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Abstra t: Re ommendation is a signi ant paradigm for information exploring, whi h
fo uses on the re overy of items of potential interest to users. Some a tivities tend to
be so ial rather than individual, whi h puts forward the need to oer re ommendations
to groups of users. Group re ommender systems present a whole set of new hallenges
within the eld of re ommender systems. In this paper, we present a hybrid approa h
based on group proling for homogeneous and non-homogenous groups ontaining a
few distant individual proles among their members. This approa h ombines three
familiar individual re ommendation approa hes: ollaborative ltering, ontent-based
ltering and demographi information. This hybrid approa h allows the dete tion of
those impli it similarities in the user rating prole, so as to in lude members with
divergent proles. We also des ribe the promising results obtained when evaluating the
approa h proposed in the movie and musi domain.
Key Words: Group Proling, Group Re ommender Systems, Aggregate Ratings, Hybrid Re ommender Systems, Group Heterogeneity
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1 Introdu tion
Re ommender systems appeared be ause of the need to provide assistan e to
users of domains with a wide variety of potentially interesting items. These
systems identify items that mat h users' preferen es and needs. Re ommendation fo uses on the re overy of items of potential interest to users, su h as
movies, musi , tours [Rodriguez et al., 2010, Noguera et al., 2012℄, among others. There is extensive resear h fo used on satisfying individual users' needs
[Ri i et al., 2011, Boratto and Carta, 2011℄. Highly sophisti ated individual re ommender systems are able to interpret users' preferen es and provide re ommendations based on personalization te hniques. These systems implement several approa hes to generate suggestions, su h as ontent-based re ommendation,
ollaborative ltering or demographi information; some systems even ombined
these methods to result in hybrid te hniques [S hiano and Amandi, 2009℄.
The ontent-based approa h is based on the notion that ea h user exhibits a
parti ular behavior under a given set of ir umstan es, and that su h behavior
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is repeated under similar situations. A

ontent-based re ommendation system

learns the users' proles observing the items
pli itly or impli itly. On the other hand,

lassied as  interesting , either ex-

ollaborative ltering predi ts a user's

behavior by identifying similarities with other users. This te hnique ompares the
evaluations given by an a tive user with those ones given by other users, to nd
users with similar tastes, and generate suggestions derived from similar users'
evaluations. Finally, the ltering te hniques based on demographi
aim to

ategorize the users a

information

ording to their personal information and generate

suggestions based on their demographi
as age, gender, edu ation and lo ation
ess. There are few purely demographi

ategory. For example, attributes su h
ould be used in the

lassi ation pro-

re ommender systems due to the users'

unwillingness to share large amounts of personal data with the systems. Nowadays, with the exponential growth of so ial networks the situation is
to a wider perspe tive, with users more

hanging

ondent to share personal information.

1 or Twitter2 , have

A tivities in online so ial networks, su h as Fa ebook

in reased exponentially and some re ommender systems have used information
derived from these so ial networks to generate more a

urate re ommendations.

For example, in [Pham et al., 2011℄ it is proposed a

lustering approa h that

is based in users' so ial information to identify the neighborhood of the users.
In [Carrer-Neto et al., 2012℄ the authors propose a hybrid re ommender system
based on knowledge and so ial information, whi h makes use of an ontology
to stru ture the semanti

of the domain. Related approa hes are proposed by

[Blan o-Fernández et al., 2011℄, in whi h it is

onsidered that time inuen es

the individual preferen es, and by [Ting et al., 2012℄ in whi h the suggestions
are based on data from mi ro-blogs.
Within some domains, a tivities tend to be so ial, whi h puts forward the
need of adaptation of the

lassi

re ommender systems, sin e the end user of

the suggestion is a group formed by individual users with parti ular preferen es. For example, domains su h as restaurants, TV programs, movies or musi
[Christensen and S hiano, 2011℄, tend to be used more frequently by groups
rather than by individuals. Group re ommendation expands re ommender systems resear h area, as the idea of generating a set of re ommendations to satisfy
a group of users with possible
[Jameson and Smyth, 2007℄ this
that

ould be

ompeting interests is a signi ant

hallenge. In

hallenge is organized in terms of four sub-tasks

arried out by group re ommenders: obtaining information about

users' preferen es, generating re ommendations, explaining these re ommendations and helping users to rea h
sub-task that has

on entrated most resear hers' attention.

There are three basi
1
2

onsensus. Generating re ommendations is the

approa hes to generate group re ommendations: merg-

http://www.fa ebook. om
http://www.twitter. om
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ing individual re ommendations, aggregation of individuals' ratings, and

on-

stru tion of a group prole. Some of the te hniques applied to aggregate individuals' ratings are multipli ation, maximizing average satisfa tion and minimizing
misery, among others. A

omparative analysis of these te hniques has shown that

multipli ation and maximizing satisfa tion are the most su

essful to a hieve in-

dividual satisfa tion [Christensen and S hiano, 2011℄.
This paper presents an approa h to generate re ommendations based on
group proling for both homogeneous and heterogeneous groups. The proposed
te hnique

ombines the best-known individual re ommendation approa hes,

laborative and

ol-

ontent-based ltering, to dete t impli it similarities within the

user rating proles and allow the in lusion of members with distin tive and/or

3

oni ting preferen es (or  outliers  ). The heterogeneity of the group is analyzed to identify these
remaining members to
with

outliers '

of the
is

outliers
reate a

and to dene a homogenous subgroup with the

ore

prole. The group prole will be enri hed

preferen es to allow the integration by

onsidering the prin iples

ontent-based ltering. After this pro ess, the group

ollaborative prole

omposed by items provided by the individual prole with high

similarity and also items belonging to members with low
ity (outliers ) but high

ontent-based similarity. The demographi

of the members is then aggregated to
tion. Finally, we utilize

reate the demographi

ollaborative and demographi

ollaborative

ollaborative similarinformation

group informa-

ltering to generate the

suggestions for the group.
The rest of the paper is organized as follows: Se tion 2 des ribes the hybrid
group proling te hnique proposed in this work. In Se tion 3 we des ribe an
illustrative example of the group proling pro ess. Se tion 4 presents the experimental results obtained when analyzing the te hnique. Se tion 5 mentions some
related works. Finally, Se tion 6 presents our

on lusions and the future works.

2 Hybrid Group Proling
Many existing te hniques to generate group re ommendations are based only
on the rating-based

ollaborative preferen es, i.e. the prole that

ratings given by users. To

ontains the

reate a list of re ommended items for a group, these

te hniques estimate the rating for unevaluated items and aggregate these ratings
to obtain a single one that represents the whole group. In this

ontext, the

insu ient overlap between users' proles is a hindran e to make high quality
re ommendations.
In group re ommendation, the user prole is used to generate suggestions
based on the aggregation approa h; this approa h is limited to members' evaluations and fails to
3

We

onsider a group prole that may be enri hed with several

alled  outliers  to the members with distant proles from the rest of the group.
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hara teristi s, either by the domain as member, group or even subgroups of
users. Moreover, most resear h on group re ommendation has been developed
under the assumption that groups are homogeneous, i.e. group member proles
will have similar preferen es. The evaluations are

arried out with homogeneous

groups for whi h most aggregation preferen es te hniques aim at satisfying all
individual members. Upon the analysis of how groups are

omposed, it

ould be

observed that they may vary from formally established, long-term groups to  adho 

olle tions of individuals who use a system together on a parti ular o

asion

[Boratto and Carta, 2011℄. Furthermore, if the degree of group homogeneity dereases, the individual satisfa tion obtained from the suggestions generated by
any of the above te hniques

an be expe ted to de line for all group members.

The appli ation of these te hniques is su

essful in a hieving high levels of sat-

isfa tion for homogeneous groups, but hinders overall group satisfa tion in the
ase of heterogeneous groups.
Creating a group prole is the most suitable approa h to model group's preferen es regarding dierent aspe ts. The group prole may in lude information
related to users' evaluations of items, as well as demographi

information about

users, usability preferen es of the system, domain knowledge, among others. A
user prole may

onsist of any information deemed relevant at the time of per-

sonalizing the system. The main

hallenge of

identifying the set of items that should be

reating a group prole lies in

onsidered as preferen es of the group

as a whole. Considering that di ulty, in this work we present a hybrid approa h
to generate group re ommendations based on group proling that

ontemplates

both homogeneous and non-homogeneous groups. This approa h diers from
the existing approa hes in that it aims at nding impli it similarities between
the members' rating proles,
niques:

ollaborative ltering,

ombining three individual re ommendation te hontent-based ltering and demographi

informa-

tion. As shown in Fig. 1, the approa h analyzes the degree of homogeneity of the
group by

al ulating the similarity among group members to identify the outliers

and the homogeneous subgroup. The in lusion of the outliers is done by using
a

ontent-based ltering te hnique. Considering that the outliers are members

with distin t preferen es than the homogeneous subgroup, the approa h in ludes
them so that no preferen e (of the homogeneous majority) is ae ted. Only those
items with a high total similarity to the items previously in luded in the
prole are

ore

onsidered to form the peripheral prole.

In order to formalize the denition of

ore and peripheral proles we assume

a set of U users {1,...,Umax } and a set of I items {1,...,Imax }. Eq. (1) presents
a formal denition of a user prole

Mu

(u represents an individual user), whi h

is a set of 2-tuple of an item i and an assignment of a rating
i for the user u. In this

ase,

Iu

ru,i

to the item

represents the set of items that have a rating

assigned by the user u. In this work, the proposed approa h spe ies a prole
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Figure 1: Flow to reate the group prole
Mg (represented by Eq. (2)) for a group g as a onjun tion of a ore prole
Mgc and a peripheral prole Mgp . The ore prole Mgc is determined by the
set of items Igc that represent preferen es in the subgroup members' proles
and the peripheral prole is determined by the set of items Igp dete ted in the

outliers in lusion pro ess (whi h is presented in detail in Se tion 2.3). Eq. (3)
formalizes the group ore prole Mgc , whi h is also represented by a set of 2tuple of an item i and an assignment of a rating rg,i to the item i for the group g.
The rating rg,i is an aggregated value (aggregation({ru,i })) al ulated from the
individual ratings ru,i of all group members u. Similarly, Eq. (4) formalizes the
group peripheral prole Mgp , whi h is represented by a set of 2-tuple of an item i
and an assignment of a rating rg,i to the item i for the group g. The rating rg,i is
also al ulated by aggregating (aggregation({ru,i })) the individual ratings of all
group members. The methodology utilized to al ulate this aggregation({ru,i})
for both proles (Mgc and Mgp ) is presented in Se tion 2.
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Mu = {< i, ru,i >: i ∈ Iu ∧ r ∈ R ∧ Iu ∈ I}
Mg = Mgc

[

(1)
(2)

Mgp

Mgc = {< i, rg,i >: i ∈ Igc ∧ rg,i = aggregation({ru,i }), ∀u ∈ g}

(3)

Mgp = {< i, rg,i >: i ∈ Igp ∧ rg,i = aggregation({ru,i }), ∀u ∈ g}

(4)

Eq. (5) and Eq. (6) des ribe the sets of rated items for the ore prole (Igc )
and the peripheral prole (Igp ), in whi h S is the homogeneous subgroup, Is is
the set of rated items of this subgroup, O is the set of the outliers members,
S
S
j) represents the
(
Io is the set of rated items of the outliers members,
∀u∈S ∀u∈Iu

union of all the items j in luded in all the individual models Iu of the users
S
S
of the subgroup S,
j) represents the union of all the items j in luded
(
∀u∈O ∀u∈Iu

in all the individual models Iu of all users u that were lassied as outliers O,
totalSimilarity(j, Igc ) is the similarity between item j and the items in luded
in the ore prole and di is a similarity threshold (these topi s will be further
developed in Se tion 2.3). The set O is des ribed by Eq. (7), whi h establishes
that it is formed by all the users in luded in the group g who have more than m
neighbors (neighborsu,g ) in the whole group (Se tion 2.2 explains this in detail).
The value m is a threshold whi h is set in the experimental phase (see Se tions
4.2.1 and 4.3.1). Moreover, Eq. (8) formalizes the homogeneous subgroup whi h
is formed by all the users of the group g who do not belong to the set O. To
sum up, these formalizations establish that the ore prole is formed by all the
items rated for subgroup members, and the peripheral prole is formed by only
those items from the outliers ' proles that are similar ( onsidering the ontent
of the items) to the items in luded in the ore prole.
Igc = {i : i ∈ Is | Is ∈ I ∧ Is =

[

(

[

j)}

(5)

∀u∈S ∀u∈Iu

Igp = {i : i ∈ Io | Io ∈ I ∧ Io =

[

(

[

j) ∧ totalSimilarity(j, Igc ) ≥ di } (6)

∀u∈O ∀u∈Iu

O = {u : u ∈ g ∧ neighborsu,g < m}

(7)

S = {u : u ∈ g ∧ u ∈
/ O}

(8)
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Additionally, the demographi information is aggregated to omplete the
group prole. The methodology for aggregating individual demographi proles into a single group prole representing the demographi information of the
group depends on the information obtained by the re ommender system. In this
ase, we utilize the age and the gender of the group members. The information
about the age is divided into a set of ranges of values representing all the possible
values of the dataset utilized and ea h user belongs to a single range. For the
groups, the individuals' ages are aggregated by determining a single range that
in ludes the age of the group majority. To obtain the gender that represents the
group, we onsider the predominant gender; i.e. the gender of the group majority.
Finally, the whole group prole is ontrasted with the ommunity user's proles
by applying ollaborative and demographi ltering.
The following subse tions des ribe the full pro ess to reate the group prole.
Sub-se tion 2.1 presents dierent ways to ombine individual te hniques and the
one used in this work. Sub-se tion 2.2 exposes the pro ess to analyze the group's
homogeneity degree in order to dete t the outliers members. Sub-se tion 2.3
explains how the outliers are in luded in the nal group prole. Moreover, subse tion 2.4 details the method to reate the group prole. Finally, sub-se tion
2.5 des ribes the pro ess to generate group re ommendations.
2.1

Filtering Combinations

In the area of individual re ommendation, several ways to ombine the ltering
te hniques have been resear hed. In [Burke, 2002℄ a survey of dierent re ommendation te hniques was presented, in whi h seven hybridization methods were
des ribed: (1) Weighted: the s ore of several te hniques are ombined to produ e
a single re ommendation; (2) Swit hing: the system swit hes between dierent
te hniques; (3) Mixed: the system presents the re ommendations generated by
dierent te hniques; (4) Feature ombination: the features from dierent re ommendation data sour es are thrown together into a single re ommendation
algorithm; (5) Cas ade: one re ommender renes the re ommendations given by
another; and (6) Feature augmentation: the output from one te hnique is used
as an input feature to another; and (7) Meta-level: The prole learned by one
re ommender is used as input to another.
In a more abstra t des ription we an identify three instan es that omprise these methods. Most ommonly, ollaborative ltering is ombined with
some other te hniques, su h as ontent-based ltering, ompensating ea h other's
downsides. In the rst ombination ontent-based ltering pro essed sequentially
after ollaborative ltering. This ombination seeks to solve the rst-rater problem, whi h is asso iated with the ollaborative ltering approa h. The following
ombination analyzes the ontent-based user proles, and then applies ollaborative ltering te hniques to generate suggestions. Item des riptions and Feature
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Sele tion should be onsidered when designing ontent-based systems. In both
ombinations, if unsatisfa tory re ommendations are submitted onto the next
stage their low-quality will naturally propagate onto the next stage, meaning
that the se ond te hnique ould hardly generate high-quality re ommendations.
Consequently, a parallel ombination might be more ee tive than a ombination
in series, as in the third ombination (whi h analyzes proles merging both item
des riptions and ratings at the time of generating the nal re ommendations).
These hybrid approa hes, whi h ombine ltering approa hes in dierent
ways, have been widely implemented in individual re ommender systems. In
this work, we applied a as ade ombination : rstly, ratings and items' attributes
( ontent-based ltering) are analyzed in parallel, and then, when the group prole is onsolidated, a ollaborative ltering te hnique is applied in order to generate the group suggestions. We ombine three ltering te hniques in order to
over ome the drawba ks of ea h te hnique by taking advantage of the benets of
the others. Despite the fa t that ollaborative ltering is one of the most su essful approa hes [Su and Khoshgoftaar, 2009℄, as it re ommends items based on
users' past preferen es, new users will need to rate a su ient number of items
( old start problem) to reate a prole ri h enough to be ompared to other
ommunity proles. In this work, we also onsidered the demographi ltering
to support the ollaborative ltering when the members have sparse (or none)
proles. Thereby, members with a low number of preferen es provide their demographi information to dete t neighbors with similar hara teristi s. On the
other hand, ontent-based ltering is utilized to dete t similarities between users'
proles that the outlier dete tion te hnique fails to dete t, i.e. the ontent of the
items is analyzed to in lude in the peripheral prole only those items that are
similar to the items previously in luded in the ore prole.
2.2

Outliers

Dete tion: Homogeneity Degree

As mentioned above, the proposed re ommendation pro ess rstly needs to dete t the members whose preferen es are distant from the rest. Hen e, it is ne essary to al ulate a ross- orrelation of group members. A onden e fa tor is
in luded in the orrelation al ulation. This fa tor is determined by the number
of overlapped items among user's proles. We applied this onden e fa tor in
the al ulations be ause we think it is important to identify dierent degrees of
similitude between ea h pair of users. This similitude or ommonality is given
by the overlap between the users' proles, in other words the quality of the similarity value depends on the number of ommon evaluations. However, in order
to reate the set of qualied user-neighbors we determined a minimum number
of overlapping. Eq. (9) al ulates the orrelation between two users ui and uj ,
where Ov is the number of overlapping items, rmax is the maximum rating domain value (for example, in movie re ommendations it ould be a range that
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varies between 1 to 5 stars, then rmax is 5), ri,x is the rating given by user i to
item x, and rj,x the rating given by user j to item x.
similarity(ui , uj ) =

P
(Ov ∗ rmax ) − Ov
x=1 |ri,x − rj,x |
Ov ∗ rmax

(9)

We utilized an outlier dete tion te hnique to identify members whose proles
ontain divergent preferen es. Spe i ally, we use a proximity-based te hnique
introdu ed by [Knorr and Ng, 1998℄: if the similarity values (given by Eq. (9))
between the target user and m of the k nearest neighbors (where m < k ) lie
within a spe i distan e threshold dm then the exemplar is deemed to lie in
a su iently dense region of the data distribution to be lassied as normal.
However, if there are less than m neighbors inside the distan e threshold then
the exemplar is an outlier. In other words, if the similarity of a target user
with other member is higher than the threshold dm then they are onsidered as
neighbors; if the target user has more than m neighbors in the group, then the
target user is lassied as normal, otherwise the user is an outlier. The value of
the threshold dm is al ulated by analyzing the dataset utilized for evaluation,
whi h is presented in Se tion 4.
With those members that are not outliers we formed a homogeneous subgroup to onstru t the ore group prole. On e the homogeneous subgroup has
been formed, the ore prole is dened, i.e. the main hara teristi s of the members belonging to this subgroup are identied. The items in luded in the proles
of subgroup members be ome part of the ore of the group prole.
2.3

Outliers In lusion: Content-Based Filtering

In order to in lude the outliers and their preferen es in the group prole we
onsider the ontent of the items in luded in the members' proles. For this
purpose, the prole of ea h outlier is analyzed and items that present higher
ontent similarity with the items added to the ore prole are in luded in the
peripheral group prole. The approa h onsiders only those items (rated by the
outliers ) whose total similarity with the whole set of items in the ore is higher
than a given threshold di . Eq. (10) des ribes the total similarity, in whi h Igc
is the set of items in luded in the ore prole. The threshold di is determined
by analyzing the dataset utilized for evaluation. In Se tion 4 we des ribe the
methodology applied to determine this value.
totalSimilarity(i, Igc ) =

P

∀j∈Igc

similarity(i, j)
|Igc |

(10)

Item orrelation is al ulated with Eq. (11), where Na is the number of
attribute types, wx is the weight of the attribute type x, and f (Ax,i , Ax,j ) is
the similarity between the attribute x for item i and the attribute x for item j.
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Type

Type of Attribute

Date (Year) -Yn

YYYY

(Difmax −|Y1 −Y2 |)
Difmax

String -Sn

Known set of values (only one)

S1 = S2 ?1 : 0

∗
(String)* - Sn

Known set of values (subset)

Integer -

In

Similarity Measure
|S1∗ ∩S2∗ |
∗
Smax
Imax −|I1 −I2 |
Imax

Numeri al range of values

Table 1: Similarity measures for the attributes types

This similarity equation is determined by the type of attribute, for example, if

String then the similarity would be 1 whether it is exa tly

the attribute type is
the same string or

0 if it is not. Table 1 shows the similarity equations for

the dierent attribute types:

Date, for attributes that des ribe years; String, for

attributes that represent a string holding only one value among several known;

(String)* for attributes that hold a subset of known values; and Integer, for
attributes that des ribe a range of numeri

values. The similarity equations

for these attributes types were normalized in order to be within the range [0,1℄.
These equations were adapted from the work presented by [Debnath et al., 2008℄.

similarity(ii , ij ) =

Na
X

wx ∗ f (Ax,i , Ax,j )

(11)

x=1
In some domains there are attributes that require a spe ial pro essing. For
example, the attribute

title in movie domains

ould be

onsidered as a simple

String, but it would not be of major importan e in the nal equation of similarity,
sin e this equation would

ontribute with a similarity value only in the

ase that

two movies have exa tly the same title. In this work, we assumed that this type
of attributes (su h as

title of a movie or a book) ould provide more information

if the text is analyzed. For that reason, the similarity between two attributes of
this type is obtained through text pro essing te hniques, by removing the stop
words, as arti les, pronouns, prepositions and symbols (like :, or -), whi h do
not provide any information to the ultimate meaning of the text.
The

al ulation of item

items asso iated to the

ross- orrelation in the

ore group prole and the

outliers ' proles allows the in lusion of preferen es, not

visible a priori, in the user rating prole. These items are in luded to the group
prole with the pro edure des ribed in Se tion 2.4.
The feature weighting pro ess utilized in this work is an adaptation of the
pro ess presented by [Debnath et al., 2008℄, in whi h the weights are derived
from a set of linear regression equations. A so ial network graph is
ree t the users'

reated to

riteria to determine the similarity between the items. The

evaluated items (I1 , I2 , ..., In ) are the nodes and the weight of the edges is the
number of users that evaluate ea h pair of items (#u{(Ii , Ij )}). The linear re-
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gression equations are derived from this so ial network graph by equaling the
Eq. (11) to the weight of ea h edge (see Eq. (12)).
w0 + w1 ∗ f (A1,i , A1,j ) + ... + wn ∗ f (An,i , An,j ) = #u{(Ii , Ij )}

(12)

2.4 Group Proling
In this pro edure, we applied the well-known rating matrix for individual ollaborative re ommendations, whi h represents the users' evaluations of the items
(in whi h the interse tion between row i and olumn j ontains the evaluation
of user i for item j ). If the ell is empty, it means item j has not been evaluated
by user i. In parti ular, the sub-matrix that in ludes group members and the
items from both ore and peripheral proles are analyzed in this work.
The group prole is obtained by ombining two aggregation te hniques, whi h
are des ribed in [Jameson and Smyth, 2007℄: Maximizing Average Satisfa tion
and Ensuring Some Degree of Fairness. Applying these te hniques we obtain a
group evaluation Ri for ea h item, whi h is omposed of a onjun tion of the
group average and a penalty term that ree ts the amount of variation among the
predi ted ratings. We utilized a neighborhood te hnique (K-NN ) to nd similar
users who rated the target item. The evaluation is derived from the weighted
average of the ratings given by neighbors.
This is represented by Eq. (13), in whi h Gm is the number of group members,
i is the item to be evaluated and σ is the standard deviation with a weight w
that ree ts the relative importan e of fairness.
G

Ri =

m
X
1
ri,j − w ∗ σ({ri,j })
∗
Gm j=1

(13)

2.5 Generating Group Re ommendations
Upon reating the group prole it is possible to generate re ommendations with
a ollaborative ltering te hnique, looking for users with similar proles to the
target group within the ommunity. The similarity among users is al ulated
by analyzing the ollaborative similarity and the demographi similarity. The
similarity fa tor is omposed by the weighted sum of both ollaborative and
demographi similarity, as it is shown in Eq. (14), where α and β are the weights
for ea h similarity (α >β and α+β =1).
similarity(g, uj ) = α ∗ similarityc(g, uj ) + β ∗ similarityd(g, uj )
similarityd (ui , uj ) = similarityage + similaritygender

(14)
(15)
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The demographi similarity is dened by the users' age and gender (see Eq.
(15)). The similarity by age has a maximum value of 0.5 and it is al ulated by
Eq. (16), where #rangemax is the number of the major range, #rangei is the
number of the range of the user i, #rangej is the number of the range of the
user j and the multipli ation by 0.5 is to normalized the value. The similarity
by gender is simply 0.5 ( similaritygender = 0.5) if both have the same gender;
otherwise the demographi similarity would ex lusively depend on the similarity
by age, i.e. similaritygender = 0.
similarityage (ui , uj ) = (

#rangemax − |#rangei − #rangej |
) ∗ 0.5
#rangemax

(16)

The ollaborative similarity between the group prole and another user within
the ommunity is al ulated using a variant of Eq. (9) presented in Se tion 2.2,
whi h onsiders the overlap between the two proles.
The group predi tion is obtained onsidering the nearest neighbors and Eq.
(17), whi h was adapted to group re ommendations and where g is the target
group, i is the item to re eive an estimated evaluation, k is the number of
neighbors, rj,i is the evaluation given by the neighboring user j for the item i,
and similarity (g, uj ) is the orrelation between a group and a neighboring user.
prediction(g, i) =

Pk

j=1 rj,i

∗ similarity(g, uj )
k

(17)

The re ommendation pro ess on ludes with the estimations for ea h andidate item, suggesting those items with highest estimations. The re ommended
items would be presented as an ordered list from highest to lower estimated
values; i.e. the top-n andidates items. Algorithm 1 presents a pseudo- ode of
the main methods of the approa h. This ombination is performed, rstly, when
the group prole is reated by applying the ontent-based ltering in order to
dete t the items with similar ontent to those ones in luded in the ore prole,
and, se ondly, when the group re ommendations are generated by onsidering a
hybrid similarity al ulation for the dete tion of the neighbors in the ommunity of users, whi h ombines ollaborative ltering and demographi ltering
approa hes.

3 An Illustrative Example
In order to larify the pro ess previously des ribed, in this se tion we present
a simple and illustrative example reated for a group with 3 members whose
preferen es are shown in Table 2.
As an initial step, to dete t the outliers we need to al ulate the rossorrelation among all group members. Table 3 presents the users orrelation
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Algorithm 1 Pseudo- ode of the proposed approa h's main methods
// C o r e p r o f i l e
f o r e a h member m i n s u b g r o u p s
f o r ea h item i i n the p r o f i l e of m
o r e <− i
// P e r i p h e r a l p r o f i l e ( O u t l i e r I n l u s i o n )
f o r e a h member o u t l i e r o
f o r ea h item i i n the p r o f i l e of s
if
i i s C o n t e n t −Ba sed F i l t e r e d
p e r i p h e r a l <− i
// P r o f i l i n g g r o u p
profile =
ore U p er ip h er a l
// E s t i m a t e r a t i n g s f o r t h e g r o u p p r o f i l e
f o r ea h item i i n the p r o f i l e
r = estimate rating for i
p r o f i l e <− ( i , r )
// G e n e r a t e r e o m m e n d a t i o n s
f o r ea h
andidate item
n = g e t n e i g h b o r s o f g r o u p g //CB and DF s i m i l a r i t y
e s t i m a t i o n <− a v e r a g e o f t h e r a t i n g s o f n
r e o m m e n d a t i o n <−
andidates items with h i g h e s t e s t i m a t i o n

Movie

r1,x

Avatar (A)
Titani

(B)

The Lord of the Rings: The Return of the King (C)
Pirates of the Caribbean: Dead Man's Chest (D)
Toy Story 3 (E)
Ali e in Wonderland (F)

5
2
5
4
3
4

(a) u1 's prole

Movie

r2,x

C
D
E
F
Harry Potter and the Order of

4
2
5
4
3

Star Wars: Episode I - The

5

Harry Potter and the Goblet of

the Phoenix (G)
The Lord of the Rings: The
Two Towers (H)

(b) u2 's prole

ovie

M

A
B
G
H

r3,x

1
5
5
1
3

Phantom Mena e (I)

Fire (J)

( ) u3 's prole

Table 2: An example of users' proles

5
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u1

u2 u3 #N

u1 - 0.75 0.3 1
u2 0.75 - 0.4 1
u3 0.3 0.4 - 0

Table 3: An example of ollaborative similarity matrix

Movie
u1
u2

A B C D E F G H

5 2 5 4 3 4 - - - 4 2 5 4 3 5

Table 4: Example of

ore

prole

matrix, whi h ontains the similarity between ea h pair of members and the
number of neighbors (N ) for ea h parti ular member. These values were alulated by applying the user orrelation al ulation (see Eq. (9)). Assuming a
threshold value dm = 0.6 and m = 0.33 (at least one neighbor) to determine the
users' neighborhood, we obtained that member u3 is an outlier for this parti ular
group. Therefore, the homogeneous subgroup in ludes members u1 and u2 .
Table 4 shows the sub-matrix formed by the items from the members' proles of the homogeneous subgroup ( ore prole), with the real values for ea h
member. Then, we need to al ulate the ross- orrelation among all the items
in luded in the ore prole and those in luded in the outliers' proles. Table 5
presents an example of the similarity al ulation between two items by analyzing
the orrelation value f (Ax,i , Ax,j ) for ea h parti ular attribute type, a ording
to the equations presented in Table 1. To simplify this example, we only fo used
on the following movie attributes: release date (year), a tors and genre; and we
determined for ea h of them the relevan e weight (wx ) as follow: wgenre = 0.5,
wactor = 0.2 and wreleaseDate = 0.3. Table 6 shows the orrelation values between the items in luded in the ore prole and the items belonging to the outlier
member. In this ase, if we onsider a threshold di = 0.5, we in lude into the
group prole only the movie Harry Potter and the Goblet of Fire.
Finally, we reate the group prole with the sele ted items by al ulating the
group estimations. Table 7 shows the group prole with the aggregation (group
rating) values for ea h item of the prole.
With this pro ess we nally obtain a group ollaborative prole, in whi h
we in luded items provided by the individual proles with high ollaborative
similarity and also items belonging to members with low ollaborative similarity
but high ontent-based similarity. To generate predi tions for the group as a
whole, this group prole will be onsidered in onjun tion with the demographi
information, as mentioned in Se tion 2.5.
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Pirates of the Caribbean: Dead
Man's Chest

Pirates of the Caribbean: At World's
End

f (Ax,i , Ax,j )

2006

2007

0.98

Johnny Depp | Orlando Bloom |
Keira Knightley | Bill Nighy |
Stellan Skarsgard

| Alex Norton

A tion| Adventure| Fantasy

Johnny Depp | Orlando Bloom |

| Georey Rush |
| Chow Yun-Fat | Stellan
Skarsgard | Christopher S. Capp
A tion| Adventure| Fantasy

Keira Knightley
Bill Nighy

0.62

1

Table 5: Example of ontent-based similarity

Peripheral profile
I

J

H

0.56
0.41
0.53
0.63
0.21
0.37
0.44
0.73

0.53
0.28
0.41
0.60
0.34
0.68
0.95
0.56

Total

0.49

0.54

Core profile

A
B
C
D
E
F
G

Similarity

Table 6: Example of outliers in lusion

4 Experimental Results
We arried out four dierent experiments within the movie and musi domain
to evaluate the pre ision of the approa h. In the rst experiment of ea h domain
(see Se tion 4.2.2 and Se tion 4.3.2) we analyzed the predi tion for how ea h
member of the group g would rate a subset of items for whi h the real individual
evaluation is known, measuring the individual satisfa tion related to the group
satisfa tion. Then, in the se ond experiment in the movie domain (see Se tion
4.2.3) we analyzed the predi tion for how the group g would rate a subset of
items for whi h the real evaluation of the group is known, measuring the group
satisfa tion. Finally, the se ond experiment in the musi domain (see Se tion
4.3.3) analyzes the a ura y of the approa h by varying the group' heterogeneity
degree.
We utilized the error metri s most often used in the re ommendation literature: mean absolute error (MAE - Eq. (18)) and root mean squared error (RMSE
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Movie
u1
u2
u3
rg,x

A

B

C

D

E F G

H J

5
1

2
5

5
4
-

4
2
-

3 4 5 4 3
- - 5

- 5 1 5

2.8 3.35 4.45 2.9 3.9 4 3.9 2.8 5

Table 7: Example of group prole
- Eq. (19)). Given a test set τ of user-item pairs (u,i ) with ratings ru,i , and the
¯ , MAE and RMSE determine the error distan e between
predi ted ratings ru,i
the estimated rating and the real one. RMSE penalizes large errors more severely
than MAE. Sin e our numeri al rating s ale gives ratings over the range [1,5℄,
we normalized to express errors as per entages of full s ale: Normalized MAE
(NMAE) and Normalized RMSE (NRMSE).
M AE =

1 X
|ru,i
¯ − ru,i |
|τ |

(18)

(u,i)ǫτ

v
u
u 1 X
(r̄u,i − ru,i )2
RM SE = t
|τ |

(19)

(u,i)ǫτ

All the experiments ompare the error produ ed by our hybrid approa h with
two well-known aggregation te hniques: maximizing average satisfa tion and ensuring some degree of fairness. The goal of maximizing average satisfa tion an
be a hieved by an aggregation fun tion that omputes some sort of average of
the predi ted satisfa tion of ea h member. On the other hand, the goal of ensuring fairness is to satisfy everyone just about equally well and is in general
ombined with some other goal. For example, it ould be ombined with maximizing average satisfa tion with a penalizing term that ree ts the amount of
variation among the predi ted ratings (see Eq. (13)).
4.1

Datasets

The "Yahoo! Webs ope Program" is a referen e library of s ienti ally useful
datasets for non- ommer ial use by a ademi s and other s ientists. We utilized
the data generated by Yahoo! Movies [Yahoo! A ademi Relations, 2006℄ and
Yahoo! Musi [Yahoo! A ademi Relations, 2003℄. In the Yahoo! Movies Dataset,
the training data ontains 7,642 users, 11,915 movies, and 211,231 ratings. The
test data ontains 2,309 users, 2,380 items, and 10,136 ratings. Besides this, the
dataset provides omplete movie des riptive ontent information (29 elds per
movie). We fo used on 7 of them: title, running time, release date, genres, dire tors, rews and a tors. Moreover, the Yahoo! Musi Dataset ontains over 717
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million ratings of 136 thousand songs given by 1.8 million users of Yahoo! Musi
servi es. Ea h song in the dataset is a

ompanied by artist, album, and genre

attributes. In this

Dataset does not provide demographi

ase, the Yahoo! Musi

information about users.
In order to analyze the group satisfa tion in the movie domain, we used
the group feedba k obtained from a set of 44 System Engineering students at

4

UNCPBA . The students were organized in 9 groups with dierent sizes (between
3 and 6 users per group). Ea h group would

hoose a subset of items, whi h were

used in the se ond experiment as a real evaluation, whi h allows us to

ompare

with the evaluation predi ted for our approa h. These proles were in luded as

5

part of the Yahoo! Dataset .

4.2

We

Experiments in the Movie Domain

arried out two experiments in the movie domain to analyze the individual

and the group predi tion error when group re ommendations are generated with
the hybrid approa h. We analyzed the error values obtained with the hybrid
approa h and the aggregation te hniques.

4.2.1

Experimental Settings

The experiments were

arried out under a set of assumptions derived dire tly

from the pro edure proposed. Firstly, the
demographi

omputation pro ess to obtain the

similarity between two users suggests the ne essity of sorting out

the users' ages in ranges. For the experiments, the users' age was divided in six
dierent ranges: 1) 15 to 24 years old, 2) 25 to 34 years old, 3) 35 to 49 years
old, 4) 50 to 64 years old, 5) 65 to 74 years old; and 6) 75 years old or more.
Moreover, the approa h applies a neighborhood te hnique, whi h requires the

k of neighbors used for estimation. In the exk= 60, as it is suggested by [Herlo ker et al., 2002℄.

denition of the maximum number
periments below, we onsidered
Besides, the

outlier

dete tion pro ess is sensitive to the use of the thresh-

olds of minimum distan e
minimum number

dm

between two members to be neighbors and the

m of neighbor members to determine the homogeneous sub-

group (if a group member has fewer neighbors than the threshold then it is an

outlier ). In that

ase, we

onsidered that the minimum distan e

dm

is depen-

dent on the domain and data. In statisti s, a distan e value within the range
[mediasu
4
5

− θsu ;mediasu + θsu ℄

is

onsidered as 

normal . A value below that

http://www.uni en.edu.ar
Dataset's
users
domain
data
and
the
student
proles
used
to form the groups in all the experiments, are available at:
http://users.exa.uni en.edu.ar/~i hriste/proje ts_en.html
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range is

onsidered "outlier ". Therefore, we

al ulated the mean and the stan-

dard deviation (θdm ) of the distan es among all users. We analyzed the

ross-

orrelations among users in the Yahoo! Movie Dataset and we obtained a threshold

dm = 0.6. After identifying the value of dm , we tested the approa

h by varying

the minimum per entage of neighbor members to determine that m representing
a 21% have shown a

eptable results identifying outliers. Then, we needed to

sele t a value for the threshold

di

that determines the minimum distan e be-

tween two items for the pro ess to in lude outliers. As for the distan e between
members, we
[mediasi

onsidered the distan e values between items within the range

− θsi ;mediasi + θsi ℄

as  normal . Hen e, we

al ulated the mean and

the standard deviation (θdi ) of the distan es among all items and we obtained
a value

di = 0.28.

The aggregation te hnique used to estimate the evaluation for the items in the
group prole depends on a weight w that represents the relevan e of the standard
deviation. If we

hoose a high value for w, we may obtain a re ommendation that

makes everyone equally miserable. Be ause of that, we pi k w=0.1 to give ertain
relevan e to the fairness, but not too mu h.
The approa h proposes a methodology to in lude the outliers,

onsidering the

ontent of the items by weighting the attributes. The weights used in the experiments were empiri ally evaluated by applying the featuring weighting pro ess
presented in the Se tion 2.3. We dened these weights as follows: wtitle = 0.121,
wreleaseDate = 0.008, wrunningT ime = 0.39, wgenres = 0.42, wdirectors = 0.01,
wcrews = 0.001 and wactors = 0.05,

4.2.2

Experiment 1 - Individual Satisfa tion Analysis

The rst experiment aims to analyze the NMAE and NRMSE values, fo using on
the individual users (not group). In order to a hieve this, we

reated 10 groups

with a total of 38 users from the Yahoo! Dataset and we re ommended a set
of items in luded on the test dataset for ea h group. The groups were formed
with 3, 4, 5 or 6 users with at least one outlier. We

omputed the NMAE for

ea h member of the groups, measuring the predi tion error for the individual
members against the group as a whole. With this experiment we expe ted to
analyze the ee tiveness of the te hnique when it predi ts ratings for the group
by

omparing with the real rating given by ea h individual member, espe ially,

outliers members. We

ompared the results obtained by our approa h with the

results obtained by the aggregation approa h.
Fig. 2 shows the NMAE and NRMSE values obtained for ea h of the 38 users
by our approa h in

omparison with the aggregation te hniques: maximizing

average satisfa tion (MAS) and ensuring fairness (EF). As shown in this gure,
most of the values obtained by running the hybrid approa h (represented by
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(a) NMAE

(b) NRMSE

Figure 2: Experiment 1 (movie domain): Individual analysis
diamonds) are lower than the values obtained with the aggregation te hniques
(squares for MAS, and triangles for EF).
4.2.3

Experiment 2 - Group Satisfa tion Analysis

This experiment aims to analyze the NMAE and NRMSE values of the approa h presented in this work in omparison with two well-known aggregation
te hniques for group re ommendation. With this purpose, we analyzed the feedba k obtained from a set of 44 System Engineering students at UNCPBA. As a
requirement of an Arti ial Intelligent ourse they had to implement a simple
aggregation te hnique and ompare the results with a subset of items from Yahoo! Dataset that they would hoose as a group. This subset was used in this
experiment as a real evaluation by ea h group, whi h allows us to ompare with
the evaluation predi ted for our approa h. The students were organized in 9
groups with dierent sizes (between 3 and 6 users per group). On average, ea h
student evaluated 20 movies. These proles were in luded as part of the training
Yahoo! Dataset, and the users' proles in luded in this dataset were onsidered
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(a) NMAE

(b) NRMSE

Figure 3: Experiment 2 (movie domain): Group Analysis
as ommunity users' proles in ollaborative te hniques. The feedba k from the
students was in luded in the test Yahoo! Dataset for the evaluation.
Fig. 3 shows the NMAE and NRMSE values obtained for ea h group of
users by the three dierent te hniques: maximizing average satisfa tion (MAS),
ensuring fairness (EF) and the hybrid approa h proposed.
4.3

Experiments in the Musi

Domain

We arried out two experiments in the musi domain to analyze the individual
predi tion error and the impa t of varying the amount of outliers when group
re ommendations are generated by utilizing the hybrid approa h. We analyzed
the error values obtained by the hybrid approa h and the aggregation te hniques.
4.3.1

Experimental Settings

The experiments were arried out on the musi domain under a set of assumptions derived from the pro edure proposed. Firstly, we ould not onsider the
demographi similarity in these experiments sin e the Yahoo! Musi Dataset
does not provide demographi information about users.
As in the experiments on the movie domain, for the neighborhood te hnique, whi h requires the denition of the maximum number k of neighbors,
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we onsidered k =60. The threshold dm = 0.45 was obtained as for the movie
domain, onsidering the average and the standard deviation. After identifying
this threshold, we tested the approa h by varying the minimum per entage of
neighbor members to determine that m representing a 36% have shown a eptable results identifying outliers. Then, the threshold di was dened as di = 0.13
by analyzing the Yahoo! Musi Dataset. In the estimation pro ess we onsidered
a value w =0.1 for the penalization in the aggregation te hnique.
Finally, the weights of the attributes were obtained onsidering the feature
weighting pro ess presented in Se tion 2.3. We dened them as follows: walbum =
0.36, wartist = 0.04 and wgenres = 0.6.
4.3.2

Experiment 3 - Individual Satisfa tion Analysis

This experiment aims to analyze the NMAE and NRMSE values, fo using on the
individual members of the groups. In order to a hieve this, we reated 32 groups
with a total of 330 users from the Yahoo! Dataset and we re ommended a set of
items in luded on the test dataset for ea h group. The groups were formed with
3 to 55 users with at least one outlier. We omputed the NMAE and NRMSE
for ea h member of the groups, measuring individual predi tion error. With this
experiment we expe ted to analyze the ee tiveness of the approa h when it
predi ts ratings for groups by analyzing the real ratings given by ea h individual
member, espe ially, by outliers members. We ompared the results obtained by
our approa h with the results obtained by the aggregation approa h.
Fig. 2 shows the NMAE and NRMSE values obtained for ea h of the 32
groups by our approa h in omparison with the aggregation te hniques: maximizing average satisfa tion (MAS) and ensuring fairness (EF). As shown in this
gure, most of the values obtained by running the hybrid approa h (represented
by diamonds) are lower than the values obtained with the aggregation te hniques
(squares for MAS, and triangles for EF).
4.3.3

Experiment 4 - Varying the Amount of

Outliers

This experiment aims to analyze the a ura y of the approa h by fo using in the
variation on the group's heterogeneity degree. Therefore, we onsidered 9 groups
with dierent number of members and, parti ularly, we observed the per entage
of outliers of ea h group. Thus, it is analyzed the impa t of the heterogeneity
degree variation in the group satisfa tion. Sin e the di ulties of the generation of re ommendations to large groups ould indistin tly impa t on members'
satisfa tion we onsidered groups with a similar amount of members. Table 8
summarizes the main hara teristi s of the groups analyzed in this experiment.
Fig. 5 shows the NMAE and NRMSE values obtained for ea h of the 10
groups by our approa h in omparison with the aggregation te hniques: maximizing average satisfa tion (MAS) and ensuring fairness (EF).
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(a) NMAE

(b) NRMSE

Figure 4: Experiment 3 (musi domain): Individual Analysis

#Group
1 2 3 4 5 6 7 8 9
#Members
10 6 4 3 5 6 7 5 5
#Average of preferen es 132 75 131 114 78 106 110 76 330
%Outliers
10 17 25 33 40 50 57 60 80
Table 8: Groups' hara teristi s for the experiment 4 (musi domain)

4.4 Dis ussion and Analysis
In order to analyze the ee tiveness of our approa h we onsidered as baseline two of the most known and frequently-used te hniques designed to generate
group re ommendations: maximizing average satisfa tion and ensuring some degree of fairness. Despite the fa t that these te hniques are simple aggregation
te hniques, they are onsidered the ornerstones of group re ommendation resear h area sin e they were the rst approa hes to solve the hange of paradigm
from an individual to a group of users. We ompared the predi tion values generated for dierent items using these two aggregation te hniques and our hybrid
approa h. A ura y results are summarized in Table 9. This table is organized
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(a) NMAE

(b) NRMSE

Figure 5: Experiment 4 (musi domain): Varying the amount of outliers
onsidering the dierent perspe tives of the analysis ondu ted during the experiments. We summarized the error values (NMAE and NRMSE) obtained
for ea h te hnique by analyzing the group satisfa tion (experiment 2), the individual satisfa tion (experiments 1 y 3) and, nally, the outliers' satisfa tion
(experiments 1, 2 y 3). These error values (NMAE and NRMSE ) indi ate that
predi ted ratings values will be within roughly 31% of the true ratings values for
ea h algorithm. In all ases our approa h improved the results of the two other
aggregation te hniques.
The results obtained in the experiments that analyze individual and group
satisfa tion show that the hybrid approa h was more a urate at making re ommendations than the other aggregation te hniques, either satisfying the group
as a whole or ea h individual member (in luding outliers ). Furthermore, experiment 2 shows that, fullling our main initial requirement, our approa h in ludes
the members whose proles are distant improving the results obtained with aggregation te hniques, whi h fo us on satisfying only the majority homogeneous.
In experiment 4 we analyzed the impa t of varying the number of outliers on
the satisfa tion of ea h group member. As we expe ted, in this experiment the
individual satisfa tion for the hybrid approa h de reases as the number of out-
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Hybrid

EF

MAS

Group Satisfa tion

NMAE

0.17

0.3

0.28

NRMSE

0.2

0.31

0.29

NMAE

0.22

0.26

0.26

NRMSE

0.24

0.29

0.29

NMAE

0.23

0.28

0.28

NRMSE

0.21

0.29

0.29

Individual Satisfa tion
Outliers

'

Satisfa tion

Table 9: Summarized results for experiments 1, 2 and 3
in reases, i.e. the error dieren e between the hybrid approa h and the
aggregation te hniques is redu ed.

liers

5 Related Works
Some aggregation te hniques have been utilized in individual re ommender systems to adapt their results to the requirements of group re ommendation. As
regards to the approa h used, there are even more possible methods for the onstru tion of group proles than for the aggregation of individual ratings, sin e
group proles an take many dierent forms [Jameson and Smyth, 2007℄. For
example, [Kim et al., 2010℄ present a method to generate group re ommendations that onsists of two phases. The rst phase in ludes a ltering method
based on the group prole, so as to satisfy most members. The se ond phase
in ludes a ltering method based on individual proles, so as to redu e the number of unsatised members. Another example of this approa h is des ribed by
[Gar ia et al., 2011℄, in whi h a tourist web-based re ommender system is presented; this system, named e-Tourism, also provides re ommendations to groups
of users by applying aggregations te hniques. Furthermore, [Gar ia et al., 2012℄
des ribe a domain-independent group re ommender system that an be used
with any ontology-based appli ation domain as well as with several group proling strategies. In [Senot et al., 2010℄ the authors present a preliminary evaluation
made on a real large-s ale dataset of TV viewings, showing how group interests
an be predi ted by ombining individual user proles through an appropriate
strategy.
Most of the systems mentioned above use te hniques to generate group re ommendations that are based only on members' given ratings and fail to onsider
a group prole that may be enri hed with several hara teristi s, either by the
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domain, as member, group or even subgroups of users. Moreover, even if the
te hnique is based on the approa h that denes a group prole, all of them
have been developed under the assumption that groups are homogeneous, i.e.
their proles will have similar preferen es. The evaluations are arried out with
homogeneous groups for whi h most aggregation preferen es te hniques aim at
satisfying all individual members. In this work a hybrid approa h is presented,
whi h onsiders rating, item- ontent and demographi information to generate
re ommendation for homogeneous and heterogeneous groups.

6 Con lusions and Future Works
In this paper, we have des ribed a new approa h for group proling, whi h
ombines ollaborative ltering, ontent-based ltering and demographi information to re ommend items to group of users. This ombination of te hniques
is exploited so as to in lude those members whose proles are distant from
the rest of the members. The results obtained when evaluating the approa h
demonstrated that the ombination of the three approa hes and the onsideration of the outliers in the group prole over omes the results obtained with
the well-known aggregation te hniques, sin e we provide an alternative to make
re ommendations for a group ontaining a few distant individual proles among
their members. Besides, with the ombination of the most popular ltering te hniques we provide an approa h that suggests items both when no information
about previous evaluations is available and when no similar users an be found.
In addition, the pre ision of the re ommendations made was higher for the hybrid te hnique than with ea h aggregation te hnique. However, it is important
to mention that the approa h proposed requires a greater eort by developers
and designers of group re ommender systems, than the simple aggregation te hniques. Also, the experiment that analyzed the a ura y of the approa h by
fo using in the variation on the heterogeneity degree of the groups showed that
the approa h generate more a urate predi tions when the amount of outliers in
the group does not ex eed 80% of the group. Besides, the various tasks involved
in the approa h, su h as outlier dete tion pro ess, onstru tion of a ore prole, feature weighting pro ess, among others, demand time/resour es that derive
in an higher omputational ost. As future work, we are planning to onsider
evaluating this approa h in another domain, su h as re ommendation of tourist
attra tions.
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