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Abstract. We present PolylLens, a new collaborative filtering recommender system
designed to recommend items for groups of users, rather than for individuals. A group
recommender is more appropriate and useful for domains in which several people
participate in a single activity, as is often the case with movies and restaurants. We
present an analysis of the primary design issues for group recommenders, including
questions about the nature of groups, the nghts of group members, soctal value functions
for groups, and interfaces for displaying group recommendations. We then report on our
PolyLens prototype and the lessons we learned from usage logs and surveys from a
nine-month trial that included 819 users We found that users not only valued group
recommendations, but were willing to yield some privacy to get the benefits of group
recommendations Users valued an extension to the group recommender system that
enabled them to invite non-members to participate, via email

Introduction

Recommender systems (Resnick & Varnan, 1997) help users faced with an
overwhelming selection of items by identifying particular items that are likely to
match each user’s tastes or preferences (Schafer et al., 1999). The most
sophisticated systems learn each user’s tastes and provide personalized
recommendations.  Though several machine learning and personalization
technologies can attempt to learn user preferences, automated collaborative
filtering (Resnick et al,, 1994; Shardanand & Maes, 1995) has become the
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preferred real-time technology for personal recommendations, in part because 1t
leverages the experiences of an entire community of users to provide high quality
recommendations without detailed models of either content or user tastes.

To date, automated collaborative filtering systems have focused exclusively on
recommending items to individuals. In some domains, such as Usenet News
(Konstan et al., 1997; Resnick et al., 1994), this limitation is understandable. Few
users read articles collectively. In other domains such as books or music
(Shardanand & Maes, 1995), it is common both to enjoy the media alone and in
groups. (Indeed, the MusicFX system (McCarthy & Anagnost, 1998), which did
not attempt to use collaborative filtering, was designed specifically to address the
challenge of selecting music for the often-large groups of people using a
corporate gym.) Moreover certain items, among them restaurants, board games,
and movies (Hill et al., 1995), are more commonly enjoyed in groups.
Recommender systems that identify items such as movies for individuals do not
address the user’s key question, which is not “what movie should I see?” but
rather “what movie should we see?”

This paper explores the design space of collaborative filtering recommenders
for groups and presents our experience deploying the PolyLens group
recommender to over 800 MovieLens users. The design space includes issues
such as: What is the nature of a group? How are groups formed? How are
recommendations computed for groups? What interfaces are best for sharing
recommendations with groups? What are the privacy issues in showing
recommendations to groups?

In our field trial with PolyLens we explored user experiences with one set of
design choices. We kept detailed logs to measure how users formed groups, how
they used the groups, and how the experience of users who used groups differed
from the experience of users who did not use groups. We also surveyed the group
users to learn their reactions to group recommendations, including their opinions
about the value of the recommendations and the tradeoff in lost privacy.

In the next section, we present related work in recommender systems and in
other systems with related group dynamics issues. We then introduce PolyLens
and review the design space for group recommenders, looking at group properties
and member rights, algorithms for group recommendation, and interfaces for
displaying group recommendations. We follow with results of our user trial and
survey, and we conclude with a discussion of lessons learned.

Related Work

Though we know of no previously published studies of groups in recommender
systems, the work is related to previously published work on collaborative
filtering, group formation, roles in collaborative systems, and awareness in
collaborative systems.



201

Collaborative filtering. Many different approaches have been applied to the
basic problem of making accurate and efficient recommender systems, ranging
from nearest neighbor algorithms to Bayesian analysis. The -earliest
recommenders used nearest neighbor collaborative filtering algorithms (Resnick
et al., 1994; Shardanand & Maes, 1995). Nearest neighbor algorithms are based
on computing the distance between users based on their preference history.
Predictions of how much a user will like an 1tem are computed by taking the
weighted average of the opinions of a set of nearest neighbors for that product.
Opinions should be scaled to adjust for differences in ratings tendencies between
users (Herlocker et al., 1999).

Model-building methods work by creating a model offline, and then running
the model online. The model may take hours or days to build. The goal is for the
resulting mode! to be small, fast, and accurate. Several techniques have been
shown to be successful, including: (1) Bayesian networks, which create a model
based on a training set with a decision tree at each node and edges representing
user information (Breese et al., 1998); (2) dimensionality reduction using
eigenvectors (Goldberg et al., 2000) or singular value decomposition (Sarwar et
al., 2000), which creates a low-dimensional space within which latent
relationships between users or items can be discovered; (3) clustering techniques,
which identify groups of users who appear to have similar preferences (Ungar &
Foster, 1998); and (4) Horting, a graph-based technique in which nodes are users,
and edges between nodes indicate the degree of similarity between two users
(Aggarwal et al., 2000).

In this paper we focus on the basic question of whether group
recommendations can be useful to users, so we use nearest neighbor algorithms.
These algorithms are appropriate for our purpose since they are the most
thoroughly studied, and since our users on MovieLens are most familiar with
nearest neighbor algorithms.

Group formation. Many studies have examined systems that support group
formation. Two interesting ends of the spectrum are Kansas and MusicFX.
Kansas is a virtual world in which a user can join a group by moving towards
other users (Smith et al., 1998). Kansas groups are similar to chatting in physical
spaces in an office environment. MusicFX accidentally enabled group formation
by creating a system in which the music in a corporate gym was selected
according to the taste of the people working out at a given time (McCarthy &
Anagnost, 1998). People began modifying their workout times to arrive at the
center with other people, often strangers, who shared their music tastes.

Our work involves intentional groups, like Kansas, and unlike MusicFX.
Unlike Kansas, the groups are explicitly selected for an external reason: these
people want to see a movie together.

Roles. Roles for participants in collaborative systems have been studied by
many researchers For instance, Kansas includes an object-oriented programming
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language within which arbitrary roles can be described (Smith et al., 1998; similar
to Edwards, 1996). Roles corfer rights and responsibilities on the users. Other
collaborative systems provide mechanisms to directly control the operations users
can perform (Dewan & Shen, 1998).

Experimental work on roles in practice suggests that complicated roles are not
necessary in many cases, since social protocols will evolve to manage the
interaction tasks. For instance, studies of the Grove and Aspects multi-user
editors show that users avoid conflict effectively without system support (Ellis et
al., 1991). Further, one study of a large number of Lotus Notes databases shows
that even though users say they .expect moderators to increase the amount of
communication in Notes discussion boards, the moderators actually significantly
decrease the amount of communication (Whittaker, 1996). For these reasons, our
work uses only very simple roles and permissions, which we address when we
discuss design issues.

Awareness. One of the necessary conditions for social protocols to evolve is
awareness of other users in the system. For instance, user group drawing tools
often show where other users are in the drawing space, and what objects they are
currently manipulating (Gutwin & Greenberg, 1998). Experience with group
writing tools shows that awareness is important for group dynamics (Mitchell et
al, 1995). The Prep collaborative editor treats awareness of other users
explicitly, by creating separate ‘columns to record the edits performed by each
user (Neuwirth et al., 1994). Our work follows the Prep model of making
awareness explicitly visible through separate columns of data about each user.

Designing PolyLens:

PolyLens is a group recommender extension to the MovielLens recommender
system (<http://movielens.umn.edu/>). MovieLens is a free movie recommender
site with over 80,000 users and their ratings of over 3,500 movies (with a total of
nearly 5 million ratings). MovieLens users rate movies on a five-star scale.

The MovieLens front page shows users several lists of recommended films,
including movies in theaters and movies recently released on video tape or DVD
formats. The front page also provides access to special features, experiments, and
a query interface. Users may search for movies by title, retrieving a list of
matching movies with predicted ratings, or may select categories of movies by
date and genre, retrieving lists of recommendations sorted by prediction.

PolyLens was integrated with MovieLens in three places. New links were
added to the front page to allow users to create or manage groups; a new field was
added to the query interface to allow users to select whether they were looking for
group or individual recommendations; and a membership consent interface was
added to alert users who were invited to join groups of their pending invitation.
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Our goals in designing PolyLens were to:

+ gain experience with the design and use of group recommenders;

* create a system that MovieLens users would find valuable;

» simplify the implementation by using our existing infrastructure; and

* keep the trust of MovieLens users by implementing policies and algorithms

that respected their privacy and presented accurate recommendations.
We explicitly were not trying to experimentally identify the best design or to
compare design alternatives in any systematic way. We knew that several of our
goals depended upon having happy users, and therefore focused our efforts on
designing a system that would satisfy our users.

Given the novelty of group recommenders, we were forced to start design from
scratch. We 1dentified five specific questions about groups and membership,
group recommendations, and group interfaces. We reviewed the design
alternatives 1n each area, choosing those that seemed appropriate for our goal of
supporting groups of people who were going to see a movie together. In this
section, we discuss those five design questions, the alternatives we explored, the
choices we made for PolyLens, and different design goals for which alternative
designs would be more appropriate.

What is the nature of a group?

Are groups ephemeral or persistent? Public or private?

The persistence of groups is an issue related to both usage patterns and privacy
issues. If users want to repeatedly receive recommendations for the same group
of people, it saves time and effort to make the group persistent. On the other
hand, if groups form and dissociate for a single use, ephemeral approaches better
meet the need. This issue interacts with consent (discussed below) as a time-
intensive consent process may tender ephemeral groups inconvenient, but users
may be willing to reduce the amount of consent required if they know the group is
only used once, or only in their presence.

A related issue is whether groups are private, known only to group members,
or public and accessible to all. Public groups can become community meeting
places of sorts (e.g., the Titanic-haters group) or even soapboxes where famous
critics such as Roger Ebert and Richard Roeper might define a new taste. Private
groups serve as clubs where a group of friends or family may share tastes away
from the noise and scrutiny of the masses.

In PolyLens, we chose to design the system to' support many persistent private
groups. Given the nature of movie going, we believed users would often choose
to go to the movies with members of the same groups. We also expected that any
individual user would be part of only a few groups, but that the system might
have many small groups. Private groups minimized both naming problems and
concerns about privacy.
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Alternative designs would be more appropriate in other cases. A bookseller
creating on-line book clubs, for example, might prefer to have a small number of
public groups, both to make it easier to find a group and to focus attention on the
selected books. Systems to support casual recommendations, such as the workout
music playing in a gym might be better designed to support rapid ephemeral
group formation (McCarthy & Anagnost, 1998). Similarly, a movie
recommender in a kiosk in a video store, rather than on the web, might make use
of ephemeral groups by having group members scan their membership cards to
receive impromptu group recommendations.

How do groups form and evolve?

All group support systems, from e-mail lists to physical invitations, must address
the question of creation and maintenance of the groups. Three important issues
are: who creates groups, who can join them, and how are they managed.

The decision on who can create groups frequently determines the nature and
quantity of groups. An administrator who creates every group may provide a
level of quality control, but may also be a bottleneck that reduces the number of
groups created. At the other extreme, some systems allow any user to create
groups, encouraging group formation but possibly resulting in a large number of
duplicate or otherwise underused groups (particularly when they are public). A
middle position limits group creation to people with certain privileges.

A related question is who may join groups. Some systems let users apply to
join private groups while others require members to be invited. Systems with
large, public groups often allow members to simply join without the group’s
consent. Other issues include the ability to set qualifications for group
membership and the question of whether group membership 1s restricted to
members of a larger community (e.g., members of the recommender system).

Group management ranges from anarchy (where all members have all rights,
including the right to disband the group) to dictatorship (where a group’s founder
or administrator has all rights, and members have none) with a variety of
compromises 1n the middle such as voting systems. Particular rights relevant to
administering groups include adding and removing members, viewing the
membership list, disbanding the group, and delegating administration privileges.

In PolyLens, we wanted to encourage group formation while keeping
administration and membership simple. We decided to allow any MovieLens
user to create a group, and linited membership to the people that the group
creator invited. All group members could view the membership list and remove
themselves from the group, but only the creator of the group could invite new
members or remove another member. The creator of the group must already
know the person she wants to invite; there is no mechanism for finding other
users through PolyLens.
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Most of our decisions make less sense for systems with public groups or larger
groups. In particular, public group systems need either open joining or an
application process to avoid in-band membership requests. For instance, mailing
list systems such as majordomo usually have careful rules that separate
membership requests from the list traffic. Systems with larger groups also need a
way to delegate administrator privileges and may want to have additional levels
of administration, such as a system-wide administrator who has the authority to
disband a group that violates site policies

How is privacy handled within a group?

Since the goal of a group recommender system is to recommend items for the
group as a whole, membership entails at least some minimal loss of privacy. We
look at what control users have over their own membership in groups as well as
what control they have over sharing their personal data.

There are three common policies for membership control. One policy, often
used in “groups” formed by junk mailers and spammers, neither notifies members
nor asks their consent. This gives users no control and awareness of group
membership but does make it easy to form groups. A second policy notifies the
user that she has been added to a group, providing awareness but no explicit
consent. This policy also makes 1t easy to form groups, but sacrifices user control
over private data. The third policy requires consent from an invited group
member before that member enters the group and before her data 1s used by the
group. This policy makes it more difficult to create groups but provides the
greatest privacy protection to the users.

Once a user joins a group, what control does he retain over his personal data?
In recommender communities, data can be divided into two categories: ratings
data and recommendation data. Ratings data comprises the opinions the user has
entered about items he has experienced. Recommendation data comprises
system-derived predictions of how well a user would like a particular item. In the
example of movies, a user may have ratings data indicating that he liked Titanic
very much (giving it five stars) as well as recommendation data indicating that the
system thinks he’ll dislike Star Trek VI.

A recommender system can use personal data without revealing it, or may
reveal it to other users. Any user joining a recommender system community, with
or without groups, consents to having his ratings used by the system to generate
recommendations for others. This consent is fundamental to collaborative
filtering recommenders and is the basis for forming the community.,. Similarly, in
order to influence the items recommended to a group, a group member must
implicitly allow the system to use his ratings (and possibly recommendations) in
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the formation of group recommendations, even 1f they are not explicitly revealed.!
On the other hand, the ratings and recommendations of individual users need not
be revealed to other group members. Particular implementations may make this
information available, may hide this information, or may leave control over the
information to each individual user.

In PolyLens, our concern for our members’ privacy led us to require explicit
consent before an invited member could be added to a group. We tried to make
the process of consent as easy as possible. If the member is physically with the
inviter, she can simply enter her ID and password to provide instant consent.
Otherwise, the user is notified of the pending invitation when she next logs in to
MovieLens. For people who are already MovieLens users, we also send a
notification e-mail if they have consented to receive e-mail from us; for
invitations to non-users, we have' no choice but to send e-mail. During the
consent process, the user is also asked whether she is willing to share her
recommendations with the other group members. She can change this decision or
leave the group at any time.” We do not provide a way to share actual ratings.

How do we form recommendations for groups?

There are two issues to address when forming recommendations for groups. First,
there is the general issue of defining a social value function that describes how the
tastes and opinions of individuals affect the group’s recommendation. Then there
is the technical, algorithmic implementation of that social value function to create
an efficient recommendation based on the tastes of many users.

The social value functions for group recommendations can vary substantially.
Group happiness may be the average happiness of the members, the happiness of
the most happy member, or the happiness of the least happy member (1.e., we’re
all miserable if one of us is unhappy). Other factors can be included. A social
value function could weigh the opinion of expert members more highly, or could
strive for long-term fairness by giving greater weight to people who “lost out” in
previous recommendations.

Once a social value function 1s selected, an algorithm must be developed to
implement it. Single-user collaborative filtering systems commonly use nearest
neighbor algorithms that identify a set of community members most like the
target user and evaluate items as a similarity-weighted average of the normalized
ratings from those users. This algorithm is not directly applicable to group
recommendations because each group member has different tastes and therefore
different individual ratings profiles.. There are two basic approaches for retaining

1 we recognmize that groups with few members can attempt to infer individual tastes from group predictions,
particularly 1f members can form groups with and without a target member This type of inferential attack on
pnivacy 1s well known (Beck, 1980) and addressing 1t 1s beyond the scope of this work
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the essence of nearest neighbor algorithms in a group setting: creating a single,
neighborhood for the group and merging individual recommendations.

The most direct way to support group recommendations is to create a "pseudo-
user" that represents the group's tastes, and to produce recommendations for the
pseudo-user. The pseudo-user could be created manually by group members as a
reflection of their shared tastes, or it could be created automatically by merging
the rating profiles of the group members. Manual creation allows groups to come
to explicit consensus on movie ratings (in a way, they can define their own socia
value functions), but this is time-consuming and hard to keep current. Automatic
creation of pseudo-users from group member profiles is more practical, but it
raises severa issues. In particular, the formula for merging ratings may give
unequal weight to the ratings of different users. For instance, using the union of
the group's individual ratings leads to recommendations biased toward users with
more ratings. A related approach isto avoid merging profiles and instead choose
a set of neighbors to best fit the group overall, for some best-fit criteria. By
representing the taste of the group before making recommendations, these single
neighborhood approaches increase the chance of finding serendipitously valuable
recommendations. On the other hand, these algorithms can produce
recommendations that satisfy many, but not all, members of a group, which may
not match the desired socia value function. Furthermore, the group prediction
may lie outside the range of any individual predictions, which may be
disorienting to users and difficult to explain (Herlocker et al., 2000).

Instead of creating pseudo-users, the recommender system can generate
recommendation lists for each group member and merge the lists. Merging
strategies have several advantages. They present results that can be directly
related to the results that would be seen by individual group members. This
means that the results are relatively easy to explain (e g., "the system believes that
three of you would like it a lot, but two of you wouldn't like it a al™). Also,
since these approaches compute individual recommendations it is efficient to
display them alongside the group recommendation, giving users more information
with which to make decisions. On the other hand, group recommendations based
on merge strategies are less likely to identify unexpected, serendipitous items.

In PolyLens, we expected most groups to be smal—just two or three users—
and therefore chose to use a social value function where the group's happiness
was the minimum of the individual members' happiness scores. We aso decided
not to recommend movies that any member of the group had already rated (and
therefore seen). We used an algorithm that merged users' recommendation lists,
and sorted the merged list according to the principle of least misery. -..

We know that both our social value function and our recommendation list
merge algorithm are unlikely to work well for large groups. It is an open research
guestion to understand the types of social value functions that best satisfy large
groups and to implement them algonthmically.



