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Abstract. This work proposes a preference disaggregation approach
based on TOPSIS for sorting problems. A nonlinear programming
model is presented to infer decision maker’s (DM’s) preferences from
holistic judgments.

1 Introduction
The TOPSIS method has been widely used in the specialist literature
of this area. See, for example, [1] in which 269 articles with appli-
cations of this method were analyzed. Recently, a TOPSIS variation
for the sorting problematic was proposed by [6]. The large number of
requirements for the use of this variation, on the other hand, may be
seen as a limitation for specific situations. Thus, the Preference Disag-
gregation on TOPSIS-Sort method is proposed here. Preferences must
be disaggregated in situations where a lot of time is required (because
the DM is unavailable) to elicit preferences from the DM in the usual
way or in cases where the DM neither wants to actively participate
in the elicitation process nor to provide the necessary information
to the analyst [2]. In addition, Mousseau and Slowinski [5] indicate
that there are cases where it is unrealistic to assume that the DM is
able to determine the parameters required by a conventional model.
More information on the origins and use of the concepts of preference
disaggregation can be found in Jacquet-Lagreze and Siskos [4].

2 Preference Disaggregation on TOPSIS-Sort
Let there be a multicriteria decision problem with n alternatives
A = {a1, a2, ..., an}, m criteria G = {g1, g2, ..., gm}, where the
DM aims to allocate the alternatives in a set of q pre-defined classes
in order of preference such as C1 � C2 � ... � Cq . Let G+ and
G− be, respectively, the sets of beneficial and cost criteria. To al-
locate the alternatives among the classes, the method works with
profiles, which define, for each criterion, performances that indicate
the distinction between two subsequent classes. Thus, q − 1 profiles
are defined {P1, P2, ..., Pq−1}. In addition, we define C�k the set
of classes weakly preferable to class Ck, and C≺k defines the set of
classes less preferable than classCk. Let gj(ai) be the performance of
ai for criterion gj . On defining Cl(ai), the coefficiente of proximity
of alternative ai and Cl(Pk), the coefficient of proximity of profile
Pk, the PDTOPSIS-Sort method is proposed and follows the steps
described next.

1. In this step, the decision problem is defined. Information that is
needed on the DMs and their objectives, the alternatives of the
problem, the decision criteria (representing the DMs objectives),
and the classes are obtained.
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2. Next, decision examples are obtained from the DM using a set
of reference alternatives R = {ref1, ref2, ..., refw}, which are
allocated in the classes. The set of reference alternatives can be
formed by a subset of the original alternatives of the problem or by
a set of realistic or fictitious alternatives.

3. A domain is defined for the values that can be considered within
each criterion, which has already been considered when inferring
parameters. To do so, two fictitious alternatives can be created
to represent very good performances (a∗) and very poor perfor-
mances (a−) for each of the criteria. The domain definition is used
to prevent order reversals in the TOPSIS method [3].

4. In this step, the parameters are inferred. A nonlinear programming
model is used for this purpose (section 3). In this step, the set of
reference alternatives and the domain-defining performance values
are used. The coefficients of proximity are calculated, considering
the domain defined for the problem.

5. The parameters inferred in step 4 must be validated before the
possible assignment of alternatives. In this case, the DM can evalu-
ate the weights obtained and the performances of the formulated
profiles in each of the criteria. This stage identifies, even before
the alternatives are finally classified, possible problems generated
by the choice of reference alternatives.

6. In this step of the method, the alternatives of the model are clas-
sified according to the predefined classes in Step 1. Initially the
complete decision matrix M = (X,P, S) is constructed. This is
formed by the performances of the decision alternatives of the
problem (matriz X), profile performances (matriz P ), and the two
dummy alternatives that indicate and define the domain of the set
of alternatives. para a aplicao do mtodo PDTOPSIS-Sort (a∗ e
a−). Next, the steps 4 to 8 of TOPSIS-Sort [6]. are applied to the
decision matrix M .

7. Finally, there is a step when sensitivity analysis is performed. Small
variations in the parameters of the model can be made to evaluate
the final result and the impact of these variations is studied.

3 Disaggregation Model
The objective function of the disaggregation model presented below
was based on the work by Doumpos and Zopounidis [2], who propose
variations of the ELECTRE TRI method to disaggregate preferences.

The unknown variables whose valuers are estimated through pref-
erence disaggregation are:

• The error variables: σ+
jk e σ−jk

• The weights of the problem criteria: w1, w2, w3, ..., wm.
• The performances obtained for the profiles that define the classes

in each of the decision criteria: gj(Pk), j = 1, 2, ...,m; k =
1, 2, ..., q − 1.

The error variables represent values, added or subtracted from the



proximity coefficients, which would be necessary for the reference
alternatives to be allocated to the classes previously indicated by the
DM. For example, the error variable +

ik indicates a value that needs
to be added to Cl(refi) so that the reference alternative refi can be
allocated to the Ck class or a higher class (as designated by the DM).
Thus, the smaller the error variables, the more coherently the criteria
chosen can explain the DMs decision alternatives.

The nonlinear programming model is presented below.
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Cl(refi) + σ+
ik ≥ Cl(Pk), ∀refi ∈ C�k , k = 1, 2, ..., q − 1. (2)

Cl(refi)− σ−ik < Cl(Pk), ∀refi ∈ C≺k , k = 1, 2, ..., q − 1. (3)

gj(P1) ≥ gj(P2) ≥ gj(P3) ≥ ... ≥ gj(P(q−1)), ∀gj ∈ G+ (4)

gj(P1) ≤ gj(P2) ≤ gj(P3) ≤ ... ≤ gj(P(q−1)), ∀gj ∈ G− (5)

gj(Pk) ≥ µjCk,k+1 − β × |µjCk,k+1|, k = 1, 2, ..., q − 1 (6)

gj(Pk) ≤ µjCk,k+1 + β × |µjCk,k+1|, k = 1, 2, ..., q − 1 (7)

|gj(Pk)−gj(Pk+1)| ≥ ε×|µjCk,k+1−µjCk+1,k+2 |, k = 1, ..., q−2
(8)
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wj ≥ 0, j = 1, 2, 3, ...,m. (11)

σ+
ik ≥ 0 e σ−ik ≥ 0 (12)

Equation (1) represents the objective function, which minimizes the
sum of the error variables of the reference alternatives weighted by the
number of alternatives in their respective classes [2]. The constants
Rk indicate the number of reference alternatives indicated for class
Ck.

Equations (2) and (3) define the error variables. The positive errors,
represented by the index σ+

ik, indicate the values necessary so that the
alternatives of a given class Ck or a superior to class Ck (that is, for
all refi ∈ C�k ) have coefficients of proximity greater than or equal
to the coefficient of proximity of the profile Pk. The negative errors,

represented by the index σ−ik, indicate the value that is necessary for
the reference alternatives of classes lower than a given class Ck (ie
for all refi ∈ C≺k ) to have coefficients of proximity lower than the
coefficient of proximity of the profile Pk which defines that class. The
coefficien of proximity is calculated based on Euclidean distances
of each alternative for the ideal (d∗i ) and anti-ideal (d−i ) solutions.
Appendix 1 presents the procedure.

Equations (4) and (5) indicate, respectively, the application of the
monotonicity constraint for the profiles in the benefit and cost criteria.

Equations (6) and (7) define an interval in which the performances
of profiles should be constrained. These constraints ensure that the
profiles are a coherent match for the examples of decision that the DM
provided. In these equations, the center of the range has the weighted
average of the performances of the reference alternatives belonging
to the two classes separated by the profile Pk. Thus:

µjCk,k+1 =
1

2Rk

∑
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gj(refi) +
1

2Rk+1

∑
refi∈Ck+1

gj(refi)

(13)
The values of the upper and lower limits of the ranges are obtained

with the average value added or subtracted from the product between
the average value itself and a constant β.The analyst must determine
the constant β initially, but the DM can conduct sensitivity analysis to
determine the best values for this constant. It is possible to use individ-
ual values of βj for each criterion without changing the characteristics
of the model.

The role of (8), as well as that of equations (6) and (7), is to en-
sure that the profile performances obtained are consistent with the
specifications of the problem and the reference alternatives. More
specifically, this equation prevents the generation of identical profiles
within certain criteria. It restricts the difference between the perfor-
mances of two subsequent profiles for a given criterion in terms of the
difference between the values of the means obtained, following the
same logic as equation (13).

Equation (9), or variations thereof, can be used in cases where the
DM is not able or does not want to define a dictator criterion [5].
Thus, the weights of the criteria are constrained by a constant. In other
situations, DM may wish to establish an order of preference between
two or more criteria or some rule of reason between them. These
constraints are not essential for the operation of the proposed model,
since the weights are completely inferred by choosing reference al-
ternatives and the disaggregation model, and thus are only used in
particular cases in accordance with the DM’s preferences.

Equation (10) ensures that the sum of the weights will equal the
unit value. Finally, equations (11) and (12) ensure that weights and
the variables of errors may assume non-negative values.

The model can be solved, for instance, with the GRG nonlinear
solving method from Excel solver, obtaining a solution in a few
seconds for a problem with 9 reference alternatives and 10 criteria,
and the Sequential Least Squares Programming (SLSQP) for the
minimize function from scipy.optimization python package.

4 Remarks and Conclusion
This paper fills an important gap that was observed in the literature,
which hitherto has not tackled how parameters can be inferred under
the TOPSIS-Sort method. The proposed method has already been
validated through a literature-based problem application. For future
works, it is expected the application of PDTOPSIS-Sort to different
situations where the sorting problematic is observed.



Acknowledgements
This study was financed in part by the Coordenao de Aperfeioamento
de Pessoal de Nvel Superior - Brasil (CAPES) - Finance Code 001;
CNPq and Facepe.

REFERENCES
[1] Majid Behzadian, S. Khanmohammadi Otaghsara, Morteza Yazdani, and

Joshua Ignatius, ‘A state-of the-art survey of TOPSIS applications’, Ex-
pert Systems with Applications, 39(17), 13051–13069, (2012).

[2] Michael Doumpos and Constantin Zopounidis, Multicriteria Decision
Aid Classification Methods, Kluwer Academic Publishers, 2002.

[3] M. Socorro Garcı́a-Cascales and M. Teresa Lamata, ‘On rank reversal
and TOPSIS method’, Mathematical and Computer Modelling, 56(5-6),
123–132, (2012).
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Appendix 1
Equations (14), (15) and (16) define the procedure for obtaining the
coefficient of proximity for an alternative refi.

d∗refi =

√√√√ m∑
j=1

(gj(refi)− gj(a∗)) (14)

d−refi =

√√√√ m∑
j=1

(gj(refi)− gj(a−)) (15)

Cl(refi) =
d−refi

d∗refi − d
−
refi

(16)

Equations (14) and (15) define, respectively, the Euclidean distance
of a reference alternative refi for the ideal and the anti-ideal solutions.
Thus, based on these distances, equation (16) defines the coefficient
of proximity.


