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Abstract

Multicriteria decision ranking methods (MCDM)
are used to aggregate information from differ-
ent preference (or utility) functions to obtain
a global ranking of a given set of alternatives.
However, in some domains the preferences used
may change dynamically over time. In this pa-
per, we present a learning method that adapts
the user’s preference functions by means of the
observation of which is the alternative that the
user selects from the ranking that the MCDM
method has proposed.
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1 Introduction

In traditional multicriteria decision making (MCDM) ap-
proaches the main goal of the method is to select the best
alternative, or to rank or classify a set of given alternatives.
Those alternatives are described by means of a set of pref-
erence attributes per each alternative. In utility-based ap-
proaches those criteria indicate the degree of satisfaction
of each alternative with respect to one of the attributes
that the user wants to consider. In this sense, different
algorithms were developed according to the nature of the
data (i.e. numerical or linguistic) and the weighting fac-
tor applied to the attributes and/or to the values [1, 2, 3].
Unfortunately, these methods are not designed to be used
in an on line system where the preferences considered can
change dynamically according to some criteria. In those
systems, the user’s preferences are modeled and stored in
his personal profile to be used by decision making tools. In
our approach, the algorithm proposed allows to deal with
dynamic preferences by changing the user’s profile values.

The process described in this paper is divided in two main
tasks: first, it evaluates a set of proposals received from
a recommender system, and second, it learns from ac-
tions made by the user (feedback). Relating to the first
task, a rating and ranking of the proposals received is

required. This process could be performed using several
well-known multicriteria decision making operators [4] or
applying case-based reasoning from a set of well known past
examples [5]. The next task is to adapt the user’s prefer-
ences automatically by a learning process. That process
could allow the system to evolve from a set of predefined
preferences to the user’s-centered interests.

Moreover, with this approach we know the preferences of
all users and we can extract information of their behavior,
for instance, know the most selected value of an attribute.

Each time that the system ranks a set of alternatives using
a multicriteria decision making method, the system ob-
serves which is the alternative selected by the user, assum-
ing that the multicriteria decision method is reliable; if the
user does not choose the first one, it indicates that the pref-
erences are not appropriately modeled in the user’s profile.
This is a valuable information because we set up the rank-
ing process with different parameters and an aggregation-
based operator has been designed in order to adapt the
profile to that selection [6]. Therefore, we use the infor-
mation of the selected alternative, and of all the discarded
ones (the ones that were ranked better than the selected
one) to deduce which should be the correct user’s profile,
that is, which are the current user’s preferences.

Although we will explain this approach using a specific
MCDM method, namely a LOWA operator, we believe that
the ideas presented here could be used in a more general
framework.

The rest of the paper is organised as follows. First of all,
an analysis of the related work in the area is made. In
§3 the multicriteria decision ranking process is described.
Then, in §4 the learning process and dynamic adaptation
of the user’s profile is explained. After that, an example
of the use of this method in a healthcare domain is shown.
Finally, some conclusions are given.

2 Related work

The paper is focused in the learning preferences process ap-
plied in a multicriteria decision making application. Pref-
erence learning is recently beginning to be taken into con-
sideration. Related works in this area such as [7, 8] learn



global preferences as an iteration of pairwise preferences.
The goal is to use pairwise preferences from training ex-
amples for predicting a total order function that allows to
rank all possible labels for a new training example. How-
ever, as pointed out in [7], this approach requires a great
number of examples in the training set in order to use SVM,
that sometimes could be hard to obtain. A more general
framework is described in [9] were the authors learn both
the attributes considered in the user’s profile and the pre-
ferred values also using SVM as a classifier to distinguish
the good and bad alternatives.

Another approach is to consider the preferences as a Con-
straint Satisfaction Problem (CSP). In [10], the authors
develop a learning method based on multiclass label, which
builds a constraint classifier between each example and the
rest (is a case of ”one versus all” approach). This approach
allows to determine a partial order of that example in com-
parison with the rest.

In contrast, our approach is different because we do not use
past examples. We learn from the most recent experience
in a system that is continuously used by the user. Although
we miss the information about past episodes, this model
allows to react easily to new trends and new situations.
Moreover, the complexity of our method is lower than that
of the SVM-based approaches.

3 Multicriteria alternatives ranking

Our goal is to employ the user’s preferences to rate, rank
and filter a set of alternatives. As it has been introduced,
we are interested in a healthcare environment, where the
alternatives are a set of possible appointments for a medi-
cal test, described using different criteria, such as the dis-
tance to the medical centre or the day and time of the test,
among others. In this context, the user’s preference with
respect to the distance/day/time may change over time.
So, we propose to adapt the user profile each time that
the patient uses the system to obtain a ranking of appoint-
ment proposals. Fig. 1 shows the two steps: the ranking
of the alternatives and the adaptation of the user’s profile.
In this section, we explain how the user’s preferences are
modelled and aggregated.

Figure 1: Decision and adaptation

3.1 User’s profile

The user’s profile is a set of both linguistic and numerical
variables. The scale of the linguistic variables is S and the

domain of the numerical ones is [0, 1].

We will denote S = {si}, and i ∈ {0, . . . , T} a finite
ordered set of T + 1 linguistic labels whose semantics is
given by fuzzy sets. Each label si is defined by a 4-tuple
(x0, x1, x2, x3), where x1 and x2 indicate the interval in
which the membership function value is 1, and x0 and x3

are the bounds of the definition of a trapezoidal fuzzy mem-
bership function (see Fig. 3). Then, in the user’s profile
we have a utility function UL

atri
that associates each possi-

ble value of the categorical attribute atri to a label in S,
indicating its preference score. For numerical attributes,
we have a utility function UN

atri
that receives the numeri-

cal value r of the corresponding attribute, and compares
r with the preferred value of the user ruseri

. The utility
function of the ith attribute takes ki ≈

10
(maxatri

−minatri
)
.

UN
atri

: R→ [0, 1] UL
atrj

: String → S

r → 1/eki|ruseri
−r| str → si

3.2 Rating of alternatives

To rank the set of alternatives we use a classical mul-
ticriteria decision-making process with two stages: rat-
ing and ranking [4]. Being an alternative a tuple of the
form pi=(x0, x1, x2, ..., xK) its rating is done in three steps
(Fig. 1):

Step 1 ) All the values describing an alternative, pi, are
transformed into preference values in the domain
([0, 1]

S
S) by applying the appropriate utility func-

tions Uatrh
as described above.

Step 2 ) The numerical preferences in [0, 1] are transformed
into the linguistic domain S by means of a particular
numerical-linguistic transformation function defined
in [1] (linguistic preferences are left without changes),
obtaining the transformed vector called alti = {ak}
(ak ∈ S).

Step 3) The linguistic preferences in alti are aggregated
using the LOWA operator, obtaining a linguistic rat-
ing.

Finally, all alternatives can be ranked using the rating val-
ues. Then, a filtering is performed to show to the user only
the best alternatives, so that he can select one of them.

The problem of aggregating information has been widely
studied [11]. There exist several methods to aggregate nu-
merical values as well as linguistic terms. The family of
OWA operators are in the class of mean operators. They
are idempotent, monotonic and commutative.

The LOWA aggregation operator φ was defined in [12]. It
is an extension of the OWA operator to deal with linguistic
variables. The operator φ aggregates a set of labels A =
{a1, . . . , am}, where ai ∈ S, with respect to a set of weights
W = {w1, . . . , wm} such that wi ∈ [0, 1] and

P
i
wi = 1.



Those weights specify the decision-maker policy.

φ(a1, . . . , am) = W ·BT = Cm{wk, bk, k = 1, . . . , m}

= w1 � b1 � (1 − w1) � Cm−1{βh, bh, h = 2, . . . , m}

where βh = wh/
Pm

2 wh, h = {2, . . . , m} and B =
{b1, . . . , bm} is a permutation of the elements of A, such
that B = σ(A) = {aσ(1), . . . , aσ(m)}, where aσ(j) ≤ aσ(i)

∀i ≤ j. Cm is the convex combination operator of m
labels; if m = 2, then C2{wi, bi, i = 1, 2} = w1 �

sj � (1 − w1) � si = sk, si, sj ∈ S, (i ≤ j) such that,
k = min{T, i + round(wi· (j − i))}. If wj = 1 and wi = 0
with i 6= j, then Cm{wi, bi, i = 1, m} = bj

The weight vector w permits to adjust the degree of con-
junction and disjunction implicit in any aggregation. This
is done by using linguistic quantifiers (expressed as a set of
weights) that permit to define different aggregation poli-
cies. In [2] different fuzzy majority-based policies are iden-
tified, such as “most”,”at least half ” or “as many as pos-
sible”.

In a previous work ([6]) we compared the effect of using
different policies in the rating results following this method.
In addition, we studied the behaviour of different linguistic
domains (S) (symmetric versus non-symmetric linguistic
domains were compared).

4 Learning Preferences

As a result of the aggregation process, the alternatives are
rated with a linguistic label in S, and then ranked. If
the user does not choose the first alternative, we adapt
the user’s profile so that if we repeated the rating and
ranking with the same alternatives and the new profile,
the selected alternative would receive a better rating (if
possible, a rating that would place it in the first position).
If the selected alternative is the first, it is not necessary to
adapt the profile.

Our method is based in the following statement: if the
user has selected pi with a rate ar (ar ∈ S), we can use
the subset of alternatives {ph, h = 0, i − 1} that received
better ratings (and, therefore, have better positions in the
ranking) to learn which should be the user’s profile.

4.1 Learning algorithm

As we have just said, we will only consider the ph, h ∈
(0 . . . i − 1) best ranked alternatives to learn. Having that
each alternative pj has K values for the criteria, we propose
the following algorithm to adapt the user’s profile after
his/her selection:

Step 1 ) All the linguistic preference values of the alterna-
tives from position j = 0 to j = i are translated to
the numerical domain [0, 1] by means of a particular
linguistic-numerical transformation function defined
in [1] (numerical preferences are left without changes),
obtaining the transformed vector called vj = {nj k}
(njk ∈ [0, 1]) (See Fig. 2a).

Step 2 ) Using any unsupervised clustering method, gener-
ate c clusters from the set of alternatives V = {vh, h =
0, i − 1}. Then, we calculate the prototype of each
cluster, Rj , j = 0, . . . , c − 1 (See Fig. 2b).

Step 3 ) Find the distance between vi (the alternative se-
lected by the user) and all the prototypes Rj . Let
Rmin be the closest prototype to vi, so that its
distance1 is {min(dist(Rj , vi)) ∀j = 0, c − 1}.

Step 4 ) Let A be the vector vi, and B be the vector Rmin.
For each of the K +1 criteria, calculate the difference
of its value in A with respect to B, dj = (aj − bj)
(j ∈ 0..K). The variables for which the difference dj

is greater than a given threshold, are marked to be
changed in the user’s profile.

Step 5 ) To update the preference values of the criteria
marked in the previous step, we propose a method
based on the LOWA aggregation operator described in
§3.2. Being A the vector vi, B the vector Rmin, and m
the variable to be updated, an intermediate value αm

is calculated, so that αm = am +wm(bm −am), where
the weight wm is indicating the degree of change that
we want to apply to the criterion m. We propose to
use the difference of the actual value and the desired
one, that is wm = |bm − am|.

Step 6 ) Using the value αm, adapt the user’s profile. For
numerical variables, the new value of the mth variable

in the user’s profile is βm = (UN−1

m (αm)). For linguis-
tic variables, that value βm is obtained transforming
the number αm into its corresponding term in S, with
the same function applied in Step 1 and defined in [1].

Figure 2: Clustering of alternatives in the learning

process

4.2 Some comments on the learning method

In this section we want to present some alternatives to
some of the steps of the learning method we have proposed,
and argue why we have chosen this configuration and not
another. Let us proceed step by step.

In step 2 we use the k-means algorithm because it is a fast
and well-known method, but other non-supervised clus-
tering techniques could be applied [13]. The number of
clusters that are generated must be carefully studied. De-
pending on the application domain, we could consider to

1Any distance measures can be applied. We choose the
Euclidean Distance



have more than 2 clusters. However, we must think that
if the profile and the decision making methods are correct,
the user should not select an alternative far form the initial
positions of the ranking, so the number of alternatives to
cluster should not be more than 10. With this assumption,
building more than 3 clusters seems not necessary.

The rationale behind step 3 is that we can have sets of
alternatives with common features, and we must select one
of the prototypes to become our ideal alternative, that is,
the one we want to get closer to. If we select the more
distant prototype, we are very optimistic and want to make
all the changes necessary in our preferences to arrive to the
best positions. A more conservative approach is to consider
the closest prototype. If we have more than 2 clusters we
can select any other cluster in between.

The threshold defined in step 4 allows us to restrict the
number of changes in the user’s profile. Depending on the
number of criteria that change, the profile is adapted more
or less smoothly.

In step 5, we calculate the new value for each criterion in
the profile, βm. The weight wm indicates the degree of
change we will apply to the actual value in the profile. It
is based on the difference between the actual value, ak and
the desired one bk. However, other options or more param-
eters could be used. For example, we could allow bigger
changes at the beginning of the use of the recommenda-
tion system, and after some time, take a more conservative
approach, reducing the amount of change per iteration.

4.3 Case Study: Medical services

We have tested the proposed method for learning prefer-
ences in a multiagent system called HeCaSe2[14]. This sys-
tem is intended to facilitate the provision of user-centered
medical services. In particular, HeCaSe2 helps doctors to
personalise medical guidelines to the treatment of each pa-
tient. During the process, if the doctor detects that some
clinical test is needed, the agents are able to automatically
obtain a list of possible appointments for the test. Then,
using the patient preferences on different criteria, the list
of appointments is ranked using the method described in
§3.2. If the patient does not select the first proposal, we
apply the learning process to adapt the user’s profile.

VH=Very High (0.8125,0.8626,1.0,1.0)
H=High (0.5125,0.5625,0.8125,0.8625)
M=Medium (0.4375,0.4875,0.5125,0.5625)
L=Low(0.325,0.375,0.4375,0.4875)
QL=Quite Low (0.1875,0.2375,0.325,0.375)
VL=Very Low (0.05,0.1,0.1875,0.2375)
N=None (0.0,0.0,0.05,0.1)

N VL QL L M H VH

Figure 3: Linguistic domain used

In this application we consider 5 variables. Three of
them are linguistic variables: day of week, centre (destina-
tion medical centre) and period day (morning, afternoon,
night); and two are numerical: distance (kilometers from
the origin centre to the destination) and delay days (days

to wait before the test). Fig. 3 shows the linguistic domain
S of the variables. After the study made in [6], we have
selected a vocabulary with seven linguistic labels non sym-
metrically distributed, to have more precision to indicate
different bad degrees of preference.

For our example, let us consider that the profile of Mrs.
Smith is this one:

delay days 〈0.0〉
distance 〈0.0〉
centre 〈(MCBona,N)(MCBorges,M) (MCConst,H)

(MCMorell,VH) (MCGimb,M) (MCHospi,L)
(MCJaume,QL) (MCLlib,L)〉

day of week 〈(Sun,VL) (Mon,QL) (Tue,M) (Wed,H)
(Thu,M) (Fri,M) (Sat,L)〉

period day 〈(Morning,VH) (Afternoon,QL) (Night,VL)〉

Mrs. Smith needs a tooth X-ray to check which is the ori-
gin of her recurrent toothache. Each of the appointments
that the system founds is initially considered a valid alter-
native. Each alternative is a 5-tuple pi = 〈 delay days, dis-
tance, medical centre, day of week, period day〉. The val-
ues on each alternative are evaluated using Mrs.Smith’s
utility functions stored in her profile, in order to know the
corresponding linguistic preference values (following [12]).
Let’s consider the we have found six possible appointments
P for Mrs. Smith:

p0 :(2.0,1.2,MCBorges,Wed,Morn)
U

−−−−→
transf

(H H M H VH)

p1 :(1.0,8.0,MCConst,Mon,Aft) → (H VL H QL QL)

p2 :(4.0,9.0,MCBona,Thu,Aft) → (L VL N M QL)

p3 :(5.0,1.2,MCBorges,Sat,Night) → (QL H M L VL)

p4 :(10.0,1.2,MCBorges,Fri,Morn) → (N H M M VH)

p5 :(9.0,17.0,MCHospi,Fri,Aft) → (VL N L M QL)

The next step consists of applying the LOWA operator to
rate the proposals. An important parameter to be fixed in
this stage is the weight vector W . As it has been mentioned
before, weights specify different aggregation polices. In
this application we have good results with the policy ”as
many as possible” [2], so weights are: W = (.0, .0, .2, .4, .4).
After applying the LOWA operator, all alternatives are
linguistically rated and can be ranked and presented to
the user for a selection. In the example, the ranked list of
appointments for Mrs. Smith is the next one:

p0 : (H H M H VH) → (H)
p4 : (N H M M VH) → (H)
p1 : (H VL H QL QL) → (M)
p3 : (QL H M L VL) → (M)
p2 : (L VL N M QL) → (L)
p5 : (VL N L M QL) → (L)

Let us suppose that Mrs.Smith is not suffering from
toothache at the moment, and that she needs some time
to arrange her schedule to fix the medical appointment,
because she must find a babysitter for her twins. So, she
selects option p5, although it is in the fifth position of the
ranking. So, we assume that her profile is not correct and
we will try to modify it. In fact, if we observe the profile,
we will see that the most preferred option is to wait 0 days,
but this is not the case of Mrs. Smith.



Now, we start the learning process to adapt the user’s
profile to the selection made. We build the set V =
{v0, v4, v1, v3, v2} and make two clusters using the kMeans
algorithm. To apply this method we need to have all the
information in a numerical scale. To do this we apply the
linguistic-numerical transformation function described in
[12] (see Fig. 1). As a result of that transformation, the
alternatives are described as follows2 :

v0 : (H H M H VH) ↔
(0.6065 0.7408 0.4999 0.6875 0.9259)

v4 : (N H M M VH) ↔
(0.0821 0.7408 0.4999 0.4999 0.9259)

v1 : (H VL H QL QL) ↔
(0.7788 0.1353 0.6875 0.2812 0.2812)

v3 : (QL H M L VL) ↔
(0.2865 0.74082 0.4999 0.4062 0.1437)

v2 : (L VL N M QL) ↔
(0.3679 0.1054 0.03055 0.4999 0.2812)

v∗
5 (VL N L M QL) ↔

(0.1054 0.0143 0.4062 0.4999 0.2812)

The kMeans algorithm generates two clusters {v1, v2, v3}
and {v0, v4}, with their corresponding centroids, called R0

and R1, respectively.

R0 : (0.4777 0.3272 0.4060 0.3958 0.2354)
R1 : (0.3443 0.7408 0.4999 0.5937 0.9259)

Now, we measure the distance between the selected alter-
native (v∗

5) and the two prototypes. We apply the Eu-
clidean Distance obtaining:

dist(v∗
5 , R0) = 0.22338 < dist(v∗

5 , R1) = 0.45125

Having a conservative approach, we decide that we should
adapt the user’s profile to be closer to R0.

In the next step, we calculate the differences dj between
v∗
5 and R0, obtaining:

v∗
5 (0.1054 0.0143 0.4062 0.4999 0.2812)

R0 (0.4777 0.3272 0.4060 0.3958 0.2354)
d (0.3723 0.3129 2.3150E-4 0.1042 0.0458 )

At this point, we have to establish a threshold to choose
which attributes are so distant to be considered to up-
date the profile. If we choose a low threshold, too many
attributes will be changed simultaneously and the profile
modification will be bigger and more difficult to control.
On the other hand, a threshold too high will not allow the
system to react to the changes in the preferences of the
user. Let us suppose that we take a threshold of 0.35; in
that case, we only have to change the first attribute: the
delay days.

The adaptation of that variable is made according to the
aggregation-based updating function defined in the pro-
posed learning algorithm. According to that, α = 0.1054+

2To improve legibility, all numerical values have been
rounded to four decimals. Internal operations maintain
more precision.

w(0.4777−0.1054) where w = 0.3723, resulting α = 0.2440.
This means that the preference of the value proposed in v5

should have been 0.2440 instead of 0.1054. Therefore, to
change this preference utility function, we can only change
the number of days considered to be the most preferred
by the user. In this example, we initially assumed that
Mrs. Smith wants to wait 0 days, but from the scenario,
we have said that this is not true. Applying the inverse
function to obtain the number of days from the preference
value 0.2440, we found that the most preferred number of
days is set to 5.3, which is a good approximation of the
real desired value.

Now, we can check what happens with this new profile. So,
we start again the ranking process with the same alterna-
tives. The results obtained now are shown below. Notice
that the change in the utility function of the delay days
variable has affected the preference values of all the pro-
posals.

p0 :(L H M H VH) → (H)
p1 :(QL VL H QL QL) → (L)
p2 :(H VL N M QL) → (M)
p3 :(VH H M L VL) → (H)
p4 :(QL H M M VH) → (H)
p5 :(L N L M QL) → (L)

Our goal was to increase the preference value of p5

smoothly. In fact, it can be observed that now p5 is consid-
ered of L (low) preference in its first attribute, instead of
V L (very-low). Moreover, the changes suffered by the first
variable have some effects in the ranking, changing the po-
sitions of some of the alternatives. Some alternatives with
a delay close to the new preferred value have increased its
global utility value such as p3. However, in this particular
example this change is not sufficient to change the over-
all ranking of the proposal selected by Mrs. Smith. Note
that the method does not aim to improve automatically all
variables in one step (that would be too drastic). More-
over, there are several parameters that affect the degree of
change, such as the threshold taken in the adaptation or
the centroid chosen to adapt the selected proposal.

5 Conclusions

We propose a method for learning the user’s preferences
that takes into account the feedback from the user when
it makes a selection from a ranking recommended by a
multicriteria decision making system. We have explained
the case of using a ranking method based on the use of the
LOWA operator. However, this learning method could be
also applied with other ranking techniques.

We want to stress that the learning method is able to deal
both with qualitative and numerical preferences. It is only
required (i) to have a function to transform qualitative
preference values into numbers and vice-versa and (ii) for
numerical utility functions, to have an inverse function to
obtain a single value in the original scale from any prefer-
ence value. These constraints are due to the fact that we
use numbers to learn, because with numbers we can work
with more precision and modify the profile more gradually
than using qualitative values.



In the tests that we have made using the HeCaSe2 pro-
totype, when the user changes one of his preference val-
ues (like Mrs. Smith with the preferred number of days
before making any test), the profile is correctly updated
after some iterations of the learning method, which is also
indicating that the learning is done smoothly, in order not
to be too sensitive to occasional changes of the user’s pref-
erences.

In fact, it can be argued that it would be interesting to
be able to introduce information about the context of each
decision. For example, in the medical setting, Mrs. Smith
can prefer to wait a week before a test to arrange her sched-
ule; however, in an urgency situation, this criterion should
not be used. Another example, coud be the situation of
having different preferences of medical centres for differ-
ent types of tests. Context-situated decision making and
learning is an interesting open issue to consider.
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