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AN INVERSEAPPROACH FORELECTRE 11

Abstract

ELECTRE lll is a well-known multiple criteria decision aij (MCDA) method,
which has a long history of succesful real-life applicatio®ne of the most important
parameters of ELECTRE Il is the preference information e tlecision maker
expressed as weights for criteria. The difficulty of eligtiweights from the decision
makers is well-known, and several methods for weight eliicih have been proposed
in literature in the past. In this paper, we introduce anliggaveight-space analysis
for the ELECTRE lIl. The analysis is based on a modified versibthe Stochastic
Multicriteria Acceptability Analysis (SMAA). We also dext robust conclusions
of an existing ELECTRE IlI application by applying the ingerapproach. In this
application 11 actions are evaluated in terms of 11 criteaiad the analysis aims
at ranking the actions and selecting the first one. Our résisaillustrates the
usefulness of the presented method: the recommendatidre afriginal case study
seems to be not a “robust” one. The inverse analysis showdbyhallowing 10%
weight alterations, the action selected in the originabcstady obtains the first rank
with only 26% of the feasible weights, and almost in all thenaéning cases the first
rank was shared with another action.

Keywords: Multiple Criteria Decision Aiding (MCDA); ELECTRE III; Stochastic
Multicriteria Acceptability Analysis (SMAA); Inverse Analysis



1 Introduction

ELECTRE Ill (Roy, 1978) is a well-established multiple erita decision aiding (MCDA) method
that has a history of succesful real-world applications.hds been applied in past to various
types of decision making situations (see e.g. some rec@fitafjons: Georgopoulou et al., 1997,
Hokkanen and Salminen, 1997; Karagiannidis and Moussloppi997; Rogers et al., 2000). For
a comprehensive description of ELECTRE methods the readecansult (Figueira et al., 2005;
Roy and Bouyssou, 1993).

ELECTRE lll requires an input of criteria evaluations foetactions, preference information
expressed as weights, thresholds, and other parameteescriféria evaluations can usually be
determined with “certain accuracy”, and the imperfect klzalge about the evaluations can be
taken into account when defining the thresholds for the moBet preference information the
situation is even worse: if the decicion makers (DMs) cammovide precise and complete weight
information, or if there are multiple DMs with conflictinggferences, ELECTRE methods cannot
be used for decision aiding without some external methodrorsforming the preferences to
deterministic weight values.

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

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

2. Hokkanen and Salminen (1997) used two different weigbitadion procedures, and found
that the normalized sets of weights had only minor diffeesn@lso in this case the stability
of the ranks should have been analyzed by applying intedefised by these two sets of
weights.

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

4. An approach proposed by Rogers and Bruen (1998b) usesigmicomparisons to elicit
the weights. When using one of the previous two weight @liicih techniques, the stability
should be analyzed by using intervals for the weights, teedue difficulty of expressing
beliefs in mathematical terms causes inaccuracy in theiatiahs.

In this paper, we introduce an inverse weight-space arsalgthe ELECTRE Ill method. The
analysis is based on exploring the weight space in orderderite which weights result in certain
ranks for the actions, and it allows ELECTRE Il to be usechwitight information of arbitrary
type. We will concentrate on weight information providedaasght intervals, because:

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

2. it allows a particular kind of easily comprehensible ‘istness analysis” also in the case
when the weights are deterministic, and



3. if there are multiple DMs whose preferences need to bentak® account, the weight
intervals can be determined to contain the preferenced Dih\s.

Our method is based on Stochastic Multicriteria AccepitgbfAnalysis (SMAA), which is a
family of decision support methods to aid DMs in discreteisien making problems with multiple
DMs. Instead of giving direct answers to the decision makingblem, SMAA methods are
based on inversely analyzing and characterising the prolisaving the final decision for DMs.
Among of the main results of SMAA are the rank acceptabilitglices, which can be interpreted
as measurements of some kind of robustness for alterndativelstain certain ranks. There are
some links between inverse analysis and robustness canicetime sense that from the results of
an inverse analysis we can derive robust conclusions.

A robustness analysis (or concerns) consists of the aptitude of @nclusion to remain un-
changed in the presence of imperfect knowledge about datg @02, 2004). Aconclusion in
decision aiding problems is said to h&éusr with respect to some possible values for parameters,
if there is no particular set of parameters, which clearlalidates the conclusion (see Figueira
et al., 2005, Ch. 4, Sect. 4.1). In the case of analyzing tabss of ELECTRE Ill methods, the
parameters are the weights, thresholds, etc. In this pagenrill analyze robustness with respect
to the weights, and consider the remaining parametersstiblds, cutting levels, ...) fixed. Usu-
ally the “robustness” in the field of MCDA is analyzed by ailtey only a discrete set of weights
for a criterion (sensitivity analysis), or by consideringlyothe extremes of the feasible weight
space (Dias et al., 2002). In our inverse weight-space sisalwe consider all possible weight
vectors in the feasible weight space.

The SMAA family consists of numerous methods. In the origBdAA method by Lahdelma
et al. (1998) the weight space analysis is performed baseoh adlditive utility or value function
and stochastic criteria evaluations. The SMAA-2 methoch@iedma and Salminen, 2001) gen-
eralized the analysis to a general utility or value functitmninclude various kinds of preference
information and to consider holistically all ranks. The SKA& method (Lahdelma and Salmi-
nen, 2002) applies ELECTRE Il type pseudo-criteria in timalgsis. The SMAA-O method
(Lahdelma et al., 2003) extends SMAA-2 for treating mixedimal and cardinal criteria in a
comparable manner. The SMAA-A method models the prefesenseng reference points and
achievement scalarizing functions (Lahdelma et al., 2R08KRIAA-D applies, instead of a value
function, the efficiency score of Data Envelopment Analy§i&A) (Lahdelma and Salminen,
2004). The SMAA methods have succesfully been applied telifeadecision making problems
(see e.g. Hokkanen et al., 1998, 1999, 2000; Lahdelma anuigal, 2005; Lahdelma et al., 2002,
2001).

This paper is organized as follows: a comprehensive degeripf ELECTRE Il is introduced
in Section 2. The inverse approach is presented in Secti@estion 4 contains a re-analysis of
a case-study applying the novel method. The paper ends wiittiusions and avenues for future
research in Section 5.



2 ELECTRE I

The contents of this section can be found in a similar formigu€&ira and Greco (2004). The
ELECTRE lll method is based on two phases. First, the ouitngnkelation between pairs of
actions is formed. This results in an outranking matrix. $heond phase consists of exploiting
this relation, producing a partial pre-order.

In this paper, we will use the following notation:

o F=1{g1,...,8j,---,8n} IS the set or family ofcriteria. Let 7 denote the set of criteria
indices.

e A={ay,...,qa;...,ay,} is the set olictions (alternatives).

o w=(wy,...,wj,...,w,) iS theweight vector modelling the preferences of the DM. Let us
assume thaf ., w; = 1.
e g;(a;) is theevaluation of criteriong; for actiong;.

And the following comprehensive binary relational operst@llowing to compare two alterna-
tives,a andb:

e P is thestrong preference relation, that isuPb denotes the relationa“is strongly preferred
overb”.

I is theindifference relation, that isi/b denotes the relatior:‘is indifferent tob”.

Q is theweak preference relation, that isuQb denotes the relationa“is weakly preferred
overb, which means hesitation between indifference and preferen

R is theincomparability relation, that isiRb denotes that actiom andb are incomparable.

S is theoutranking relation, that isi.Sh denotes thatd is at least as good &8.

>~ is the preference relation, that isu = b denotes that is preferred (strongly or weakly)
overb.

When the relational operator is superscripted (for exampfe) it denotes that the relation holds
in the set of the superscript. When the relational operatsubscripted (for examplg;) it denotes
that the relation holds with respect to the criterion indkekg the subscript. The thresholds of the
ELECTRE Ill model are denoted as follows:

e g, is theindifference threshold for the criteriong;.
e p;is thepreference threshold for the criteriong;.

e v; is theveto threshold for the criteriong;.

These thresholds can also vary (directly or inversely) glttre scale of each criterion. In what
follows we will consider variable thresholds, the ones thke into account less good performance
of the two actions. We consider the two actianandb to be such, thag;(a) is less good than
gj(b). Therefore, all thresholds are defined by taking into acteua).



2.1 The construction of an outranking relation

The construction of an outranking relation requires thenitédn of acredibility index for the out-
ranking relatioruSb; let p(a,b) denote such an index. It is defined by using both a comprereensi
concordance index;(a,b), and a discordance index for each criterigre F, that is,d;(a,b), for

all je 7.

2.1.1 Computing the concordance of the assertionSh

The concordance index is computed by considering indivigidiar each criteriong; the support
it provides for the assertiomS ;5. For computing the partial concordance indices, we firsheefi
sets for two coalitions of criteria (assuming that all thisecia are to be maximised).

1. concerning the coalition of criteria in whiei$h
95 = {J €J : gjla)+q;(gj(a) > 8]'(1?)} (1)

2. concerning the coalition of criteria in whiétDa
72={je7 : (@)+a;(gi(@) < g(6) < g;(b) + pi(g (b)) } @

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

1 if jegs
j(a)+p; (g.f(a)) —-gi(b) .o .
ci(a,b) = & ! if c 79 3
j( ) pj(gj(a))—qj(gj(a)) JeJ C)
0 otherwise

Thusc(a,b) decreases linearly from 1 to 0, whegpdescribes the range

[gj(a)+4q;(g(a), gj(a)+ p;(g;(a))].

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

c(a,b) = ijcj(a,b). (4)

jej
2.1.2 Computing the discordance of the assertionSh

The discordance of a criteriogy describes the veto effect that the criterion provides ajaire
assertioruS;b. The discordance indices are computed separately foritdtier A discordance
index reaches its maximal value when criterignputs its veto to the outranking relation; it is
minimal when the criteriorg; is not discordant with that relation. To define the value @& th



discordance index on the intermediate zone a linear ink&tipa is used. The partial discordance
indices are computed as follows, for al& 7

1 if g;(b) > g;(a)+v;(gj(a))

di(a,b) =4 0 if g;(b) <gj(a)+pj(gj(a)) (5)

gi(b)—gj(a)—pj(g;(a))

Vi(ea) pslg (@) o Otherwise

2.1.3 Computing the credibility index (fuzzy outranking relation)

The outranking relation is constructed by defining the diith of the assertioruSb as follows

B 1—dj(a,b)
p(a7b) - C(a7b)jle—‘[/ 1—C(a7b) ) (6)
where
V={je9:d;j(a,b) > c(a,b)}. (7)

Notice that whenl;(a,b) = 1, it implies thaip(a,b) = 0.

2.2 The exploitation procedure

The exploitation of the outranking procedure consists af phases. In the first phase, we need
to build two complete pre-orders, descendig)(@nd ascendingz). In the second phase, the
partial pre-orde is obtained as the intersection of the previous two cometeorders.

The complete pre-ordef; is defined as a partition of the séinto L ordered classes

Cy,...,C, ..., Cp,

where(; is the head class il;. Each class”; may be composed afc equo (ties) elements
according tdZ;. The complete pre-ordef, is determined in a similar way, wheseis partitioned
into K ordered classes

whereEy is the head class if,.

2.2.1 The discrimination threshold

The pre-orders are obtained as output from tisaillation procedures, Z, from ascending (up-
ward) distillation, andZ, from descending (downward) distillation. The distillatfoare computed
based on a fuzzy credibility indg{a, b) describing the credibility of the assertia§b. However,
since the arbitrariness when computing such an index isifmety) in particular due to the linear
interpolation involved in that computation, the valuepd#, b) is not absolute. Thus, it requires
an adjustment. For example, whefu,b) > p(c,d) it does not mean that the outrankingaobver



b is more credible than the one ofoverd. This is why adiscrimination threshold s(\) should
be introduced in order to avoid such a kind of drawbacks. Tiserichination threshold(1) is a
function such that

A e[0,1]
and if
p(a.b) =1
and
p(c,d) =k —mwithn > s(A),

we can say thaiSb is strictly more credible thanSd. Usuallys(A) is defined to be of form
s(A) = a+BA, 8)

whereo andp are discrimination parameters.

2.2.2 The cutting levels and the definition of the preferenceelation

The cutting levels A are used to define the successiveuts of the fuzzy relation. The distillation
algorithms proceeds by lowering the cutting lekdtom an initial value o, to zero. After deter-
mining the cutting level), we can define the preference relatior b for all pairs(a,b) € D C A
at the cutting level, as follows:

{ p(avb)_p(bva) >S(p(a7b))
a > b iff

p(a,b) >\

9)

2.2.3 The qualification of each action

The qualification scor@(a) of each actioru € D C A is calculated based on the strength of the
actionP(a) and the weakness of the actififa) as follows:

Q(a) = P(a) — F(a), where
P(a)=1|{b€A : a>b}|, and (10)
F(a)={b€A : b>a}|.

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

Descending distillation. The procedure designed to compute starts (first distillation) by
defining an initial seDg = A; it leads to the first final distilled’;. After gettingC;, in the distilla-
tion /+ 1, the procedure sef3y = A\(C1U...UC;). The actions in class; are, according t@;,
preferable to those of clag3. 1; for this reason, distillations that lead to these classesalled
descendants. The descending distillation procedure gepted in Algorithm 1.



Algorithm 1 The descending algorithm: produces the complete pre-atder

1. [0
2: A[ HA, C1+1 —0
3: repeat
4. k<0
5. Dy« A
6. Ak < MaXgp)ea, {p(a,b)} with a # b
7:  repeat
8 A1 MaXqpep, { p(a,b)} with a # b andp(a, b) < g — s()
9: if p(a,b) > M — s(kk+1),V(a,b) € D then
10: 7"k+1 —0
11: end if
12: Compute the qualificatio@(a), for all a € Dy
13: Q™M™ «— MaXep, {Q(a)}
14: Dy {a €Dy : Qa) = Qm“x}
15: k—k+1
16: until [Dg|=1ork =0
17: Ci11 < Dy
18: A1 —ANCiy1
19: [«—[+1

20: until A; =0




Ascending distillation. The procedure leading & is almost similar to descending distillation,
but now the actions in clagg;, 1 are preferred to those in clags, these distillations are called
ascendants. The ascending distillation procedure is pieg$én Algorithm 2.

Algorithm 2 The ascending algorithm: produces the complete pre-@ger
1. 10
2: Ay —AE; 11— 0

3: repeat
4: k<0
5. Dy« A
6. A < MaXgp)eq, {p(a,b)} with a # b
7. repeat
8 A1 MaXpep, { p(a,b)} with a # b andp(a,b) < A — s(\y)
o: if p(a,b) > A — s(h+1)¥(a,b) € Dy then
10: kk+1 —0
11 end if
12: Compute the qualificatio@(a) for all a € Dy

13: QN — MiNgep, {Q(a)}

14 Dpyp— {a €Dy : 0a) = Q””'"}
15: k—k+1

16: until [Dy|=1orA=0

17: E; 1 — Dy

18:  Ajypq Al\El-‘rl

19: [+—[1+1

20: until A; =0

The final partial pre-order.  The partial pre-ordeZ will be computed as the intersection Bf
andZ.. In the final partial pre-order, the following hold:

(a=2bAa =22 b)V (al™bAa =2 b)V (a =2 bAal?bh) <= a > b
(al”*b N al??b) <= alb
(a=2bAb =% a)V (b =" aNa=??b) <= aRb.



3 The SMAA methodology

The SMAA methodology has been developed for discrete sthichslCDA problems with mul-
tiple DMs. The SMAA-2 method (Lahdelma and Salminen, 20Q4)lias inverse weight space
analysis to describe for each action what kind of preferemaake it the most preferred one, or
place it on any particular rank. In SMAA, the criteria evdloas can be generated based on ar-
bitrary distributions, or they can be sampled from an extkesource. Because of the possibility
of using samples as input, the SMAA approach is suitable fight space analysis of all MCDA
methods which have weights among the input parametersxXémgle, ELECTRE methods). We
will next introduce a SMAA approach for inverse weight spacalysis of ELECTRE Ill. In this
approach the other free parameters (thresholds, cuttietsle..) of ELECTRE Il are considered
to be fixed.

3.1 The inverse approach

The weights of ELECTRE Il are represented by a weight distion with joint density function
fw(w) in the feasible weight spad®. Total lack of preference information is represented in
“Bayesian” spirit by a uniform weight distribution i, that is,

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

The weights are non-negative and normalized: the weightesigaarn: — 1 dimensional simplex
in n dimensional space:
n
W:{weR”:wzoandijzl}. (12)
j=1

The inverse weight space analysis is based on exploring ¢ightvspace in order to describe
which weights result in certain ranks for the actions. Thksaare defined according to the partial
pre-order of ELECTRE IIl. The rank of an action which is notramked by any other action in
the final partial pre-order is 1, the one that is outrankedr®yaxction is 2, etc. We denote byw)
the function providing the ranking of actian with weight vectorw” The inverse weight space
analysis is then based on analyzing the sets of favourablewaights:

W ={weW:eWw)=r}. (13)

Any weightw € W/ results in such values for different actions, that actipobtains rankr. It
should be noticed, that the rank information is not equahtoihformation present in the final
partial pre-order of ELECTRE Ill: we transform the partiakgorder to a complete pre-order,
because the rank acceptability indices cannot be compateddartial pre-order.

3.2 Descriptive measures

The inverse weight space analysis for ELECTRE Ill produbeset descriptive measures: (1) rank
acceptability indices, (2) pair-wise winning indices, @B central weight vectors.



3.2.1 The rank acceptability index

The rank acceptability index)) measures the variety of different weights that grant actio
rankr. Itis the share of all feasible weights that make the actmeptable for a particular rank,
and it is most conveniently expressed percentage-wiseurominion, this is a particular case of
robustness concerns.

The rank acceptability indek is computed numerically as a multidimensional integralrove
the favourable rank weights as

b = /wew,f Sw(w)dw. (14)

The most acceptable (best) actions are those with high taduibifies for the best ranks. Evidently,

the rank acceptability indices are in the range [0,1], wienedicates that the action will never

obtain a given rank and 1 indicates that it will obtain theegivank always with any choice of

weights. Thus, the rank acceptability indices can be inétgol as a some kind of measure of
robustness.

3.2.2 The pair-wise winning index

The pair-wise winning indexof) (introduced by Kangas et al. (2004)) describes the vaoéty
weights that give an action a better rank than another. Aioraet that haso’ = 1 for somek
always obtains a better rank than actignand can thus be said #ominate it.

The pair-wise winning index* is computed numerically as a multidimensional integralrove
the favourable rank weights as

of = fw(w)dw. (15)
weW:e;j(w)>er(w)
From the pair-wise winning indices we can construptix-wise winning matrix. In the position
(i,k) of the matrix is the value¥, so the matrix consists of all pair-wise winning indices.

3.2.3 The central weight vector

The central weight vectom() is the expected centre of gravity (centroid) of the favoledirst
rank weights of an action;. The central weight vector represents the preferences tyfpécal”
DM supporting this action. The central weights of differactions can be presented to the DMs
in order to help them understand how different weights apoed to different choices.

The central weight vector{ is computed numerically as a multidimensional integralrdlie
criteria distributions and the favourable first rank wegyhsing

wi= [ AE© / iy 0w (16)

10



4 Case study: Experiments and results

ELECTRE Ill has been used to choose the best waste incioarsttiategy for the Eastern Switzer-
land region. In this case study, there were 11 alternatiagegjies (actions) that were evaluated
in terms of 11 criteria. There were 6 interest groups whoséepences were taken into account
by executing ELECTRE Il analysis 6 times, with preferenafimation of the different interest
groups. We will not present the complete study here. Thedated 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’hwiteight information from the Switzer-
lands Federal Agency for the Environment. In this initiah rthe veto thresholds were not used.
The ranking from the “baseline run” is presented in Table tie Weights were elicited by using
two methods, the revised Simos procedure by Figueira andZ®2) and the method by Rogers
and Bruen (1998a). According to (Rogers et al., 2000), tfferdnces in the weights obtained
by using the two methods were minor. To see how small difiegerin the weights can cause
alteration of the results, we have chosen to perform ansevanalysis 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 S3.1,54.1
S2.2
S4.2
S2.3
S1.1,S2.1,54.3
S1.2,S3.2
S2.4

No o~ wWDN

11



4.2 Results of the analysis

We are analyzing the robustness of the case study by perfgrinverse weight space analysis.
The feasible weight space is defined to be the original weigtiD%. The names of the criteria,
the original weights of the case study, as well as the intemsed in the case study are presented
in Table 2.

Table 2: Names, original weights and weight intervals ofdhteria.

Criterion Original weight Weight interval
Cl1 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]
Cc2.2 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]
Cc4.1 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 Il and the inverse weight spaceyaisby using the C++ pro-
gramming language. We performed the inverse weight spaadgsas by executing 100000 Monte
Carlo simulations, which provides sufficient accuracy Far tesults (according to Lahdelma et al.,
2004b). The resulting rank acceptability indices are prieskin Table 3, and the pair-wise win-
ning matrix in Table 4. The central weight vectors are defioely for the two alternatives that
obtained the first rank with some weights; they are presentédble 5.

The effect of variable number of ranks in different simwat can be noticed by looking at
the rank acceptability indices in Table 3. For example, #mkacceptabilities of alternatives S1.1
(rank 7) and S1.2 (rank 8) clearly depend on preference df ®@4&r S1.2 in simulation runs. In
such situations, the pair-wise winning matrix providesiasle information: by looking at the first
row of it (in Table 4), we notice that S1.1 always obtains adrsetank than S1.2.

12



Table 3: Rank acceptability indices of the re-analysis () %

Alternatve b} »2  b»> bt B> b° bl B B b0 M
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 S22 S23 S24 S31 S32 S41 S42 S43
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 Ci11 C1.2 C1.3 c2.1 Cc2.2 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
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The results of our analysis are the following:

1. On the original case study, alternatives S3.1 and S4.1kdhhe best rank. Their study
based on analyzing 6 different sets of weights led to recoman$et. 1 as the primary choice,
and S3.1 as the secondary choice. By looking at the rank tatuilfy indices in Table 3, it
can be noticed that both of these alternatives are gooddatedi if we want to separate the
best two. But based on our inverse analysis, alternativeé S&sems not the most adequate to
“recommend” as the most favourable option, because itsaao&ptability index for the first
rank is only 26%. And with 99% of these weights, it shares thst fank with alternative
S3.1. Likewise, by looking at the pair-wise winning matnmxTable 4, we notice that not
only it is often (74% of the feasible weights) ranked loweartts3.1, 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 withX of the feasible weights,
and is always ranked higher than the other alternativedugixgy S4.1). Thus, a possible
robust conclusion in this example would not be to “recomnie3®l 1, because even small
variations in the weights drop it below S3.1 in the rankingwr @onclusion would have been
to select S3.1, and S4.1 as a "back-up” strategy, if for sasan S3.1 could not have been
chosen.

The authors of the case study also describe results fromustraéss analysis point of view.
But in their study, the robustness is analyzed by alterirlg arsingle weight at a time, which is
more like a sensitivity analysis. A different way to analymbustness in ELECTRE Il should
always be considered by looking at the whole feasible weighte, otherwise nonlinearity of the
ranking function, which ELECTRE Il represents, can praglgarprising results.

5 Conclusions and avenues for future research

In this paper, we have presented a novel method of inversghivepace analysis for ELECTRE
[ll. We presented a re-analysis of a case study showing tskelness of the method. Our method
allows the weights of ELECTRE lll to be of arbitrary type: neterministic weights are required.
This has numerous advantages, especially in the contextGidbMwith multiple DMs, because
the weights can be determined as intervals which contaiprferences of all DMs.

The inverse weight space analysis can be applied to a widgerahMCDA methods. In
particular, it can be applied to PROMETHEE and other outiramknethods for ranking problem
statements (see Figueira et al., 2005). Our method is theaflmving inverse analysis to be
performed on ELECTRE lll. As such, its usefulness to real-tiases should be studied. Re-
analyses should be done by analysts who originally perfdrthe analysis with deterministic
weights. We hope that the presented method will be applieddBarchers, analysts, and engineers
alike, to achieve robust conclusions when applying ELECTIRE® MCDA problems.
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