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§University of Jyväskylä, School of Business and Economics, P.O. Box 35, FIN-40014 Jyväskylä, Finland. E-mail:
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AN INVERSEAPPROACH FORELECTRE III

Abstract

ELECTRE III is a well-known multiple criteria decision aiding (MCDA) method,
which has a long history of succesful real-life applications. One of the most important
parameters of ELECTRE III is the preference information of the decision maker
expressed as weights for criteria. The difficulty of eliciting weights from the decision
makers is well-known, and several methods for weight elicitation have been proposed
in literature in the past. In this paper, we introduce an inverse weight-space analysis
for the ELECTRE III. The analysis is based on a modified version of the Stochastic
Multicriteria Acceptability Analysis (SMAA). We also derive robust conclusions
of an existing ELECTRE III application by applying the inverse approach. In this
application 11 actions are evaluated in terms of 11 criteria, and the analysis aims
at ranking the actions and selecting the first one. Our re-analysis illustrates the
usefulness of the presented method: the recommendation of the original case study
seems to be not a “robust” one. The inverse analysis shows that by allowing 10%
weight alterations, the action selected in the original case study obtains the first rank
with only 26% of the feasible weights, and almost in all the remaining cases the first
rank was shared with another action.

Keywords: Multiple Criteria Decision Aiding (MCDA); ELECTRE III; Stochastic

Multicriteria Acceptability Analysis (SMAA); Inverse Analysis
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1 Introduction

ELECTRE III (Roy, 1978) is a well-established multiple criteria decision aiding (MCDA) method
that has a history of succesful real-world applications. Ithas been applied in past to various
types of decision making situations (see e.g. some recent applications: Georgopoulou et al., 1997;
Hokkanen and Salminen, 1997; Karagiannidis and Moussiopoulos, 1997; Rogers et al., 2000). For
a comprehensive description of ELECTRE methods the reader can consult (Figueira et al., 2005;
Roy and Bouyssou, 1993).

ELECTRE III requires an input of criteria evaluations for the actions, preference information
expressed as weights, thresholds, and other parameters. The criteria evaluations can usually be
determined with “certain accuracy”, and the imperfect knowledge about the evaluations can be
taken into account when defining the thresholds for the model. For preference information the
situation is even worse: if the decicion makers (DMs) cannotprovide precise and complete weight
information, or if there are multiple DMs with conflicting preferences, ELECTRE methods cannot
be used for decision aiding without some external method fortransforming the preferences to
deterministic weight values.

There are numerous weight elicitation techniques proposedfor ELECTRE methods, the fol-
lowing being among the most recent:

1. The method proposed by Mousseau (1995) produces intervals for weights, and these inter-
vals should be used for analysing the “robustness” of the results.

2. Hokkanen and Salminen (1997) used two different weight elicitation procedures, and found
that the normalized sets of weights had only minor differences. Also in this case the stability
of the ranks should have been analyzed by applying intervalsdefined by these two sets of
weights.

3. The revised Simos’ procedure by Figueira and Roy (2002) allows weight elicitation in a
user-friendly manner by using a pack of “playing” cards based technique to determine the
criteria coefficients.

4. An approach proposed by Rogers and Bruen (1998b) uses pairwise comparisons to elicit
the weights. When using one of the previous two weight elicitation techniques, the stability
should be analyzed by using intervals for the weights, because the difficulty of expressing
beliefs in mathematical terms causes inaccuracy in the evaluations.

In this paper, we introduce an inverse weight-space analysis to the ELECTRE III method. The
analysis is based on exploring the weight space in order to describe which weights result in certain
ranks for the actions, and it allows ELECTRE III to be used with weight information of arbitrary
type. We will concentrate on weight information provided asweight intervals, because:

1. this type of weight information can be provided by the existing weight elicitation techniques,

2. it allows a particular kind of easily comprehensible “robustness analysis” also in the case
when the weights are deterministic, and
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3. if there are multiple DMs whose preferences need to be taken into account, the weight
intervals can be determined to contain the preferences of all DMs.

Our method is based on Stochastic Multicriteria Acceptability Analysis (SMAA), which is a
family of decision support methods to aid DMs in discrete decision making problems with multiple
DMs. Instead of giving direct answers to the decision makingproblem, SMAA methods are
based on inversely analyzing and characterising the problem, leaving the final decision for DMs.
Among of the main results of SMAA are the rank acceptability indices, which can be interpreted
as measurements of some kind of robustness for alternativesto obtain certain ranks. There are
some links between inverse analysis and robustness concerns in the sense that from the results of
an inverse analysis we can derive robust conclusions.

A robustness analysis (or concerns) consists of the aptitude of aconclusion to remain un-
changed in the presence of imperfect knowledge about data (Roy, 2002, 2004). Aconclusion in
decision aiding problems is said to berobust with respect to some possible values for parameters,
if there is no particular set of parameters, which clearly invalidates the conclusion (see Figueira
et al., 2005, Ch. 4, Sect. 4.1). In the case of analyzing robustness of ELECTRE III methods, the
parameters are the weights, thresholds, etc. In this paper,we will analyze robustness with respect
to the weights, and consider the remaining parameters (thresholds, cutting levels, ...) fixed. Usu-
ally the “robustness” in the field of MCDA is analyzed by altering only a discrete set of weights
for a criterion (sensitivity analysis), or by considering only the extremes of the feasible weight
space (Dias et al., 2002). In our inverse weight-space analysis, we consider all possible weight
vectors in the feasible weight space.

The SMAA family consists of numerous methods. In the original SMAA method by Lahdelma
et al. (1998) the weight space analysis is performed based onan additive utility or value function
and stochastic criteria evaluations. The SMAA-2 method (Lahdelma and Salminen, 2001) gen-
eralized the analysis to a general utility or value function, to include various kinds of preference
information and to consider holistically all ranks. The SMAA-3 method (Lahdelma and Salmi-
nen, 2002) applies ELECTRE III type pseudo-criteria in the analysis. The SMAA-O method
(Lahdelma et al., 2003) extends SMAA-2 for treating mixed ordinal and cardinal criteria in a
comparable manner. The SMAA-A method models the preferences using reference points and
achievement scalarizing functions (Lahdelma et al., 2004a). SMAA-D applies, instead of a value
function, the efficiency score of Data Envelopment Analysis(DEA) (Lahdelma and Salminen,
2004). The SMAA methods have succesfully been applied to real-life decision making problems
(see e.g. Hokkanen et al., 1998, 1999, 2000; Lahdelma and Salminen, 2005; Lahdelma et al., 2002,
2001).

This paper is organized as follows: a comprehensive description of ELECTRE III is introduced
in Section 2. The inverse approach is presented in Section 3.Section 4 contains a re-analysis of
a case-study applying the novel method. The paper ends with conclusions and avenues for future
research in Section 5.
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2 ELECTRE III

The contents of this section can be found in a similar form in Figueira and Greco (2004). The
ELECTRE III method is based on two phases. First, the outranking relation between pairs of
actions is formed. This results in an outranking matrix. Thesecond phase consists of exploiting
this relation, producing a partial pre-order.

In this paper, we will use the following notation:

• F = {g1, . . . ,g j, . . . ,gn} is the set or family ofcriteria. Let J denote the set of criteria
indices.

• A = {a1, . . . ,ai, . . . ,am} is the set ofactions (alternatives).

• w = (w1, . . . ,w j, . . . ,wn) is theweight vector modelling the preferences of the DM. Let us
assume that∑ j∈J w j = 1.

• g j(ai) is theevaluation of criteriong j for actionai.

And the following comprehensive binary relational operators, allowing to compare two alterna-
tives,a andb:

• P is thestrong preference relation, that isaPb denotes the relation “a is strongly preferred
overb”.

• I is theindifference relation, that isaIb denotes the relation “a is indifferent tob”.

• Q is theweak preference relation, that isaQb denotes the relation “a is weakly preferred
overb, which means hesitation between indifference and preference.

• R is theincomparability relation, that isaRb denotes that actiona andb are incomparable.

• S is theoutranking relation, that isaSb denotes that “a is at least as good asb”.

• � is thepreference relation, that isa � b denotes thata is preferred (strongly or weakly)
overb.

When the relational operator is superscripted (for example, �Z1) it denotes that the relation holds
in the set of the superscript. When the relational operator is subscripted (for example,S j) it denotes
that the relation holds with respect to the criterion indexed by the subscript. The thresholds of the
ELECTRE III model are denoted as follows:

• q j is theindifference threshold for the criteriong j.

• p j is thepreference threshold for the criteriong j.

• v j is theveto threshold for the criteriong j.

These thresholds can also vary (directly or inversely) along the scale of each criterion. In what
follows we will consider variable thresholds, the ones thattake into account less good performance
of the two actions. We consider the two actionsa andb to be such, thatg j(a) is less good than
g j(b). Therefore, all thresholds are defined by taking into account g j(a).
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2.1 The construction of an outranking relation

The construction of an outranking relation requires the definition of acredibility index for the out-
ranking relationaSb; let ρ(a,b) denote such an index. It is defined by using both a comprehensive
concordance index,c(a,b), and a discordance index for each criteriong j ∈ F, that is,d j(a,b), for
all j ∈ J .

2.1.1 Computing the concordance of the assertionaSb

The concordance index is computed by considering individually for each criteriong j the support
it provides for the assertionaS jb. For computing the partial concordance indices, we first define
sets for two coalitions of criteria (assuming that all the criteria are to be maximised).

1. concerning the coalition of criteria in whichaSb

J
S =

{

j ∈ J : g j(a)+ q j

(

g j(a)
)

≥ g j(b)
}

(1)

2. concerning the coalition of criteria in whichbQa

J
Q =

{

j ∈ J : g j(a)+ q j

(

g j(a)
)

< g j(b) ≤ g j(b)+ p j

(

g j(b)
)

}

(2)

Using these two sets, we can compute the partial concordanceindicesc j(a,b), as follows,

c j(a,b) =























1 if j ∈ J S

g j(a)+p j

(

g j(a)
)

−g j(b)

p j

(

g j(a)
)

−q j

(

g j(a)
) if j ∈ J Q

0 otherwise

(3)

Thusc j(a,b) decreases linearly from 1 to 0, wheng j describes the range

[g j(a)+ q j

(

g j(a)
)

, g j(a)+ p j

(

g j(a)
)

].

After computing the partial concordance indices, the comprehensive concordance index is
calculated as a weighted sum,

c(a,b) = ∑
j∈J

w jc j(a,b). (4)

2.1.2 Computing the discordance of the assertionaSb

The discordance of a criteriong j describes the veto effect that the criterion provides against the
assertionaS jb. The discordance indices are computed separately for all criteria. A discordance
index reaches its maximal value when criteriong j puts its veto to the outranking relation; it is
minimal when the criteriong j is not discordant with that relation. To define the value of the
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discordance index on the intermediate zone a linear interpolation is used. The partial discordance
indices are computed as follows, for allj ∈ J

d j(a,b) =



























1 if g j(b) > g j(a)+ v j(g j(a))

0 if g j(b)≤ g j(a)+ p j(g j(a))

g j(b)−g j(a)−p j(g j(a))
v j(g j(a))−p j(g j(a)) , otherwise

(5)

2.1.3 Computing the credibility index (fuzzy outranking relation)

The outranking relation is constructed by defining the credibility of the assertionaSb as follows

ρ(a,b) = c(a,b) ∏
j∈V

1−d j(a,b)

1− c(a,b)
, (6)

where
V = { j ∈ J : d j(a,b) > c(a,b)}. (7)

Notice that whend j(a,b) = 1, it implies thatρ(a,b) = 0.

2.2 The exploitation procedure

The exploitation of the outranking procedure consists of two phases. In the first phase, we need
to build two complete pre-orders, descending (Z1) and ascending (Z2). In the second phase, the
partial pre-orderZ is obtained as the intersection of the previous two completepre-orders.

The complete pre-orderZ1 is defined as a partition of the setA into L ordered classes

C1, . . . ,Cl, . . . ,CL,

whereC1 is the head class inZ1. Each classCl may be composed ofex æquo (ties) elements
according toZ1. The complete pre-orderZ2 is determined in a similar way, whereA is partitioned
into K ordered classes

E1, . . . ,El, . . . ,EK ,

whereEK is the head class inZ2.

2.2.1 The discrimination threshold

The pre-orders are obtained as output from twodistillation procedures, Z1 from ascending (up-
ward) distillation, andZ2 from descending (downward) distillation. The distillations are computed
based on a fuzzy credibility indexρ(a,b) describing the credibility of the assertionaSb. However,
since the arbitrariness when computing such an index is frequent, in particular due to the linear
interpolation involved in that computation, the value ofρ(a,b) is not absolute. Thus, it requires
an adjustment. For example, whenρ(a,b) > ρ(c,d) it does not mean that the outranking ofa over
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b is more credible than the one ofc over d. This is why adiscrimination threshold s(λ) should
be introduced in order to avoid such a kind of drawbacks. The discrimination thresholds(λ) is a
function such that

λ ∈ [0,1]

and if

ρ(a,b) = λ

and

ρ(c,d) = λ−η with η > s(λ),

we can say thataSb is strictly more credible thancSd. Usuallys(λ) is defined to be of form

s(λ) = α+ βλ, (8)

whereα andβ are discrimination parameters.

2.2.2 The cutting levels and the definition of the preferencerelation

Thecutting levels λ are used to define the successiveλ cuts of the fuzzy relation. The distillation
algorithms proceeds by lowering the cutting levelλ from an initial value,λ0, to zero. After deter-
mining the cutting level,λ, we can define the preference relationa� b for all pairs(a,b) ∈D⊂ A

at the cutting levelλ, as follows:

a� b iff







ρ(a,b)−ρ(b,a) > s(ρ(a,b))

ρ(a,b) > λ

(9)

2.2.3 The qualification of each action

The qualification scoreQ(a) of each actiona ∈ D ⊂ A is calculated based on the strength of the
actionP(a) and the weakness of the actionF(a) as follows:

Q(a) = P(a)−F(a), where

P(a) = |{b ∈ A : a� b}|, and

F(a) = |{b ∈ A : b� a}|.

(10)

2.2.4 Construction of the complete pre-orders and the final partial pre-order

Descending distillation. The procedure designed to computeZ1 starts (first distillation) by
defining an initial setD0 = A; it leads to the first final distilledC1. After gettingCl, in the distilla-
tion l +1, the procedure setsD0 = A\(C1∪ . . .∪Cl). The actions in classCl are, according toZ1,
preferable to those of classCl+1; for this reason, distillations that lead to these classes are called
descendants. The descending distillation procedure is presented in Algorithm 1.
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Algorithm 1 The descending algorithm: produces the complete pre-orderZ1

1: l← 0
2: Al ← A, Cl+1← /0

3: repeat
4: k← 0
5: Dk← Al

6: λk←max(a,b)∈Al

{

ρ(a,b)
}

with a 6= b

7: repeat
8: λk+1←max(a,b)∈Dk

{

ρ(a,b)
}

with a 6= b andρ(a,b) < λk− s(λk)

9: if ρ(a,b) > λk− s(λk+1),∀(a,b) ∈ Dk then
10: λk+1← 0
11: end if
12: Compute the qualificationQ(a), for all a ∈ Dk

13: Qmax←maxa∈Dk

{

Q(a)
}

14: Dk+1←
{

a ∈Dk : Q(a) = Qmax
}

15: k← k +1
16: until |Dk|= 1 or λk = 0
17: Cl+1← Dk

18: Al+1← Al\Cl+1

19: l← l +1
20: until Al = /0

7



Ascending distillation. The procedure leading toZ2 is almost similar to descending distillation,
but now the actions in classEl+1 are preferred to those in classEl; these distillations are called
ascendants. The ascending distillation procedure is presented in Algorithm 2.

Algorithm 2 The ascending algorithm: produces the complete pre-orderZ2.
1: l← 0
2: Al ← A,El+1← /0

3: repeat
4: k← 0
5: Dk← Al

6: λk←max(a,b)∈Al

{

ρ(a,b)
}

with a 6= b

7: repeat
8: λk+1←max(a,b)∈Dk

{

ρ(a,b)
}

with a 6= b andρ(a,b) < λk− s(λk)

9: if ρ(a,b) > λk− s(λk+1)∀(a,b) ∈ Dk then
10: λk+1← 0
11: end if
12: Compute the qualificationQ(a) for all a ∈ Dk

13: Qmin←mina∈Dk

{

Q(a)
}

14: Dk+1←
{

a ∈Dk : Q(a) = Qmin
}

15: k← k +1
16: until |Dk|= 1 or λk = 0
17: El+1← Dk

18: Al+1← Al\El+1

19: l← l +1
20: until Al = /0

The final partial pre-order. The partial pre-orderZ will be computed as the intersection ofZ1

andZ2. In the final partial pre-order, the following hold:

(a�Z1 b∧a�Z2 b)∨ (aIZ1b∧a�Z2 b)∨ (a�Z1 b∧aIZ2b)⇐⇒ a� b

(aIZ1b∧aIZ2b)⇐⇒ aIb

(a�Z1 b∧b�Z2 a)∨ (b�Z1 a∧a�Z2 b)⇐⇒ aRb.

8



3 The SMAA methodology

The SMAA methodology has been developed for discrete stochastic MCDA problems with mul-
tiple DMs. The SMAA-2 method (Lahdelma and Salminen, 2001) applies inverse weight space
analysis to describe for each action what kind of preferences make it the most preferred one, or
place it on any particular rank. In SMAA, the criteria evaluations can be generated based on ar-
bitrary distributions, or they can be sampled from an external source. Because of the possibility
of using samples as input, the SMAA approach is suitable for weight space analysis of all MCDA
methods which have weights among the input parameters (for example, ELECTRE methods). We
will next introduce a SMAA approach for inverse weight spaceanalysis of ELECTRE III. In this
approach the other free parameters (thresholds, cutting levels, ...) of ELECTRE III are considered
to be fixed.

3.1 The inverse approach

The weights of ELECTRE III are represented by a weight distribution with joint density function
fW (w) in the feasible weight spaceW . Total lack of preference information is represented in
“Bayesian” spirit by a uniform weight distribution inW , that is,

fW (w) = 1/vol(W ). (11)

The weights are non-negative and normalized: the weight space is ann−1 dimensional simplex
in n dimensional space:

W =

{

w ∈ Rn : w≥ 0 and
n

∑
j=1

w j = 1

}

. (12)

The inverse weight space analysis is based on exploring the weight space in order to describe
which weights result in certain ranks for the actions. The ranks are defined according to the partial
pre-order of ELECTRE III. The rank of an action which is not outranked by any other action in
the final partial pre-order is 1, the one that is outranked by one action is 2, etc. We denote byei(ŵ)
the function providing the ranking of actionai with weight vector ˆw. The inverse weight space
analysis is then based on analyzing the sets of favourable rank weights:

W r
i = {ŵ ∈W : ei(ŵ) = r}. (13)

Any weight ŵ ∈W r
i results in such values for different actions, that actionai obtains rankr. It

should be noticed, that the rank information is not equal to the information present in the final
partial pre-order of ELECTRE III: we transform the partial pre-order to a complete pre-order,
because the rank acceptability indices cannot be computed for a partial pre-order.

3.2 Descriptive measures

The inverse weight space analysis for ELECTRE III produces three descriptive measures: (1) rank
acceptability indices, (2) pair-wise winning indices, and(3) central weight vectors.

9



3.2.1 The rank acceptability index

The rank acceptability index (br
i ) measures the variety of different weights that grant action ai

rankr. It is the share of all feasible weights that make the action acceptable for a particular rank,
and it is most conveniently expressed percentage-wise. In our opinion, this is a particular case of
robustness concerns.

The rank acceptability indexbr
i is computed numerically as a multidimensional integral over

the favourable rank weights as

br
i =

Z

w∈W r
i

fW (w)dw. (14)

The most acceptable (best) actions are those with high acceptabilities for the best ranks. Evidently,
the rank acceptability indices are in the range [0,1], where0 indicates that the action will never
obtain a given rank and 1 indicates that it will obtain the given rank always with any choice of
weights. Thus, the rank acceptability indices can be interpreted as a some kind of measure of
robustness.

3.2.2 The pair-wise winning index

The pair-wise winning index (ok
i ) (introduced by Kangas et al. (2004)) describes the varietyof

weights that give an action a better rank than another. An action ai that hasok
i = 1 for somek

always obtains a better rank than actionak, and can thus be said todominate it.
The pair-wise winning indexok

i is computed numerically as a multidimensional integral over
the favourable rank weights as

ok
i =

Z

w∈W :ei(w)>ek(w)
fW (w)dw. (15)

From the pair-wise winning indices we can construct apair-wise winning matrix. In the position
(i,k) of the matrix is the valueok

i , so the matrix consists of all pair-wise winning indices.

3.2.3 The central weight vector

The central weight vector (wc
i ) is the expected centre of gravity (centroid) of the favourable first

rank weights of an actionai. The central weight vector represents the preferences of a “typical”
DM supporting this action. The central weights of differentactions can be presented to the DMs
in order to help them understand how different weights correspond to different choices.

The central weight vectorwc
i is computed numerically as a multidimensional integral over the

criteria distributions and the favourable first rank weights using

wc
i =

Z

ξ∈X
fX(ξ)

Z

w∈W 1
i (ξ)

fW (w)wdwdξ/ai. (16)
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4 Case study: Experiments and results

ELECTRE III has been used to choose the best waste incineration strategy for the Eastern Switzer-
land region. In this case study, there were 11 alternative strategies (actions) that were evaluated
in terms of 11 criteria. There were 6 interest groups whose preferences were taken into account
by executing ELECTRE III analysis 6 times, with preference information of the different interest
groups. We will not present the complete study here. The interested reader should refer to (Rogers
et al., 2000, Sect. 6).

4.1 Results of the original case study

We will re-analyze this case study for the “baseline run” with weight information from the Switzer-
lands Federal Agency for the Environment. In this initial run, the veto thresholds were not used.
The ranking from the “baseline run” is presented in Table 1. The weights were elicited by using
two methods, the revised Simos procedure by Figueira and Roy(2002) and the method by Rogers
and Bruen (1998a). According to (Rogers et al., 2000), the differences in the weights obtained
by using the two methods were minor. To see how small differences in the weights can cause
alteration of the results, we have chosen to perform an inverse analysis for this case study by using
intervals for weights rather than exact ones.

Table 1: Ranking from the “baseline run” with exact weights.

Rank Alternatives
1 S3.1, S4.1
2 S2.2
3 S4.2
4 S2.3
5 S1.1, S2.1, S4.3
6 S1.2, S3.2
7 S2.4
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4.2 Results of the analysis

We are analyzing the robustness of the case study by performing inverse weight space analysis.
The feasible weight space is defined to be the original weights±10%. The names of the criteria,
the original weights of the case study, as well as the intervals used in the case study are presented
in Table 2.

Table 2: Names, original weights and weight intervals of thecriteria.

Criterion Original weight Weight interval
C1.1 0.16 [0.144, 0.176]
C1.2 0.033 [0.029, 0.036]
C1.3 0.033 [0.029, 0.036]
C2.1 0.097 [0.087, 0.106]
C2.2 0.097 [0.087, 0.106]
C3.1 0.16 [0.144, 0.176]
C3.2 0.097 [0.087, 0.106]
C3.3 0.16 [0.144, 0.176]
C4.1 0.033 [0.029, 0.036]
C4.2 0.033 [0.029, 0.036]
C4.3 0.097 [0.087, 0.106]

We implemented ELECTRE III and the inverse weight space analysis by using the C++ pro-
gramming language. We performed the inverse weight space analysis by executing 100000 Monte
Carlo simulations, which provides sufficient accuracy for the results (according to Lahdelma et al.,
2004b). The resulting rank acceptability indices are presented in Table 3, and the pair-wise win-
ning matrix in Table 4. The central weight vectors are definedonly for the two alternatives that
obtained the first rank with some weights; they are presentedin Table 5.

The effect of variable number of ranks in different simulations can be noticed by looking at
the rank acceptability indices in Table 3. For example, the rank acceptabilities of alternatives S1.1
(rank 7) and S1.2 (rank 8) clearly depend on preference of S1.1 over S1.2 in simulation runs. In
such situations, the pair-wise winning matrix provides valuable information: by looking at the first
row of it (in Table 4), we notice that S1.1 always obtains a better rank than S1.2.
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Table 3: Rank acceptability indices of the re-analysis (in %).

Alternative b1
i b2

i b3
i b4

i b5
i b6

i b7
i b8

i b9
i b10

i b11
i

S1.1 0 0 0 0 27 22 51 0 0 0 0
S1.2 0 0 0 0 0 27 22 51 0 0 0
S2.1 0 0 1 9 46 43 0 0 0 0 0
S2.2 0 29 71 0 0 0 0 0 0 0 0
S2.3 0 0 0 29 51 20 0 0 0 0 0
S2.4 0 0 0 0 0 0 27 22 51 0 0
S3.1 99 1 0 0 0 0 0 0 0 0 0
S3.2 0 0 0 0 14 23 19 44 0 0 0
S4.1 26 72 2 0 0 0 0 0 0 0 0
S4.2 0 0 34 64 1 0 0 0 0 0 0
S4.3 0 0 0 0 27 18 16 40 0 0 0

Table 4: Pair-wise winning matrix of the re-analysis (in %).

Alternative S1.1 S1.2 S2.1 S2.2 S2.3 S2.4 S3.1 S3.2 S4.1 S4.2 S4.3
S1.1 - 100 0 0 0 100 0 78 0 0 44
S1.2 0 - 0 0 0 100 0 0 0 0 0
S2.1 63 100 - 0 30 100 0 79 0 0 63
S2.2 100 100 100 - 100 100 0 100 2 92 100
S2.3 100 100 70 0 - 100 0 100 0 1 100
S2.4 0 0 0 0 0 - 0 0 0 0 0
S3.1 100 100 100 100 100 100 - 100 74 100 100
S3.2 8 22 0 0 0 100 0 - 0 0 8
S4.1 100 100 100 97 100 100 1 100 - 100 100
S4.2 100 100 96 0 99 100 0 100 0 - 100
S4.3 0 56 0 0 0 100 0 42 0 0 -

Table 5: Central weight vectors of the re-analysis (in %).

Alternative C1.1 C1.2 C1.3 C2.1 C2.2 C3.1
S3.1 16.09 3.25 3.25 9.68 9.68 16.09
S4.1 16.31 3.28 3.25 10.07 9.65 16.03

C3.2 C3.3 C4.1 C4.2 C4.3
9.68 16.09 3.25 3.25 9.68
9.22 16.04 3.25 3.25 9.65

13



The results of our analysis are the following:

1. On the original case study, alternatives S3.1 and S4.1 shared the best rank. Their study
based on analyzing 6 different sets of weights led to recommend S4.1 as the primary choice,
and S3.1 as the secondary choice. By looking at the rank acceptability indices in Table 3, it
can be noticed that both of these alternatives are good candidates, if we want to separate the
best two. But based on our inverse analysis, alternative S4.1 seems not the most adequate to
“recommend” as the most favourable option, because its rankacceptability index for the first
rank is only 26%. And with 99% of these weights, it shares the first rank with alternative
S3.1. Likewise, by looking at the pair-wise winning matrix in Table 4, we notice that not
only it is often (74% of the feasible weights) ranked lower than S3.1, but sometimes (2% of
the feasible weights) even lower than S2.2.

2. On the other hand, S3.1 obtains lower rank than S4.1 with only 1% of the feasible weights,
and is always ranked higher than the other alternatives (excluding S4.1). Thus, a possible
robust conclusion in this example would not be to “recommend” S4.1, because even small
variations in the weights drop it below S3.1 in the ranking. Our conclusion would have been
to select S3.1, and S4.1 as a ”back-up” strategy, if for some reason S3.1 could not have been
chosen.

The authors of the case study also describe results from a robustness analysis point of view.
But in their study, the robustness is analyzed by altering only a single weight at a time, which is
more like a sensitivity analysis. A different way to analyzerobustness in ELECTRE III should
always be considered by looking at the whole feasible weightspace, otherwise nonlinearity of the
ranking function, which ELECTRE III represents, can produce surprising results.

5 Conclusions and avenues for future research

In this paper, we have presented a novel method of inverse weight-space analysis for ELECTRE
III. We presented a re-analysis of a case study showing the usefulness of the method. Our method
allows the weights of ELECTRE III to be of arbitrary type: no deterministic weights are required.
This has numerous advantages, especially in the context of MCDA with multiple DMs, because
the weights can be determined as intervals which contain thepreferences of all DMs.

The inverse weight space analysis can be applied to a wide range of MCDA methods. In
particular, it can be applied to PROMETHEE and other outranking methods for ranking problem
statements (see Figueira et al., 2005). Our method is the first allowing inverse analysis to be
performed on ELECTRE III. As such, its usefulness to real-life cases should be studied. Re-
analyses should be done by analysts who originally performed the analysis with deterministic
weights. We hope that the presented method will be applied byresearchers, analysts, and engineers
alike, to achieve robust conclusions when applying ELECTREIII to MCDA problems.
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