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Abstract

This thesis presents a new approach to recommendersystems. Previous recommendersys-

tems based on collaborative �ltering typically solicit user feedback on domain items as

overall ratings which are then recordedasnumeric values. This paradigm limits the seman-

tic richnessof the user's interaction with the systemand the depth to which the systemcan

understand userpreferences.We proposea new recommendersystem,Recommendz,which

allows the user to comment not only about the overall quality of the item but also about

the quantity and quality of features of the item. This allows the user to justify his or her

ratings and allows the systemto compareusersnot only with respect to overall preference,

but also to comparethe reasonsbehind those preferences.

We have developed an implmentation of our approach, and have collected extensive

empirical data basedon movie ratings. We demonstrate the e�ectiv enessof our approach,

and describe the details of the implementation.



R�esum�e

Cette th�esepr�esente une nouvelle approche aux syst�emesde recommender. Les syst�emes

de recommenderpr�ec�edents bas�es sur �ltrer en collaboration sollicitent typiquement les

r�eactionsd'utilisateur sur les articles de domaine commeles classements g�en�eraux qui sont

alors enregistr�e commeles valuers num�eriques. Ce paradigme limite la richesses�emantique

de l'in teraction de l'utilisateur avec le syst�emeet la profondeur �a que le syst�emepeut com-

prendre lespr�ef�erencesd'utilisateur. Nous proposonsun nouveausyst�emede recommender,

Recommendz,qui permet l'utilisateur de commenter pas seulement de la qualit �e g�en�erale

de l'article mais ausside la quantit�e et la qualit�e descaracteristiquesde l'article. Ceci per-

met �a l'utilisateur de justi�er sonou sesclassements et permet au syst�emede comparerdes

utilisateurs passeulement dans la r�ef�erence�a la pr�ef�erenceg�en�erale,mais ausside comparer

les raisonsqui ont caus�e les pr�ef�erences.

Nous avons d�evelopp�e une implementation de notre approche, et par il a recueilli la

basedesdonn�eesempiriques�etenduesbas�eessur les classements de �lm. Nous d�emontrons

l'e�cacit �e de notre approche, et d�ecrirons les d�etails de l'impl �ementation.
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Glossary

This section is 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 Component Analysis.

POP Prediction method in which the global mean overall rating for an item is taken

as the predicted rating for all usersfor that item.

SFA SparseFactor Analysis.

SVD Singular Value Decomposition.

Fu The set of all features usedby user u in creating ratings.

I u The set of all items rated by user u.

I ~r
u The set of items for which the system could compute predicted ratings for user

u.

of
ui The feature opinion rating of user u on feature f in item i .

omin ; omax The minimum and maximum values, respectively, of a feature opinion rating,

that the user may enter.

qf
ui The feature quantit y rating of user u on feature f in item i .

qmin ; qmax The minimum and maximum values, respectively, of a feature quantit y rating,

that the user may enter.

rui The overall rating of item i by user u.

~rui The predicted overall rating of user u on item i .

rmin ; rmax The minimum and maximum overall rating, respectively, that the usermay enter.



GLOSSARY

sr ; so; sq Three measuresof the similarit y betweena pair of users,basedon overall ratings,

feature opinion ratings, and feature quantit y ratings, respectively.

u, w Usersof the system.

U The set of all usersof the system.

! r ; ! o; ! q The weights given to the overall, feature opinion, and feature quantit y weights,

respectively, in computing user similarit y.

v
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CHAPTER 1

In tro duction

A recommendersystem is a mechanism providing suggestionsregarding items of interest

basedon knowledgeof a user's tastes. 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 presents a new approach to recommendersystems which centres around

richer interaction with the user. In most recommendersystems, the model of a user is

generated from user feedback speci�ed as a numeric rating re
ecting the user's overall

opinion of an item; however, this a�ords the user no oppourtunit y to provide feedback 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 features that characterize the

item, and so our preferencedata is more nuanced and has a di�eren t 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 exempli�ed in a system we have developed called Recommendz. This

recommendersystemis web-basedand contains a databaseof items from multiple domains

of interest (such as movies). Visitors to the site provide feedback 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 hasmeant a great

increasein the availabilit y of information. This information takeson many di�eren t forms,



1.1 MOTIV ATION

and any item may not be equally interesting to all users. In part, this is due to di�ering

user interests in the content of the items. If we know the sorts of content in which a user is

interested, we can then �lter items in order to eliminate those the user will �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 address this,

collaborative �ltering systemswere developed in which usersprovide subjective ratings of

items, and this preferencedata is then taken into account to try to understand the user's

tastes and to make appropriate recommendations.

In addition, somecontent may not lend itself to content-based �ltering as readily. For

instance,we may not have a method for automatically extracting usefulcontent information

from the items (e.g. images). In such a caseit will not be possible to use a traditional

content-based �ltering scheme, where content is assumedto be objectively known. Good

examplesof items which work well with content-based �ltering include documents such as

web pagesin which content, 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 usersas they provide feedback about it.

A bene�t of collaborative �ltering areso-calledserendipitous recommendations[GSK + 99],

recommendationswhich may have little to do with the content the user is accustomedto,

but which nonethelesshe or sheis likely to enjoy basedon the experienceof otherwisesimi-

lar users. One alternativ e to collaborative �ltering which may o�er this bene�t to a userare

traditional \exp ert" reviews, for instance Roger Ebert 1 for movies or Allm usic Guide 2 for

music. In this system each review is written by a single expert, who may have preferences

wildly divergent from those of the user, resulting in disagreement regarding the reviewed

item. In addition, the experienceof the reviewer may be quite di�eren t from the user in

question, potentially leading to serendipitousrecommendations.Meta-review sites also ex-

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

1http://www.sun times.com/index/eb ert.html
2http://www.allm usic.com

2



1.1 MOTIV ATION

consensusof experts rather than the opinion of one 3. Still, any given user may typically

disagreewith consensus,especially in a domain where preferenceis extremely subjective.

In fact such a global consensus-basedrecommendation is used later as a baselineagainst

which to comparethe performanceof personalizedrecommendersystems,and we show we

can substantially outperform it (seeChapter 5, Section 3).

Content-basedand collaborative �ltering methods are by no meansmutually exclusive.

In fact, some combination of the two approaches may be necessary. In a content-based

�ltering system the user can still be overwhelmed by too many matches, and those rec-

ommendeditems may not match the user's tastes. In a collaborative �ltering system the

user may prefer familiar types of content to serendipitous recommendations. There has

beensubstantial research into ways of combining collaborative and content-based �ltering

(seeChapter 2, Section 6). At the most basic level we can apply the two sorts of �lters

sequentially , 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 �ltering to �nd items the user will prefer and

then �ltering out items in which the user is most likely not interested. One could also

calculate the content-basedand collaborative �ltering predictions for a given item and then

combine the two in a weighted average. Our approach is not simply sequential and is more

complicated than a simple weighted average. We intro duce a novel format for providing

feedback on items which combines both content and preferenceinformation, and present 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�eren t approaches to this (see the discussionin Chapter 2, Section 2)

but the most commonapproach [RIS + 94, HKB + 99, MLR03 ] is to have the user indicate

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

userpreferencestoward items, but the reasonsbehind thosepreferencesare hidden. Several

authors havedeveloped techniquesto infer thesereasonsbehind preferencesin order to make

better recommendations[Hof01, Can02 ], but these approaches do not explicitly identify

the reasonsbeing inferred, which limits their usefulnessin explaining recommendations

3Examples of such systems include \RottenT omatoes" at http://www.rotten tomato es.com, and \Meta-
Critic" at http://www.metacritic.com

3



1.1 MOTIV ATION

to the user. Explaining recommendationshas been identi�ed as an important aspect of

recommendersystems[HKR00 ].

It is possiblethat two usersmay assigna similar rating to a given item but have dif-

ferent or even contradictory reasonsfor choosing that particular rating value. If we lack

information about the reasonsbehind the users'preferencesthen we will not know whether

it is appropriate to consider such a pair of users as similar or not. Burke [Bur00 ] cre-

ated a recommendersystem which used semantic ratings (short phrasesdescribing some

characteristic of the item), but the set of semantic ratings in this system is static and pre-

determined by manual knowledge-engineering.In contrast, all usersin our system are 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 features range 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 feedback on items. In addition, our feature

feedback includesboth numeric and textual components, allowing the systemto reasonwith

the feature mathematically while still presenting easily-understandableinformation to the

user. Also, as described above, in a system which only collects overall feedback 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], so we

believe that actually asking the user about the reasoningbehind his or her preferencescan

sometimesbe preferable to 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 users to add new features

to the systemto describe items as required, 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 also rich and appropriate as well. It is also worth noting that

in somedomains it 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 features will be relevant to new items intro duced into the system, and which

4



1.2 APPLICA TIONS

new features(e.g. specializedjargon) will be developed for describing the items in question

after the system's launch. In our solution these problems do not arise: any sort of item

which peoplecan discusscan be easily added.

We also suggestthat our feedback system provides a more social and personally grat-

ifying method of reviewing items. In our experiencerecommendations,for instance at the

social level, are commonly madewith 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 approach certainly requires an increasedamount of interaction with the system

on the part of the user; however, we believe that this requirement is outweighed by all of

the bene�ts outlined above. This belief is mirrored in positive empirical results, both in

terms of the accuracyof recommendationsand user response(seeChapter 5).

One standard approach to collaborative �ltering is to usenearestneighborhood inter-

polation to make predictions [SM95, RIS + 94]. In this approach, to make predictions for

a given user the system �rst computes the user's similarit y to all other users. \Similarit y"

is some measureof the degreeof correspondencebetween 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. Essentially this approach recommendsthe preferred items of userswho

have appearedto be similar to the target user in the past.

As personalizedrecommendersystemsbecomemore and more common,on the Internet

and mobile devices,it will be important to explore alternate methods of user feedback 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 feedback on various items. News sites ask

for user feedback on articles and images[Yah], for instance. Other websitescollect expert

reviewsand usethem to calculate consensusopinions [rot, met ]. However, individual users

often disagreewith a population averageand 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,research documents) and on many

websites,someof which are informativ e [GSHJ01 , GR GP01, RIS + 94, Dud ] and some

of which are speci�cally basedon advertising and e-commerce[ama, SKKR00b, SKR01 ].

3. Thesis Outline

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

Chapter 2 provides an overview of relevant research in the �eld of recommendersys-

tems, with particular attention to methods of feedback, collaborative �ltering systems,the

combination of content-based and collaborative �ltering techniques in hybrid systems,and

the problem of preferenceelicitation.

Chapter 3 discussesthe approach to recommendersystemswe have taken in this re-

search. Our approach includes item recommendation through a hybrid of collaborative

�ltering and content-based�ltering, and intelligent preferenceelicitation to encouragemore

useful feedback from users.

Chapter 4 describesthe implementation of our approach as the Recommendz4 recom-

mender system. We discussthe structure of the software infrastructure, the user interface,

and the designdecisionsinvolved.

Chapter 5 discussesthe experimental results we have obtained for the performanceof

our system with respect to predictive accuracy. These results are compared with those of

several other approaches. This chapter also discussesthe apparent user reaction to our

system,as demonstrated in usagestatistics as well as explicit user feedback on the system.

Chapter 6 contains a discussionof the results observed, presents conclusions,and dis-

cussesdirections for future work.

4http://www.recommendz.com
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(a) Recommendations calculated by amazon.com basedon purchasesand explicit feedback on items.

(b) The explicit feedback interface on amazon.com

Figure 1.1. Websites such as amazon.comhave incorporated recommendersys-
tems into the e-commerceexperience.
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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 feedback hasbeena topic of interest in psychology research for sometime. For instance

the Minnesota Multiphasic Personality Inventory (MMPI) was �rst developed in 1940as a

standardized questionnaire intended to implicitly classify the subject in several personality

dimensions[HMB + 89]. The goal of this systemis not to make recommendationsto a user

but to understand the user'spsychological makeup. MMPI involvesa very large number of

detailed psychological questionsbut is popular despite its intrusiveness.

The earliest collaborative �ltering (CF) systemswereprimarily tools to facilitate social

information �ltering among the users,and were not automated.

In the Tapestry system [GNOT92 ], usersannotate documents, creating a databaseof

annotated documents. Usersof the systemcan then query this databaseby making searches

using the annotation values, allowing them to search not only with respect to the content

of the documents, but also with respect to user comments regarding the documents. This

is a manual form of collaborative �ltering.

Maltz and Ehrlich [ME95 ] developed a similar collaborative �ltering 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 comments on the resourcethat the recommenderfeels

are relevant. This system is primarily a formalized method for sendinghyperlinks to other

people,and is, like Tapestry, a manual collaborative �ltering system.

As researchers recognizedthe potential in collaborative �ltering, and the needfor rec-

ommender systems in general, automated collaborative �ltering systemsbegan to be de-

veloped in which users provided feedback that would be analyzed and used to compute

predicted ratings in order to automatically provide the user with recommendations. Good

early examplesof such systemsinclude GroupLens [RIS + 94], PHOAKS [THA + 97], and

Ringo [SM95 ].

Eventually the term recommendersystembecamepopular for describingsystemswhich

provide users with items predicted to be of interest, whether the prediction was made

through collaborative �ltering, traditional information retrieval techniques,or somecombi-

nation of theseand other approaches[RV97 ].

2. Feedback

User feedback is crucial to any recommendersystem. A name has been given to the

lack of user ratings 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 impossible to perform traditional collaborative

�ltering 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, SPUP02 ] so that items can be matched basedon user interest. Of

coursesuch an approach assumesthat somesort of content information is available for the

items involved. The \Early Rater" problem refersto being a user in a recommendersystem

su�ering from Cold Start. For such a user there are few items which can be recommended,

if any at all, and the accuracy of these recommendationsmay be impaired due to lack of

information. Theseproblemsalsoarise in relation to items which have recently beenadded

to the databaseand thus have received no feedback.

Even systemswhich do not su�er from the Cold Start problem must be able to make

accuratepredictions basedon sparsepreferencedata. Recommendersystemsare often used

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

9
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each userwill only ever be able to provide feedback on a small number of items. As a result,

there is a great deal of sparsity in the ratings data, and a recommendersystem must be

able to function accurately despite this sparsity.

Researchershave attempted to addressthis sparsity issuein a few ways. One approach

is to usea statistical measurewhich is designedto processsparsedata [BHK98 , HKB + 99].

Pearsoncorrelation (seeChapter 3, Section2.1.1) is oneexampleof such a measure.Another

approach is to �ll in the gapsin a each user's ratings and then make similarit y 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 been found that this approach does not perform very well without a large

degreeof manual intervention [BHC98 ]. Canny arguesthat �lling in gapsin the data and

then making predictions basedon the resulting data is incorrect becausethe known ratings

data induce a probabilit y distribution over possible ratings, not a single value [Can02 ].

Preferencedata is highly dimensional, typically with onedimensionper possiblerating, i.e.

one for each combination of user and item. Several methods can be usedto compresssuch

highly-dimensional, sparsedata into a lower-dimensional, densespace,in which similarit y

betweenusersor items can then be calculated [GR GP01, Can02 , SKKR00a ]. Section5

contains a survey of several techniques related to dimensionality reduction.

One way in which we can classify recommendersystemsis with respect to how the user

provides feedback regarding their preferencesfor the set of items being recommended.The

mechanism by which the user interacts with the system has an impact on the character

of the data which is available to the system in making recommendations. For instance, in

e-commerceapplications, user interaction 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 system will have to work with binary preferencedata.

In general,a systemcan collect preferencedata through an implicit mechanism such as

monitoring user behaviour, or through an explicit mechanism where the user is prompted

for a reaction to items in the database. Although most recommendation systems repre-

sent feedback as numeric values corresponding to the strength of preferenceor degreeof

relevance, somesystems[Bur00 ] have used \semantic" feedback which describes content

information or re
ects human judgments on the quality or character of the rated item.

10
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2.1. Implicit feedbac k. In a systemusing an implicit feedback scheme,the actions

a user takesare monitored and preferencesare inferred from thesemonitored actions. The

inferred preferencesare then usedto make predictions about future preferences.

User preferencescan be inferred from many behaviours. Which behaviours are relevant

typically depends on the context of the recommendersystem. In a recommendersystem

for documents or web pages,a system can monitor navigation history, time spent reading

documents, whether or not a document was bookmarked or saved, and so on [CLWB01 ,

K OR01, Nic97 ]. A music program might monitor the frequencywith which certain songs,

artists, or albums, are listened to [Aud ]. Somesystemscombine both explicit and implicit

feedback [HC00 ].

In somesystems,di�eren t behaviours are assigneddi�eren t 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 system may have is whether a user has purchasedan item or not).

2.2. Explicit feedbac k. In a system using an explicit feedback scheme, the user

will be presented with an item and prompted to provide an opinion on that item. This

opinion can take any of a number of forms. A typical approach is having the userspecify an

overall opinion of the item asa rating on somenumeric scale,for instance in the range[1; 5]

where a low score indicates distaste and a high score indicates preference. Somesystems

usea binary feedback scheme(e.g. \lik e"/\dislik e" or \relevant"/\irrelev ant") [CMZF00 ,

BP99 ], others use rating scaleswith more or fewer choices [GR GP01, HKR00 ], and

somesystemsusea rating scalewhich is presented in such a way as to (appear to) provide

a continuous range of choice rather than just a few distinct options [GR GP01 ].

A variation on this approach is in a content-�ltering basedrecommendersystemwhere

the user would not provide feedback directly on items, but rather on topics or features of

items, and recommendation is achieved by �ltering the databaseof items according to the

likesand dislikesexpressedby the user through the �lter.

2.3. Semantic feedbac k. In many systems,user feedback is provided asa numeric

rating on a scalesuch as 1 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

11



2.2 FEEDBA CK

properties of an item and reducesthem to a single number indicating an attitude. In our

system we combine such ratings with semantic ratings [Bur00 ], which are in part text

annotations of features of the items.

The document annotation method usedby the Tapestry system[GNOT92 ] is another

good example of semantic feedback; however, while in Tapestry this semantic feedback is

only used in manual queries, in Recommendzsemantic feedback is incorporated into an

automatic recommendersystem. While usersare able to manually search items according

to semantic feedback, the system automatically suggestsitems whenever the user logs in.

In Burke's Entree restaurant recommendersystem, knowledge engineering is used to

provide a set of semantic rather than numeric rating options [Bur00 , Bur02 ]. The user

begins with somerestaurant, and then can select from a list of attributes which indicate

what is desired in a restaurant (e.g. \nicer", \less expensive", \liv elier", \quieter", etc.).

Choosingan attribute in order to browseto a newrestaurant in e�ect enters a rating for that

user and restaurant: for instance browsing away from a particular restaurant by selecting

\less expensive" indicates to the systemthat you think that restaurant is overly expensive.

On the other hand, if a userstopsbrowsing at a restaurant, then that restaurant is assigned

a positive rating under the questionableassumption that the userhas found what he or she

was looking for. User similarit y is then basedon not only on similarit y of preferencefor

items, but also on the reasonsbehind those preferences,allowing the system to �nd truly

like-minded users. For instance if two usersdislike the samerestaurant but one dislikes it

becauseit is too lively and the other becauseit is too quiet, there is little reasonto consider

the users truly similar. On the other hand if two users \bro wse away" from a restaurant

becausethey feel it is too expensive the system can becomemore con�dent that the users

are looking for the samething in a restaurant. The approach taken in Entree wascompared

to several other approachesand found to be a very good predictor of restaurant preference.

In a variation on this approach employed by the RACOFI music recommendersystem,

Anderson et al. de�ned �v e dimensionsof music feedback (impression, lyrics, music, orig-

inality , and production) [ABB + 03]. To provide a rating for a given item, the user must

provide a rating in each of thesecategories.Of coursein this system, the feedback dimen-

sions must be determined via manual knowledge-engineering,and are �xed once decided

upon.

12
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The CoFIND [Dro99 ] system also usesa semantic rating system. In this system, the

user provides feedback on the \qualities" of the item and qualities are suggestedfor use if

they have been used repeatedly. Users are able to add new qualities to the system. The

emphasis in CoFIND is in organizing resourcesto aid learning as opposed to predicting

preferences.

3. Preference elicitation

The problem of how to e�cien tly prompt the user to provide useful feedback, known as

preference elicitation , is important to recommendersystems. It is worth noting, asBoutilier

points out [Bou02 ], that preferenceelicitation is important in a number of areasof research,

not just recommendersystems. In the context of a recommendersystem, the issue is to

identify those items which will be useful to the system in predicting preferences,so that

the user can be guided to provide as much information as possible with 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 users who enjoyed a romance

�lm are typically much less likely to enjoy slasher horror). In this case,having the user

provide feedback upon a romance�lm will be useful becausebasedon that feedback 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 select and ask only those which provide

the most useful information. Research which considerspreferenceelicitation stressesthe

desirability of providing an online and interactive experience for users of recommender

systems[BZM03 , CSP03 ].

Carenini et al. identify preferenceelicitation as an underdeveloped aspect of recom-

mendersystemresearch, and argue that research should focus both on improving the accu-

racy of recommenderalgorithms aswell asdevising methods which elicit asmany ratings as

possiblefrom the users[CSP03 ]. Theseresearchersalsoargue that the focuson preference

elicitation as a technique relating to new users should be altered to create recommender

systems in which intelligent preferenceelicitation plays an integral role, not just at user

13
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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 such systemsasadhering

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 a rating of an item but the systemdoesn't have enoughinfor-

mation to provide a con�dent prediction for that user and item.

(ii) The system has a small amount of information on the user, and the prediction

on a requesteditem is average. More information may provide a better recom-

mendation.

(iii) The user is puzzled or surprised by a recommendation. In this casemore infor-

mation might help the system better understand the user's preferencesand not

make such 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 communit y as a whole will be improved.

The authors present several measuresof the usefulnessof a given item in understanding the

preferencesof a user. Thesemethods include popularit y, entropy, a combination of entropy

and popularit y, items similar to items the user has already rated (item-item personalized).

These measureswere compared against a random item selector. The combination of pop-

ularit y and entropy was found to provide the best improvement in predictive accuracy

without requiring a large usere�ort. The authors alsorefer to research which observed that

usersare willing to provide more feedback to the system in 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 decisionproblem in which the recommendationproblem is broken into

a seriesof steps; at each step, the system can either query the user for more preference

information, or provide a recommendation. The gathering of information through such

queriesprovides a greater understanding of the user's preferences(referred to as the user's

utility function in POMDP terminology [Bou02 ]). Queries have an associated cost which

14
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represents the fact that providing feedback requires somee�ort. This approach allows the

systemto balancethe costof elicitation with the gain in useful information achieved through

the queries. In this POMDP formulation, the set of systemstates is the set of possibleuser

attitudes and the POMDP's states are densitiesover the set of system states. The system

can make a decision to 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 observations of the system are the

probabilities of the user giving a particular responseto the given query.

In [BZM03 ], Boutilier et al. discussan approach to preferenceelicitation basedon

the expected value of information (EVOI) of new user ratings. This particular measure

�ts well within systems that learn an explicit probabilistic model of the domain (such

as [PHLG00, CG99 ]). The details presented in this research can be applied to any

such system, and is demonstrated using the multiple-cause vector quantization (MCV Q)

model [RZ02 ] and with a Naive Bayes classi�er. The essential idea in this approach is to

compute an approximation of the (myopic) EVOI for each possiblequery 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 below somethreshold or the system feels that too many queries

have beenasked and a prediction should be made). This processis quite computationally

intensive for each user, sincea large number of costly calculations must be made. Thus, the

authors present an approach for pruning potential query items, and for pre-computing sets

of protot ypequeries. The authors demonstratethat their approach leadsto an improvement

in both MCVQ and Naive Bayes performanceas compared to entropy-basedand random

measuresfor preferenceelicitation. The improvement in performanceis most dramatic when

only a few user ratings have been observed, indicating that if a user should only provide

a small amount of information, a well-designedpreferenceelicitation scheme can be very

helpful.

Another group of researchers [DLL03 ] hasperformeda theoretical analysisof the com-

putational properties of a generalcollaborative �ltering and preferenceelicitation problem.

In this work, the problem is de�ned as using queries to elicit preferenceinformation from

the user in order to determine the expert which is closestto the user in 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 show that this upper bound on the number of queries

cannot be beatenby a polynomial-time algorithm unlessall problemsin N P have nO(log logn)

time algorithms.

4. Memory and mo del-based systems

Recommendersystemscan be categorized according to how they handle the ratings

data which hasbeencollected, into memory- and model-based systems[BHK98 ], which use

the entire data setor a model of the data set to makerecommendations,respectively. Lemire

suggestsa third category of recommendersystems,the learning-free systems,which do not

employ a model and do not compareusersin order to make recommendations[Lem04 ].

Somesystems,known as \memory-based", usethe entire data set in order to compute

a prediction. A typical memory-basedalgorithm would be one which used an inter-user

similarit y measureto �nd userswho are similar to each other, and to then draw preferred

items from that group asrecommendations[RIS + 94]. This classicalCF approach hasbeen

shown to provide a good level of accuracy and is easy to maintain [BHK98 , PHLG00 ].

Another advantage is that memory-basedsystemsalways have a clear interpretation: each

user is being matched to like-mindedusers[YXS + 02]. Lemire characterizesmemory-based

systemsas those in which updating the ratings databaserequires constant time (since no

model needsto be updated), but recommendationrequirestime proportional to the number

of users(sinceusersmust be comparedto make predictions) [Lem04 ]. As a result, with ex-

tremely largedata sets,memory-basedmethods canbecomputationally expensive. Yu et al.

have developed methods to identify \relevant" and \irrelev ant" instancesin the ratings data

set, allowing the sizeof the data set to be reduced, increasinge�ciency without degrading

accuracy [YXS + 02]. In related work Yu et al. developed 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 [CHW01 ].

\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 created in an o�ine phase, allowing online predictions to
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be made quickly. For example model-basedsystemsmay use a dimensionality reduction

algorithm such as Singular Value Decomposition (SVD) or the related Principal Compo-

nent Analysis (PCA) [GR GP01, SKKR00a , Can02 ], a probabilistic model such as a

Bayesian network [BHK98 , CG99 ], clustering [GR GP01, UF98 ], or latent semantic

models [Hof01 , Hof04 ]. Someof the models used by recommendersystemshave mean-

ingful semantic interpretations, which can help usersunderstand how recommendationsare

generated[PHLG00 ]. Lemire characterizesmodel-basedsystemsas those in which recom-

mendation requires periodic updates of a potentially complicated model. These updates

require linear or worse time in the number of users in the system but recommendations

are based on a query of the model and likely fast; however, Yu et al. argue that the

learning phase of model-based approaches can becomeprohibitiv ely long for large data

sets [YXS + 02].

The Personality Diagnosis system combines someof the bene�ts of both memory and

model-basedmethods [PHLG00 ]. In Personality Diagnosis, a set of \p ersonality types"

(stereotypes in 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 semantic interpretation.

5. Dimensionalit y reduction

Several researchershave investigated the application of dimensionality reduction meth-

ods to recommendersystems. These approaches all 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 na•ive memory-basedrecommendersystems,and to �nd latent

connectionsbetweenitems [SKKR00a ].

Singular Value Decomposition (SVD) results in data which is lessnoisy and also cap-

tures latent associations between items (Berry et al. [BDO95 ] quoted in [SKKR00a ]).

As discussedin Section 7, SVD has also beenusedin conjunction with supervised learning

techniques [BP98 ].

In the Eigentastemethod, which hasbeenimplemented asthe Jester joke recommenda-

tion system by Goldberg et al. [GR GP01 ], Principal Component Analysis (PCA) is used
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to reducethe rating spaceto two dimensions. All usersare required to rate a gaugesetof 10

items, and are then projected into the lower-dimensional rating spacebasedon this gauge

set. Within the lower-dimensionalspace,groups of similar usersof the system are divided

into clusters, and recommendationsare computed as the preferred jokes among the users

of each cluster. In terms of accuracy, this method was shown to perform very favourably

compared to several other algorithms. Prediction with the algorithm is constant-time be-

cause the model can be maintained in an o�ine phase: each user is projected into the

low-dimensional rating spacebasedon the gaugeset, and recommendationsare then looked

up from the best cluster.

Sarwar et al. have also applied dimensionality reduction to recommender

systems[SKKR00a ]. These researchers actually �rst addressedthe sparsity problem in

earlier work by using semi-intelligent �ltering agents to make predictions in order to �ll

in someof the sparsity in the ratings set [SKB + 98]. This approach usesSVD to do two

things: capture the latent relationships betweenusersand products, and then use that to

directly predict for a given item; and to compute a low-dimensionalversionof the customer-

product spaceand use this to compute neighbourhoods and within these neighbourhoods

produceTop-N recommendationlists. Note that SVD assumescompletedata, meaningthat

any missing values (of which there are many) must be �lled in with somesort of default

values. To �ll in the gaps,Sarwar et al. tried usingaverageratings per customerand average

ratings per item (and found product averageto work better). Ratings are normalized before

computing the SVD as well. Normalization by subtracting user averageratings was found

to work better than conversion to z-scores.

In Canny's 'Mender system [Can02 ], dimensionality reduction is performed with an

SVD-related technique called sparse factor analysis. With this approach Canny avoids the

problem encountered above by Sarwar et al. of having to �ll in the sparseratings data

beforebeing able to analyze it to build a model. In sparsefactor analysismissing elements

are e�ectiv ely ignored rather than replaced with default values. The author argues that

this method is more appropriate than making guessesto reducesparsity becauseit doesnot

intro duceadditional 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 can then be quickly calculated from the model.
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Very good results were reported with this method on several data sets, in comparisonwith

other methods.

Sarwar et al. have investigated collaborative �ltering algorithms which rely on com-

puting similarities betweenitems (\item-item similarities") rather than similarities between

users (\user-user similarities") in order to make recommendations[SKKR01 ]. They ar-

gue that the bottleneck in many collaborative �ltering algorithms is the search for similar

users in a large user population. In the approach presented in this work, the collabora-

tiv e �ltering algorithm �nds items which are similar to items the user in question has en-

joyed in the past. Unlike in content-based systems,the similarities between items are still

computed basedon preferencedata rather than on content information, so the bene�t of

serendipitousrecommendationsis not diminished. The authors show that theseitem-based

approacheslead to slightly improved quality of predictions over a user-usersimilarit y-based

k-nearest-neighbour 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 similarit y. 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 feedback in recommendersystems is intrinsically subjective, it is not only

possible but probable for di�eren t users to use di�eren t rating values to indicate similar

degreesof preference.This e�ect manifests itself 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 user to another to make accurate predictions and

therefore it is common to normalize ratings according to user biases. Lemire presents a

detailed analysisof this phenomenon[Lem04 ] and developsscale-and translation-invariant

versions of several 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 present a statistical model of collaborative

�ltering and compareseveral di�eren t 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

similarit y in ratings data [HO99 ]. The suggestionis that items which receivesimilar 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 scalablesystem, 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 been noted in Information Retrieval research that a combination of the scores

from various retrieval agents can outperform the scoreof any of the individual agents (Vogt

et al. [V CBB96 ] quoted in [CGM + 99]).

The Fab system by Balabanov��c and Shoham[BS97 , Bal97 ] is a hybrid content and

collaborative �ltering-based recommendationsystem for web sites. Usersprovide feedback

on sites on a scalewhich is presented as terms 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 feedback, the system analyzesthe words occurring in

the web pagesand usesthis information combined with the user's feedback to build pro�les

both of the web pagesand of user interests. A set of agents are then trained to make

recommendationsto the user. Fab is designedto support so-calledparasitic users, users

who wish to provide no feedback but still receive recommendations.Such usersare provided

with global mean recommendations.

Claypool et al. developed P-Tango, a recommendersystem for online newspaper arti-

cles[CGM + 99]. P-Tangooperatesby combining predictions madeby a collaborative �lter

and a content-based �lter. In this system users explicitly provide preferencefeedback 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 has rated 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 �lter �nds similar usersbasedon

preferencedata and draws recommendationsfrom this neighborhood. The content-based

�lter evaluates the correspondencebetweenkeywords in the user's pro�le and each article,

in order to �nd potentially interesting articles. The two predictions made for each item are
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then uni�ed via a linear combination. The weights used in the combination are tuned on

a per-user basis, over time, by �nding values which minimize the predictive error on past

ratings.

Burkehaspresented a survey of existing and possiblehybrid approaches[Bur02 ]. First,

many di�eren t methods a recommendersystem can useare identi�ed, including collabora-

tiv e �ltering, content-based �ltering, demographics, and other methods. Then, existing

hybrid systemsare classi�ed according to which techniques they combine. Several of the

approachesdiscussedhave not yet beenattempted.

Montaner et al. present a taxonomy of recommendersystems[MLR03 ]. They identify

eight dimensionsby which recommendersystemscan be classi�ed:

� User pro�le representation

� Initial pro�le generation

� Pro�le learning technique

� Relevancefeedback

� Information �ltering method

� User pro�le-item matching technique

� User pro�le matching technique

� Pro�le adaptation technique

The paper also lists possibleapproaches to each of these dimensionsand discussesmany

recommendersystemswithin this taxonomy.

7. Learning-based metho ds

Billsus and Pazzanisuggestedthat it might be useful to �nd a way to apply someof the

more mature and well-developed techniquesof machine learning to the �eld of recommender

systems and collaborative �ltering in speci�c [BP98 ]. The approach presented involves

using SVD to reducethe sparsepreferencerating data spaceinto a denselower-dimensional

spacerepresenting someset of features. The idea is that this feature set can then be usedas

input to a traditional supervisedmachine 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 �ltering

alone. Better performancewas only achieved when the authors manually selecteda subset

of the movie information to use. Another rule-learning collaborative �ltering system is

RACOFI, a Canadian music recommender,by Anderson et al. [ABB + 03]. Kim and Kim

present another approach 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 [KK03 ].

Another supervisedlearning method which hasbeenusedsuccessfullyin the context of

recommendersystemsis the Bayesiannetwork. In one version of this approach, a Bayesian

network is constructed with a node for each item in the domain. The possiblevalues for

each 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 presented by Chen and George [CG99 ]. Robles et al. use a naive

Bayes classi�er [RnM + 03]. Robles et al. create a number of naive Bayes classi�ers using

con�dence intervals and choose the best one [RnM + 03]. Yu et al. use a hierarchical

Bayesian approach to combine content and preferenceinformation [YST + 03]. Bayesian

approachessuch as thesehave 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-

back to substantiate their rating was e�ectiv e in improving the mean absolute error of

predictions [DG03 ].

Initially in our research, 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 each feature was positive or negative, and how much so.

Since that time, we have observed that the extent to which a feature is applicable

is an important criterion for both user satisfaction and performance. In addition, a user's

reaction to a feature can depend signi�cantly on the strength of its observed \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 amount of romancemight be very positive). Based

on theseobservations we now permit a user to:

(i) specify an overall opinion of the item,

(ii) selecta relevant feature of the item,

(iii) specify the quantit y of that feature in the item (or applicabilit y of the feature to

the item),
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(iv) specify the degreeto which the presenceof this feature wasa 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 does imposemuch more overheadon the user. For

example,

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

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

was underdeveloped.

becomes

Overall: 8
action quantit y 8 opinion 5

romantic subplot quantit y 2 opinion -4

Precisely, a rating by user u on item i is of the following form: Exactly one overall

rating, r ui 2 [rmin ; rmax ]. This represents the user's opinion of i on the whole, where a

rating of r min indicates extreme dislike and a r max indicates extreme preference. In our

system, r min = 1 and r max = 10.

For this item, u must selecta minimum of onefeature which wasimportant to his or her

overall opinion. We represent this set of features usedby user u on item i as Fui . Suppose

feature f 2 Fui is chosen. Then the user speci�es the feature quantity of f perceived to

be in the item, qf
ui 2 [qmin ; qmax ], where qmin indicates the complete absenceof this feature

while qmax indicates a very large amount. The quantities of the features selectedare not

required to sum to a particular value. The idea is not for the userto completely and in detail

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 present the quantit y

speci�cation as an absolute and exact rating on a numeric scalebut rather graphically, as

an indication of quantit y. In our system, qmin = 0 and qmax = 10. To complete this feature

rating, the user must specify his or her feature opinion of this presenceof f in the item,

as of
ui 2 [omin ; omax ], where a rating of omin should be usedfor extremely negative features,

and omax should be used for extremely positive features. In our system, omin = � 5 and

omax = 5.
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Figure 3.1. Screenshotof providing feature feedback for a movie in Recommendz.

We will denote the set of all overall ratings by user u asRu , all feature quantity ratings

by user u on item i as Qui , and all feature opinion ratings by user u on item i as Oui . A

completerating by user u on item i then is (r ui ; Qui ; Oui ).

The set of all usersis U, the set of all items I , and the set of all features in the system,

F . For convenience,we denote the set of all items rated by user u as I u , and the set of all

features usedby user u as Fu .

We discuss the reaction of users to 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 requires the following steps:

(i) We compute the similarit y between the user in question and each other user in

the system. Any of a variety of similarit y measurescan be usedin this step. We

discussthe issueof similarit y measuresin Section 2.1. In Chapter 4, Section 1.4

we discusshow the systemhasbeendesignedto reducethe computational burden

of this step to improve scalability.

(ii) Sort the usersby similarit y and return a neighbourhood of k users.

(iii) For each item that has been rated by one or more of the users in the nearest

neighbourhood, compute the averageof reported overall ratings, with each rating

weighted by the inverseof the user's similarit y.

(iv) Report the resulting list of predicted ratings, or somesubset thereof.
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Users are given the option to ignore predictions of items that have been rated by only

one user. Unless the user who has rated the item is very similar to the user receiving the

prediction, a recommendation on an item rated by only one user should generally not be

given much con�dence.

2.1. Similarit y measure. Perhapsthe most important part of a nearestneighborhood-

basedcollaborative �ltering schemeis the similarit y measureused. Di�eren t measureswill,

in general, lead to di�eren t groups of neighbours, and di�eren t setsof neighbours will usu-

ally have had di�eren t experiences{ so di�eren t neighbourhoods will, in general, lead to

di�eren t recommendations.

It is important to recognizethat for many of the domains to which we want to apply

collaborative �ltering, the number of items to choosefrom is very large; much larger than

either the number of users,or more importantly , the number of items each user has rated.

The implication of this is that the number of items rated in common between any pair of

userswill often be small. As a result, it is important that any similarit y measurebetween

a pair of usershandle sparsity e�ectiv ely.

In addition, preferencedata tends to be noisy and so a good similarit y 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

user rating biases.First, Pearsoncorrelation betweentwo usersis calculated basedonly on

the items rated in common. Gaps in the rating data do not need to be �lled in in order

to compute the similarit y, although we would tend to have more con�dence in similarities

computed on more data.

Second,each rating is normalized by subtracting the user's mean rating. Users may

have di�eren t internal sensitivities to quality in movies. One usermight rate all of his or her

favourite items with relatively low valuescomparedto the valuesgiven to favourite items by

another user. This illustrates that the absolutevaluesof rating valuesare not as important

as the relationships between the values. By normalizing for user biasesin rating, we hope

to isolate the relationships betweenrating values.
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In a system in which usershave speci�ed ratings over a set of items, we can compute

the Pearsoncorrelation betweentwo users,u and v, with the formula

correlation(u; v) =
P

i (rui � �ru)( r vi � �r v)
p P

i (rui � �ru)2
P

i (r vi � �r v)2
(3.1)

wherer ui is the rating of useru on item i , and �r u 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�c to our rating system is presented in sections3.1 and 3.2 (and speci�cally

in Equations 3.2, 3.3, 3.4, 3.7, 3.8).

2.1.2. CosineVector similarity. Vector similarit y comesfrom the �eld of Information

Retrieval, where it is often usedfor document similarit y comparisons.We would construct

a vector for each document under consideration, with a position for each word occurring in

the set of documents, and with the value at each position in the vector being the frequency

with which the word occurs in the document. The distance betweena pair of such vectors

is then computed and interpreted as the distance between the documents, i.e. in terms of

word similarit y. This similarit y is then a measureof how similar the composition of the

documents are, in terms of word frequency. Sincethis measurehas beensuccessfulin IR it

wassuggestedasa possiblesimilarit y measurein neighborhood-basedcollaborative �ltering

systems, by researchers including Resnick et al. [RIS + 94], Herlocker et al. [HKB + 99],

and Breeseet al. [BHK98 ] who found PearsonCorrelation to perform better. We initially

investigated whether vector similarit y would be more e�ectiv e in our system than Pearson

Correlation but found Pearsonperformed better.

Herlocker et al. discussother potential similarit y measures[HKB + 99].

3. Hybrid recommendation

Our approach 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 central theme.

3.1. Feature bias. The system usesa nearest-neighbor interpolation scheme to

recommenditems that are preferred by similar users. Typically, usersimilarit y 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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we actually compute three di�eren t similarit y measures(de�ned as Eq. 3.2, Eq. 3.3, and

Eq. 3.4) and then take a weighted averageof the three to arrive at one similarit y value.

Supposewe wish to compute the similarit y betweenusersu and w.

First, we have the similarit y in overall ratings, which is just the Pearsoncorrelation

betweenthe overall ratings of the items rated in common.

sr (u; w) =
P

i (rui � �ru)( rwi � �rw)
p P

i (rui � �ru)2
P

i (rwi � �rw)2
(3.2)

where in each summation, i 2 I u \ I w , the items common to both user u and w; and �r u is

the mean overall item rating for user u.

In the �rst of two alternativ e approaches, 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 done in Section 3.2). Thus, the next similarit y measurewe

compute will be the similarit y in feature bias between the two users. For each user u, for

each feature used, we calculate the mean feature opinion for feature f over all items, �of
u ,

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

so(u; w) =

P
f ( �of

u � �ou)( �of
w � �ow)

q P
f ( �of

u � �ou)2
P

f ( �of
w � �ow)2

(3.3)

where in each summation, f 2 Fu \ Fw , the features which have beenusedby both user u

and w.

We wish to compute a third measurebasedon the similarit y in quantit y valuesassigned

by the two users. The following equation usesPearsonCorrelation to comparemean quan-

tit y ratings assignedto the features rated in common by the two users. This similarit y can

be interpreted as similarit y in interest or experience(for instance two userswill be more

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

sq(u; w) =

P
f ( �qf

u � �qu)( �qf
w � �qw)

q P
f ( �qf

u � �qu)2
P

f ( �qf
w � �qw)2

(3.4)

where in each summation f 2 Fu \ Fw , the features which have beenusedby both user u

and w; �qu is the mean quantit y rating by user u over all features and items; and �qf
u is the

mean quantit y rating from user u for feature f , over all items.
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We now want to combine these three similarit y measuresinto one. To do this we

compute a weighted sum of sr , so, and sq using weights ! r , ! o, and ! q, respectively. The

�nal similarit y betweentwo usersu and w then is:

s(u; w) =
! r sr + ! oso + ! qsq

! r + ! o + ! q
(3.5)

With the abilit y to calculate this similarit y s betweenany two users,we can �nd the k

nearestneighbors of user u, which we denote as N k
u . We will be interested in the subsetof

N k
u who have rated item i , denoted N k

ui . With this information, we can predict the rating

of user u on item i :

~rui =

P
w2 N k

ui
s(u; w)( r wi � �rwi )

P
w2 N k

ui
s(u; w)

+ �ru (3.6)

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

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

3.2. Item-b y-item feature usage comparison. Another approach 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 approach is the sameas that taken above. We use

the sameoverall similarit y sr but we will rede�ne so and sq with the s0
o and s0

q 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 usedfeatures in a similar way in general.

In this approach we only consider two users to be more similar if they used features in a

similar way on the sameitems.

In this version of the feature opinion similarit y measure,we compare the individual

feature opinion ratings for featuresboth usersusedin items they rated in common. Before

giving the equation, we will de�ne Cuw = f f : f 2 Fui \ Fwi ; 8i 2 I u \ I wg, i.e. for usersu

and w, Cuw is the set of all featuresthat wereusedby both userson commonly rated items.

s0
o(u; w) =

P
f 2 Cuw

(of
ui � �of

u)(of
wi � �of

w)
q P

f 2 Cuw
(of

ui � �of
u)2

P
f 2 Cuw

(of
wi � �of

wi )
(3.7)
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The feature quantit y similarit y measureis computed similarly:

s0
q(u; w) =

P
f 2 Cuw

(qf
ui � �qf

u )(qf
wi � �qf

w)
q P

f 2 Cuw
(qf

ui � �qf
u )2

P
f 2 Cuw

(qf
wi � �qf

wi )
(3.8)

Once thesetwo similarit y valuesare computed, the predicted rating for item i is com-

puted using Eq. 3.5 with so and sq replacedwith s0
o and s0

q, respectively, and then equation

3.6 is usedto calculate the predicted overall rating ~r ui .

4. Feature Suggestion

In our system, it is up to the usersto contribute features which can then be used by

all. Becauseof this, the number of featuresin the systemis constantly growing. In order to

encouragefeedback and to be better able to compareuser similarit y, we would like usersto

usepreexisting featuresto rate items. At the sametime we cannot simply present the users

with a list of all of the features in the database,as that would be overwhelming. What we

wish to do is suggestrelevant features. This notion of relevant features is 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 feedback 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. Con tro versy. Controversial featuresare thoseabout which usersdi�er widely

in opinion. If usershave, in the past, disagreedstrongly in their opinions of such features,

then knowing the opinion of future users on the same features should help discriminate

betweenuserswith very di�eren t 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

entropy [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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when combined with popularit y). In our system, to �nd controversial features, we would

be looking for those features with 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 quantit y value and in the equations

below we indicate theseas H o and Hq, respectively.

Ho(f ; i ) = �
X

x2 [� 5;5]

P(of
i = x)log2[P(of

i = x)] (3.9)

where P(of
i = x) is the probabilit y that the opinion rating given by any user for feature f

on item i has the value x.

Hq(f ; i ) = �
X

x2 [0;10]

P(qf
i = x)log2[P(qf

i = x)] (3.10)

where P(qf
i = x) is the probabilit y that the quantit y rating given by any user for feature f

on item i has the value x.

We can alsohave a combination of the feature's popularit y 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 researchers used the product of entropy

and the logarithm of the item's popularit y.

4.1.2. Variance. As discussedin the precedingsection,entropy hasbeensuggestedby

other researchers asa useful measureof the controversiality of items in a recommendersys-

tem. Other researchershaveusedvariance,instead, asa measureof controversy[GR GP01 ].

We should also make the observation 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 entropy, and we

have found, that variance producesqualitativ ely good results.

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

seven hundred features. While we need to select relevant features from the list, note that
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the Controversy method described above will only suggest features 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 features which are relevant to the item will not

have been used yet. We would like to explore the feature spaceto �nd these unused yet

relevant features. We can randomly choosefeatures to suggestand hope to �nd something

relevant (in fact the system can and does do this, as discussedin section 4.6), but we

can approach this task in a more intelligent way, by examining somemeasureof similarit y

betweenfeatures.

We can calculate the correlation in usageof any two features, over all items. The

idea is that if two features are 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 beenused to provide feedback

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�eren t 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 user will �nd useful in rating the item. This would

result in a more accurate representation 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 conclusively 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 theselikely-relevant features,

and either the user's rating will be lessaccurate than it might otherwise be, or the amount

of e�ort required to complete the rating to the user'ssatisfaction will be much greater than

it might otherwise be.

To calculate the correlation betweentwo features f and g, we examine their valueson

items for which both have beenused:

correlation(f ; g) =

P
i 2 I f \ I g

�qf
i �qg

i
(qmax )2

jI f \ I gj
(3.11)
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where I f is the set of all items which feature f has been used to rate, and qmax is the

maximum quantit y rating, in our case10.

Other formulae for computing the correlation betweenthe two featurescould be substi-

tuted for Eq. 3.11. One alternativ e might be the mutual information betweenthe quantities

of the two features:

I q(f ; g) =
X

x2 [0;10]

X

y2 [0;10]

P(qf
i = x; qg

i = y)log2(
P(qf

i = x; qg
i = y)

P(qf
i = x)P(qg

i = y)
) (3.12)

As with entropy we can de�ne mutual information of in terms of the feature opinion

ratings rather than the quantit y ratings:

I o(f ; g) =
X

x2 [� 5;5]

X

y2 [� 0;10]

P(of
i = x; og

i = y)log2(
P(of

i = x; og
i = y)

P(of
i = x)P(og

i = y)
) (3.13)

The systemmaintains a table of correlation valuesbetweenpairs of features,and from

the Controversy suggestionmethod we will have a list of features we already have decided

to suggest.For each feature with high controversy we can �nd a list of correlated features.

From this list wecanchoosea number 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 suggestseveral of the most highly correlated features, and

then we chooseseveral of the lesswell-correlated featuresprobabilistically . The idea behind

this is to balance the exploitation of features which we suspect will be relevant with the

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

4.3. Indirectly correlated features. We can also suggestseveral features which

are not directly correlated to 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 entirely 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 quantitativ e analysis to seehow well this procedureworks, but our initial qualitativ e

observations 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 convenient to have thesefeatureseasily available, and so we can suggestseveral

of thesefavourites. We refer to thesefeatures as item favourites.

So far, the techniques for suggestingfeaturesdepend on having accessto at least some

features which have been used on the item in question. Items 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 present few or no

features; however, this placesa burden on the user to come up 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 useseveral methods to �nd features which will hopefully

be useful.

A given user may have a feature or set of features to which he or shepays a great deal

of attention in the items under consideration. In this casethe user may �nd it convenient

to always have these features easily available for providing feedback, as the user may �nd

them useful in discriminating the quality of items. For instance if 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 suggestsomeof them. We refer to these as global

favourites.

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

versial, i.e. have beenconsideredcontroversial acrossratings by all users.
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4.6. Random features. We can suggestsomefeatures completely at random, in

order to explore the spaceand hopefully �nd somerelevant yet seldomlyusedfeatureswhich

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 approach, and to determine whether a commu-

nit y of userswould be enthusiastic about our system and its unique feedback method, we

implemented our approach as the Recommendzrecommendersystemand made it available

through the internet.

Sincewe have developed what is essentially a packageto createa recommenderwebsite

for Zope on Unix, we also discussthe structure of the software to someextent.

The system discussedin this chapter was designedand written over approximately a

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

1. Soft ware 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 presentation of the site on the internet, we chose the Z Object Publishing

Environment (Zope) [Zop ]. The characteristics of a recommendersystemrequire somesort

of abilit y of dynamic presentation of content. New items may be added at any time, so it

is more convenient to be able to pull item information out of a databaseand automatically

generatethe necessaryweb pagesrather than have static pageswritten for each item. In

addition, Recommendzhas beendesignedto handle arbitrary domains, so the actual item

information to be presented may not be constant, requiring custom scripts or templates

to recognize what should be displayed, and to display it appropriately. Recommender
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Figure 4.1. An overview of the software infrastructure usedin Recommendz.

systemsalso require someamount of computation at the presentation level, for instance in

searching through the databaseand in calling lower level functionalit y which will compute

recommendations. An application server such as Zope is a good choice for a system with

the requirements discussedabove. Zope is an open-sourcesystem for the presentation of

dynamic web pages. Zope can present 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 presentation, and

has a large communit y of users. Another option might have beenhtml pagesusing php to

organizeand present dynamic content.

Zope is not actually used to compute recommendationsor any of the other compu-

tationally intense aspects of the system. For this, there is a collection of back-end code

written mainly in C, with someof the less time-critical functions written in Python. To
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allow communication betweenthe layersof the system,an interface, written in Python, was

establishedbetweenZope and the computational back-end.

Any recommendersystemalso requiresa databasein order to store information about

items, users,and the ratings of userson items. Each of thesesets of 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 storagespaceand should be optimized for e�cien t queries.

For the database, MySQL [mys] was chosen, since it is freely available, fast, and well-

documented. 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 several distinct

item types. We also wished to be able to make recommendationsfrom within a particular

item type, or, asa future direction, potentially be able to treat all items asonedomain and

make recommendationswithin all, for instancemeasuringsimilarit y betweenusersbasedon

ratings on moviesand books, rather than oneor the other, and then makerecommendations.

This genericity we wished to achieve meant simple things such 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 as a �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 decided on 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 usedherecan be usedfor traditional

collaborative �ltering schemeswhich do not involve feature ratings, as well as for content-

based�ltering schemessincethe item table can store item information which is as detailed

as desired.

1.2. Con ten t. For the movie domain discussedin this thesis, the databasewas ini-

tially populated with the moviescontained in the EachMovie data set [Eac]. The EachMovie

data set is actually a collaborative �ltering data set from a now-defunct recommendation
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site; however, sinceEachMovie useda di�eren t rating format than we do, we took the item

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

1.3. Computational code. The code which actually usesthe databaseto compute

recommendationsis written in C. C was chosen for its speed and becausethe version of

Python currently being usedby Zope doesnot support extensionswritten in C++.

One of the main goalsin writing the computational core was to make it modular at all

levels. For instance, the functions which compute neighbourhoods use inter-user similarit y

functions which share a common interface and are abstracted so that the neighbourhood

could be computed based on any similarit y measure. Ideally, the interface of the rec-

ommendation engine with Zope would also be modular enough that Zope that di�eren t

recommendationalgorithms could be substituted transparently .

1.4. Online and o�ine computation. Inter-user similarit y and predicted ratings

basedon neighbourhoods of usersare computed online as the user views the pageswhich

display recommendations,or as the user requestsa recommendation.

Aside from recommendations, the other major computational burden on the system

is the calculation of inter-feature correlation, which is then used in the feature suggestion

process(described in Chapter 3, Section 4). A table of inter-feature correlations is com-

puted each night and used in feature suggestionfor the next day, avoiding a great deal of

computation which could slow the system down.

2. Presentation

A highly accuraterecommendersystemhas little useif no oneenjoys using it. Further,

with few userslittle data can be collected. In this section we discussthe website through

which the user interacts with the computational core of our recommendersystem.

2.1. Login and preferences. In our systemwe needto connectuser identit y with

ratings, so each user must have an account on Recommendzin order to use the system.

Creating an account consists of specifying a username,an email address,and password.

Optionally , the user can specify demographic information including age and country 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 ]

39



4.2 PRESENTATION

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 account is created the userhas the option of performing a few customizations

of the site. The user is able to control the number of feature rating boxes that appear for

new items (seeSection 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 presents the user with several options. These

options aredescribed in the following list (the options arenumberedin referenceto Fig. 4.2).

(i) Recommendations. In this area, the user is presented with a list of recommended

items. The user can specify the number of recommendationsto be presented,

from the best 10 to 50. Alternativ ely, the user can choose to seethe 10 items

the system thinks he or she will dislike the most. The recommendation list is

refreshedwhen the user returns to the main page.

(ii) Domain. If the databasecontains items from more than one domain then the

userwill have the option to choosewhich of thesedomains to work in and receive

recommendationson.

(iii) Items. The items in the current domain are organized into 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 convenience, reasoning that if users in the

past have wanted to rate these items, new usersmay want to rate them in the

future.

(iv) Search. Somedomainsmay have far too many items to just navigate through the

lists by name, so we have provided a search function. Userscan search by name

or by a feature which has beenusedto describe the item.

(v) Item addition. Users who 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

user is asked to enter the title, the year of release,and a description. The year

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

(vi) Rating information. The user can click these links to view the ratings and item

suggestionsthat he or shehas previously entered into the system.

(vii) FAQ. A list of answers to frequently asked questionsabout Recommendz.

(viii) Feedback. We provided userswith a forum in which they could quickly and easily

post questions,suggestions,and feedback. An exampleof sometypical interaction

is illustrated in Fig. 4.3.

2.3. Rating in terface. When an item is selectedfor viewing, the user is taken to

a page which presents whatever information the system has about the item, and a form

through which the user can specify his or her rating.

The information presented can be customizedto suit the item domain being usedand

the type of information available for the item. The rating form providesboxesfor the overall

rating and enoughspots for the user to specify as many as four feature ratings. For three

of thesepositions, the user may choosefrom a drop-down list of preexisting featureswhich

have beensuggestedfor useby this user on 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 system then 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 shown in Fig. 4.4.

2.4. Recommendation explanation. Herlocker et al. have persuasively argued

that recommendationsare more e�ectiv e when accompaniedby an explanation [HKR00 ].

For this reasonwe incorporated a pageto justify the predicted rating given by the system.

42



4.2 PRESENTATION

(a) Rating interface.

(b) User entering a rating on a movie.

Figure 4.4. Screenshotsof the rating interface of Recommendz.

In the list of recommendeditems, each 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 used on the item, and the mean quantit y of

each 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 user can

view the recommendationwith a lower amount of con�dence.

This is a weakform of explanation. A strongersort of explanation would bepersonalized

to the user and 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 convenient

for him or her to be able to view the system's rating on that item without having to �nd
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Figure 4.5. An exampleof the explanation for a recommendationof the movie Gladiator.

the desired item 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 made in either oneor two steps,as the casemay be:

(i) The system attempts to �nd the personalized rating for the item as is com-

puted in the main page'slist of recommendations,i.e. as a personalizednearest

neighbourhood-basedrecommendation(as described in Chapter 3, Section 2).
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(ii) If the previous attempt at computing a personalizedrecommendation has not

beensuccessful,then the system computes the 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 useful to the user than nothing. If at least oneuser

has rated 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 contain only a relatively small subset of the existing relevant items.

Administrativ e usershave the abilit y to add new items to the systembut in the early days of

the system'soperation we found that someuserswanted to be able to add items themselves.

Allowing usersthe abilit y to add to the databasedirectly would be a problem if a malicious

user decided to spam the system with a large number of fake items, so we implemented a

mechanism 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 set the item suggestionform up to only

be visible to userswho have rated ten or more items, so that those userswho have already

shown a genuine interest in and commitment to the systemcan becomemore involved in 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 accessto such information. In thesecaseswe may want to provide a

userwith a link to this information for his or her convenience,and so in the item suggestion

step we can insert a script to check an authoritativ e information repository for veri�cation

that the item suggestedactually exists. If it doesexist then it is given to an administrativ e

user to 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 less than 10 months of accessto the item

suggestionfeature.
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3. Administrativ e features

Administrativ e usersof the systemare given accessto many functions that casualusers

do not have.

Item control This includes the abilit y to add and remove items from the database, and to

modify existing items. Also administrativ e userscan review and either approve or

reject the item additions suggestedby casualusersof the system(seeSection2.6).

Feature control It is entirely possible that some users of 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 accessto a pageon which they can switch featuresto be invisible. An

invisible feature will only be seenby the userwho addedand usedit (and by any

other userswho subsequently 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 appear to have beenentered with actual malicious intent, an administrator

can just delete the feature and any and all ratings in which it appears.

It is also possible that users will independently try to enter the same feature

with spelling which is di�eren t enough from an existing feature that our search

mechanism doesn't view them as the same. For this reasonanother page exists

through which an administrator can easily merge two or more features into one

new feature.

Within the past year, several features have been made invisible, but none have

beenso bad as to require being deleted.

Usageinformation The system keepstrack of and displays upon demand, recent usage,including a

list of the newest usersand the amount of feedback each 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 each user, and a histogram of the number of
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overall ratings made with each of the possible rating values (i.e. in the range

[1; 10]).

Other information There arealsoseveral pageswhich display results in which an administrator might

be interested, including the correlation values between features as calculated in

Chapter 3, Section 4.2 using Eq. 3.11.

Options Administrativ e usershave more control over the parameters used in the recom-

mendation engine, such as neighbourhood size and the values of the weighting

values ! r , ! o, ! q. The average,casualuser will likely not take the time to read

about the details of the recommendation algorithm and so to present the users

with these options would most likely be overwhelming. For such users these

parametersare set and controlled by the administrators.
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CHAPTER 5

Results

1. Evaluation

Before presenting our results, we will intro duce the methods used to evaluate the sys-

tem.

1.1. Error measure. A commonly used error measure in recommendersystem

research is the normalized mean absoluteerror (NMAE) (e.g. in [HKB + 99, GR GP01,

Can02 ]). The mean absoluteerror (MAE) for user u is de�ned as

MAE (u) =
1

jI u j

X

i 2 I u

j~rui � rui j (5.1)

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

particular rating system being used. If r max and rmin are the maximum and minimum

rating valuesbeing used(in our case10 and 1, respectively), then

NMAE( u) =
MAE

rmax � rmin
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 recently , Carenini and Sharma proposedand evalu-

ated several 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 as recall, and is the percentage of

items for which the systemattempts to predict a rating and is able to do so. Mathematically,

Recall =
1

jUj

X

u2 U

jI u \ I ~r
u j

jI u j
2 [0; 1] (5.3)

where I u is the set of items rated by user u, I ~r
u is the set of items for which the system

could compute predicted ratings for user u, 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 performanceof Recommendzwe used a leave-

one-out cross-validationscheme. In this method, for each user,his or her rating on oneitem

is held out, and then the remaining ratings are used to predict a rating on the hold-out

item, using the prediction methods described below. It is possiblethat the system will 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 one in the user'sneighbourhood of most similar usershas rated the item),

but if the system is able to calculate a predicted rating, then the absolute error of that

prediction is calculated and contributes to the user'sNMAE asdescribed above. The mean

NMAE of all usersis then recordedfor the trial. A trial is performed for each setting of the

number of nearestneighbours to be usedand the weights in the

This variation of the cross-validation technique is commonly used in 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 usersexaminedhave a relatively small number of ratings

to work with. This test set contains 225 users.

In our algorithm we have several adjustable parameters,including the number of neigh-

bours usedto make the prediction, and the weights ! r , ! o, ! q usedto compute the hybrid

similarit y in Eq. 3.5. We examined a large number of combinations of weights so in order

to simplify the discussionof the results we have namedseveral of the more useful weighting
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schemes.Thesenamesare given in Table 5.1. Note that Pure CF, Pure Opinion, and Pure

Quantity are not hybrid methods sincethey useonly one of the three similarit y measures.

Neighbourhood sizeranged from 1 to 100.

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

! r ! o ! q

Pure CF 1 0 0
Pure Opinion 0 1 0
Pure Quantit y 0 0 1
FeaturesOnly 0 1 1
All 1 1 1
CF+ 4 1 1
Opinion+ 1 4 1
Quantit y+ 1 1 4

For comparisonwith a model-basedapproach to recommendation,wealsoevaluated the

performanceof Eigentaste[GR GP01 ] on our data set. Results of thesetests are presented

in Section 3.6.

1.4. Sparsit y and similarit y metho ds. In Chapter 3, Section 3, we presented

two methods of calculating a hybrid similarit y betweenusersusing feature information.

In the Feature Bias method we compute similarit y by comparing bias towards fea-

tures (Chapter 3, Section 3.1) and in the Item-by-Item method we only examine feedback

on features which were used in common and on the sameitems (Chapter 3, Section 3.2).

The former approach was actually found to relieve rating sparsity: There are nearly four

hundred user pairs for which a similarit y could not be computed basedon the overall com-

ponent of item ratings (i.e. traditional CF could not compute a similarit y so), but for

which feature-basedsimilarit y could be computed. There were roughly �v e hundred pairs

of userswho rated items but who had used no features in common. On the other hand,

the Item-by-Item approach resulted in just over 18000pairs of userswho could not have a

feature-basedsimilarit y computed, sincethe usersmay have rated features in common but

not on the sameitems. Both methods only apply to feature information so both use the

sameoverall similarit y values.

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

two hybrid similarit y approachesseparately, 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-

Item 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 GP01 ], Goldberg

et al. showed 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 thesebaselinesby a signi�cant margin in order to be of any use.

A more useful baseline for 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 consistently outperform POP is doing extra com-

putation (compared to POP) for no real reason.

1.6. Evaluating feature suggestion. Evaluating the feature suggestionmethod

proposedhasbeendi�cult, as the evaluation measureusedmust take into account not only

any gainsin accuracyprovided by the useof suggestedfeaturesbut alsothe usersatisfaction

with the features which have beensuggested(i.e. have any of the features the user had in

mind beensuggested).In addition, for any given rating only a small number of featuresare

available and so comparisonsof the accuracy of di�eren t methods is di�cult. As a result

of these issueswe have left the nature of this evaluation an open problem and intend to

examine it in future work.

2. User response

Sinceour rating systemis new, the question aroseas to how usersfeel about providing

feedback. The initial concernwas that 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 uselessif usersare so annoyed by

the interface that they never usethe system.
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In order to determine whether our rating system was in fact a problem, we examined

feature usage. We found that among usersof the system who are not a�liated with the

research project, who had entered 7598item ratings, the averagenumber of featuresspeci�ed

per item rated was slightly more than 2.5. In addition, among thesesameusers58% of all

ratings entered were madeusing 3 or more ratings (with a maximum of 15 featuresentered

by a user for a single item), 49%of all ratings were madeusing exactly 3 features,and only

23% of all item ratings were made using the bare minimum of only one feature. It is worth

noting that by default the item rating screenallows the user to enter 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 speculatewhether providing the userwith more spacesfor specifying featureswould have

led to usersentering even more feature information on average.

Of the 956userswho had createdan account asof writing, 568had entered 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 user to our other usageresults

which are very promising.

Due to these results, we are con�dent that on average users do 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 feedback fun in and of itself, but

such a claim would require collecting user feedback about the system itself, 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 feedback if they feel they are getting something in return [SS01].

As of writing, the system contains approximately 670 features and slightly over 2100

items, 1140of 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 user will be useful to the algorithm.

Fig. 5.1 illustrates the number of distinct users who have used each feature at least

oncein a rating. Of thesefeatures, 70% have beenusedby 2 or more users. Most features
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Figure 5.1. Featuresversusthe number of distinct userswho haveusedthe feature.
70% of all features were usedby 2 or more users.
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Figure 5.2. The number of ratings entered for each item (each item can only have
one rating by each user at any moment). 63% of all items were rated by 2 or more
users.

have beenusedby fewer than 50 users. Table 5.2 lists the ten most frequently-used features

in the system, and the number of distinct userswho have entered ratings using each.

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 users who have rated each item.

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

2.1. User feedbac k. We included a simple messageboard page on the website,

so that usersof the system could easily provide explicit feedback on the system. Many of

the posts were questionsabout the systemand its capabilities, but we received feedback as

well.

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

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

I previously gave you an 8 of 10 in ratings, then I rented a few movies

the system recommended... now I 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 zeroed in on. I found that if there was a clunker in either likes

or dislikes I could rate that and it helped a lot to focus on my tastes.

Thanks. 2

Someusersdid feel that the system is too complicated. For instance, one user wrote:

What! Are! You! Doing! 3

This user also complained that too much work was required to receive ratings.

Another user said, simply:

It's too complicated 4

however, 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 one is actually

required.

In all, the negative feedback was lesscommonthan the positive, and the amount of use

our system has enjoyed appears to be an indicator of a generally positive and enthusiastic

response.

1Comment by user \D1e7el"
2Comment by user \gra yster"
3Anonymous user via email
4Anonymous user
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2.2. Item suggestion. Someuserstook a more active interest in the system and

begansuggestingmore movies to be addedto the databaseusing our online suggestionform

(seeChapter 4, section 2.6).

After the system had been up and running for 10 months, of the slightly more than

2000movies in the system'smovie database,242,or over 10%,had beensuggestedby users

who have no connection with the researchers.

It is also reassuringto note that to date there have beenno \prank" or malicious item

suggestionsreceived, although somequestionablefeatureshave beenproposed,such as \Go

go gadget Carpet!", and somereasonablefeatures have beenusedinappropriately.

3. Exp erimen tal Results

In this section we present 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 page50.

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 recommendation to be

found in many popular sources(e.g. the metacritic 5 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. no in
uence is given to the feature

rating data) outperformed POP predictions on all but the smallest neighbourhood sizebut

wasin turn outperformedby all of the hybrid weighting schemesexcept for thosewhich gave

the most weight to the quantit y values, i.e. Pure Quantity and Quantity+ (seeFig. 5.3.

The results for both Pure CF and POP are included in each 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 similarit y method. This is illustrated

in the left-hand columns of Fig. 5.7 and Fig. 5.8, where the recall values for Pure CF are

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

5http://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 values for 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.
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Figure 5.3. NMAE versusneighbourhood sizefor Feature Bias similarit y schemes,
for all neighbourhood sizes,including the neighbourhood of only the single nearest
user

The graphsin Fig. 5.4 illustrate the NMAE of the variousweighting 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 each graph),

and Pure Opinion and all of the hybrid weighting schemesprovide better performancethan

traditional collaborative �ltering (Pure CF). Pure Quantity doesnot outperform Pure CF.

The weighting schemeswhich consistently perform the bestare thosewhich placeweight

in the FeatureOpinion values: Pure Opinion, Opinion+ , FeaturesOnly, and All. On its own,

the Feature Quantit y bias information is not useful, as illustrated by the poor performance
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of the Pure Quantity scheme;however, in combination with the Overall and FeatureOpinion

values,Feature Quantit y bias does improve performance. In Fig. 5.5 we compare the best

performing schemesfrom each 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 observed for Pure CF, the recall valuesfor the Feature Bias hybrid

methods are either equivalent to, or are outperformed by, the recall of Pure CF (see the

left-hand columns of Fig. 5.8 and Fig. 5.7). This is probably becauseusing Feature Bias in

computing the two feature-basedsimilarit y measuresallows userswith fewer items rated in

common to be consideredsimilar to each other. In the tests we are performing here this

leads to decreasedperformancein terms of recall but in real-world use it 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 approach, which uses the Item-by-Item similarit y values

where it is possibleto compute them combined with the Feature Bias similarit y values to

�ll in the sparsity, we �nd that the accuraciesof the various weighting schemesare very

similar to those for the Feature Bias method presented 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 similarit y is quite sparsesoa

largenumber of valuesneedto be�lled in with FeatureBias similarities; however, the NMAE

values in this Combination similarit y 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

Item-by-Item feature similarities. If this similarit y were lesssparsethe di�erences might be

more pronounced.

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

ilarit y values, we see that the recall values of the hybrid methods are now consistently
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(a) Pure CF, Pure Opinion , Pure Quantity
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Figure 5.4. NMAE versusneighbourhood sizefor Feature Bias similarit y schemes 58
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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-Item feature similarit y wherever it can be computed meansthat

many of the inter-user similarit y valueswill be dependent on the usershaving not only used

the samefeatures, but having used the samefeatures on the sameitems, which leads to a

higher recall rate.

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

3.5.1. Accuracy. In the tests in which we used only Item-by-Item similarit y 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 approaches,

performed the best onceagain; however, the minimum error valuesachieved were, overall,

not as impressive. 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 constant 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 approach, where we noted that error valuesdecreasedmore

quickly than they had for the Feature Bias approach alone. That e�ect must have beenthe
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Figure 5.6. NMAE versus neighbourhood size for combined Item-by-Item and
Feature Bias similarit y
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(a) Feature Bias similarit y for \Pure" weight-
ing schemes.
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(b) Combination similarit y for \Pure"
weighting schemes.
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(c) Feature Bias similarit y for Pure CF, Fea-
tures Only, and All.
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(d) Combination similarit y for Pure CF, Fea-
tures Only, and All.
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(e) Feature Bias similarit y for CF+ , Opin-
ion+ , and Quantity+ .
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(f ) Combination similarit y for CF+ , Opin-
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Figure 5.7. Recall versusneighbourhood sizefor all neighbourhood sizes.
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(c) Feature Bias similarit y for Pure CF, Fea-
tures Only, and All.
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(d) Combination similarit y for Pure CF, Fea-
tures Only, and All.
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Figure 5.8. Detail of recall versusneighbourhood size.
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result of the Item-by-Item similarities. This suggeststhat given the feature feedback 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-Item similarit y

values,we �nd that using only Item-by-Item similarities consistently outperforms Pure CF

(seeFig. 5.10).

3.6. Comparison with Sparse Factor Analysis and Eigen taste. We obtained

an implementation 6 of the 'Mender [Can02 ] SparseFactor Analysis recommendationen-

gine and tested it on our ratings data, omitting userswho have rated fewer than 10 items,

as we did for our algorithms. In each test run, the data set was divided into a group of

training and test users,with one tenth of the ratings selectedrandomly and held back as

the test set each time. The training set was used to build a model using SparseFactor

Analysis (SFA) and predictions were made on the items in the test set to 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 packagestate that in their systemnormalization by

per-item mean ratings outperformed normalization by per-usermean ratings). Over the 10

test runs we found an averageNMAE of 0.2175which is comparable to 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 consistently performing better than the averageresults of our

method, with NMAE valuesaround 0.18.

We also implemented and tested the Eigentaste [GR GP01 ] algorithm on our data set,

using the samemethod to divide the data set into test and training users. PCA wasusedto

reducethe data spaceto two dimensionsand the training userswere then clustered in 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

6http://www.cs.b erkeley.edu/ jfc/'mender
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0 10 20 30 40 50 60 70 80 90 100
0.215

0.22

0.225

0.23

0.235

0.24

Neighbourhood size

N
M

A
E

POP
Pure CF
CF+
Opinion+
Quantity+

(c) Pure CF, CF+ , Opinion+ , Quantity+

Figure 5.9. NMAE versusneighbourhood sizefor Item-by-Item similarit y
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Figure 5.10. Recall versusneighbourhood sizefor Item-by-Item similarit y
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test runs we observed an averageNMAE of 0.2055which slightly outperforms our method;

however, our method is still competitiv e with error valuesaround this level.

It is also worth noting that the more nuanced feedback collected through our system

naturally lends itself to greater explanatory power than these other recommendation al-

gorithms, including SFA. Although accuracy is of course very important, researchers are

increasingly interested in the explanatory power of recommendersystems[HKR00 ].

3.7. Feature correlation. It is di�cult to validate the results of the feature cor-

relation computation method except by manually looking at the results, and even then it is

not obvious how to quantify a ground truth for thesecorrelations. Due to this limitation,

in this section we 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 (page66) shows a list of the 10 most highly correlated featuresasdetermined

by Eq. 3.11. As an example, for the Disney movie Finding Nemo, an animated �lm about

talking �sh, the user is suggestedto use the feature \talking animals" (among 10 other

features including \charming" and \social commentary") although no user has used this

feature on this �lm.

Table 5.4 shows a list of the 10 pairs of features with 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 commentary foreign
likeablecharacters great acting
talking animals computer graphics
foreign directed beautifully
funny cartoon
cinematography 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 children
complex plot children
not for kids children
children's fun violence
charming violence
interesting plot realism
predictable intelligent
predictable not for kids
deep violence
complex plot beautiful imagery
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CHAPTER 6

Discussion

In this thesiswe have presented an approach to recommendersystemswhich involvesa novel

systemfor providing feedback on items. This feedback goesbeyond the traditional feedback

mechanism of \lik e"/\dislik e", allowing usersto explain the factors which wereimportant to

their preferences,and 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

betweenusers,and also provides a genericmethod for collecting item content information

and combining that information with the preferencedata of collaborative �ltering. We

have developed a method for using these ratings in order to provide recommendationson

items for the usersof our system. Our recommendationmethod is modular and allows for

many di�eren t 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 several more joining each day. With the data we have collected

from these users, we have explored and evaluated several variations on a basic approach

to recommendation by �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

similarit y calculation improves performance over the traditional nearest neighbour-based

approach to collaborative �ltering, indicating that the additional information is useful to

understanding user preferences.



6.1 FUTURE DIRECTIONS

Our results are basedon the useof standard \classic" collaborative �ltering algorithms

and performancemetrics and suggestthat the quality of recommendationscan be substan-

tially improved by the useof semantic features. This is in addition to the explanatory power

such features can provide, and their abilit y to generalizeacrossitems and users.

We have also examined two alternativ e 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 suggeststhat 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 across items. Such a combination

would require a substantial extension of the existing methods, and while it seemsquite

feasibleit remains an open problem for the present.

1. Future Directions

Several openproblemshavebeenidenti�ed through this research, and appear to provide

promising directions for future work.

Our systemrequiresmore feedback on the part of the user than someother approaches.

Although many users enjoy this aspect of our system, others have complained that they

�nd it too time-consuming. It would be useful to attempt to accommodate both types of

users,perhapsby intro ducing a hierarchy of user typeswhich usemore or lessaccurate rec-

ommendation methods depending on the amount of feedback the user is willing to provide.

Someusersmight be willing to go as far as writing extendedreviewson items while others

would continue using the rating systemwe have described in this thesis. Other usersmight

prefer to selecta user stereotype from a list and receive predictions basedon the system's

understanding of that stereotype. Still other \parasitic" usersmight prefer lessaccurate,

unpersonalizedrecommendationswhich require no feedback at all.

It is also possiblethat someof the userswho have beenlessimpressedwith our rating

system would feel more enthusiastic about it given a di�eren t interface. It would be useful

to investigate other interfaces to the rating system. An ideal interface would be engaging

and even fun, self-explanatory, and would present features in a such a way that the user
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could easily �nd exactly what he or she is 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 feedback on the interface we could improve it greatly.

Although we currently usea memory-basedapproach, recommendationsare still made

quickly despitea consistently growing userpopulation; however, in order to allow the system

to continue to scale,it would be useful to incorporate someof the methods designedto this

task. In Chapter 2, Section 4 we have mentioned an approach to this task which involves

recognizingirrelevant and redundant users,and another approach which usesdata structures

which are designedspeci�cally to make memory-basedrecommendersystemsmore e�cien t.

We currently usepreferenceelicitation techniques to suggestfeatures for use in rating

items. Thesepreferenceelicitation techniquescould also be applied to suggestingitems for

the user to provide feedback on. In addition, we can experiment with di�eren t measures

of inter-feature correlation and feature importance in order to present the user with more

useful feature suggestionsfor rating.

Although we have observed general trends in the accuracy of our prediction method

depending on the weighting scheme used, the best weighting scheme varies from user to

user, and for many usersthere exist parameter settings which signi�cantly outperform the

overall results presented. Rather than using the best overall schemefor all users,it would

probably be fruitful to apply a learning schemeto determine the best weighting schemeand

neighbourhood size for each user basedon known ratings, and to use those parameters to

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-

tiv e �ltering techniques suggeststhat better accuracy could be achieved by combining our

feedback system with dimensionality reduction. This combination would build models on

a greater amount of information, making use of that extra information while identifying

important patterns and eliminating noise.

While continuing to strive for better performancein accuracy, we cannot forget that a

recommendationwhich is not justi�ed 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 between the
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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�eren t

methods of composingand presenting personalizedexplanations, and make sure to get user

feedback on those methods in order to determine which are the most useful.

Due to the nature of the features being suggested,it is possible that di�eren t users

will interpret features in di�eren t ways. This could be a problem if the interpretations are

wildly divergent, but in practice interpretations do not appear to vary enough to causea

seriousproblem in terms of the performanceof the system, and no usershave complained

of this issuebeing a problem; however, it is possiblethat the system's performancecould

be further improved by reducing any impact this issuedoeshave. One solution to this issue

would be to require each 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 research.

Finally, the promising results shown by Recommendzsuggestthat it would be interest-

ing and useful to apply the system to other item domains, especially domains in which the

features that are important to user preferencesare di�cult to extract automatically (e.g.

imagesor music).
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