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Abstract ical point of view, the definition of a distance among users
presented in Subsection 2.2. On the other hand, the applica-
tion of the degree of consensus previously defined together
with the presented distance to build a recommender system.

This paper is structured as follows. Section 2 introduces
the theoretical framework. In Section 3, the recommender
system algorithm is presented. In Section 4, an experimental
case in movie recommendation is introduced, and its results
are compared with two non-personalized models. Conclu-
sions and future research are drawn in Section 5.

This paper presents a methodology for a collabora-
tive recommender system (RS). The methodology
is based on the compatibility of groups of users
defining their profiles via a qualitative order-of-
magnitude model. The distributive lattice structure
of the space of qualitative descriptions is consid-
ered in defining the distance between existing users
and the RSs new users. An application to movie
recommendations is presented to show and com-
pare the efficiency of the proposed methodology.

2 Theoretical Framework

1 Introduction Qualitative Reasoning (QR) is a sub-area of Artificial Intel-

The RS proposed is a collaborative memory based systefigence that seeks to understand and explain human beings’
where the user is recommended items based on users wigiPility to reason without having precise informatigrorbus,
similar profiles and preferences. Several different approachég?98. In recommendation processes, it is not unusual for a
have been discussed in the literature to address the proBituation to arise in which different levels of precision have
lem of finding user similarities, such as: correlation based® be worked with simultaneously, depending on the informa-
[Resniket al, 1994; Schardanand and Maes, 19@®sine- tion available to each user.
based[Breeseet al, 1998; Sarwaet al, 2001, and graph ~ The RS proposed in this paper requires measuring compat-
theoretid Aggarwalet al, 1999. ibility among users. The concept of compatibility is based
This RS differs from others because it uses a heuristic the®n group consensus theory. In particular, in this paper, we
allows different levels of precision to be considered simulta-use the definition of consensus introduced Raselloet al.,
neously. This ability of the proposed RS is crucial for recom-201d), which is based on a qualitatively-described system in
mendation of products whose main features are addressed ®ms of absolute order-of-magnitud@iravé-Massuyes and
users’ sensorial perceptions. In this context, users often dBague, 2008.
not know how to express their preferences with precision. Order-of-magnitude models are essential among the theo-
We present recommendations that find user similarities inetical tools available for qualitative reasonii@ague, 1993;
terms of profile compatibility with other users. Rather thanKalagnanamet al, 1991]. They aim to capture order-of-
using classical methods, we put forward an approach to regnagnitude commonsense inferend@savée-Massuyes and
ommending by searching through the most similar neighbordpague, 200B The classic order-of-magnitude qualitative
using a degree of consensus directly or through a dive funcspacesare built from a set of ordered basic qualitative labels.
tion that permits consensus based on underlying common vai general algebraic structure, called Qualitative Algebra or
ues. The degree of consensus allows us to measure the cofg-algebra, was defined based on this framework, providing a
patibility of a group of users. The previous search of compatmathematical structure to unify sign algebra and interval al-
ible groups with the user makes the recommendation easigebra through a continuum of qualitative structures built from
and the cost of calculating a minimum distance lower. the roughest to the finest partition of the real liGkalgebras
This proposed methodology incorporates incomplete oand their algebraic properties have been extensively studied
partial knowledge into the recommendation process usin§Trave-Massuyes and Dague, 2003
qualitative reasoning techniques to assess affinity of its users Let us consider a finite set obasic labels, S, =
for recommendations. {Bji,...,Bn}, which is totally ordered as a chainB; <
Two main advances of this paper with respect to previous.. < B,. Usually, each basic label corresponds to a lin-
works can be highlighted. On the one hand, from a theoretguistic term, for instance “extremely bad” “very bad” <
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“bad” < “acceptablex “good” < “very good’< “extremely  used in the RS to model compatibility among profiles of the

good”. corresponding group of users.
The complete description universe for the Order-of- The algebraic structure of the €8tand the I andn opera-
Magnitude Space OMY( with granularityn, is the sef,,: tions are given by the next results (the proofs can be found in

o [Roselléet al, 201Q): (Q, U, N) is a weak partial lattice, and
Sn =S, U{[B;, Bj] |Bi, Bj € Sy,i < j}, if @y, is a subset 0® which is in consensus, thé@;,, LI, N)
where the labe[B;, B;] with i < j is defined as the set is adistributive lattice[Birkhoff, 1967.
{BiaBi-ﬁ-la'-'aBlj}' .

Consistent with the former example of linguistic labels, the2-2 A Distance among Users
label “moderately good” can be represented by [“acceptable’l, et us suppose that there exists a sul@gtof Q which is
“good™, i.e.,[Ba, Bs]. The label “don’t know” is represented in consensus (if this situation does not hold, in Section 2.3
by [“extremely bad”, “extremely good™], i.e[B1, B7]. This  a process to obtain consensus is presented). This section is
least precise label is denoted by the synthdle.,[ By, B,,] = devoted to define a distance between two qualitative descrip-
2 tionsQ, Q' € 9.

Definition 1 In the lattice(Qy, L, N) the null elementlg,
is defined ad)o, = Ug,co, @i, and theuniversal element
lg, isdefinedad g, =NgQ,co, Qi-

There is a partial order relatiodp in S,,, “to be more
precise than”, given by, <p Ly <= L1 C L.

The structureOM (n) permits to work with all different
levels of precision from the basic labels to théabel.

The next subsections are the theoretical foundation of The null element and the universal elements verify for all
the RS presented. This theoretical foundation is based o € QO;:
[Roselloet al,, 2014.

) OQLL'Q:OQLonLmQ:Q’

2.1 Groups of Compatible Users o UO=010 A0 =1

Let A be the set features that is qualitatively described by er Q =@ le, . @=los, _ _

means of thé,, labels,A = {a,...,ax}. and then, considering the partial order relation defined by
The qualitative description is carried out by each@ < Q'iff QU Q" = @, we have:

user/evaluator and is represented by the funct@n: A — 0o, <Q <1

S,, wherea; — Q(a;) = & is the qualitative label with Qu =% = Qr-

which the evaluator describes _ Recall the definition othain a totally ordered set of a
LetQ ={Q|Q: A — S,} bethe setof all possible qual- poset.

itative descriptions of\ overS,; a group of users determine ~ By« coversy” itis meantthay < x and thaty < z < z
asubset oR. GivenQ, Q" € Q, two different operations are  js not satisfied by any. A finite chaina; < as < ... < ay, is

defined between them. amaximal chairif eacha,, coversa; fori =1,...,k — 1,

1. The mix operation: The operatiéhLi Q' leadsto anew and itis denoted bju:, ax]. _ _ o
qualitative description functio® U Q" : A — S,, such Let us assume that is a finite set. Sinc8,, is also finite,
that, for anya, € A, then all the chains ifQ,,N) are finite. Therefore, all

finite maximal chains between fixed end points have the same
(QUQ) (@) = Q(ar) U Q' (ar), length (Jordan-Dedekind theorefBirkhoff, 1967.

whereLl is the connex union of labels, i.e. the mini- Definition 2 If Q,Q’ € Qy, the length of a chain with end
mum label that contain®(a;) andQ’(a;) : [B;, B;] U pointsQ and @', I([Q, Q']), is the cardinal of any maximal
[Bh, Bk] = [Buin{i,h}» Bmax{j,x}]; USINg the conven- chain betweei)) andQ’. The length of) € 9y, 1(Q), is the
tion [B;, B;] = B;. length of [0g, , Q).

2. The common operation: The concept of consensus be- |n the distributive lattice(Q,, I, N) the following state-

tween two qualitative descriptiong,and(’, isrequired  ment is satisfied for alf) andQ’ in Qy.:
in order to introduce the common operation:

Two qualitative descriptions), Q' arein consensus Q) +UQ) =1UQUQR)+1UQNQ). (2)
Q= Q' iff Lemma 1 Since inQy, the operationgl andnN are the infi-
Qla)NQ' () #0 Va; € A. (1)  mum and supremum respectively then:

Given@ andQ’ whereQ = @', thecommorQNQ’ op- @nNHUE@NQ") >q )
eration produces a new qualitative description function

ONO A S, such that P Q'2QUQ)NE@uQ"). @

, _ , Proof: It is a simple exercise to check that
(QNQ){a) = Qlea) 0 QHar) Vau € 4. (QNQ)U(@NQNQ = (@NQ)U(Q NQ") and
In general, a sefQ;};,c; C Q of qualitative descriptions & N (QUQ)N(Q'LQ"Y))=Q" O
of A overS,, isin consensusff N;c;Q;(a:) # 0 Va: € A. The next theorem defines a distance in the lattice

The consensus concept of a set of qualitative descriptions &, L, N):
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Theorem 1 In the lattice(Qy, LI, N), the functiond : Oy, x
Q1 — R defined as

dQ.Q)=1QNQ) -(QUQ") (5)
is a distance.
Proof:

1. Positive definiteness: Becaugel Q' < QNQ’ VQ, Q'
it is trivial to see thatl/(Q U Q') < I(Q N Q'), so
d(Q,Q") > 0.

If @ = Q' thend(Q, Q") = 0. Conversely,
dQ,Q)=0=1QuUQ)=UQNQ),

and this, together with the fact th@t Q' < QN Q' and

the Jordan-Dedekind theorem, lead§}ia @’ = QNQ’.

By the absorptive laws of lattices:

QNQRUE)=QandQU(QNQ’) = Q.

We have

RQ=QNQRUE)=QNQRNQY)=QNQ,

Q=QNQUE)=Q'NQRNQ)=0NQ,

soQ = Q.

2. Symmetry: Sincel andn are commutatived(Q, Q') =
d(Q", Q).

3. Triangle inequality: For allQ,Q’, Q" <€ Qr

d(Q,Q") <d(Q,Q") +d(Q",Q").
We have
d(Q7QII) + d(QIl7Q1) — Z(Q m Q/I) + l(Ql ﬂ Q/I) _
((QuQ”)+1Q UQ")).

2.3 Degree of Consensus

Given a spac§,,, a finite non empty sek = {a1,...,an}
and a group of evaluato® = {ay,...,an} , thegroup
evaluationof A is considered as the pair\, Or), where
O = {Qi : A — S, | i € {1,---M}}, andQ); is the
evaluation ofy;.

Let's suppose that there is consensus among the group, i.e.,
NM,Qi(ar) # 0 Ya; € A. The next definition regarding the
degree of consensus is frdiRoselléet al, 2014Q:

Definition 3 Given a group evaluation in consensus
(A, Qr), i.e.,NM, Q; exists, letu be a normalized measure
defined orsS,,, i.e., a measure such that(?) = 1 andz

a normalized measure defined on the get Thedegree of
consensuamong the groups(Qx), is

M o).
(Qs) = Fiairto] ©

where the entropy of a qualitative descripti@ns

HQ) = Y  [#QENIE), 7)

EE€S, u(€)#0

with I(€) = log ﬁ

The necessary and sufficient condition for which there ex-
ists consensus 8Y,Q;(a;) # 0,Va; € A. If this situation
does not hold, then a process has to be initiated to obtain con-
sensus. The algorithm presented Roselloet al., 2014 is
based on the following idea: If two people disagree on some

The two first summands can be expressed using th&act and they want to reach an agreement, i.e., reach consen-

property (2):

HRNQM) +1(Q'NQY) =1((QRNQ")L(Q'NQ")) +
(R@NQAQ")N(Q NQY)),

and then, by (3)

QNQ")+1Q'NQ") = 1UQ") +1((RNEQ'NQ")).
Similarly, from (2):

HQUQ) +1(Q'UQ") =1(QUQQ")U(Q'UQ")) +
((QUEA")N(Q"UQ),

and then, by (4):

QU™ +UQ'UQ") <1(QUQ'UQ") +I(Q").
So,

d(Q,Q")+d(Q", Q") = H(QNQ'NQ")~(QUR'LQ").
Now, using the fact that

QNQ'NQ">2QNQ = 1(QNQ'NQ") 21(QNQ’)
and

QUQ'UQ" < QU =1(QUQ'UQ") <(QUQ"),
we conclude that

d(Q,Q") +d(Q", Q') 2 (QNQ) - QUQ) =
d(Q, Q")

O

sus, they have to reconsider their positions and find points in
common. In this section this idea is formalized by using the
concepts already given. It can be understood as a process of
automatic negotiation.

Definition 4 Given a spaceS,, with basic labelsS
{Bi,...,Bn}, and a spaceS,; with basic labelsS’
{B1,..., B, .}, thedive functionis the mapgy : S,
S,+1 defined as follows:

For basic labelsB; € S,, then ¢o(B;) = [B;, B, ],
and, for non-basic labelsp ([B;, B;]) = Ui_; ¢o(Bx) =
[Bng;'Jrl]'

With this function, each basic label ), is “split” into two
new basic labels i§,, 1. And in general, for each labélin

Sk, ®(&) is obtained by adding a new basic label. In this
same way, we can defig : S, ; — S;,4441, fori > 1, and
the following chain can be considered:

Lo

Pm

$o 1
Sn — Sn-ﬁ—l — Sn+2 e Sn-i—m — Sn-|-1n-i-1

Then, giveng, F € S,, such thatt N F = (), we can see
that there exists a natural numidelr 1 such that :

(pr—10---0h0)(E) N (pr—10---0¢0)(F) # 0.

Similarly and giver€y, ..., € S, such than &, =
(), there exist& > 1 such that

In the next sections the concepts introduced above are used

to define the degree of consensus of a group of users.
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The next result allows us to extend the measure defined in The goal of the system is, for a new user with qualitative
S, to the new spacé,,; (for a proof segRoselloet al, description’ : A — S,,, to assign an alternativgQ’) € A.
201d): Let us denote b¢(Q’) the set of the subsets ofg U {Q'}
Let ;. be a normalized measure definedShnand let us sup- that are in consensus, cont@i, and their cardinal is greater
pose thaf,, is "dived” in S,,;1. Then the measure can be than or equal to 2. Lely be its cardinal:
extended to a normalized measurén S, defined, taking

weights0 < Ay, ..., A\, < 1, in the following way: iQr = |C(Q)]- (8)
) = (1= \)u(By) The main idea of the algorithm is that the best alternative
W (B1) = 1)u( for the new user with qualitative descripti@)f is the alter-
' (By) = Aipu(B1) + (1 — Ao)u(Bs) native of the user with nearest qualitative descriptio)to
1 (B)) = Ni—ap(Bic1) + (1 — M)u(B;) This can be done in the following steps:
1 (Bly1) = Aups(By) 1. First of all, the algorithm find€(Q’) andi..

2. If igr > 1 then we choose a subset with highest degree
of consensus (6):

J C(Q) =arg max rw(Ci(Q)).
(EN = Y B (@t
b= 3. The next step is to assign & the alternative corre-
With the defined dive function and this extension of the sponding to the user with qualitative description nearest
measure, we can thus enact a process to reach consensus in a to Q' in the subse€(Q")*
group evaluatior{A, Og). The fully detailed process can be

And for a non-basic label” = [B}, B}] € Sp1,

found in[Roselloet al., 2014. HQ) = f(arg mlg ) d(@. Q")
Now, we can calculate the degree of consenswithin the ) )
group evaluation in which consensus has been obtained. where the distance is the expression in (5).
4. Ifin (8) igr = 0, then we have to apply the automatic
3 The Recommender System Algorithm negotiation process introduced in Section 2.3, in order to

] ~ find at least one subset@{Q’) and get arig: > 1 (see
So far, we have introduced all the concepts needed to explain  Figure 2). Once it is found, the algorithm follows as in
the system based on compatibility between users’ profiles  step 2.
through the concept of consensus. This section is devoted

to the explanation of the proposed RS. S e ‘
Consider the recommendation process of a product de- s -'7\;\/\/7%2@') 3
scribed by a set of features, where each feature can be SICA I
described by an element of the spa&;e Let A be the set N L S
of alternatives to be recommended. [Ebe a set of users, AR O
which are the training set for the RS; each of these provide a /-":’-, I
qualitative descriptiod; : A — S,,, which assign a label of ! ,‘ o
S,to each feature, and 1€z C Q be the set of these qualita- ; SRl
tive descriptions. Finally, we have to assume that there exists QE U {Q}
a functionf : @ — A that assigns eaa}; to an element of
a setA of alternatives. Figure 2:Here the automatic negotiation process has been applied

In Figure 1, we can see a representation of the training set one step. This has produced two subggisQ") andC2(Q’).
where each dot is an elemafte Qp and the dotted closed
lines express that these two groups of users are compatible,
i.e. these two subsets @f are in consensus (of course each4 An Experimental Case in Movie

Q is in consensus with itself). Recommendation
T O A An experimental case is presented in this section for top-N
! e movie recommendations. The RS presented, based on the al-
ot . /*/\5* gorithm given in Section 3, can be considered as a hybrid

L f RS. Hybrid recommender systems combine collaborative and
content-based methodildAdomavicius and Tuzhilim, 2045

in our case content-based characteristics to define users’ pro-
files are incorporated into the collaborative approach given.
In particular, users’ profiles are elaborated from their order-
of-magnitude preferences on 18 pre-fixed movie genres (in-
) duced from their favorite movies). These content-based pro-
Figure 1:The training set of the recommender system. files are used to define qualitative descriptions, which involve

Y
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different levels of precision, and allow us to find compatibil Finally, the profile of each usex; € E is obtained as a
ity among users. The alternative assigned to a new user igector of 18 components corresponding to their qualitative
a top-N movie recommendation list considering their moviedescriptions of the 18 genre preferences.
genre preferences. The main goal of this section is to present ]
and assess this movie RS by using a set of offline tests. 4.3 Experimental Methodology

To test the RS, we run a set of offline leave-one-out tests
4.1 Data Set Description where our recommendations are compared to two well-

A selection of a MovieLens data set, provided by the Grou-Known non-personalized models. Non-personalized recom-
pLens Research at the University of Minnesota, is used to te enders presenta predefmed_hst ofitems to any user, regard-
the proposed hybrid system. In particular, the files used wer ss of their preferences. In this test, the models used are the

the movies and ratings files, the files being structured as fol- ovie Average, where the top-N items with the highest av-
lows: erage rating are rec_:ommen_ded an(_j the Top Pop_ular, which
Movi es(noviel D, title, genres) recommends top-N items with the highest popularity (largest
' r number of ratings).

Ratings(user!D, novielD, rating) For each user u from the data set, our RS, as explained in

Movie ratings are consideredin a 1-to-5 ord|_naI scale wh|_letSections 3 and 4.2, performs the four following steps:
movie genres are represented by a dynamic attribute list:

There are 18 different attributes available as genres. 1. Obtain the profile for usex from his set of preferred
To define the data set for the test, a data subset from the top-N movies;

Movielens dataset is selected in the following way. First, we 2 search user, from the set of users with the highest
selected films that have received between 10,000 and 15,000 gegree of consensus that includeswith a minimum-
ratings. Then, to avoid movies equally rated for everybody  gistance profile to that of use
and sparsity-related problems, the next movies and users re- . .
strictions are considered: . Obtain the set of preferred top-N movies by user

4. Extract the common movies skt between the two sets

e Those movies with a rating standard deviation below 1 of preferred movies for, andv.

are discarded;
Then, to test our methodology, we compute the following in-
dicators for different values of KCremoneset al,, 201d:

As a result, a first data subset containing 200 users and 62 4 Coincidence percentage between preferred top-N

movies was considered in this experimental case. movies by users and their recommendation for the three
RSs to be compared.

4.2 Obtaining Users’ Profiles e Rating difference between preferred top-N movies by
A crucial step for using the algorithm with the data of the useru and their recommendation for each mowiein
database MovieLens is obtaining from this a qualitative pro- M for Movie Average and the presented RS.

Elsee(r); ?121(\:/2 lé;?veern-l;mas fﬁﬁgleﬁgs\:g;ng%ﬁtlgi%itgg ti(i:grperz;irl]:t When all users have t_Jeen tested, an average of the results
. ; ) X L is calculated, being the final result for an N items recommen-
is not unique (note that the algorithm presenbedinswith

the users’ qualitative description of the getusually using a dati_on.
i . Figure 3 reports the performance of the recommender sys-
specific interface with the computer system).

; . . tem algorithm presented versus non-personalized methods
In this context, the sel contains thel8 available gen- g P P

N . Movie Average and Top Popular. It compares their average
res, and each feature awill be described by an element of of coincidence percentage for an items recommendation

e Users must have rated at least 85% of the movies.

?ISP(?CGS}{ V\|/|§hkbas_|<t: ,I,abngBl_ = | ' | hit € It t JBBQ = following a leave-one-out test. For each value of the number
- Ig\r/]e it!' et , by = Ike 117, by = of items to be recommended (horizontal axe) the averages of

o . i coincidence percentage are represented considering the three
The qualitative descriptiof.,, corresponding to each User yecommender systems (vertical axe). values are natural

a; € K is obtained counting how many times this user has, mpers in the range from 1 to 10, since 10 is usually consid-

selected a favorite movie with genres, ..., a;,. Thesel8  greq the maximum number of movies to be recommended.
numbers are normalized and mapped to a label of the space Ngie that. as expected, results improve whah in-

S4 using the functio : R — Sy : creases. Our RS performs significantly better than the non-
personalized ones.

By, ifz€]0,1/7) Figure 4 shows the average movie rating differences be-
[B1Bs], ifxell/7,2/7) tween the real values given by each user being tested and the
[B1Bs], if x€[2/7,3/7) values of the recommendations. Note that these differences

can only be computed for our RS and the recommendations

q(z) =% ifzel3/7,4/7) given by the Movie Average model, since Top Popular just

[B2Bul, ?f z € [4/7,5/7) select the most popular movies (largest number of ratings)
[BsBy], ifx€[5/7,6/7) and does not provide their specific ratings. For each value of
By, ifze[6/7,1] the number of items to be recommended (horizontal axe) the
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= levels of precision is being built by using the concepts pre-

TP %

sented in this paper. The software developed will be adapted
to design a recommender system based on the methodology
defined in this paper.
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