Group Recommender Systems:
Combining individual models

Judith Masthoff

Abstract This chapter shows how a system can recommend to a group rsfluge
aggregating information from individual user models andlgiting the users affec-
tive state. It summarizes results from previous researthignarea. It also shows
how group recommendation techniques can be applied whemraending to in-

dividuals, in particular for solving the cold-start proimiend dealing with multiple
criteria.

1 Introduction

Most work on recommender systems to date focuses on recodingeitems to
individual users. For instance, they may select a book foaréiqular user to read
based on a model of that user’s preferences in the past. Hilenge recommender
system designers traditionally faced is how to decide whaitldvbe optimal for
an individual user. A lot of progress has been made on thisyi@enced by other
chapters in this handbook (e.g. [3, 8, 9, 14, 15]).

In this chapter, we go one-step further. There are manytginsawhen it would
be good if we could recommend to a group of users rather than tedividual. For
instance, a recommender system may select televisiongroges for a group to
view or a sequence of songs to listen to, based on modelsgrbalp members. Rec-
ommending to groups is even more complicated than recommgtalindividuals.
Assuming that we know perfectly what is good for individuagts, the issue arises
how to combine individual user models. In this chapter, wik discuss how group
recommendation works, what its problems are, and what agedmave been made.
Interestingly, we will show that group recommendation tégbes have many uses
as well when recommending to individuals. So, even if youdmeeloping recom-
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mender systems aimed at individual users you may still waméad on (perhaps
reading Section 7 first will convince you).

This chapter focusses on deciding what to recommend to gpgnoyparticular
how to aggregate individual user models. There are othaesst consider when
building a group recommender system which are outside thygesof this chapter.
In particular:

e How to acquire information about individual users’ prefeces.The usual rec-
ommender techniques can be used (such as explicit ratirdys@laborative-
and content-based filtering, see other handbook chapiérsje is a complica-
tionin that it is difficult to infer an individual’s preferees when a group uses the
system, but inferences can be made during individual uséired with a prob-
abilistic model when using it in company. An additional cditgtion is that an
individual’s ratings may depend on the group they are in.ifFstance, a teenager
may be very happy to watch a programme with his younger gjblibut may not
want to see it when with his friends.

e How will the system know who is presetifferent solutions exist, such as users
explicitly logging in, probabilistic mechanisms using tiirae of day to predict
who is present, the use of tokens and tags, etc [17].

e How to present and explain group recommendatioAs®een in this handbook’s
chapter on explanations, there are already many consigiesavhen presenting
and explainingindividual recommendations. The case of group recommenda-
tions is even more difficult. More discussion on explainimgup recommenda-
tions is provided in [13] and under Challenges in our finatisec

e How to help users to settle on a final decisidn?some group recommenders,
users are given group recommendations, and based on tloesemendations
negotiate what to do. In other group recommenders this ismdgsue (see Sec-
tion 2.3 on the difference between passive and active gjodpsoverview of
how users’ decisions can be aided is provided in [13].

The next section highlights usage scenarios of group reanmders, and pro-
vides a classification of group recommenders inspired Herdifices between the
scenarios. Section 3 discusses strategies for aggregatidgls of individual users
to allow for group recommendation, what strategies have lbised in existing sys-
tems, and what we have learned from our experiments in thi. &ection 4 deals
with the issue of order when we want to recommend a sequenitena$. Section
5 provides an introduction into the modelling of affectivats, including how an
individual's affective state can be influenced by the affecstates of other group
members. Section 6 explores how such a model of affectie stn be used to
build more sophisticated aggregation strategies. Sectisimows how group mod-
elling and group recommendation techniques can be used mltemmending to
an individual user. Section 8 concludes this chapter aralidses future challenges.
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2 Usage Scenarios and Classification of Group Recommenders

There are many circumstances in which adaptation to a geonedded rather than
to an individual. Below, we present two scenarios that irezbour own work in this
area, discuss the scenarios underlying related work, amdder a classification of
group recommenders inspired by differences between thesos.

2.1 Interactive Television

Interactive television offers the possibility of persamatl viewing experiences. For
instance, instead of everybody watching the same news gorggt could be per-
sonalized to the viewer. For me, this could mean adding mumees about the
Netherlands (where | come from), China (a country that feegeis me after having
spent some holidays there) and football, but removingesabout cricket (a sport
I hardly understand) and local crime. Similarly, music peogs could be adapted
to show music clips that | actually like.

There are two main differences between traditional reconataton as it applies
to say PC-based software and the interactive TV scenareistgd above. Firstly,
in contrast to the use of PCs, television viewing is largefgraily or social activ-
ity. So, instead of adapting the news to an individual viewe television would
have to adapt it to the group of people sitting in front of ittt time. Secondly,
traditional work on recommendation has often concernedmesending one par-
ticular thing to the user, so for instance, which movie thershould watch. In the
scenarios sketched above, the television needs to adaptuiarse of items (news
items, music clips) to the viewer. The combination of recanding to a group and
recommending a sequence is very interesting, as it may gibowto keep all indi-
viduals in the group satisfied by compensating for items #quéar user dislikes
with other items in the sequence which they do like.

2.2 Ambient Intelligence

Ambient intelligence deals with designing physical enmireents that are sensitive
and responsive to the presence of people. For instancedeotise case of a book-
store where sensors detect the presence of customerdigbbitly some portable
device (e.g. a Bluetooth-enabled mobile phone, or a fideltgl equipped with an
active RFID tag). In this scenario, there are various sendistributed among the
shelves and sections of the bookstore which are able totdbeepresence of indi-
vidual customers. The bookstore can associate the idetigficof customers with
their profiling information, such as preferences, buyintigzas and so on.

With this infrastructure in place, the bookstore can previdstomers with a re-
sponsive environment that would adapt to maximise theit-taghg with a view
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to increasing sales. For instance, the device playing tokgraund music should
take into account the preferences of the group of customigngwhearing distance.
Similarly, LCD displays scattered in the store show recomaeel books based on
the customers nearby, the lights on the shop’s display win@bowing new titles)
can be rearranged to reflect the preferences and interetts gfoup of customers
watching it, and so on. Clearly, group adaptation is needganost physical envi-
ronments will be used by multiple people at the same time.

2.3 Scenarios Underlying Related Work

In this section we discuss the scenarios underlying the kvest/n group recom-
mender systems:

e MusICFX [22] chooses a radio station for background music in aggreentre,
to suit a group of people working out at a given time. This iwikir to the
Ambient Intelligence scenario discussed above.

e POLYLENS [25] is a group recommender extension ofoMELENS. MOVIE-
LENS recommends movies based on an individual’s taste as idfénwen ratings
and social filtering. BLYLENS allows users to create groups and ask for group
recommendations.

e INTRIGUE [4] recommends places to visit for tourist groups taking iatcount
characteristics of subgroups within that group (such ddi@r and the disabled).

e The TRAVEL DECISION FORUM [12] helps a group to agree on the desired at-
tributes of a planned joint holiday. Users indicate the@fprences on a set of fea-
tures (like sport and room facilities). For each feature,shstem aggregates the
individual preferences, and users interact with embod@wersational agents
representing other group members to reach an accepted greigoence.

e The COLLABORATIVE ADVISORY TRAVEL SYSTEM (CATS) [23] also helps
users to choose a joint holiday. Users consider holiday gggek and critique
their features (e.g., ‘like the one shown but with a swimmpogl’). Based on
these critiques, the system recommends other holidaygto.tisers also select
holidays they like for other group members to see, and thesarmotated with
how well they match the preferences of each group memben¢aséd from
their critiques). The individual members’ critiques resuh a group preference
model, and other holidays are recommended based on thidmode

e YU'sTV RECOMMENDER[29] recommends a television program for a group to
watch. It bases its recommendation on the individuals'gregices for program
features (such as genre, actors, keywords).
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2.4 A Classification of Group Recommenders

The scenarios provided above differ on several dimensighigh provide a way to
classify group recommender systems:

e Individual preferences are known versus developed over. timmost scenarios,
the group recommender starts with individual preferenicesontrast, in CATS,
individual preferences develop over time, using a critigustyle approach. An-
other chapter discusses critiquing and its role in groupmenendation [24].

e Recommended items are experienced by the group versusig@ss optiondn
the Interactive TV scenario, the group experiences the itewss. In the Ambi-
ent Intelligence and MsICFX scenarios, they experience the music. In contrast,
in the other scenarios, they are presented with a list ofrn@eendations. For
example, BLYLENS presents a list of movies the group may want to watch.

e The group is passive versus actiliemost scenarios, the group does not interact
with the way individual preferences are aggregated. Howenethe TRAVEL
DecisioN FOrRuM and CATS the group negotiates the group model.

e Recommending a single item versus a sequdndée scenarios of MsICFX,
POLYLENS, and YU'sS TV RECOMMENDERIt is sufficient to recommend indi-
vidual items: people normally only see one movie per evenedjo stations can
play forever, and ¥’ s Tv RECOMMENDERchooses one TV program only. Simi-
larly, in the TRAVEL DECISIONFORUM and CATS users only go on one holiday.
In contrast, in our Interactive TV scenario, a sequenceeafistis recommended,
for example making up a complete news broadcast. Similarly TRIGUE, it is
quite likely that a tourist group would visit multiple atottons during their trip,
so would be interested in a sequence of attractions to Wb, in the Ambi-
ent Environment scenario it is likely that a user will hearltiple songs, or see
multiple items on in-store displays.

In this chapter, we will focus on the case where individuaf@rences are known,
the group directly experiences the items, the group is yasand a sequence is rec-
ommended. Recommending a sequence raises interestingogseggarding se-
quence order (see Section 4) and considering the indistaéfective state (see
Sections 5 and 6). A passive group with direct experiencheftems makes it even
more important that the group recommendation is good.

DeCampos et al.'s classification of group recommendersdimguishes be-
tween passive and active groups [7]. In addition, it usesdtlier dimensions:

e How individual preferences are obtaine@hey distinguish between content-
based and collaborative filtering. Of the systems mentiai®n/e, PLYLENS
is the only one that uses collaborative filtering.

e Whether recommendations or profiles are aggregatedhe first case, recom-
mendations are produced for individuals and then aggrdgate a group rec-
ommendation. In the second case, individual preferenaaggregated into a
group model, and this model is used to produce a group recowhation. They
mention NTRIGUE and FOLYLENS as aggregating recommendations, while the
others aggregate profiles.
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These two dimensions are related to how the group recomméndaplemented
rather than being inherent to the usage scenario. In thistehave focus on ag-
gregating profiles, but the same aggregation strategidg afyen aggregating rec-
ommendations. The material presented in this chapter spigndent of how the
individual preferences are obtained.

3 Aggregation Strategies

The main problem group recommendation needs to solve is boadapt to the
group as a whole based on information about individual uBkes and dislikes. For
instance, suppose the group contains three people: Paterahd Mary. Suppose a
system is aware that these three individuals are preseritraovads their interest in
each of a set of items (e.g. music clips or advertisemens)leTL gives example
ratings on a scale of 1 (really hate) to 10 (really like). Whtelms should the system
recommend, given time for four items?

Table 1 Example of individual ratings for ten items (A to J)

A B C D E F G H I J
Peter 10 4 3 6 00 9 6 8 10 8
Jane 1 9 8 9 7 9 6 9 3 8
Mary 10 5 2 7 9 8 5 6 7 6

3.1 Overview of Aggregation Strategies

Many strategies exist for aggregating individual ratingia group rating (e.g.
used in elections and when selecting a party leader). Fongbea the Least Misery
Strategy uses the minimum of ratings to avoid misery for gnmembers (Table 2).

Table 2 Example of the Least Misery Strategy

A B C D E F G H J
Peter 10 4 3 6 10 9 6 8 10 8
Jane 1 9 8 9 7 9 6 9 3 8
Mary 10 5 2 7 9 8 5 6 7 6
Group Rating 1 4 2 6 7 8 5 6 3 6
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Eleven aggregation strategies inspired by Social Choiedihare summarised
in Table 3 (see [17] for more details).

Table 3 Overview of Aggregation Strategies

Strategy How it works Example

Plurality Voting  Uses ‘first past the post’: repetitivelyA is chosen first, as it has the highest
the item with the most votes is choserrating for the majority of the group,

followed by E (which has the highest
rating for the majority when exclud-

ing A).

Average Averages individual ratings B's group rating is 6amely
(4+9+5)/3.

Multiplicative Multiplies individual ratings B's group tag is 180, namely
4*9*5,

Borda Count Counts points from items’ rankings ii&'s group rating is 17, namely 0 (last

the individuals’ preference lists, withfor Jane) + 9 (first for Mary) + 8
bottom item getting O points, next ongshared top 3 for Peter)
up getting one point, etc

Copeland Rule  Counts how often an item beats oti€s group rating is 5, as F beats
items (using majority vote) minus?7 items (B,C,D,G,H,l,J) and looses
how often it looses from 2 (A,E).

Approval Voting Counts the individuals with ratingsB’s group rating is 1 and F’s is 3.
for the item above a approval thresh-

old (e.g. 6)
Least Misery Takes the minimum of individual ratB’s group rating is 4, namely the
ings smallest of 4,9,5.

Most Pleasure Takes the maximum of individual raB’s group rating is 9, namely the
ings largest of 4,9,5.

Average without Averages individual ratings, after ex-J’s group rating is 7.3 (the average of
Misery cluding items with individual ratings 8,8,6), while A is excluded because
below a certain threshold (say 4).  Jane hates it.

Fairness Items are ranked as if individuals ateem E may be chosen first (highest
choosing them in turn. for Peter), followed by F (highest for
Jane) and A (highest for Mary).

Most respected Uses the rating of the most respecteld Jane is the most respected person,
person individual. then A's group rating is 1. If Mary is
most respected, then it is 10.
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3.2 Aggregation Strategies Used in Related Work

Most of the related work uses one the aggregation strategiesble 3 (sometimes
with a small variation), and they differ in the one used:

e INTRIGUEUSes a weighted form of the Average strategy. It bases itgopgecom-
mendations on the preferences of subgroups, such as echddcethe disabled.
It takes the average, with weights depending on the numbgeable in the sub-
group and the subgroup’s relevance (children and disabkré given a higher
relevance).

e PoLYLENSsuses the Least Misery Strategy, assuming groups of peopig tm
watch a movie together tend to be small and that a small grengstto be as
happy as its least happy member.

e MusICFX uses a variant of the Average Without Misery Strategy.r&lsate
all radio stations, from +2 (really love this music) to -24llg hate this music).
These ratings are converted to positive numbers (by addisg@then squared
to widen the gap between popular and less popular stationdvArage Without
Misery strategy is used to generate a group list: the avevbgatings is taken
but only for those items with individual ratings all abovehaeishold. To avoid
starvation and always picking the same station, a weigtdedam selection is
made from the top stations of the list.

e YU's TV RECOMMENDER uses a variant of the Average Strategy. It bases its
group recommendation on individuals’ ratings of programatdees: -1 (dislikes
the feature), +1 (likes the feature) and O (neutral). Thaufeavector for the group
minimizes its distance compared to individual memberduavectors. This is
similar to taking the average rating per feature.

e The TRAVEL DEcISION FORUM has implemented multiple strategies, includ-
ing the Average Strategy and the Median Strategy. The Mestiategy (not in
Table 3) uses the middle value of the ratings. So, in our el@ntipis results
in group ratings of 10 for A, and 9 for F. The Median Strategyswhosen be-
cause it is nonmanipulable: users cannot steer the outamtheit advantage by
deliberately giving extreme ratings that do not truly refftbeir opinions. In con-
trast, for example, with the Least Misery strategy devicsersi can avoid getting
items they dislike slightly, by giving extremely negatiaings. The issue of ma-
nipulability is most relevant when users provide expliaitimgs, used for group
recommendation only, and are aware of others’ ratingsfathich is the case in
the TRAVEL DECISIONFORUM. Itis less relevant when ratings are inferred from
user behaviour, also used for individual recommendatiang users are unaware
of the ratings of others (or even of the aggregation stratesgy).

e In CATS, users indicate through critiquing which featureladiday needs to
have. For certain features, users indicate whether theyegrered (e.g. ice skat-
ing required). For others, they indicate quantities (&.tpast 3 ski lifts required).
The group model contains the requirements of all users fanitetm which fulfils
most requirements is recommended. Users can also conypiiedebrd holidays,
so, the strategy has a Without Misery aspect.
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It should be noted that bothtY's TV RECOMMENDER and the RAVEL DE-
CISION FORUM aggregate preferences for each feature without using tee od
fairness: loosing out on one feature is not compensated tilnge/our way on
another.

Though some exploratory evaluation ofudicFX, POLYLENS and CATS has
taken place, for none of these systems it has been invedidpiw effective their
strategy really is, and what the effect would be of using &dbht strategy. The
experiments presented in the next section shed some lighiquestion.

In contrast, some evaluation ofYs TV RECOMMENDERhas taken place [29].
They found that their aggregation worked well when the greag quite homoge-
nous, but that results were disliked when the group was geiterogeneous. This is
as we would expect, given the Average Strategy will makeviddals quite happy
if they are quite similar, but will cause misery when tastiéfedwidely.

3.3 Which Strategy Performs Best

We conducted a series of experiments to investigate whiekegty from Table 3 is
best (see [17] for details).

In Experiment 1 (see Figure 1), we investigated how peopleldvsolve this
problem, using the User as Wizard evaluation method [20}id@ants were given
individual ratings identical to those in Table 1. Thesengsiwere chosen to be able
to distinguish between strategies. Participants weredasht@ch items the group
should watch, if there was time for one, two, .., seven itéis.compared partic-
ipants’ decisions and rationale with those of the aggregadirategies. We found
that participants cared about fairness, and about prexgntisery and starvation
("this one is for Mary, as she has had nothing she liked sg.f&@drticipants’ be-
haviour reflected that of several of the strategies (e.gAtleage, Least Misery,
and Average Without Misery were used), while other stratede.g. Borda count,
Copeland rule) were clearly not used.

I know individual ratings of
Peter, Mary, and Jane. What to
recommend to the group? If
time to watch 1-2-3-4-5-6-7
clips...

Fig. 1 Experiment 1: which sequence of items do people select if givesyhtem’s task
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You know the individual ratings of
you and your two friends. I have
decided to show you the following
sequence. How satistied would you

be? And your friends?

Fig. 2 Experiment 2: What do people like?

In Experiment 2 (see Figure 2), participants were given igemuences chosen
by the aggregation strategies as well as the individuaigatin Table 1. They rated
how satisfied they thought the group members would be witbglsequences, and
explained their ratings. We found that the Multiplicativiee®egy (which multiplies
the individual ratings) performed best, in the sense thatg the only strategy for
which all participants thought its sequence would keep all membetkeofroup
satisfied. Borda count, Average, Average without Misery Babt Pleasure also
performed quite well. Several strategies (such as Copelaled Plurality voting,
Least misery) could be discarded as they clearly were jutiyessult in misery for
group members.

We also compared the participants’ judgements with pridistby simple sat-
isfaction modelling functions. Amongst other, we foundttimore accurate predic-
tions resulted from using:

e (uadratic ratings, which e.g. makes the difference betvweeeting of 9 and 10
bigger than that between a rating of 5 and 6

e normalization, which takes into account that people ratdiffierent ways, e.g.,
some always use the extremes of a scale, while others onlhesriddle of the
scale.

4 Impact of Sequence Order

As mentioned in Section 2, we are particularly interestecezommending &e-
quenceof items. For example, for a personalised news program omaTécom-
mender may select seven news items to be shown to the grogelda the items,
it can use an aggregation strategy (such as the Multiple&trategy) to combine
individual preferences, and then select the seven itentsthwit highest group rat-
ings. Once the items have been selected, the question arigdmt order to show
them in the news program. For example, it could show the iiardescending order
of group rating, starting with the highest rated item andmegaith the lowest rated
one. Or, it could mix up the items, showing them in a randoneord
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However, the problem is actually far more complicated theat.tFirstly, in re-
sponsive environments, the group membership changesoonsly, so deciding
on the next seven items to show based on the current memisens s®t a sensible
strategy, as in the worse case, none of these members magdesmpanymore when
the seventh item is shown.

Secondly, overall satisfaction with a sequence may depeo on the order
of the items than one would expect. For example, for optiratib&ction, we may
need to ensure that our news program has:

e A good narrative flowlt may be best to show topically related items together.
For example, if we have two news items about Michael Jacksay &bout his
funeral and about a tribute tour) then it seems best if thegesi are presented
together. Similarly, it would make sense to present all tgpaems together.

e Mood consistencyt may be best to show items with similar moods together. For
example, viewers may not like seeing a sad item (such as &ssldeath) in the
middle of two happy items (such as a decrease in unemployameh& sporting
victory).

e A strong endinglt may be best to end with a well-liked item, as viewers may
remember the end of the sequence most.

Similar ordering issues arise in other recommendation dwsnk&or example, a mu-
sic programme may want to consider rhythm when sequenaéngsit The recom-
mender may need additional information (such as items’ mtagcs, rhythm) to

optimise ordering. It is beyond the topic of this chapter igcdss how this can be
done (and is very recommender domain specific). We just veamighlight that the

items already shown may well influence what the best next itserRor example,

suppose the top four songs in a music recommender were abkBlumay well be

that another Blues song ranked sixth may be a better nexttsel¢han a Classical
Opera song ranked fifth.

In Experiment 3 (see Figure 3), we investigated how a previtam may influ-
ence the impact of the next item. Amongst others, we fountirtted (resulting
from the previous item) and topical relatedness can inflaeatings for subsequent
items. This means that aggregating individual profiles atgroup profile should
be done repeatedly, every time a decision needs to be made thkmext item to
display.

5 Modelling Affective State

When recommending to a group of people, you cannot give ewdgylvhat they

like all of the time. However, you do not want anybody to get tlissatisfied. For
instance, in a shop it would be bad if a customer were to leagtlenaver come back,
because they really cannot stand the background music. Btaoys currently opt
to play music that nobody really hates, but most people na &ther. This may
prevent loosing customers, but would not result in incregsiales. An ideal shop
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[Insert name of your favorite sport’s club] wins important game

Fleet of limos for Jennifer Lopez 100-metre trip

Heart disease could be halved

Is there room for God in Europe?

Earthquake hits Bulgaria

UK fire strike continues

Main three Bulgarian players injured after Bulgaria-Spain football match

How much would you want to watch these 7
news items? How would they make you feel?

The first item on the news is “England football team
has to play Bulgaria”. Rate interest, resulting mood.

Rate interest in the 7 news items again

Fig. 3 Experiment 3: Investigating the effect of mood and topic

would adapt the music to the customers in hearing range inaguay that they get
songs they really like most of the time (increasing the Ik@bd of sales and returns
to the shop). To achieve this, it is unavoidable that custemal occasionally get
songs they hate, but this should happen at a moment when émegape with it
(e.g. when being in a good mood because they loved the pesangs). Therefore,
it is important to monitor continuously how satisfied eacbugr member is. Of
course, itwould put an unacceptable burden on the custdhtieey had to rate their
satisfaction (on music, advertisements etc) all the timil&ly, measuring this
satisfaction via sensors (such as heart rate monitors iat &qression recognizers)
is not yet an option, as they tend to be too intrusive, inaateuor expensive. So, we
propose to model group members’ satisfaction; predictibgsed on what we know
about their likes and dislikes.

5.1 Modelling an Individual’'s Satisfaction on its Own

In [19], we investigated four satisfaction functions to mbahn individual’s satisfac-
tion. We compared the predictions of these satisfactiowtfans with the predic-
tions of real users. We also performed an experiment (sagd-#) to compare the
predictions with the real feelings of users.

The satisfaction function that performed best defines thisfaetion of a user
with a new itemi after having seen a sequeritamsof items as:

_ SxSatlitemsg+Impact(i,d x Saf(items)

Saf(itemst < i >) 115
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Is this an
English word?
(20s to reply)

You got 5 right out
of 20. How satisfied
are you with your
performance on this
task?

You got 15 right out of 20.
How satisfied are you with your
performance on this task? How
satisfied are you with your
performance overall?

Fig. 4 Experiment 4: Measuring overall satisfaction during a serieasks

with the impact on satisfaction of new iteingiven existing satisfactiosadefined as
Impact(i,s) = Impact(i) + (s— Impacti)) x €, for0< e <land0< o<1

Parameted represents satisfaction decaying over time (Wi past items have
no influence, with3=1 there is no decay).

Parametek represents the influence of the user’s satisfaction aftpersanc-
ing previous items on the impact of a new item. This paramistarspired by the
psychology and economics literature, which shows that niogwhcts evaluative
judgement [19]. For instance, half the participants answest questionnaire about
their TVs received a small present first to put them in a gooddan@hese partici-
pants were found to have televisions that performed b&terif a user is in a good
mood due to liking previous items, the impact of an item thesnmally dislike may
be smaller (with how much smaller depending®)n

Parameter$ ande are user dependent (as confirmed in the experiment in [19]).
We will not definelmpact(i) in this chapter, see [19] for details, but it involves
quadratic ratings and normalization as found in the expemindiscussed above.

5.2 Effects of the Group on an Individual’s Satisfaction

The satisfaction function given does not take the satisfaaif other users in the
group into account, which may well influence a user’s satitgda. As argued in
[19] based on social psychology, two main processes camtake.

Emotional Contagion. Firstly, the satisfaction of other users can lead to scedall
emotional contagion: other users being satisfied may isereauser’s satisfaction
(e.g. if somebody smiles at you, you may automatically sivélek and feel better as
a result). The opposite may also happen: other users beisgtiified may decrease
a user’s satisfaction. For instance, if you are watchingwaiith a group of friends
than the fact that your friends are clearly not enjoying iymagatively impact your
own satisfaction.

Emotional contagion may depend on your personality (sonoplpeare more
easily contaged than others), and your relationship wighatter person. Anthro-
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pologists and social psychologists have found substaatidence for the existence
of four basic types of relationships, see Figure 5. In Experit 5 (see Figure 6), we
confirmed that emotional contagion indeed depends on théaeship you have:
you are more likely to be contaged by somebody you love (lideryest friend) or
respect (like your mother or boss) then by somebody you aegjaal footing with
or are in competition with.

Conformity. Secondly, the opinion of other users may influence your ovpnessed
opinion, based on the so-called process of conformity.

Figure 7 shows the famous conformity experiment by AschH&Jticipants were
given a very easy task to do, like decide which of the fourdihas the same orienta-
tion as the line in Card A. They thought they were surroundedther participants,
but in fact the others where part of the experiment team. Thers all answered
the question before them, picking the same wrong answemstskiown that most
participants then pick that same wrong answer as well.

Two types of conformity exist: (1) normative influence, inialinyou want to be
part of the group and express an opinion like the rest of thegeven though inside
you still belief differently, and (2) informational influes, in which your own opin-

“Somebody you
share everything
with, e.g. a best

friend”

“Somebody you
respect highly”

Communal Sharing

“Somebody you

are on equal footing with” Somebody you

do deals with /
compete with”

Market Pricing

Fig. 5 Types of relationship

Think of somebody you share
everything with (maybe your
best friend). Assume you and
this person are watching TV
together. You are enjoying the
program a little. How would it
make you feel to know that the
other person is enjoying it
greatly / really hating it?

Fig. 6 Experiment 5: Impact of relationship type on emotional contagio
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Card A

1

2

3 4

/

/

Fig. 7 Conformity experiment by Asch

ion changes because you believe the group must be rightmat@nal influence

Which card has a
line oriented as the
line on card A?
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would change your own satisfaction, while normative infkeenan change the sat-

isfaction of others through emotional contagion becaugkef(insincere) emotions

you are portraying.

More complicated satisfaction functions are presenteti9htp model emotional

contagion and both types of conformity.

6 Using Affective State inside Aggregation Strategies

Once you have an accurate model of the individual userssfaation, it would be

nice to use this model to improve on the group aggregati@begties. For instance,

the aggregation strategy could set out to please the leastieh member of the
group. This can be done in many different ways, and we hawestatted to explore
this issue. For example:

e Strongly Support Grumpiest stratedyhis strategy picks the item which imsost
liked by the least satisfied member. If multiple of these itemstgekisises one
of the standard aggregation strategies, for instance theglicative Strategy, to

distinguish between them.

o Weakly Support Grumpiest strategyis strategy selects the items that quéte
liked by the least satisfied member, for instance items with agati8 or above.
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It uses one of the standard aggregation strategies, likdtitglicative Strategy,
to choose between these items.

e \Weighted strategyl his strategy assign weights to users depending on their sat
isfaction, and then use a weighted form of a standard agtoegstrategy. For
instance, Table 4 shows the effect of assigning double thghiveo Jane when
using the Average Strategy. Note that weights are impassibhpply to a strat-
egy like the Least Misery Strategy.

Table 4 Results of Average strategy with equal weights and with twheavteight for Jane

A B C D E F G H I J
Peter 10 4 3 6 100 9 6 8 10 8
Jane 1 9 8 9 7 9 6 9 3 8
Mary 10 5 2 7 9 8 5 6 7 6

Average (equal weights) 7 6 43 73 87 87 57 77 67 73
Average (Jane twice) 55 68 53 83 83 88 58 8 58 75

In[21], we discuss this in more detail, propose an agenedbaschitecture for ap-
plying these ideas to the ambient intelligent scenario,destribe an implemented
prototype. Clearly, empirical research is needed to inyats the best way of using
affective state inside an aggregation strategy.

7 Applying Group Recommendation to Individual Users

So, what if you are developing an application that recommadnca single user?
Group recommendation techniques can be useful in three:Why$o aggregate
multiple criteria, (2) to solve the so-called cold-starolplem, (3) to take into ac-
count opinions of others. The chapter on aggregation okpeetes also discusses
how aggregation may be needed when recommending to indigdand covers
several specific aggregation functions [6].

7.1 Multiple Criteria

Sometimes it is difficult to give recommendations becausepttoblem is multi-
dimensional: multiple criteria play a role. For instanae,ai news recommender
system, a user may have a preference for location (being imamested in stories
close to home, or related to their favourite holiday plad&e user may also prefer
more recent news, and have topical preferences (e.g. preferews about politics
to news about sport). The recommender system may end up \gituation like
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in Table 5, where different news story rate differently oa trniteria. Which news
stories should it now recommend?

Table 5 Ratings on criteria for 10 news items

A B C D E F G H J

Topic 10 4 3 6 100 9 6 8 10 8
Location 1 9 8 9 7 9 6 9 3 8
Recency 10 5 2 7 9 8 5 6 7 6

Table 5 resembles the one we had for group recommendatiore gfbable 1),
except that now instead of multiple users we have multipkerta to satisfy. It is
possible to apply our group recommendation techniquesisgtioblem. However,
there is an important difference between adapting to a gobppople and adapting
to a group of criteria. When adapting to a group of people, énse sensible and
morally correct to treat everybody equally. Of course, ¢heray be some excep-
tions, for instance when the group contains adults as wethddren, or when it
is somebody’s birthday. But in general, equality seems al @boice, and this was
used in the group adaptation strategies discussed aboventrast, when adapting
to a group of criteria, there is no particular reason for aseg all criteria are as
important. It is even quite likely that not all criteria argually important to a par-
ticular person. Indeed, in an experiment we found that useas criteria in different
ways, giving more importance to some criteria (e.g. recémnsgen as more impor-
tant than location) [18]. So, how can we adapt the group recendation strategies
to deal with this? There are several ways in which this candned

e Apply the strategy to the most respected criteria only. Tdtags of unimpor-
tant criteria are ignored completely. For instance, assaiiterion Location is
regarded unimportant, then its ratings are ignored. Tablo@ss the result of the
Average Strategy when ignoring Location.

e Apply the strategy to all criteria but use weights. The mggirof unimportant
criteria are given less weight. For instance, in the Aver@gategy, the weight
of a criterion is multiplied with its ratings to produce neatings. For instance,
suppose criteria Topic and Recency were three times as feapiaas criterion
Location. Table 7 shows the result of the Average Strategygubese weights.
In case of the Multiplicative Strategy, multiplying theirags with weights does
not have any effect. In that strategy, it is better to use thghis as exponents,
so replace the ratings by the ratings to the power of the welite that in both
strategies, a weight of O results in ignoring the ratings gietely, as above.

e Adapt a strategy to behave differently to important versuisnportant criteria:
Unequal Average Without Misery. Misery is avoided for imjaamt criteria but not
for unimportant ones. Assume criterion Location is agagarded as unimpor-
tant. Table 8 shows the results of the Unequal Average Withtsery strategy
with threshold 6.
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Table 6 Average Strategy ignoring unimportant criterion Location

A B C D E F G H I J
Topic 10 4 3 6 10 9 6 8 10 8
Recency 10 5 2 7 9 8 5 6 7 6
Group 20 9 5 3 19 17 11 14 17 14

Table 7 Average Strategy with weights 3 for Topic and Recency and Ldcation
A B C D E F G H I J

Topic 30 12 9 18 30 27 18 24 30 24
Location 1 9 8 9 7 9 6 9 3 8

Recency 30 15 6 21 27 24 15 18 21 18
Group 61 36 23 48 64 60 39 51 54 50

Table 8 Unequal Average Without Misery Strategy with Location unimtgnt and threshold 6

A B C D E F G H I J
Topic 10 4 3 6 10 9 6 8 10 8
Location 1 9 8 9 7 9 6 9 3 8
Recency 10 5 2 7 9 8 5 6 7 6
Group 21 22 26 26 23 20 22

We have some evidence that people’s behaviour reflects titeroes of these
strategies [18], however, more research is clearly neeuéuis area to see which
strategy is best. Also, more research is needed to estalilish to regard a criterion
as "unimportant”. The issue of multiple criteria is also thpic of another chapter
in this handbook [1].

7.2 Cold-Start Problem

A big problem for recommender systems is the so-called stad-problem: to adapt
to a user, the system needs to know what the user liked in thte Plais is needed
in content-based filtering to decide on items similar to thesthe user liked. It is
needed in social filtering to decide on the users who resethisl@iser in the sense
that they (dis)liked the same items in the past (see Figur8@)what if you do not
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Whom does she
resemble ?

Fig. 8 Cold-start problem in case of social-filtering

know anything about the user yet, because they only judestaising the system?
Recommender system designers tend to solve this problenth®r getting users
to rate items at the start, or by getting them to answer sommdeaphic questions
(and then using stereotypes as a starting point, e.g. glgedple like classical
music).

Both methods require user effort. It is also not easy to dewidich items to get a
user to rate, and stereotypes can be quite wrong and ofée(ssime elderly people
prefer pop music and people might not like being classifieeldarly).

The group recommendation work presented in this chaptefiges an alterna-
tive solution. When a user is new to the system, we simply pieoxécommendations
to that new user that would keep the whole group of existireysihappy. We as-
sume that our user will resemble one of our existing useoaigh we do not know
which one, and that by recommending something that would ké®f them happy,
the new user will be happy as well.

Gradually, we will learn about the new user’s tastes, fotanse, by them rating
our recommended items or, more implicitly, by them spendimg on the items
or not. We provide recommendations to the new user that wkesg the group of
existing users happy including the new user (or more prigige person we now
assume the new user to be). The weight attached to the newilidss low initially,
as we do not know much about them yet, and will gradually iasee We also start
to attach less weight to existing users whose taste now reWyddiffers from our
new user.

Figure 9 shows an example of the adaptation: the system ligding the ob-
served tastes of the new user to some extent, and has starediice the weights
of some of the other users. After prolonged use of the systieenyser’s inferred
wishes will completely dominate the selection.

We have done a small-scale study using the MovieLens daiasiplore the
effectiveness of this approach. We randomly selected fivdaspand twelve users
who had rated them: ten users as already known to the recodameand two as
new users. Using the Multiplicative Strategy on the grourodwn users, movies
were ranked for the new users. Results were encouragingudkige ranked highest
was in fact the most preferred movie for the new users, amul thks rest of the
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Learned about

the user so-far _\
Let’s
adapt to the

Fig. 9 Gradually learning about the user, and whom she resembles most

ranking was fine given the new users’ profiles. Applying wisded to a further
improvement of the ranking, and weights started to reflezstmilarity of the new
users with known users. More detail on the study and on applgioup adaptation
to solve the cold-start problem is given in [16].

7.3 Virtual Group Members

Finally, group adaptation can also be used when adapting itcdévidual by adding
virtual members to the group. For instance, a parent may benfith the television
entertaining their child, but may also want the child ocoaally to learn something.
When the child is alone, the profile of the parent can be addedetgroup as a
virtual group member, and the TV could try to satisfy both.

8 Conclusions and Challenges

Group recommendation is a relatively new research area. difapter is intended
as an introduction in the area, in particular on aggregatidiyidual user profiles.
For more detail please see [17, 19, 21, 18, 16, 12, 13].

8.1 Main Issues Raised

The main issues raised in this chapter are:

e Adapting to groups is needed in many scenarios such as dtitera’VV, ambi-
ent intelligence, recommending to tourist groups, etqihesl by the differences
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between scenarios, group recommenders can be classifiegmasitiple dimen-
sions.

e Many strategies exist for aggregating individual prefeemn(see Table 3), and
some perform better than others. Users seem to care abddirgymisery and
fairness.

e Existing group recommenders differ on the classificationatisions and in the
aggregation strategies used. See Table 9 for an overview.

e When recommending a sequence of items, aggregation of éugilprofiles has
to occur at each step in the sequence, as earlier items maginie ratings of
later items.

e Itis possible to construct satisfaction functions to pcetiow satisfied an indi-
vidual will be at any time during a sequence. However, grotpraction effects
(such as emotional contagion and conformity) can make timgpticated.

e It is possible to evaluate in experiments how good aggregatirategies and
satisfaction functions are, though this is not an easy prabl

e Group aggregation strategies are not only important whenmenending to
groups of people, but can also be applied when recommendiigdividuals,
e.g. to prevent the cold-start problem and deal with m@tgpiteria.

8.2 Caveat: Group Modelling

The term "group modelling” is also used for work that is gudifferent from that
presented in this chapter. A lot of work has been on modetlolgmon knowledge
between group members (e.g. [11, 27], modelling how a gratgracts (e.g. [26,
10]) and group formation based on individual models (e.§, ).

8.3 Challenges

Compared to work on individual recommendations, group menendation is still
quite a novel area. The work presented in this chapter isastarting point. There
are many challenging directions for further research pidicig:

e Recommending item sequences to a gr@ur. own work seems to be the only
work to date on recommending balancsjuencethat address the issue of fair-
ness. Even though sequences are important for the usageiscehnINTRIGUE,
their work has not investigated making sequences balanoetas it looked at
sequence order. Clearly, a lot more research is needed omneending and
ordering sequences, in particular on how already shownsitgmould influence
the ratings of other items. Some of this research will haveeg@ecommender
domain specific.

e Modelling of affective stateThere is a lot more work needed to produce vali-
dated satisfaction functions. The work presented in thégotdr and [19] is only
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the starting point. In particular, large scale evaluatiaresrequired, as are inves-
tigations on the affect of group size.

Incorporating affective state within an aggregation segyAs noted in Section
6, there are many ways in which affective state can be usatkias aggregation
strategy. We presented some initial ideas in this area, Xtenhsive empirical
research is required to investigate this further.

Explaining group recommendations: Transparency and Riynane might think
that accurate predictions of individual satisfaction ctso de used to improve
the recommender’s transparency: showing how satisfied gftoeip members
are could improve users’ understanding of the recommeoniatiocess and per-
haps make it easier to accept items they do not like. Howexsers’' need for
privacy is likely to conflict with their need for transpargné\n important task
of a group recommender system is to avoid embarrassments Often like to
conform to the group to avoid being disliked (we discussathative conformity
as part of Section 5.2 on how others in the group can influendaedividual's
affective state). In [19], we have investigated how différgroup aggregation
strategies may affect privacy. More work is needed on extians of group rec-
ommendations, in particular on how to balance privacy wigdmsparency and
scrutability. The chapter on explanations provides motailden the different
roles of explanations in recommender systems [28].

User interface desigrAn individual's satisfaction with a group recommendation
may be increased by good user interface design. For examipé showing an
item, users could be shown what the next item will be (e.g. TiVgrogramme
through a subtitle). This may inform users who do not like¢herent item that
they will like the next one better.

Group aggregation strategies for cold-start problenis Section 7.2, we have
sketched how group aggregation can be used to help solvelthstart problem.
However, our study in this area was very small, and a lot mank\is required
to validate and optimise this approach.

Dealing with uncertaintyln this chapter, we have assumed that we have accurate
profiles of individuals’ preferences. For example, in Tablehe recommender
knows that Peter’s rating of item B is 4. However, in realitg will often have
probabilistic data. For example, we may know with 80% cettathat Peter’s
rating is 4. Adaptations of the aggregation strategies neaydeded to deal with
this. DeCampos et al try to deal with uncertainty by using Say networks
[7]. However, they have so far focussed on the Average anchlRiju\Voting
strategies, not yet tackling the avoidance of misery anddas issues.
Empirical StudiesMore empirical evaluations are vital to bring this field-for
wards. Itis a challenge to design well-controlled, larggesempirical studies in
a real-world setting, particularly when dealing with graegommendations and
affective state. All research so far (including my own) hitisex been on a small
scale, in a contrived setting or lacks control.



Table 9 Group recommender systems

System Usage scenario Classification Strategy used
PreferencesDirect Group  Recommends
known Experience Active  Sequence
MusicFX [22] Chooses radio station in fithess centrées Yes No No Average Without Misery
based on people working out
PoLYLENS[25] Proposes movies for a group to view Yes No No No Least Misery
INTRIGUE [4] Proposes tourist attractions to visit foives No No Yes Average
a group based on characteristics of sub-
groups (such as children and the disabled)
TRAVEL Proposes a group model of desired ates No Yes No Median
DECISION tributes of a planned joint vacation and
ForuMm [12] helps a group of users to agree on these
Yu's TV Proposes a TV program for a group td&es No No No Average
RECOMMENDER watch based on individuals’ ratings for
[29] multiple features
CATS [23] Helps users to choose a joint holidayo No Yes No Counts requirements met
based on individuals’ critiques of pro- Uses Without Misery
posed holidays
MASTHOFF S Chooses a sequence of music video clipées Yes No Yes Multiplicative etc
GROUP for a group to watch based on individuals’
RECOMMENDER ratings
[17,19]
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