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Recommender systems aim at filtering large amounts of information for users, providing them
with those pieces of information which better meet their preferences or needs. Such systems have
been traditionally used in diverse areas, such as e-commerce or tourism. Within this context,
group recommender systems address the problem of generating recommendations for groups of
users who might have different interests. Although different aggregation processes have been
extensively utilized in real-life applications to generate group recommendations, such processes
do not guarantee that the list of products recommended to the group reflect a high agreement
level among its members’ individual preferences. Given the need for considering the added
value of obtaining group recommendations under a high agreement level, this paper presents a
novel group recommender system methodology that attempts to reach a high level of consensus
among individual recommendations of group members. To do this, and inspired by existing
group decision-making approaches in the literature, a consensus reaching process is carried
out to bring such individual recommendations closer to each other before delivering the group
recommendations. © 2015 Wiley Periodicals, Inc.

1. INTRODUCTION

In the contemporary context, there is an overwhelming amount of information
that leads users into the difficult task of filtering information that meets their actual
needs. To address this problem, recommender systems were proposed' to filter
information, thus delivering to users only the information that meets their preferences
or needs.

Traditional recommender systems address the problem of providing recom-
mendations targeted to individual users, but there exist certain products or services,
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such as movies,? music,’ and tourist points of interest,*> that have certain social

features, therefore they are meant to be enjoyed by a group of users instead of
individually. In this context, traditional recommender systems were limited, for this
reason it became necessary to extend such systems to overcome this limitation.

Group recommender systems (GRS)® are one of the most challenging, yet
necessary, aspects of research in the field of recommender systems: the necessity of
generating recommendations targeted to a group of users with individual interests
that might be different from each other.” In group recommendations, as stated by
Jameson and Smyth in Ref. 8, there exist four basic recommending subtasks: (i)
acquiring member preferences, (ii) generating recommendations, (iii) explaining
group recommendations, and (iv) aiding to make the final choice. In this paper, we
focus on improving recommendations by applying techniques from group decision
making (GDM) and consensus reaching. Regarding the process to generate group
recommendations, two extensions of individual recommender systems have been
proposed’ : rating aggregation and recommendation aggregation.

(i) In rating aggregation, individual ratings are combined to obtain a group profile that
represents the group preferences.

(i1) In recommendation aggregation, each member’s individual recommendations are ob-
tained, and these recommendation lists are aggregated to obtain a suitable recommen-
dation list for the group.

The recommendation process in GRSs has been explored for both rating and
recommendation aggregation. In this paper, our aim is to meet individual users’ needs
in a direct way; therefore, we focus on recommendation aggregation. A desirable
feature of these predictions would be to minimize the misery of members, regarding
their possible disagreement with the best recommended products. Thus the minimum
operator has been used in some works for the recommendation aggregation process.>
However, applying this aggregation process solely does not guarantee that there will
exist a high level of agreement among the group users over the recommendations
received, but rather a minimum level of agreement.

To overcome this situation, our goal consists not only in seeking a group
recommendation that mainly suits a satisfied majority of users in the group, but also
in giving current GRS the added value of reaching certain agreement level among
users regarding such recommendations. To do this, we consider the use of consensus
approaches for GDM, by integrating them into the group recommendation process.
In a GDM problem, several individuals or experts attempt to find a common solution
for a decision problem composed by a set of alternatives or possible solutions to such
a problem.!*!! Thus, each expert expresses his/her preferences on each alternative.
Traditional selection processes for the resolution of GDM problems'? do not regard
the fact that some experts might disagree with the decision made; hence, a number of
consensus-based approaches'*!# have been proposed to overcome this limitation by
applying consensus reaching processes (CRPs) to achieve a high level of agreement
before making group decisions. In a CRP, experts iteratively bring their preferences
closer to each other, until a sufficient level of agreement is reached among
them."”
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Based on the previous goals, in this paper we propose a methodology that,
given the recommendations for a group of users, attempts to reach a high level of
consensus on the recommendations provided to them. Straightaway, a GRS model
that implements such a methodology to deliver agreed recommendations to the
group is presented.

This paper is set out as follows: in Section, 2 some basic concepts and pre-
liminaries on GRSs and CRPs for the resolution of GDM problems are reviewed.
Section 3 presents the consensus-driven GRS for agreed recommendations proposed
in this paper, describing in detail its different phases. Section 4 shows a case study
to evaluate the proposed GRS technique and compare it with baseline techniques.
Finally, some concluding remarks are pointed out in Section 5.

2. PRELIMINARIES

This section first reviews some basic concepts on GRSs, followed by a brief
overview of CRP in GDM.

2.1. Group Recommender Systems

In this section, basic concepts in recommender systems (RS) and group rec-
ommendation are explained, describing the inputs and basic techniques for group
recommendation.

Traditional RSs (single user) use three sources of information:

® Users: U = {uy, ..., u,} is the set of users of the system, which may provide information
about themselves such as age, gender, or zip code.
® [tems: I = {i, ..., i} is the set of items of the system, which may have content infor-

mation such as metadata or textual description.
® Ratings: R € U x I — D is the set of users’ ratings over the products, to describe how
satisfied a user is regarding a particular item in the rating domain D.

RSs attempt to rank and filter items, as well as predicting ratings for unseen
items by the user, to perform recommendations using these data sources. Some ex-
amples of existing RS techniques include demographic recommendation,'® content-
based recommendation,'”!® and collaborative filtering approaches,'*?* which rely
on users’ data, items, or ratings, respectively. Formally, recommender systems try
to recommend the item or set of items that maximizes a given utility function.

Recommendation(l, u) = arg malx[Utility(i;, u)] (D
e

Content-based recommender systems use similarity metrics between user and item
profiles as the utility function. On the other hand, in collaborative and demographic
approaches, the utility function applied consists in rating prediction.

Collaborative filtering techniques rely on rating information, and the more
information about all users’ preferences is available, the better the performance.
A simple and extended technique is collaborative filtering using nearest neighbors
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Figure 1. Recommendation aggregation scheme.

approach?' (see Figure 1). In this technique, users’ preferences are represented
by a vector with user’s ratings, which contains empty cells representing the items
that the user has not experienced yet. The idea behind memory-based collaborative
filtering is to find the k-most similar users (neighbors) to the target one, computing
the similarity between user’s ratings. The Pearson correlation coefficient has been
proved to be the most suitable similarity measure between users, since it is not
affected by the user’s bias when rating items,?” e.g., users who rate items on a
consistently high or low basis. Once the neighborhood is selected, it is used to predict
the rating for unseen items, by combining the neighborhood ratings on the item.
A number of methods to combine neighbors ratings have been proposed.?® For the
sake of simplicity, in this paper, we consider the weighted similarity aggregation.?*
Finally, the recommendation list is constructed as an ordered list of unseen items or
predictions, ranked by a decreasing order of their prediction value, i.e., an estimated
rating value indicating how useful or interesting would the item be for the user.

Basic approaches for GRSs extends RSs so that, instead of recommending to a
single user, recommendations are targeted to groups of users (G = {g, ..., gn} C
U). GRSs can operate in different modes, such as finding the most suitable group
of users for a target item,”> or recommending groups to a user for joining them,?®
In this proposal, we focus on item recommendation targeted to groups. Since we
apply collaborative approaches, our utility function is rating prediction. Formally,
group recommendation consists in finding the item (or set of items) that maximizes
the rating prediction for the group of users:

GroupRecommendation(l, G) = arg ma[X[Prediction(il, G)] 2)
e

Taking advantage of previous research on single user RSs, group recommen-
dations are generated by extending them. Thus, there exist two basic approaches:’

® Rating aggregation,® which consists of aggregating individual ratings of each member
to compute an aggregated group rating profile or pseudouser and perform individual
recommendation using this profile as input.

® Prediction aggregation,>*"*® which aggregates each member’s recommendations list into
a list targeted to the group (as illustrated in Figure 2).
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A known limitation of GRSs is that recommendations might not meet the
individual preferences of all members in the group, e.g., some recommended items
to the group might be regarded as satisfactory by some members, and unsatisfactory
by several of them. To overcome this, recommendation aggregation minimizing
member’s misery” has been applied, but it does not take into account group dynamics
such as group influence on individuals behavior. Our proposal tries to overcome this
situation by applying CRPs in recommendation.

2.2. Consensus Reaching Processes in GDM

GDM problems imply the participation of multiple experts, with different
knowledge and experience, who have to solve a decision problem making a common
decision. A GDM problem is formally characterized by the following elements:'*!!

® The existence of a decision problem to be solved.

® Aset X = {xy, ..., x,}(n > 2), of alternatives or possible solutions to the problem.

® Aset E ={ey,..., e,}(m > 2), of participants or experts, who express their opinions or
preferences over the set of alternatives X.

Decision problems may take place in different environments (certainty, risk,
and uncertainty), being most real-life GDM problems usually defined in uncertainty
environments. These environments are characterized by existence of vague and
imprecise information. To express their opinions in uncertain contexts, experts may
express their preferences in different information domains, such as numerical,?
interval-valued,*® or linguistic.’!-3?

Usually, experts utilize a preference structure to express their opinions over
alternatives. One of the most used preference structures in GDM problems under
uncertainty is the fuzzy preference relation.>> A fuzzy preference relation P; associ-
ated with expert ¢; is defined by a membership function pp, : X x X — [0, 1], and
it is represented for X finite as an n X n matrix:

1n

— SO 2

=l
nl

)2 —
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where each assessment pf" = up (x, x¢) represents the preference degree of the
alternative x; over xi, [, k € {1, ..., n}, [ # k, according to e;, interpreted as follows:

® p* > 0.5 indicates e;’s preference of x; over x;.
. pf"' < 0.5 indicates ¢;’s preference of x; over x;.
® p* = 0.5 indicates e;’s indifference between x; over x;.

Traditionally, the selection process for reaching a solution for a GDM problem
only consists of two phases:**

1. Aggregation: Experts’ preferences are combined by using an aggregation operator:*’
2. Exploitation: A selection criterion'>? is applied to obtain an alternative or subset of
alternatives as the solution to the problem.

The selection process does not guarantee that an agreement level is achieved
when making the decision, which would be essential in several real-life situations.
To overcome these drawbacks, the so-called CRPs are proposed, in which experts
discuss and modify their preferences to bring them closer to each other.

The concept of consensus has been interpreted from different points of view,
from a classic view of full agreement (unanimity), usually difficult to achieve in
practice, to other softer interpretations. In Ref.15, Saint and Lawson define consen-
sus as a state of mutual agreement between members of a group, where all legitimate
concerns of individuals have been addressed to the satisfaction of the group. Con-
sensus aims at increasing satisfaction of the group regarding minimizing the misery,
which is the main goal pursued in this paper.

The CRP is an iterative and dynamic process aimed at achieving a high degree
of agreement before making the decision that solves the GDM problem. There-
fore, an essential aspect in such processes is the definition of appropriate consensus
measures to quantify the level of group agreement from experts’ preferences. Ac-
cording to the type of computations and information fusion procedures,'* the differ-
ent consensus measures proposed in the literature can be classified as follows (see
Figure 3):

® Consensus measures based on distances to the collective preference:**® The group
opinion, represented by the collective preference, P,, is calculated by the aggregation of all
individual preferences of experts, P;. Consensus degrees are then obtained by computing
the distances between each individual preference and the collective preference, d(P;, P.).

® Consensus measures based on distances between experts:**~*> For each different pair of
experts in the group, (e;, e;), i < j, the degrees of similarity between their opinions are
computed, based on distance metrics. Similarity values L(P;, P;) are then aggregated to
obtain consensus degrees.

In the past years, a large number of consensus models have been proposed,
having each one different features attending to diverse criteria.'** Figure 4 depicts
a general scheme, which encompasses most of these existing approaches, having
the following phases:

1. Consensus Measurement: All experts’ preferences, P;,i € {1, ..., m}, are gathered to
calculate the current group agreement level, by means of consensus measures.
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Figure 3. Types of consensus measures.
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Figure 4. General CRP scheme.

2. Consensus Control: Compare the current consensus degree (CCD) with the consensus
threshold (CT) defined at the beginning of the CRP. If the CCD is greater than the CT,
then the CRP finishes, having achieved consensus. On the other hand, if the CCD is
lower than the CT, the CRP continues with another round, until consensus is achieved or
the number of consensus rounds exceeds the maximum number of rounds allowed.
3. Consensus Progress: To increase the agreement level in the following rounds of the
CREP, different procedures can be applied, depending on whether the consensus model
considers experts’ sovereignty to let them modify their preferences based on feedback
received, or such preferences are updated automatically:
® Feedback Generation: In consensus models that implement this mechanism,
moderator suggests by means of a feedback mechanism how experts should modify
their preferences to bring them closer to the group opinion.

® Automatic Updates: These consensus models****#° do not incorporate any feedback
mechanism. Instead, they implement approaches in which experts provide their initial
preferences, and automatic changes on preference values are applied across the CRP
to increase the agreement level.

44-47 the
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Figure 5. General scheme of the proposal.

REMARK 1. The consensus model that will be utilized in our proposal of GRS is
based on an automatic preferences updating mechanism.

Further detail on the different types of existing consensus models can be found
in Ref.14, where a taxonomy of consensus approaches in a fuzzy context was
defined, being models categorized according to the use of feedback generation or
automatic updates, as well as the type of consensus measure utilized in each one.

3. CONSENSUS-DRIVEN GROUP RECOMMENDER SYSTEM

This section introduces a novel consensus-based GRS model that delivers
recommendations to group of users under a high level of consensus, based on their
individual recommendations. In the following subsections, we describe in further
details the phases of the underlying methodology in our proposal (see Figure 5):

1. Recommendation Phase: In this phase, a collaborative filtering algorithm is applied
to obtain individual recommendations for each group member. The resulting recom-
mendations over the top-n commonly predicted items are represented as preference
orderings at the end of this phase, and they are used as input for the consensus
phase.

2. Consensus Phase: The ordered recommendations for group members are transformed
into fuzzy preference relations, and a CRP is then applied to bring such preferences
closer to each other and obtain a collective preference under a high level of consensus,
delivering the recommendations list upon it.

3.1. Notation
Let a GRS be such as

® U ={uy,...,u,}is the set of all g existing individuals or users in the GRS.
® | ={i,...,i}1isthe setof all r available products or items to be recommended.
® G={g,...,8n}, G C U,isagroup of m users of the GRS, m << ¢, to whom a list of

products shall be recommended.

® D is the rating domain, i.e. the set of possible values that users can utilize to rate items.
In this paper we consider D = {1, ..., 5}.

® 1, € D is the rating of user u; € U, over item i; € I.

® D is the prediction domain, i.e. the set of possible prediction values that the GRS can
assign to the pair formed by a user and an item in / not yet rated by him/her. In our case,
D =11, 5].

International Journal of Intelligent Systems DOI 10.1002/int
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® 7, € D represents a prediction for group member g; € G over an item i, that he/she has
not rated yet.

® X ={x,...,x,}, X C I,isthesetof the top-n items commonly predicted to all members
in a group G, withn << t.

REMARK 2. Our proposal aims at seeking consensus among individual recommen-
dations of group members over items in X. To do this, a CRP will be applied by
using an automatic consensus model, hence our framework must be also modeled
as a GDM problem, in which X represents the set of alternatives of such a problem
and G represents the group of individuals taking part in it.

3.2. Recommendation Phase

This phase includes the necessary computations to generate, for each member
in the group, g; € G, a set of recommendations or predictions over items. Such
predictions are ordered from the best to the worst one. A ranking or preference
ordering, O;, is generated as a result of this phase for each group member, g;, over
the top-n items x; € X that have been commonly predicted to all the members in
the group. The steps included in this phase are depicted in Figure 6, and they are
described in detail below:

REMARK 3. In Figure 6, all ratings r;; are depicted in the scheme for all the existing
users and items, but only some of them may have a defined value, i.e. those corre-
sponding to the items that have been rated by each user. The same situation applies
with predictions for group members over all the items in 1.

(A) Applying single user collaborative filtering algorithm: First, given all users’ ratings
over some of the existing items in the GRS database, it is necessary to generate, for
each group member in G, the individual predictions over items i; € I not yet rated
by him/her. To do this, first a collaborative filtering algorithm is applied to generate
prediction values over items, 7, for all the existing users. For this step, the collaborative
filtering algorithm applied is user-based k-nearest neighbors algorithm (UBCF).>°
Once applied the UBCF algorithm, only those predictions 7; corresponding to group
members g; € G are taken into account in the following computations carried out in
this phase.

International Journal of Intelligent Systems DOI 10.1002/int
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Filtering of group member predictions over top-n commonly predicted items: Group
members’ predictions computed after applying the collaborative filtering algorithm
do not cover all the existing items in the GRS, i.e. two different members g; and
g, may receive predictions over different subsets of items from /; hence, only some
of the existing items in the RS database would be recommended to both of them
simultaneously. In this step, the subset of items that have been commonly predicted for
all the members in group G is determined. Moreover, if we consider a small group size
and a large item database, the subset of commonly predicted items to group members
might be too large; therefore, from this step onwards we will only consider the n items
predicted as the best ones for all group members as a whole. Such items will be referred
to as the top-n commonly predicted items for the group, X = {x;, ..., x,}, X C I, with
n<<t.
The following computations are carried out to obtain the set X of top-n commonly
predicted items:

(i) Construct a set 19, such that X € I¢ C I, of all items commonly predicted to

every member in G:

I ={i, eI :Vg € G37; € D} 3)

with D being the prediction domain, e.g., the continuous interval D = [1, 5] if
D=1{1,...,5}

(i) For each group member g; € G, rank commonly predicted items in /¢ in a
descending order of the prediction values assigned to him/her, 7;;.

(iii) Givenn € N,n < |I9|, fixed a priori, a selection over all individual recommenda-
tion lists is applied, since GDM and CRP techniques are only capable of working
with a small set of items. A number of rank aggregation techniques are applicable
to this prefilter such as Borda or cumulative voting.>' Our proposal applies single
transferable voting>> over the members recommendations to determine X.

(iv) Once the item set X has been determined, it is necessary to filter predictions,
keeping those 7;; accomplishing g; € G and x; € X, and leaving out those accom-
plishing x; ¢ X oru; ¢ G.

Constructing preference orderings from top-n common predictions: Let 7; =
[717i2 ... 7in] be each group member’s vector of predictions over the top-n com-
monly predicted items. We then obtain its corresponding preference ordering O; =
{o:(1), ..., 0;(n)}, being o;(-) a permutation over the index set {1, ..., n}, such that
o;(l) < o;(k)iffFy > 7122 Therefore, items in X recommended to a group member g;
are ordered from the item having the highest prediction value, to the item having the
lowest one.

3.3. Consensus Phase

Once generated, the individual predictions expressed as preference orderings

over the top-n items recommended to the group members, this phase aims at using
them to obtain a collective list of predictions for the group, which reflects a high
level of consensus among individual predictions. For this, a CRP is applied by using
an automatic consensus model for GDM problems with fuzzy preference relations.
Therefore, individual predictions of group members must be first expressed as fuzzy
preference relations so that they can be managed by the consensus model.

54

The following two steps are carried out in this phase (see Figure 7):

(A)

Representing individual recommendations as fuzzy preference relations: At the end of
the recommendation phase (see Section 3.2), filtered predictions of group members

International Journal of Intelligent Systems DOI 10.1002/int
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Figure 7. Scheme of computations carried out in the consensus phase.

were conducted into preference orderings in which, for each member, items were
ranked from the best to the worst one according to their prediction values. Here,
individual recommendations are first expressed as fuzzy preference relations before
applying a CRP on them, since a consensus model for GDM with preference relations
is utilized. Therefore, a transformation function is used to express each preference
ordering O; as a fuzzy preference relation P;. In Ref.55, Chiclana et al. developed
a number of transformation functions to deal with multiple preference representation
formats in decision-making problems under uncertainty. In particular, they proposed the
following method to construct the equivalent fuzzy preference relation P; = ( pf-"),,xn
to a preference ordering O; = {0;(1), ..., 0;(n)}:

i _1(,, a0
pi—2<r+ — ) @

ExAMPLE 1. Let Oy = {3, 2,4, 1} be a set of recommendations for member g, over
n = 4 items expressed as a preference ordering, in which o(4) = 1 indicates that item
X4 IS the item with the highest prediction value for g,. Then, its corresponding fuzzy
preference relation is obtained as follows:

— 033 0.67 0.17

0.67 — 083 033
P =]033 017 - 0
0.83 0.67 1 —

where, for instance, p}* has been computed by using Equation 4 as

1 2-3
2=_(1+=—=) =033 5
Di 2<+ 3) (5)

Conducting the CRP: Once each group member’s preference ordering O; has been
conducted into a fuzzy preference relation P; over the top-n commonly predicted items,
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a CRP is applied to such preferences for bringing them closer to each other gradually,
until a high level of agreement among them is achieved. The consensus model utilized
is an automatic model in which the values of preferences are automatically updated
to bring them closer to each other (instead of implementing a feedback mechanism
for individuals'*) and it considers the following phases (see Figure 4), which are
sequentially carried out at each round until consensus is achieved:

(1) Consensus Measurement: Fuzzy preference relations of group members, P; =
(p,[-k)nxn, i =1,...,m, are gathered and utilized to determine the level of agree-
ment in the group. To do this, the following computations are carried out:

(i) For each pair of members in the group g;, g;, (i < j), a similarity matrix
SM;; = (smff)nx” is computed, with smi’j‘f € [0, 1] being the degree of simi-
larity between g; and g;’s assessment on the pair of items (x;, x).>

(ii) A consensus matrix, CM = (cm'*),, is obtained by aggregating pairwise
similarity matrices. Each element cm’* € [0, 11,1 # k, is computed by apply-
ing an aggregation operator (e.g., the arithmetic mean or the OWA operator®’)
on similarity values.

(iii)) Computing Consensus Degrees: Once obtained CM, its values are suc-
cessively aggregated?’ to obtain an overall consensus degree in the group,
cr € [0, 1].

(2) Consensus Control: Once the overall consensus degree for the group is computed
in the consensus measurement phase, here it is checked to determine whether
it indicates enough agreement or not. If the consensus degree is enough, the
CRP finishes having reached consensus among members’ preferences. Otherwise,
preference values are updated in the consensus progress phase to bring them closer
to each other. A consensus threshold ¢ € [0, 1] whose value fixed a priori indicates
the minimum degree of agreement required among group members is used in this
phase. The larger p, the higher the consensus degree required. Furthermore, a
parameter Maxround can be used to limit the number of consensus rounds carried
out without having reached .

(3) Consensus Progress: In this phase, group members’ assessments p!* which are
farthest from consensus, are identified. A set of updates on the values of such
identified assessments are then applied, with the aim of increasing consensus in
the following rounds. The following steps are carried out in this phase:

(i) A collective preference P. = (p'¥),, is obtained, by aggregating individual
assessments on each pair of items.

(i) A proximity matrix P P; = ( ppgk )axn Whose values indicate the closeness de-
gree between each member’s preference relation and the collective preference,
P, is computed for each g; € G.%’

(iii) Based on proximity matrices, some identification rules*’ are applied to iden-
tify group members g; and pairs of items (x;, x;) whose assessments p!* are
not close enough to consensus. A set of direction rules are then applied to
automatically update such identified assessments,> to increase the level of
consensus in the group.

Once members’ preferences have been updated, another CRP round starts by applying

again the consensus measurement phase on them. After reaching consensus, the col-

lective preference P,, which reflects a high agreement level in the group, is used in the
following step to deliver a list of agreed recommendations to the group.

Obtaining Agreed Recommendations List: A consensus preference ordering is deter-
mined from the consensus preference relation P, by applying a selection criterion,'>?
to rank items from the best one to the worst one. More specifically, we consider
the nondominance criterion®® that assigns each item x; € X a nondominance degree
N D(x;) € [0, 1] as follows:
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(a) Construct a strict consensus preference relation P. = ( ﬁf." Ynxn, Where:

Sk skl e =lk skl
~lk __ pc _pc lfpc >p£’
Pe = { 0 otherwise. ©)
(b) Compute N D(x;) as
ND(x) = 1 — max{p;'} )

The consensus preference ordering, denoted by
Oc = {oc(1), ..., oc(n)}

is then obtained by arranging items from their highest nondominance degree to their
lowest one, i.e., if oc(l) < oc(k) then ND(x;) > ND,,.

As a result of conducting the consensus phase, members of the group are
provided with a set of highly agreed recommendations (given by O¢) over the top-n
commonly predicted items to all of them.

4. CASE STUDY

The case study to validate the proposal previously presented is deeply described
in this section. To do this, the data set utilized in the study is first introduced,
followed by the details about the experiment performed and the GRSs technique to
be compared with our proposal. Afterward, the experiment results are shown and
discussed. Finally, an example to visually demonstrate how the proposal is aiming
to improve agreement on group recommendations, is shown.

4.1. Data Set

The data set used in this case study is the MovieLens data set, collected by the
GroupLens Research Project?® at the University of Minnesota. Specifically, ml-100k
data set is used, and it consists of a hundred thousand ratings statements given by
943 users over 1682 movies in {1,2,3,4,5} domain.

4.2. Experiment Description

The data set considered does not contain information about possible groups
of users; therefore, the group formation technique utilized is a random selection.
Thirty different groups of five members each are formed to perform the case study.

The validation technique applied is 20% item holdout, which has been ad-
justed to be used on group recommendation by selecting the 20% of items rated by

“http://grouplens.org/
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each group as a test set. Multiple executions have been performed to obtain more
significant results.

Finally, the evaluation measures considered for this experiment are Area Under
receiver operating characteristic Curve (AUC) and precision.”® AUC is used to
evaluate classifiers by computing ratio between the true-positive and false-positive
rate as a threshold variable is adjusted, which builds a curve. In the case of
recommender systems, the threshold variable is the size of the recommendation list.
Regarding precision, this measure shows the ratio between the true-positive rate
and the number of recommended items. For both measures, the higher the value,
the better the GRS performance.

4.3. Group Recommender Systems Comparison Analysis

The aim of this case study is to compare our proposal of consensus-driven
GRS model with different group recommendation techniques focused on delivering
satisfactory recommendations for all members. Therefore, the use of average ag-
gregation as a baseline technique would not be correct since it does not take into
account individual satisfaction, delivering recommendations that members might
see as deviated toward other members’ preferences.

Therefore, we take group recommendation with recommendation aggregation
using minimum as the baseline technique, taking UBCF as the single user recom-
mender system. As UBCF has a number of improvements,?! Pearson correlation
coefficient is taken as similarity measure. Data sparsity can lead to poor values for
similarity measure due to a small number of co-rated items; therefore, a correction
with relevance factor of 20 is applied to penalize similarities computed with less
than 20 corated items. Weighted sum is taken as a prediction technique to aggregate
neighborhood ratings. For the sake of comparability of results, the selection of top-n
items over which the CRP is carried out is applied as described in Section 3.

Our proposal uses the above mentioned UBCF recommender system, but it
performs the recommendation aggregation based on a CRP in which the consensus
degree desired (given by the consensus threshold ©) needs to be set; hence, the
consensus degree values considered are {0.8, 0.85, 0.9}.

4.4. Results

The result of AUC (see Figure 8) indicates that applying the CRP clearly
improves the baseline results for the three consensus threshold values tested and
states that the optimal value of consensus degree in this data set is 0.8, decreasing
steadily as consensus degree increments.

Based on the precision measure, the results are now examined in a more de-
tailed way. As shown in Figure 9, different configurations for the CRP module
produce variations in recommendation lists delivered to groups. comparing consen-
sus techniques, the results show that applying a consensus degree of 0.8 benefits the
recommendation results in comparison with recommendations subject to a higher
consensus level. If the results are analyzed regarding the list sizes considered, the
results show that for recommendation lists of size lower than four elements the

International Journal of Intelligent Systems DOI 10.1002/int



A CONSENSUS-DRIVEN GROUP RECOMMENDER SYSTEM 15

AUC

0.60
0.58

0.56
0.54
0.52 .
0.50

Figure 8. AUC for evaluated configurations.
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Figure 9. Precision at certain recommendation list sizes for evaluated configurations.

optimal consensus degree value is 0.8. For recommendation lists of size 4 or more,
the consensus configurations shown in the precision diagram present similar values
for precision, revealing a similar behavior in these cases.

REMARK 4. In Figure 9, the output of the GRSs depicted are given in the same set of
10 items. Thus, the only difference between configurations is the ordering of those
10 items that the GRSs provided as the output. Precision does not take into account
whether a good item is ranked in the first or last position within the ordering. This
causes that all the GRSs evaluated in our case study present the same precision at
list size of 10 (see Pr@10 in Figure 9).
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4.5. Graphical Visualization

Once the case study has been presented, we consider necessary to graphically
depict the results on an intuitive manner to visualize users’ preferences with respect
to the baseline GRS recommendations and the agreed recommendations (AR). For
this reason, in this section we describe an specific example with a group of users
extracted from the MovieLens data set.

There are previous approaches on recommendation visualization techniques
for individual recommender systems, such as the one presented by Kagie et al.
in Ref. 59. These proposals represent the items in the recommendation set to show
similarities between products, e.g., the closer two items are depicted with each other,
the more similar they are. Following similar ideas, we represent group members’
preferences to visualize where their opinions are regarding the group preference.
As this problem has already been addressed in GDM, we use a Self-Organizing
Maps-based® tool for visualizing preferences, so-called MENTOR.!

To apply a CRP before comparing graphically the differences between the
baseline GRS output and the AR, we use a multiagent-based consensus support
system>* to compute the consensus ranking (see consensus phase, Section 3.3).

A group of five users from MovielLens data set, U = uy, ..., us, is taken, and
each one has a different prediction ranking. The recommendation lists are reduced
taking the first 10 common films of the user rankings, selected using top-n member
items, which are used as alternatives of a GDM problem, X = {x, ..., xj0}:

x1: Three Colors: Red.

x,: The Fugitive.

x3: A Space Odyssey.

x4: Manon of the Sprius.
xs5: Delicatessen.

x6: Nikita.

x7: The Princess Bride.

xg: Raiders of the Lost Ark.
Xo: Return of the Jedi.

x10: The Godfather II.

Once performed the initial recommendation phase, a first ranking is obtained
from individual recommendations. A CRP is then applied to rerank the recommen-
dations to improve agreement. A comparison among the baseline GRS rank and
the agreed recommendations is shown in Table I, showing the differences between
both rankings. For instance, “Return of the Jedi,” which is the first one in the GRS
ranking, changes to the second position, whereas “The princess bride,” which is the
second one in the GRS ranking, shifts toward the top of the AR. We can see the most
drastic change in “The Fugitive,” which change from the fourth to the ninth position.

Regarding the user’s visualization (Figure 10), the consensus recommendation
is situated in the center of the graphic, because CRPs take equidistances to bring
users’ opinions closer to the group opinion. On the other hand, GRSs attempt to
minimize users’ misery delivering less satisfactory recommendations to the group
without taking into account individuals recommendations when computing group
recommendations.
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Table I. Comparison between GRS ranking and CR.

Baseline Group Recommendation

Agreed Recommendation

Return of the Jedi

The Princess Bride
Manon of the Sprius
The Fugitive

Raiders of the Lost Ark
The Godfather IT

Three Colors: Red
Nikita

Delicatessen

A Space Odyssey

The Princess bride
Return of the Jedi
Manon of the Sprius
Three Colors: Red
Raiders of the Lost Ark
Nikita

A Space Odyssey

The Godfather IT

The Fugitive
Delicatessen

Group Recommendation

Three Colors: Red

The Fugitive

A space Odyssey

Manon of the Sprius

Delicatessen

Nikita

The princess bride

Raiders of the lost Ark

Return of the Jedi

The Godfather Il

, l GRS ranking
5 Consensus
] ranking

Figure 10. Users’ visualization regarding group recommendation and consensus recommenda-

tion.

5. CONCLUDING REMARKS

In this paper, a novel technique for group recommendations based on CRPs has
been proposed, to provide existing GRSs with the added value of improving group
members’ satisfaction regarding the items recommended. The case study results
showed that applying CRPs in group recommendation clearly improves the results
compared with baseline group recommending techniques.
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The results suggest that bringing consensus into recommendation processes is
a promising future research direction; hence, the exploration of other approaches
developed in group decision making area might benefit recommendation.

Future works are mainly focused on developing a graphical tool, which allows
users to visualize their position regarding items and other users in GRSs.
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