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Abstract

In this paper, we discuss open issues in collabora-
tive filtering, such as the nature of recommendations
and the difference between generated recommenda-
tions and personal recommendations. We outline some
strengths of socially embedded collaborative filtering
processes, such as active collaborative filtering, and
present passive collaborative filtering of Usenet news
as a collaborative filtering approach that does not im-
pose additional burden to the debit of its users.

1 Introduction

Collaborative filtering [4, 14], also referred to as rec-
ommending [15] or social filtering [17], represents a
novel approach to information filtering that does not
rely on the content or shape of objects as it is the
case in content-based filtering. Instead, filtering re-
lies on meta-data about objects, such as CDs, movies,
book, or webpages. Data can either be collected au-
tomatically, i.e., data is inferred from the user’s in-
teraction with the filtering system, or data has to be
voluntarily provided by the users of the filtering sys-
tem. GroupLens' is a popular example for a hybrid
approach combining ratings provided by users, data
inferred from user behavior, e.g., the time spent read-
ing articles as indicator for interest, and content-based
data extracted from the objects under investigation,
such as the proportion of spelling errors and included
text in documents [16].

A related research direction in collaborative filter-
ing is called active collaborative filtering [11]. Tt is
based on encouraging people to share information with
others rather than collecting ratings and modeling
user interests in order to compile recommendations as
in traditional collaborative filtering approaches.

Our interest in collaborative filtering originates
from trying to understand information needs and the
emergence of interests. Related research includes sit-
uated information filtering [10] which is a behavior-
based approach to the filtering of Usenet newsgroups
that does not rely on modeling user interests. Col-
laborative filtering offers additional ways to filter in-
formation without relying on explicit models of inter-
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ests. Socially embedded filtering processes, such as
active collaborative filtering [11] and passive collab-
orative filtering (see below), typically avoid two ma-
jor obstacles in the context of traditional collabora-
tive filtering. First, socially embedded approaches do
not abstract away the social context of recommenda-
tions. Abstracting and aggregating recommendations
changes the social nature of recommendations [8]. Sec-
ond, abstraction always involves the so-called abstrac-
tion gap [10].

We proceed as follows. First, we discuss issues in
understanding the nature of recommendations. Then,
we discuss passive collaborative filtering as an collab-
oration approach that avoids major obstacles.

2 The Nature of Recommendations

A prerequisite to understanding collaborative filter-
ing as a social process is understanding the nature of
automatically generated (and mostly de-personalized)
recommendations as well as the nature of personal rec-
ommendations. What are the differences and what do
these two extremes have in common? What kind of
recommendation is appropriate in a particular setting?

Our concerns with traditional collaborative filter-
ing are based on the understanding that there is no
such thing as context-independent information. The
value of information always depends on its origin and
the situational context of its usage. In this sense, our
assumptions are divergent from the assumptions un-
derlying much work in collaborative filtering (e.g., [7]
and less radical [19]).

We consider automatically generated recommenda-
tions as similar -in a sense- to automatically generated
newspapers. As pointed out by John Seely Brown
and Paul Duguid [1], a newspaper does not just re-
port news, it makes it. The news items included gain
social status and warrants that comes from the com-
bination of editorial selection, location on the page,
and wide distribution. Their claim is that the per-
sonally tailored, genuinely unique electronic newspa-
per offers neither physical nor social continuity. Each
individual output would be no more than that, indi-
vidual, with little or no indication of its social signifi-
cance. Transferred to recommendations, this may in-
dicate that automatically generated recommendations



lack social context in a similar way as automatically
generated newspapers do.

Our perspective is somehow supported by empir-
ical evidence collected during our experiments with
active webpage filtering [9]. One of the results of an
informal inquiry at the local computer science depart-
ment with approximately 50 returned questionnaires
was that most participants prefer personal recommen-
dations sent by friends or colleagues. Only a minor
part of the participants would investigate recommen-
dations sent by people who are unknown to them.

Experiences with passive collaborative filtering in
the Usenet domain (see below) also suggest that the
receiver as well as the originator of information are
important dimensions in contributing as well as con-
suming information.

However, the success of more or less de-personalized
movie-recommendations in newspapers as well as
the success of companies utilizing anonymizing rec-
ommender systems, such as the online bookstore
Amazon?, seems to indicate that de-personalized or
even anonymous recommendations are sufficient in
many settings. However, the success factors are
largely unknown. It is possible that other factors in
the broader context of the recommendations influence
the success of recommendations, such as the sum-
maries of movies that are typically jointly supplied
with recommendations of movies in newspapers.

3 Collaborative Filtering & Groupware
We investigated in detail the introduction of active
collaborative filtering of webpages to a medium-size
organization [9]. In addition, we are participating in
the SELECT? project which is a European research
project in information filtering and collaborative fil-
tering. SELECT is funded by the European Com-
munity. Part of our work in the broader context of
this project is understanding collaborative filtering in
its social dimension, i.e., prerequisites that are neces-
sary to successfully introduce a recommender system
to an organization as well as ways to raise interest in
collaborative filtering among the members of the orga-
nization. Also, we are interested in assessment tools
for the potential benefit of collaborative filtering for
individuals as well as for organizations.

One of the major problems with collaborative fil-
tering seems to be that it typically imposes additional
burden to the debit of the users supplying recom-
mendations in one form or another. The so-called
cold-start problem has frequently been discussed in
the literature but is yet unresolved. The problem is
well-known from experiences with the frequent fail-
ure of early groupware applications: “who does the
work and who gets the benefit?” [5]. Yet it is un-
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clear in the collaborative filtering context whether a
top-down benefit-oriented approach as envisioned by
[3] or bottom-up motivation-based approaches, such
as [11] and [9], are more promising when introducing
collaborative filtering to organizations. Examples of
successful motivation-based approaches in the group-
ware context have been reported in the literature [6].

4 Passive Collaborative Filtering

In order to investigate the potential benefit of exploit-
ing social relationships for information filtering pur-
poses we have developed a passive collaborative filter-
ing approach for the Usenet domain. Especially within
high-volume newsgroups it is a major problem to find
the interesting discussions among the so-called noise,
i.e., discussions that are off-topic or less interesting.
Finding interesting discussions is even more compli-
cated since topic drift [13] is a peculiarity of Usenet
discussions, i.e., the “official” title, is often divergent
from the topic that is actually discussed.

Passive collaborative filtering is based on provid-
ing users with data about the newsreading of other
Usenet users. The approach is based on the observa-
tion that experienced Usenet participants use not only
the subject of discussions but also the occurrence of
contributions by certain other participants as indica-
tors for potentially interesting discussions. Primitive
author-based monitoring is possible with most existing
newsreaders that offer some kind of filtering function-
ality. Author-based monitoring, however, works only
if the selected persons indeed contribute new articles
to a discussion. It remains invisible if these persons
passively follow a discussion, i.e., reading all the arti-
cles of a discussion without contributing new ones.

Passive collaborative filtering extends author-based
monitoring by visualizing the discussions that user-
selected persons passively follow. Empirical evidence
suggests that information about these discussions, i.e.,
discussions that have been found worth reading, helps
users find interesting discussions. Considering this ad-
ditional information then makes searching for interest-
ing discussions a collaborative activity [2] instead of an
individual activity.

Users of passive collaborative filtering are provided
with visualizations of the newsreading data collected
from selected persons acting as collaborators. Such
collaborators are selected by the user and are typically
socially respected persons participating in similar dis-
cussions as the user. The collaborators have to agree
to provide the data since passive collaborative filter-
ing builds on private usage data that is not accessible
to the public. Usage data is automatically collected
and does not impose additional burden to the debit of
those providing the data as it is the case with rating-
based approaches to collaborative filtering.

Besides the ease of use, passive collaborative filter-



ing allows the user to consider only data provided by
selected persons. This choice is typically not possible
with traditional collaborative filtering approaches.

Our current implementation of passive collab-
orative filtering involved the modification of the
newsserver, the newsreader, and the communication
protocol between them. Modifying the InterNetNews
(INN) 2.2 newsserver involved only the newsreader
demon (NNRPD). The tracking function of the de-
mon is now able to track individual users at particu-
lar sites. In addition, we extended the command set
of the demon to deliver usage data of particular users
on request. This is basically a transparent application-
specific extension to the Network News Transport Pro-
tocol (NNTP) similar to the rating-exchange extension
discussed in [12].

On the client side, we modified the spynews news-
reader to incorporate usage data. spynews [10] is a
newsreader that supports situated information filter-
ing by monitoring the user’s newsreading behavior and
reordering discussions according to the attention the
user paid to them. The spynews functionality is imple-
mented as augmentation to the NNTP-based Knews*
newsreader.

Passive collaborative filtering works like this: when
the user enters a discussion group, the newsreader re-
quests the usage data of the collaborators that the user
has decided to consider for this particular newsgroup.
The discussions that have been read by the collabora-
tors are then augmented with little tags according to
their usage. These collaboration-tags act as indicators
for interesting discussions since one or more collabo-
rators found these discussions worth reading. Good
collaborators will read mostly interesting discussions
and avoid or quickly abandon reading less interesting
discussions. However, interests differ among people
and people may read even uninteresting discussions
for some reason. This is why collaboration-tags are
indicators that have to be interpreted by the user.

First user experiences are promising and the addi-
tional information seems to be valuable since it pro-
vides help without any additional burden to the debit
of the those supplying the helping information. How-
ever, there are many open questions that are currently
under investigation. For example, it is unclear, how
long data about usage in the past should be incorpo-
rated. This is especially important if it took several
articles to find out that a discussion is uninteresting.
Experiences suggest to consider only the last 24 to 72
hours (depending on the newsreading frequency of the
collaborators).

Another open question is the best method to com-
pute the collaborator-tag. We are investigating vari-
ous absolute and relative measurements, such a s the
number or the percentage of articles of a discussion
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that have been read. Besides other computational
questions, such as privacy (NNTP is an insecure pro-
tocol) and scalability, this research directly addresses
open social issues in collaborative filtering, such as
reputation and trust, since passive collaborative fil-
tering explicitly builds on the social relations among
Usenet participants. These relations are typically ab-
stracted away in traditional collaborative filtering ap-
proaches.

Experiences with passive collaborative filtering also
suggest that many people are not willing to provide
data concerning sensible domains except it is guaran-
teed that only personally known persons have access
to the data. In our passive collaborative filtering ap-
proach, we have resolved the issue by relying on per-
sonal responsibilities. Requesting usage data requires
first of all authentication to the newsserver as partici-
pant of the passive collaborative filtering experiment.
In addition, a special password may be required to
access the data of a particular person. This password
has to be requested from the supplier of the data. This
quite simple procedure ensures that only particular
persons have access to the usage data of particular
persons.

Currently, we are augmenting passive collaborative
filtering in order to facilitate broader usage. A combi-
nation of virtual newsgroups as proposed by [18] and
a tool (probably web-based) that allows for adding
and removal of collaborators then permits the usage of
standard off-the-shelf newsreaders. The virtual news-
groups then contain those discussions that are read by
collaborators. The additional tool is necessary since
standard newsreaders do not support filtering-related
communication with the newsserver.

5 Conclusions

We have shown that there are still a lot of open issues
in using collaborative filtering systems besides purely
technical questions. At the workshop, we would like
to contribute our perspective and our experiences. In
turn, we would like to learn from the experiences of
others in order to better understand the potential suc-
cesses and failures of recommender systems.
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