weighting schemeswhich consisterily perform the bestarethosewhich placeweight
in the Feature Opinion values: Pure Opinion, Opinion+ , FeaturesOnly, and All. On its own,

the Feature Quartit y bias information is not useful, asillustrated by the poor performance
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of the Pure Quantity scheme;however, in combination with the Overall and Feature Opinion
values, Feature Quarntit y bias doesimprove performance. In Fig. 5.5 we comparethe best
performing schemesfrom ead of the gures in Fig. 5.4, along with an additional scheme
that assignsequal weights to the Overall and Feature Opinion values (\ CF+Opinion ").
The fact that All provides better performance than CF+Opinion shows that including
Feature Quantit y information doesimprove accuracy Despite this, the best performanceis
obtained with All at smaller neighbourhood sizes,and Opinion+ at larger neighbourhood
sizes. Clearly, Feature Opinion bias information is useful.

3.3.2. Recall.  As obsened for Pure CF, the recall valuesfor the Feature Bias hybrid
methods are either equivalent to, or are outperformed by, the recall of Pure CF (seethe
left-hand columnsof Fig. 5.8 and Fig. 5.7). This is probably becauseusing Feature Bias in
computing the two feature-basedsimilarity measuresallows userswith fewer items rated in
common to be consideredsimilar to ead other. In the tests we are performing here this
leadsto decreasedperformancein terms of recall but in real-world useit could mean that

a more diversegroup of items can be recommended.

3.4. Hybrid CF with combined Item-b y-Item comparison and Feature Bias.

3.4.1. Accuracy. In this approad, which usesthe Item-by-ltem similarity values
where it is possibleto compute them combined with the Feature Bias similarity valuesto
Il in the sparsity, we nd that the accuraciesof the various weighting schemesare very
similar to those for the Feature Bias method preseried in Section 3.3.1. In particular, note
that the best performance is again given by the Pure Opinion, All, Features Only, and
Opinion+ weighting schemes.

This is perhapsunsurprising given that the Item-by-Item similarity is quite sparsesoa
large number of valuesneedto be lled in with Feature Bias similarities; however, the NMAE
valuesin this Combination similarity method reach lower values at lower neighbourhood
sizesthan in the Feature Bias method. This di erence must be due to the in uence of the
ltem-by-Item feature similarities. If this similarity were lesssparsethe di erences might be
more pronounced.

3.4.2. Recall.  With the combination of Feature Bias and Item-by-ltem feature sim-

ilarity values, we seethat the recall values of the hybrid methods are now consisterily
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Figure 5.5. NMAE versusneighbourhood size for Pure Opinion, All, Opinion+ ,
and CF+Opinion , a new scheme which gives equal weight to Overall and Feature
Opinion values.

greater than those of Pure CF (seethe right-hand columns of Fig. 5.7 and Fig. 5.8). The
incorporation of Item-by-ltem feature similarity wherewer it can be computed meansthat
many of the inter-user similarity valueswill be dependert on the usershaving not only used
the samefeatures, but having usedthe samefeatureson the sameitems, which leadsto a

higher recall rate.

3.5. Hybrid CF with Item-b y-ltem comparison only.

3.5.1. Accuracy. In the tests in which we usedonly Iltem-by-ltem similarity values
in calculating the inter-user similarities, we found that Pure Opinion, Opinion+ , Features
Only, and All, the weighting schemeswhich performed well in the two previous approades,
performed the best once again; however, the minimum error values achieved were, overall,
not asimpressive. The most interesting characteristic of these results is the fact that the
NMAE drops o almost immediately at very low neighbourhood sizesand remains essen-
tially constart from there on, whereaswith Feature Bias the error values are higher until
a larger neighbourhood is used (seeFig. 5.9 and Fig. 5.4, respectively). This also ts with
the results of the Combination approac, where we noted that error valuesdecreasedmore

quickly than they had for the Feature Bias approad alone. That e ect must have beenthe
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5.3 EXPERIMENT AL RESULTS

result of the Item-by-Item similarities. This suggeststhat given the feature feedbad infor-
mation, even a small number of similar userscan give a good indication of the preferences
of another user.

3.5.2. Recall.  As for the combination of Feature Bias and Item-by-ltem similarity
values,we nd that using only Item-by-ltem similarities consisterlly outperforms Pure CF
(seeFig. 5.10).

3.6. Comparison with Sparse Factor Analysis and Eigen taste. We obtained
an implementation © of the 'Mender [Can02 ] SparseFactor Analysis recommendation en-
gine and tested it on our ratings data, omitting userswho have rated fewer than 10 items,
as we did for our algorithms. In ead test run, the data set was divided into a group of
training and test users,with one tenth of the ratings selectedrandomly and held badk as
the test set eadh time. The training set was usedto build a model using Sparse Factor
Analysis (SFA) and predictions were made on the items in the test setto yield an NMAE.

First we doubled the number of linear regressionsteps used to initialize the Factor
Analysis algorithm, and used o -the-shelf parameters for the other variables, including
normalizing ratings by per-item mean ratings rather than the per-user mean ratings used
in our method (the authors of the SFA padkagestate that in their systemnormalization by
per-item meanratings outperformed normalization by per-usermeanratings). Over the 10
test runs we found an average NMAE of 0.2175which is comparableto the best average
NMAE of our algorithm.

Next we increasedthe number of iterations usedby the Factor Analysis portion of the
model-building phaseby 50%. With these settings we found that results improved to the
point where test runs were consisterily performing better than the averageresults of our
method, with NMAE valuesaround 0.18.

We alsoimplemented and tested the Eigentaste [GR GPO01 ] algorithm on our data set,
using the samemethod to divide the data setinto test and training users. PCA wasusedto
reducethe data spaceto two dimensionsand the training userswere then clusteredin this
spaceusing k-meansclustering, with k = 25. Test userswere then projected into the space,

were assignedto a cluster, and recommendedwell-liked items from that cluster. Over 20

Shttp:/ivww.cs.b erkeley.edu/ jfc/'mender
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test runs we obsened an averageNMAE of 0.2055which slightly outperforms our method;
however, our method is still competitiv e with error valuesaround this level.

It is alsoworth noting that the more nuanced feedba& collected through our system
naturally lends itself to greater explanatory power than these other recommendation al-
gorithms, including SFA. Although accuracy is of coursevery important, researters are

increasingly interested in the explanatory power of recommendersystems[HKROO 1.

3.7. Feature correlation. It is dicult to validate the results of the feature cor-
relation computation method exceptby manually looking at the results, and eventhen it is
not obvious how to quarntify a ground truth for these correlations. Due to this limitation,
in this sectionwe give an overview of someinteresting qualitativ e results regarding feature
correlation. In future work we hope to explore methods of quantitativ ely evaluating these
correlations.

Table 5.3 (page 66) shaws a list of the 10 most highly correlated featuresas determined
by Eq. 3.11. As an example, for the Disney movie Finding Nemo, an animated Im about
talking sh, the useris suggestedto use the feature \talking animals" (among 10 other
features including \charming" and \social commertary") although no user has used this
feature on this Im.

Table 5.4 shaws a list of the 10 pairs of featureswith the lowest correlations as deter-

mined by Eq. 3.11.

Table 5.3. The 10 most highly correlated feature pairs as calculated by Eq. 3.11

great animation family fun

cynical directed beautifully
cartoon Disney
fantasy cartoon

social commertary  foreign
likeable characters great acting

talking animals computer graphics
foreign directed beautifully
funny cartoon
cinematograply foreign

illogical ridiculous
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Table 5.4. The 10 feature pairs with the lowest correlations as calculated by Eq. 3.11

erotic
complex plot
not for kids
children's fun
charming
interesting plot
predictable
predictable
deep

complex plot

children

children

children

violence

violence

realism
intelligent

not for kids
violence
beautiful imagery
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CHAPTER 6

Discussion

In this thesiswe have presertied an approad to recommendersystemswhich involvesa novel
systemfor providing feedbadk on items. This feedbak goesbeyond the traditional feedbad
mechanism of \lik e"/\dislik e", allowing usersto explain the factors which wereimportant to
their preferencesand provide content information for the items in the process.This extra
information allows us to gain a better understanding of the similarities and di erences
between users,and also provides a generic method for collecting item content information
and combining that information with the preferencedata of collaborative Itering. We
have deweloped a method for using theseratings in order to provide recommendationson
items for the usersof our system. Our recommendation method is modular and allows for
many di erent variations on the basic approach. Our recommendationscan be supported
by explanations consisting of item content information which was supplied by usersduring
the rating process.

We have implemented this system in a website which has been used by nearly one
thousand people, with seweral more joining ead day. With the data we have collected
from these users, we have explored and evaluated se\eral variations on a basic approad
to recommendationby nding a neighbourhood of userswho are similar both in terms of
overall preferencesand the reasonsthey give for those preferences.

We have shown that incorporating this feature rating information into the inter-user
similarity calculation improves performance over the traditional nearest neighbour-based
approad to collaborative Itering, indicating that the additional information is useful to

understanding user preferences.



6.1 FUTURE DIRECTIONS

Our results are basedon the useof standard \classic" collaborative Itering algorithms
and performancemetrics and suggestthat the quality of recommendationscan be substan-
tially improved by the useof semartic features. This is in addition to the explanatory power
such features can provide, and their ability to generalizeacrossitems and users.

We have also examined two alternative recommendationalgorithms:

Eigentaste [GR GP01 ] and SparseFactor Analysis [Can02]. By tuning their parameters
we can obtain recommendationperformance,in terms of NMAE, that slightly outperforms
the best possiblewith classicalmethods, even when using feature data.

This suggestghat by combining the principles behind the Eigentaste or SFA algorithm
with feature data, we may be able to outperform any existing algorithm while also being
able to provide explanatory power and generalization acrossitems. Sud a combination
would require a substartial extension of the existing methods, and while it seemsquite

feasibleit remains an open problem for the presen.

1. Future Directions

Several open problemshave beenidenti ed through this researt, and appearto provide
promising directions for future work.

Our systemrequiresmore feedbadk on the part of the userthan someother approaces.
Although many usersenjoy this aspect of our system, others have complained that they
nd it too time-consuming. It would be useful to attempt to accommalate both types of
users,perhapsby introducing a hierarchy of usertypeswhich usemore or lessaccuraterec-
ommendation methods depending on the amount of feedbadk the useris willing to provide.
Someusersmight be willing to go asfar aswriting extendedreviews on items while others
would contin ue using the rating systemwe have described in this thesis. Other usersmight
prefer to selecta user stereotype from a list and receiwe predictions basedon the system's
understanding of that stereotype. Still other \parasitic" usersmight prefer lessaccurate,
unpersonalizedrecommendationswhich require no feedbadk at all.

It is also possiblethat someof the userswho have beenlessimpressedwith our rating
systemwould feel more enthusiastic about it given a di erent interface. It would be useful
to investigate other interfacesto the rating system. An ideal interface would be engaging

and ewen fun, self-explanatory, and would presen featuresin a such a way that the user
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could easily nd exactly what he or sheis looking for. Basedon user interaction with our
system we are con dent that we have a good start toward these goals, but by gathering
user feedba& on the interface we could improve it greatly.

Although we currently usea memory-basedapproad, recommendationsare still made
quickly despitea consistertly growing userpopulation; however, in order to allow the system
to cortinue to scale,it would be usefulto incorporate someof the methods designedto this
task. In Chapter 2, Section 4 we have mentioned an approad to this task which involves
recognizingirrelevant and redundant users,and another approad which usesdata structures
which are designedspeci cally to make memory-basedrecommendersystemsmore e cien t.

We currently use preferenceelicitation techniquesto suggestfeaturesfor usein rating
items. These preferenceelicitation techniquescould also be applied to suggestingitems for
the userto provide feedba& on. In addition, we can experiment with di erent measures
of inter-feature correlation and feature importance in order to preser the user with more
useful feature suggestionsfor rating.

Although we have obsened general trends in the accuracy of our prediction method
depending on the weighting scheme used, the best weighting sdieme varies from user to
user, and for many usersthere exist parameter settings which signi cantly outperform the
overall results preserted. Rather than using the best overall schemefor all users,it would
probably be fruitful to apply a learning schemeto determine the bestweighting schemeand
neighbourhood size for ead user basedon known ratings, and to use those parametersto
make recommendationsin the future.

The fact that we found improved accuracy could be achieved from methods involving
dimensionality reduction, and that our method improved results over classical collabora-
tive Itering techniquessuggeststhat better accuracy could be achieved by combining our
feedbad systemwith dimensionality reduction. This combination would build models on
a greater amourt of information, making use of that extra information while identifying
important patterns and eliminating noise.

While cortinuing to strive for better performancein accuracy we cannot forget that a
recommendationwhich is not justied by a good explanation may not have much impact.
The explanation of a recommendation should not only tell the user about the content of

the item being recommendedbut also explain the similarities and di erences betweenthe
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target user and his or her neighbours, and similarities and di erences between the target
user'spreferencesand the content of the item. To this end we should both explore di erent
methods of composing and presening personalizedexplanations, and make sureto get user
feedbad on those methods in order to determine which are the most useful.

Due to the nature of the features being suggested,it is possiblethat dierent users
will interpret featuresin dierent ways. This could be a problem if the interpretations are
wildly divergen, but in practice interpretations do not appear to vary enoughto causea
seriousproblem in terms of the performance of the system, and no usershave complained
of this issuebeing a problem; howewer, it is possiblethat the system's performance could
be further improved by reducing any impact this issuedoeshave. One solution to this issue
would be to require ead user to specify a de nition of the feature along with the short
description, but this burden would likely be too onerous,both for the creators and usersof
features. This issueprovides another possibledirection for future researd.

Finally, the promising results shovn by Recommendzsuggestthat it would be interest-
ing and useful to apply the systemto other item domains, especially domainsin which the
featuresthat are important to user preferencesare dicult to extract automatically (e.g.

imagesor music).
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