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Abstract

This paper presents an overview of the field of collab-
orative filtering, a set of techniques which attempt
to assist with the problem of information overload
by selecting information based on recommendations
(both implicit and explicit) made by other people.

This technique differs from most previous attempts
in that the content of the items is not used as a
factor in the filtering process.

This paper covers the motivations for adopting
a collaborative approach, the main techniques and
previously developed systems.

1 Introduction

Techniques to deal with information overload are
becoming increasingly prevalent. The vast majority
of such techniques and related systems attempt to
overcome the problems of information overload by
automating the analysis of the content of online
documents. Documents are retrieved for a user based
on a similarity measure between the representations
of user’s information need and documents.

Recently, newer techniques have been developed
to improve upon and augment content-based ap-
proaches.  These collaborative filtering systems
attempt to approximate word-of-mouth recommen-
dations. Items are not retrieved on content-based
analysis but rather on recommendations by other

people.

This paper reviews this relatively new field of
research. In Section 2, content and collaborative
filtering techniques are compared and contrasted.
Section 3 details approaches to collaborative filter-
ing, outlining the most commonly used algorithms
and the related metrics used to ascertain the use-
fulness of the algorithms. A summary of available
results is presented in Section 4, while Section 5
addresses some pertinent issues, namely difficulties
that arise in obtaining ratings from users and dealing
with potential sparseness of data and information.
Section 6 describes common applications of collabo-
rative filtering including details of some well-known
collaborative-filtering systems.

2 Background

The ever-increasing popularity of the Internet has
led to an influx of users and, consequently, a huge
increase in the volume of available on-line data.
Such data is available through web sites, ftp sites,
mailing lists and Usenet newsgroups. This increase
has led to a situation where users are swamped with
information and have difficulty sifting through the
reams of material, much of which is not relevant to
them. This scenario is commonly referred to as the
problem of information overload.

The vast majority of the information is in an un-
structured or semi-structured format so traditional
database techniques are not sufficient in aiding users.



This insufficiency has led to the development of
information retrieval (IR) and information filtering
(IF) as important fields.

The fields of IR and IF have attempted to provide
solutions to the problem of information overload.
These systems typically view the task as selecting
from a set of documents, a subset of these docu-
ments, which are relevant to a user interest.

The difference between IR and IF is usually taken
to be a difference in the nature of the data and the
nature of the user request. With IR, the data set
is relatively static and the user request is a one-off
query. With IF, the data set is dynamic and the user
request is a profile representing a long term interest.
For an overview of the differences and similarities
between retrieval and retrieval systems the user is
directed to [4].

Newer systems and theories are being developed
every year with results presented in conferences such
as TREC[9].

According to Malone[13] there are three classes of
filtering techniques: cognitive, based on the content
of articles (which has received the most attention
in the past), social (or collaborative), based on
human judgments (which is the focus of this paper)
and economic, based on the cost of producing and
reading items.

2.1 Content-Based Filtering

Developed systems range from naive approaches
involving simple string matching augmented with
Boolean and proximity operators to more advance
techniques using the vector space model, latent
semantic indexing (LSI), probabilistic models (infer-
ence and belief networks) and connectionist networks.

The vector space model [15] represents documents
as weighted vectors and uses a cosine formula to
evaluate similarity. Turtle and Croft have used infer-
ence networks to implement comparisons[17]. Newer

models borrowing ideas from the AI field include
Kwok’s connectionist network[11] and Belew’s AIR
system[2][3]. Techniques such as LSI attempt to
recognise latent interconnections occurring between
terms[7].

The effectiveness of the content-based approach
is constrained by inherent difficulties of natural
languages.

2.2 Collaborative Filtering

Collaborative Filtering is not based on analysis
of the content of the document set but on the
premise that “people with similar interests in the
past will have the same interests and preferences
in the future”[12]. Collaborative filtering systems
and recommender systems attempt to exploit this
information to predict users’ interests.

Given a set of users, a set of items, and a set
of ratings, systems attempt to recommend items
to users based on prior ratings. The collaborative
filtering systems essentially automates the “word of
mouth” process.

2.3 Comparison of Content Filtering
to Collaborative Filtering

Collaborative filtering offers a number of advantages
over content-based filtering. The most obvious
difference between the two types of filtering is that
content filtering fails to capitalise on the knowledge
and opinions of people who have previously accessed
documents in the document set. With collaborative
filtering, attributes such as quality, clarity, presen-
tation style, and not just content, can be taken
into account. These factors are not considered in
content-based filtering.

In addition, content filtering can only be applied to
textual document sets whereas collaborative filtering
can be applied to both textual and non-textual
items, e.g. images, sound, movies, programs, etc.



The problems of polysemy (words with the same
spellng and different meanings depending on the
context) and synonmyny (words that are spelled
differently but have the same meaning) which often
degrade the performance of content-based filtering
systems, can be alleviated with collaborative filter-
ing. Also, an item may be recommended in which
the user has not explicitly expressed an interest
but which nonetheless the user may find interesting
(serendipity).

3 Approaches to Collaborative
Filtering

The problem space can be viewed as a matrix
consisting of the ratings of each user for the items
in the document set, i.e., the matrix consists of a
set of ratings w; j, corresponding to the rating by
user ¢ for an item j. Using this matrix, the aim
of collaborative filtering is to predict the ratings of
a particular user, i, for one or more items in the
document set.

The steps involved in the prediction of these
ratings for a given user i are:

e Select a set of users with similar inter-
ests/preferences to user i, i.e., users who have
similar ratings for items as user .

e Predict recommendations for user i from the set
selected in step 1, i.e., if these users rated an
item j highly, this item will be recommended to
user i.

The various techniques which can be used to per-
form these two steps are discussed in the following
sections.

3.1 Algorithms

Neighbourhood-based algorithms are the most com-
monly used approach in collaborative filtering. A

subset of users is chosen based on their similarity
with a current or active user. Such methods com-
prise three main steps:

1. Users with similar tastes to the active user are
selected - calculate user correlation.

2. A subset of these users is selected as a set of
predictors - neighbourhood selection.

3. A prediction is computed from the ratings of
these selected neighbours - generate a prediction.

Step 1: Calculate user correlation:
Various techniques can be used to calculate the
user correlation. These include:

1. Pearson correlation: a weighted average of
deviations from the neighbours’ mean is cal-
culated. This approach was used in the
original GroupLens system[14].

2. Constrained Pearson correlation: A varia-
tion on Pearson correlation where the de-
viation from the median of available rating
values, rather than the deviation from the
mean, is chosen in calculating correlations.
This was used in the Ringo system[16].

3. The Spearman rank correlation: similar to
Pearson correlation but uses ranking as op-
posed to explicit rating values, thus giving
greater independence of the range of rat-
ings.

4. The Vector similarity: uses the cosine mea-
sure between the user vectors to calculate
correlation.

5. Entropy-based uncertainty measure: which
uses conditional probability techniques[16].

6. Mean-square difference algorithm:  the
mean square difference between each pair
of users is calculated; the smaller the dif-
ference the higher the correlation.

Step 2: Neighbourhood Selection

Given the correlation values, techniques are now
needed to determine the number of neighbours



to select. In order to calculate a given set of
neighbours the following techniques can be used:

1. Correlation thresholding—where all neigh-
bours with absolute correlations greater
than a specified threshold are selected. Se-
lecting a high threshold means that only
good correlates will be selected thereby giv-
ing more accurate predictions. It may hap-
pen that very few neighbours will have such
a high correlation and as a result it may not
be possible to generate meaningful predic-
tions for some items.

2. Best-n correlations—where the best n cor-
relates are picked. Picking a large value of n
may result in too much noise for those with
high correlates whereas picking a small n
can cause poor predictions for users with
low correlates.

Step 3: Generate a prediction

Once the neighbourhood has been generated the
predictions can be produced. Techniques which
can be used include:

1. Compute the weighted average of user rat-
ings using the correlations as the weights.
This weighted average makes an assump-
tion that all users rate items with approx-
imately the same distribution. This ap-
proach was used in Ringo[16].

2. The weighted mean of all neighbours’ rat-
ings is computed. Rather than take the
explicit numeric value of a rating, a rat-
ing’s strength is interpreted as it’s distance
from a neighbour’s mean rating. This ap-
proach attempts to account for lack of uni-
formity in ratings. This approach was used
in GroupLens[14].

3. To account for the differences in the range
of users’ ratings, a ‘z-score’ can be calcu-
lated for each rating which assigns signifi-
cance to a rating as a function to the rat-
ing value, its distance from the neighbour’s

mean and the degree of variance in the
neighbour’s ratings.

3.2 LSI and SOM

Billsus and Pazzani[6], describes an alternative tech-
nique which combines a learning algorithm coupled
with singular value decomposition (SVD). SVD
(an approach also used in the LSI content filtering
system) is used to reduce the dimensionality of the
matrix. The initial matrix can be decomposed into
3 matices: A = UoV” where U and V are composed
of orthonormal vectors that define left and right
singular values of A. ¢ is a diagonal matrix. The
highest k singular values are maintained together
with the corresponding rows and columns in U
and V7. From these three reduced matrices, A’
an approximation of the original matrix A can be
derived. This approximation of the original exploits
latent interconnections between data items. A
detailed description is available in [5] and [7].

The vectors in this reduced matrix are then used
to train a neural network (a feed-forward network
with sigmoidal activation levels), which is then used
to generate predictions.

3.3 Metrics

The main metrics used to test the usefulness of a
collaborative filtering algorithm are:

e (Coverage: a measure of the ability of the system
to provide a recommendation on a given item.

e Accuracy: a measure of the correctness of the
recommendations generated by the system.

Coverage is usually computed as a percentage of
items for which the system was able to provide a
recommendation.

Accuracy is usually calculated by comparing the
ratings generated by the system to user-provided rat-
ings. The accuracy is usually presented as the mean



absolute error between ratings and predictions[16].

An alternative approach is to use ROC sensitivity,
a measure of the ability of the system in a decision
support environment. Typically, the value of the
rating is not that important—we are more interested
in whether it is a good or a bad rating. Usually
ROC sensitivity is measured by plotting sensitivity
against (1 — specificity). Sensitivity is the probability
of a good item being returned by the system as such,
specificity is the probability of a poor item being
acurately identified.

4 Results

Most experiments to test collaborative filtering
algorithms adopt a similar approach. A known
collection of ratings by users over a range of items is
decomposed into two disjoint subsets. The first set
(usually the larger) is used to generate recommenda-
tions for items corresponding to those in the smaller
set. These recommendations are then compared
to the actual ratings in the second subset. The
accuracy and coverage of a system can be thus be
ascertained.

Empirical analysis exists for quite a few of the
algorithms and techniques heretofore mentioned.
The majority deal with which correlation algorithm
provides the best results. Results[10] show that
Spearman and Pearson perform with roughly the
same accuracy and that these two techniques out-
perform vector based comparison and mean square
difference approaches.

It has also been shown that using the mean rating
for an item is less effective than using the average
deviation from the mean rating. No results indicate
that using z-scores to account for degrees of variance
result in any improvement.

5 Other Issues

While a range of techniques and systems have
been successfully developed to provide accurate
recommendations in a range of domains a number of
issues still remain to be resolved.

One such issue is that of obtaining a sufficient
volume of ratings to avoid a high degree of sparseness
which will ultimately lead to low accuracy and poor
coverage.

The majority of systems require users to explicitly
rate items. If a large number of items exist it is
likely that the task could prove too cumbersome
and time-consuming for a user, resulting in an
incomplete set of ratings thereby adversely affecting
the performance of the system.

An alternative is to attempt to gather implicit rat-
ings by modelling users’ behaviour. This approach
may prove useful in providing a sufficient number of
ratings. It also removes the user burden of having to
supply many ratings. The obvious pitfall associated
with implicit ratings is that assumptions in the user
model may prove false resulting in a decrease in
accuracy.

Difficulties also arise with respect to determining
the size of the neighbouhood. Too large a neighbour-
hood results in increased coverage but decreased
accuracy. Conversely, too small a neighbourhood
results in increased accuracy at the price of decreased
coverage.

6 Applications and Systems

There has been a marked increase in the number of
systems utilising collaborative filtering techniques.
These have mainly fallen into two categories:

e Information filtering and retrieval



In these systems the items being recommended
by the system are documents (emails, postings
to Usenet News etc.). Users provide recom-
mendations regarding which documents are rel-
evant. Information retrieval systems that utilise
collaborative filtering include Tapestry[l] and
Grouplens(8].

Tapestry

The concept of collaborative filtering origi-
nated with the Tapestry project at Xerox
PARCI[8]. It allows users to explicitly
annotate the electronic documents that
they read. These annotations can be a
textual comment or a Boolean rating.
Users can then retrieve documents based
on other users’ opinions of the document
as well as the content of the documents.

Tapestry suffers from a number of flaws
including;:

— the formulation of the collaborative re-
lationships remains the task of the user.

— requires explicit user interaction.

— lack of privacy, as users know who
made recommendations.

Grouplens

Grouplens is collaborative filtering system
applied to Usenet news. With this system
users rate articles on a numerical scale of 1
to 5. Correlations between different user
ratings are calculated. Explicit user in-
teraction is required. Experiments showed
that a large number of users and their rat-
ings were required to achieve effective per-
formance.

e Electronic Commerce

In these systems collaborative filtering is used
to personalise the on-line shopping experience.
The advantages for both the consumer and pro-
ducer are apparent—time saved for the con-
sumer, more focused selling for the producer
thereby increasing probability of sales. Many

online stores are beginning to adopt these tech-
niques. For example:

amazon: which allow people to share ratings
and reviews on different books.

dejanews: which allow recommendations on
computer equipment.

levis: who tried to recommend items to users
based on past purchases.

7 Conclusion

Collaborative filtering techniques recommend items
to users based on the ratings of items received from
users with similar tastes to the current user. This
differs from traditional approaches to Information
Retrieval (IR) and Information Filtering (IF) where
items are retrieved from a document set based on
content alone.

This paper provides an overview of the field of
collaborative filtering by discussing the need for
IR and IF techniques and the difference between
content-based and collaborative-based filtering.
Collaborative filtering approaches and algorithms
are then discussed together with the metrics that
are used to test and compare these algorithms.

A summary of experimental results using the
various algorithms is presented. Additional issues
which must be considered with collaborative systems
are outlined. Finally, a synopsis of the main systems
using collaborative filtering techniques is presented.
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