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Abstract. Most of multicriteria methods require the specification of
different preference parameters. This necessitates a considerable cog-
nitive effort from the decision maker, especially for those with no or
limited knowledge about multicriteria analysis. The situation is further
complicated within a group of decision makers. In this paper, we pro-
pose a multicriteria classification approach that relies on an aggrega-
tion/disaggregation strategy within a group of decision makers, permit-
ting thus to considerably reduce the needed cognitive effort at individual
as well as group levels. The aggregation/disaggregation strategy is known
for its ability to reduce the cognitive effort at the level of individual de-
cision makers. At group level, a simple majority rule is used to generate
consensual decisions with no additional information from the decision
makers. A didactic example is used to illustrate the proposed approach.

Keywords: Group Decision Making· Aggregation/Disaggregation Ap-
proach· Cognitive effort· Majority Principle

1 Introduction

A relatively high number of multicriteria methods are currently available in the
literature [14]. Most of these methods require the specification of several prefer-
ence parameters such as criteria weights and discrimination thresholds. However,
it is known that a decision maker often has difficulties to specify precise values
for preference parameters and feel more comfortable to give holistic judgements
[22]. These difficulties are mainly due to the cognitive load and mental resources
[17] needed to explicitly specify values of these parameters. Such mental exercise
clearly requires an important cognitive effort from the decision maker, partic-
ularly from those with no or limited knowledge about multicriteria analysis.
The situation is further complicated within a group of decision makers where
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the specification of these parameters requires a high level of agreement between
involved decision makers and faces several conflicting situations [4].

One possible solution to reduce the cognitive effort is to use an aggrega-
tion/disaggregation approach to infer values of these parameters [11][12]. The
basic input for the aggregation/disaggregation approach is a set of assignment
examples specified by the decision maker. Then, an inference procedure is used
to deduce, through a certain form of regression, a set of preference parameters
values that re-do at best the assignment examples. Aggregation/disaggregation
approach has been used largely for single decision makers [1][7][10][16][18]. There
are also some group oriented aggregation/disaggregation approaches [2][6][15].
For instance, the study reported in [6] proposes a methodology in which a group
of decision makers discuss how to sort some assignment examples, instead of
discussing what values the preference parameters should take, which needs a
high level of agreement between the decision makers. Generally, most of existing
proposals proceed either with input or output aggregation strategy that are both
characterized by some shortcomings, as discussed in [4][5]. Furthermore, most of
group oriented aggregation/disaggregation approaches need a strong agreement
between decision makers and often proceed iteratively to reach a consensual
decision.

The objective of this paper is to propose an aggregation/disaggregation-based
approach to support group decision making in multicriteria classification prob-
lems. A multicriteria classification problem is sharply defined as the assignment
of a set of decision objects described with respect to several evaluation criteria
into a set of predefined and preference-ordered decision classes. The proposed
approach is organized into four phases: (1) individual classification, (2) aggrega-
tion, (3) conflict resolving, and (4) collective classification. In the first phase, each
decision maker runs individually the inference procedure using as input his/her
own assignment examples. In the second phase, an assignment rule—which is
based on majority principle—is used to construct a set of collective assignment
examples. The third phase uses some coherence rules to resolve conflicting sit-
uations. The forth phase applies the inference procedure using the collective
assignment examples as input in order to infer values for collective preference
parameters, which are then used to assign decision objects to decision classes. A
didactic example is used to illustrate the proposed approach.

The paper goes as follows. Sec. 2 presents the background. Sec. 3 introduces a
general outline of proposed approach. Sec. 4 details the aggregation procedure.
Sec. 5 addresses the problem of conflict resolving. Sec. 6 provides a didactic
example. Sec. 7 concludes the paper.

2 Background

2.1 Basic Notations

Let U = {xk : k = 1, . . . , n} be a finite set of n decision objects and Q = {qj :
j = 1, . . . ,m} be a set of m evaluation criteria. The evaluation of an object
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x ∈ U according to criterion qj ∈ Q is written qj(x). Without loss of generality,
we assume that the preference is increasing with value of qj(.) for every j. Let
Cl = {Clt : t = 1, . . . , p} be a set of p decision classes. We suppose that the
classes are preference-ordered, i.e., for all Clr, Cls ∈ Cl, such that r > s, the
objects from Clr are preferred to the objects from Cls.

The decision classes are defined through a set of p − 1 limiting profiles L =
{bt : t = 1, . . . , p− 1}, where bt is the upper limit of class Clt and lower limit of
class Clt+1.

The assignment of decision objects to decision classes relies on a multicrite-
ria classification method. Multicriteria (classification) methods often require the
definition of a set of preference parameters such as criteria weights and thresh-
olds. In this paper, a multicriteria classification method is generically designed
by Γw : U ×Q→ Cl where Γ is a multicriteria classification method and w is a
set of preference parameters required to apply Γ .

2.2 Principles of Aggregation/Disaggregation Approach

The general schema of an aggregation/disaggregation approach can be structured
into two stages: (i) inference of preference parameters values, and (ii) exploita-
tion and classification. The objective of the first stage is to infer the values of a
set w of preference parameters using as input some holistic information provided
by the decision maker. The holistic information are global judgements on deci-
sion objects and thus represent aggregated information. The inferred parameters
values are obtained by disaggregating the global information provided by the
decision maker. At the end of the first stage, the decision maker should agree
on the inferred values. Otherwise, the first stage can be restarted again by using
different input data. The objective of the second stage is to use a multicriteria
classification method Γw (the values of preference parameters set w are those
obtained in the first stage) to assign the decision objects to different classes.

The holistic information may take different forms such as assigning objects to
decision classes, constraints on preference parameters, etc. In this paper, holistic
information are represented as a set of assignment examples U∗ ∈ U defined such
that each x ∈ U∗ is assigned to a range [Clt1 , Clt2 ] of possible classes where Clt1
and Clt2 represent respectively the minimum and maximum classes to which x
should be assigned. The assignment of x to a precise class Clt can be modeled
by setting Clt1 = Clt2 = Clt.

2.3 Inference Procedure

The main component of the aggregation/disaggregation approach is the infer-
ence procedure, denoted by I in the rest of this paper, which is used to induce
the values for the preference parameters set w. The basic idea of the inference
procedure consists in finding a set of preference parameters values that permit
to re-do the assignment examples provided by the decision maker. The inference
procedure proceeds as follows. First, let S be an outranking relation defined such
that xSbt means that the evaluations of x upon all criteria in Q are at least as
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good as the evaluations of the limiting profile bt (lower limit of class Clt+1).
Based on the assignment examples set U∗, we then define two sets as follows:

– S+ = {(x, bt) ∈ U∗ × L and the decision maker states that uSbt}.
– S− = {(u, bt) ∈ U∗ × L and the decision maker states that ¬(uSbt)}.

This information are then used to define a mathematical program such that:
(i) the decision variables are the preference parameters to infer, (ii) the objec-
tive function is defined as an error function measuring the level to which the
assignment examples are restituted, and (iii) the constraints express restrictions
on the values of preference parameters. The values for preference parameters are
then obtained by maximizing the minimum slack for this system of constraints.

In addition to specifying assignment examples, the decision maker can also
fix the values of some preference parameters. The ability to fix the values of some
preference parameters is very useful in practice since jointly inferring all pref-
erence parameters as in [19]) often requires solving a non-linear mathematical
program, which is time demanding. To obtain a linear mathematical programs,
it is possible to use partial inference procedures where only a subset of prefer-
ence parameters are inferred as criteria weights and the cutting level [10], veto
thresholds [9] and category limits [20].

3 Approach Outline

The proposed approach is composed of four phases: (1) individual classification,
(2) aggregation, (3) conflict resolving, and (3) collective classification. A brief
description of these phases follows. Let H = {di : i = 1, . . . , h} a finite set of h
decision makers.

3.1 Individual Classification

In this phase, each decision maker di applies the inference procedure using as
input his/her own assignment examples. It is assumed that decision makers
are using the same inference procedure I. Further, we assume that all decision
makers agree on the values of fixed preference parameters and the constraints
these parameters. The assignment examples of each decision maker di can be
represented through as individual assignment matrix Ai[n× p]. Each element of
the assignment matrix Ai is defined for each xk ∈ U and Clt ∈ Cl as follows:

Ai(xk, Clt) =
{

1, if xk is assigned by the decision maker di to Clt,
0, otherwise.

(1)

The output of the application of the inference procedure on matrix Ai can be
represented through an individual classification matrix Ri[n× p]. Each element
of the individual classification Ri is defined for each xk ∈ U and Clt ∈ Cl as
follows:
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Ri(xk, Clt) =
{

1, if xk is assigned by the inference procedure I to Clt,
0, otherwise.

(2)

The inference procedure I may assign an object xk ∈ U to a range of possible
assignments of the form [W (xk), B(xk)] where W (xk) and B(xk) indicate the
worst and best classes to which xk can be assigned, receptively. When the inputs
are consistent, the inference procedure I is able to identify for each object xk ∈
U ‘central’ assignment C(xk) ∈ [W (xk), B(xk)] that minimizes the maximum
slack. When the inputs are inconsistent, only a single assignment is computed
by inference procedure I. Based on the output of the inference procedure I, we
construct an individual central classification matrix R∗i [n× p]. Each element of
the individual central classification R∗i is defined for each xk ∈ U and Clt ∈ Cl
as follows:

R∗i (xk, Clt) =
{

1, if Ri(xk, Clt) = 1 and Clt = C(xk),
0, otherwise.

(3)

3.2 Aggregation

The objective of this phase is to construct a collective assignment matrix A by
aggregating individual assignment matrices A1, A2, · · · , Ah. The elements of the
collective assignment matrix A are defined for each xk ∈ U and Clt ∈ Cl as
follows:

A(xk, Clt) =

1, if a majority of decision makers support xk ∈ Clt,
0, if a majority of decision makers reject xk ∈ Clt,
′?′, otherwise.

(4)

The two first cases are straightforward. The third case corresponds to the
situation where there is not any majority neither in favor of the assignment of xk
to Clt nor in favor of the non-assignment of xk to Clt. We denote this conflicting
situation by ‘?’. The conflicting situations will be treated in the fourth phase.

The construction of the collective assignment matrix A uses an aggregation
procedure that will be detailed in Sec. 4. This procedure relies on an assignment
rule that coherently implement the majority principle. The contribution of each
decision maker in the collective decision is objectively measured by the quality
of individual classification conducted by this decision maker.

3.3 Conflict Resolving

The objective of this phase is to resolve the conflicting situations in the collective
assignment matrix A. In this paper, we designed some simple coherence rules
than can be used to automatically fix the conflicting situations. In terms of this
phase, we obtain a revised collective assignment matrix A′ defined as follows:
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A′(xk, Clt) =
{

1, if a majority of decision makers support xk ∈ Clt,
0, otherwise.

(5)

The problem of conflict resolving is detailed in Sec. 5.

3.4 Collective Classification

The objective of this phase is to apply the inference procedure I using the revised
collective assignment matrix A′ as input. The application of I at this level is
the same as with a single decision maker. The main output of this phase is the
values for non-fixed preference parameters w. The induced preference parameters
values are then used to run the multicriteria classification model Γw to obtain
the final classification.

4 Aggregation Procedure

The aggregation procedure relies on majority principle, which is defined by
means of concordance powers and implemented through an assignment rule.
The definition of concordance power requires the introduction of a new metric
P that characterizes the information provided by each decision maker.

4.1 Definition of metric P

We define first matrix Mi[n× p] (i = 1, · · · , h) as follows:

Mi(xk, Clt) =



0, if xk /∈ U∗i ∨ [(xk ∈ U∗i ∧Ai(xk, Clt) = Ri(xk, Clt))∧
Ri(xk, Clt) = R∗i (xk, Clt)].

β, if xk ∈ U∗i ∧Ai(xk, Clt) = Ri(xk, Clt))∧
Ri(xk, Clt) 6= R∗i (xk, Clt)].

α, if xk ∈ U∗i ∧Ai(xk, Clt) = 0 ∧Ri(xk, Clt) = 1.
1− α, if xk ∈ U∗i ∧Ai(xk, Clt) = 1 ∧Ri(xk, Ct) = 0.

(6)

where U∗i ⊆ U is the set of assignment examples provided by decision maker
di, and α are β penalty parameters defined such that: 0 < α ¬ 1 and 0 ¬
β < min{α, 1 − α}. The first case in the definition of Mi corresponds to exact
assignments, i.e., the assignment provided by the decision maker di is the same
as the central assignment generated by the inference procedure I. The second
case is as the previous one but the assignment provided by the decision maker
is within the range [W (xk), B(xk)] but different to the central one C(xk). In
this case, a small penalty of β is applied. The third case represents a situation
where decision maker di do not assign object xk to class Clt while the inference
procedure I does. Thus, α represents the penalty of a missing assignment. The
fourth case represents the situation where decision maker di assigns object xk
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to class Clt while the inference procedure I does not. Thus, 1−α represents the
penalty of a wrong assignment.

The parameter α as defined above permits to penalize differently wrong as-
signments and missing assignments. Indeed, depending on the application do-
main, wrong and missing assignments may have different consequences. In do-
mains where ‘no decision’ is better than ‘wrong decision’ as in human health, we
should define α such that α < 1

2 , which penalizes wrong assignments more than
missing assignments. Defining α such that α > 1

2 , gives more penalty to missing
assignments than wrong assignments. Setting α = 1

2 gives the same penalty to
missing and wrong assignments.

The level to which the assignment examples provided by decision maker di
are reproduced by the inference procedure I can be measured through function
P : H → R+ defined as follows:

P (di) =
n∑
k=1

p∑
t=1

Mi(xk, Clt) (7)

4.2 Concordance Power

First, we need to standardize P (di) (i = 1, · · · , h) using the following formula:

P ′(di) =
P (di)∑h
r=1 P (dr)

, (i = 1, · · · , h). (8)

We then define set Fa for all a ∈ {0, 1} as follows:

Fa(xk, Clt) = {i : di ∈ H ∧Ai(xk, Clt) = a} (9)

The concordance power for assigning an object xk ∈ U to a class Clt ∈ Cl
can then be computed by:

Πa(xk, Clt) =
∑
i∈H

Πi
a(xk, Clt) (10)

with

Πi
a(xk, Clt) =

{ 1−P ′(di)∑
r∈Fa(xk,Clt)

1−P ′(dr)
, if i ∈ Fa,

0, otherwise.
(11)

The number Πa(xk, Clt) can be seen as the ‘power’ of the coalition of de-
cision makers that support assertion At(xk, Clt) = a. The concordance power
Π1(xk, Clt) can then be seen as an argument that supports the assignment of xk
to Clt, i.e., At(xk, Clt) = 1 , while concordance power Π0(xk, Clt) can be seen
as an argument that rejects the assignment of xk to Clt, i.e., At(xk, Clt) = 0.
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4.3 Assignment Rule

The assignment rule is defined based on the concordance power Πa(xk, Clt).
Let θ ∈ [0.5, 1] be a majority threshold. Then, the assignment rule is define as
follows:

Assignment Rule 1
if Πa(xk, Clt)  θ then A(xk, Clt) = a
else A(xk, Clt) =′?′

This assignment rule implements three possible situations:

– When there is a majority in favor of assigning xk to Clt, then Π1(xk, Clt)  θ
and, consequently, Π0(xk, Clt) < 1−Π1(xk, Clt). In this case, it is reasonable
to A(xk, Clt) = 1.

– When there is a majority against assigning xk to Clt, then Π0(xk, Clt)  θ
and, consequently, Π1(xk, Clt) < 1−Π0(xk, Clt). In this case, it is reasonable
to A(xk, Clt) = 0.

– When there is no majority in favor or against assigning xk to Clt, then
Π1(xk, Clt) < θ and Π0(xk, Clt) < θ. In this case, the majority rule cannot
be used and we set A(xk, Clt) = ‘?′. Some coherence rules can then be used
to specify the value of A(xk, Clt).

5 Conflict Resolving

A conflict situation holds if there is no majority in favor or against the assignment
of decision object xk to decision class Clt. This situation has been designed by
the symbol ‘?’ in the initial collective assignment matrix. A trivial solution to
conflict resolving is to call decision makers to modify their assignment examples
in such that a majority in favor or against the assignment holds. This is a time-
consuming exercise and requires a high cognitive effort from the decision makers.
Thus, to reduce the cognitive effort required from them, we propose to use some
simple coherence rules to automatically fix the conflicting situations.

The first conference rule is defined as follows:

Coherence Rule 1
if A(x,Cl1) = ‘?‘ ∧ . . . ∧A(xk, Clp) =′?′

then A′(x,Cl1) = 1 ∧ . . . ∧A′(xk, Clp) = 1

This coherence rule says that if no majority can be established for assigning
decision object xk to any decision classes, then decision object xk is removed
from the assignment examples set U∗. In this case, decision object xk is assigned
by default to all decision classes.

The second and third coherence rules are defined as follows for a ∈ {0, 1}:

Coherence Rule 2
if A(x,Cltt′) = a ∧A(xk, Clt<t′) =′?′

then A′(xk, Cltt′) = a ∧A′(xk, Clt<t′) = ¬a

Coherence Rule 3
if A(x,Clt¬t′) = a ∧A(xk, Clt>t′) =′?′

then A′(xk, Clt¬t′) = a ∧A′(xk, Clt>t′) = ¬a
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The second and third coherence rules apply when a majority holds for a range
of decision classes and do not hold for the other range of decision classes.

A forth coherence rule is defined as follows:

Coherence Rule 4
if A(x,Clt1¬t¬ t2) = a)∧

(A(xk, Clt/∈[t1,t2]) = ¬a ∨A(xk, Clt/∈[t1,t2]) =′?′)
then A(xk, Clt) = a

This forth coherence rule can be seen as a generalization of the second and
third coherence rules.

If none of these coherence rules applies for a given decision object, then we
can ask the decision makers to modify the corresponding assignment example.

6 Illustrative Didactic Example

This section illustrates the proposed approach through a didactic example. In
this application, the Interactive Robustness analysis and Inference for Sorting
problems (IRIS) tool [8] has been used to infer the preferences parameters and
conduct individual classifications. IRIS supports an aggregation-disaggregation
approach tailored around a pessimistic version of ELECTRE TRI method [13].

6.1 Decision Problem and Dataset

We consider the problem of assigning ten students (S1 to S10) into three prefer-
ence ordered decision classes. The datatset in Table 1 represents the assessment
of these students with respect to four criteria and their assignments by three
decision makers (namely DM1, DM2 and DM3) into three decision classes. Each
student has been assigned by the decision makers into a range [li, ui] (i = 1, 2, 3)
where li and ui are the lower and higher class where he/she may be assigned
according to decision maker di. Typically, each student is assigned by default to
the range [1,3]. If the decision maker changes these values, then the student’s
assignment will be constrained and it becomes an assignment example.

Table 1. Dataset.

Student Mathematics Physics Literature Philosophy l1 u1 l2 u2 l3 u3
S1 3 2 1 2 2 2 1 1 2 2
S2 2 2 1 1 1 2 1 2 1 2
S3 2 2 2 1 1 3 1 3 1 2
S4 3 3 2 2 2 2 2 3 1 3
S5 3 3 2 2 1 3 1 3 2 3
S6 3 2 3 3 2 3 3 3 1 3
S7 3 3 3 2 1 3 1 3 2 3
S8 1 1 1 1 1 3 1 1 1 3
S9 1 1 2 1 1 3 1 1 1 2
S10 3 2 2 1 2 2 1 2 1 3

The limiting profiles are given in Table 2 along with the indifference and
preference thresholds over all criteria. The veto threshold will not be used. The
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criteria weights and cutting level parameters are unknown and should be inferred.
We finally assume that ELECTRE TRI is used as the multicriteria classification
method.

Table 2. Specification of profiles.

Profiles Mathematics Physics Literature Philosophy
Profile 1 2 2 2 2

Indifference 0 0 0 0
Preference 1 1 1 1
Profile 2 3 3 3 3

Indifference 0 0 0 0
Preference 1 1 1 1

6.2 Application and Results

Individual Classification The assignment examples in Table 1 can be repre-
sented through initial assignment matrices as shown in Table 3. Each decision
maker has then used his/her assignment examples as input to IRIS to infer the
non-fixed preference parameters. The results of inference are summarized in Ta-
ble 4. The inferred parameters values are then used by IRIS to re-assign the
students into the decision classes. The results can then be represented via the
individual classification matrices shown Table 5. The corresponding individual
central classification matrices are given in Table 6.

Table 3. Individual assignment matrices.

A1 A2 A3
Student Cl1 Cl2 Cl3

S1 0 1 0
S2 1 1 0
S3 1 1 1
S4 0 1 0
S5 1 1 1
S6 0 1 1
S7 1 1 1
S8 1 1 1
S9 1 1 1
S10 0 1 0

Student Cl1 Cl2 Cl3
S1 1 0 0
S2 1 1 0
S3 1 1 1
S4 0 1 1
S5 1 1 1
S6 0 0 1
S7 1 1 1
S8 1 0 0
S9 1 0 0
S10 1 1 0

Student Cl1 Cl2 Cl3
S1 0 1 0
S2 1 1 0
S3 1 1 0
S4 1 1 1
S5 0 1 1
S6 1 1 1
S7 0 1 1
S8 1 1 1
S9 1 1 0
S10 1 1 1

Table 4. Inferred values during individual classification.

Decision Weights Credibility
Maker Mathematics Physics Literature Philosophy Threshold
DM1 0.375 0.125 0.250 0.250 0.625
DM2 0.333 0 0.333 0.334 0.833
DM3 0.300 0.300 0.100 0.300 0.700
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Table 5. Individual classification matrices.

R1 R2 R3
Student Cl1 Cl2 Cl3

S1 0 1 0
S2 1 0 0
S3 0 1 0
S4 0 1 0
S5 0 1 0
S6 0 1 1
S7 0 0 1
S8 1 0 0
S9 1 0 0
S10 0 1 0

Student Cl1 Cl2 Cl3
S1 1 0 0
S2 1 0 0
S3 1 1 0
S4 0 1 0
S5 0 1 0
S6 0 0 1
S7 0 1 1
S8 1 0 0
S9 1 0 0
S10 1 1 0

Student Cl1 Cl2 Cl3
S1 0 1 0
S2 1 1 0
S3 1 1 0
S4 0 1 1
S5 0 1 1
S6 0 1 1
S7 0 0 1
S8 1 0 0
S9 1 0 0
S10 1 1 0

Table 6. Individual central classification matrices.

R∗1 R∗2 R∗3
Student Cl1 Cl2 Cl3

S1 0 1 0
S2 1 0 0
S3 0 1 0
S4 0 1 0
S5 0 1 0
S6 0 0 1
S7 0 0 1
S8 1 0 0
S9 1 0 0
S10 0 1 0

Student Cl1 Cl2 Cl3
S1 1 0 0
S2 1 0 0
S3 1 0 0
S4 0 1 0
S5 0 1 0
S6 0 0 1
S7 0 1 0
S8 1 0 0
S9 1 0 0
S10 1 0 0

Student Cl1 Cl2 Cl3
S1 0 1 0
S2 1 0 0
S3 0 1 0
S4 0 1 0
S5 0 1 0
S6 0 0 1
S7 0 0 1
S8 1 0 0
S9 1 0 0
S10 0 1 0

Aggregation To compute metric P (di) (i = 1, 2, 3), we need first to construct
matrices Mi (i = 1, 2, 3). The results are given in Table 7 for α = 0.74 and
β = 0.2. The values for metric P (di) (i = 1, 2, 3) for the three decision makers
are then computed and the obtained results are summarised in Table 8. This
table also shows the values of P ′(di) (i = 1, 2, 3).

Table 7. Matrices Mi (i = 1, 2, 3).

M1 M2 M3
Student Cl1 Cl2 Cl3

S1 0 0 0
S2 0 0.26 0
S3 0 0 0
S4 0 0 0
S5 0 0 0
S6 0 0.2 0
S7 0 0 0
S8 0 0 0
S9 0 0 0
S10 0 0 0

Student Cl1 Cl2 Cl3
S1 0 0 0
S2 0 0.26 0
S3 0 0 0
S4 0 0 0.26
S5 0 0 0
S6 0 0 0
S7 0 0 0
S8 0 0 0
S9 0 0 0
S10 0 0.2 0

Student Cl1 Cl2 Cl3
S1 0 0 0
S2 0 0.2 0
S3 0.2 0 0
S4 0 0 0
S5 0 0 0.2
S6 0 0 0
S7 0 0.26 0
S8 0 0 0
S9 0 0.26 0
S10 0 0 0

The concordance powers are then computed and the corresponding results
are shown in Table 9. The initial collective assignment matrix given in Table
10 is construed based on the concordance powers using a majority threshold of
θ = 0.8.
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Table 8. Values of P (di) and P ′(di) (i = 1, 2, 3).

di
DM1 DM2 DM2

P (di) 0.46 0.72 1.12
P ′(di) 0.2 0.313 0.487

Table 9. Concordance powers.

Π0 Π1
Student Cl1 Cl2 Cl3

S1 0.657 0.343 1
S2 0 0 1
S3 0 0 0.257
S4 0.743 0 0.4
S5 0.257 0 0
S6 0.743 0.343 0
S7 0.257 0 0
S8 0 0.343 0.343
S9 0 0.343 0.6
S10 0.4 0 0.743

Student Cl1 Cl2 Cl3

S1 0.343 0.657 0
S2 1 1 0
S3 1 1 0.743
S4 0.257 1 0.6
S5 0.743 1 1
S6 0.257 0.657 1
S7 0.743 1 1
S8 1 0.657 0.657
S9 1 0.657 0.4
S10 0.6 1 0.257

Table 10. Initial collective assignment matrix.

A
Student Cl1 Cl2 Cl3

S1 ? ? 0
S2 1 1 0
S3 1 1 ?
S4 ? 1 ?
S5 ? 1 1
S6 ? ? 1
S7 ? 1 1
S8 1 ? ?
S9 1 ? ?
S10 ? 1 ?

Conflict Resolving Relying on the designed coherence rules, the conflicting
situations in the initial collective assignment matrix (in Table 10) have been
solved and the corresponding final collective assignment matrix is given in Table
11.

Table 11. Final collective assignment matrix.

A′

Student Cl1 Cl2 Cl3
S1 1 1 0
S2 1 1 0
S3 1 1 0
S4 0 1 0
S5 0 1 1
S6 0 0 1
S7 0 1 1
S8 1 0 0
S9 1 0 0
S10 0 1 0
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Collective Classification Finally, the collective assignment matrix has been
used as input to IRIS to infer the values of preference parameters at group level.
The obtained values are given in Table 12. These values are then used to apply
ELECTRE TRI. The obtained final assignments of students are given in Table
13.

Table 12. Inferred values during collective classification.

Weights Credibility
Mathematics Physics Literature Philosophy Threshold

0.333 0.167 0.333 0.167 0.667

Table 13. Final assignment results.

Class
Student Worst Best Central

S1 1 2 2
S2 1 1 1
S3 2 2 2
S4 2 2 2
S5 2 2 2
S6 3 3 3
S7 3 3 3
S8 1 1 1
S9 1 1 1
S10 2 2 2

6.3 Evaluation

Table 14 presents the correlation analysis of individual and group central assign-
ments. Individual central assignments are those obtained by different decision
makers at the end of the individual classification phase while group central as-
signments are the final central assignments generated by the proposed approach.
The figures in Table 14 indicate the proposed approach perfectly reproduced the
individual central assignments of decision makers DM1 and DM3, and about
70% of the individual central assignments of decision maker DM2.

Table 14. Correlation analysis of individual and group central assignments

Kendall’s τ Spearman’s ρ Pearson’s r
DM1 DM2 DM3 Group

DM1 1 0.691 1 1
DM2 0.691 1 0.691 0.691
DM3 1 0.691 1 1
Group 1 0.691 1 1

DM1 DM2 DM3 Group
DM1 1 0.730 1 1
DM2 0.730 1 0.730 0.730
DM3 1 0.730 1 1
Group 1 0.730 1 1

DM1 DM2 DM3 Group
DM1 1 0.745 1 1
DM2 0.745 1 0.745 0.745
DM3 1 0.745 1 1
Group 1 0.745 1 1
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7 Conclusion

The paper introduced and illustrated a four phase aggregation/disaggregation
approach for multicriteria classification for group decision making. The proposed
approach uses a mixed input-output strategy, eliminating thus most of short-
comings encouraged by input or output aggregation strategies. In this sense, it
follows the idea proposed in [3][5]. In addition, the proposed approach needs
no collaboration and a very limited agreement between decision makers. This
is because the final consensual decisions are automatically generated, with no
intervention from the decision makers. This is very suitable in practice when
there is a strong disagreement and/or high relational conflict between decision
makers. Additionally, the construction of consensual decisions rely on simple
majority rule, which—as advocated by [21]—satisfies anonymity and neutrality.
The way the majority rule has been defined allows it to take into account the
quality of assignments provided by each decision maker.

Several topics need to be further investigated. From practical point of view,
we first intend to apply the proposed approach in real-life decision problems.
Another topic concerns the application of the proposed approach with other
multicriteria classification methods than ELECTRE TRI used in this paper. A
third topic is related to the study of the computational behavior of the proposed
approach with large datasets. Finally, we intend to enhance the assignment rule,
by considering both the majority principle and veto effect.
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