
Ensemble determination using the TOPSIS decision support system in

multi-objective evolutionary neural network classifiers

M. Cruz-Ramı́rez, J.C. Fernández, J. Sánchez-Monedero,

F. Fernández-Navarro, C. Hervás-Martı́nez, P.A. Gutiérrez

Department of Computer Science and Numerical Analysis

University of Córdoba
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Abstract—The selection of a particular neural network
model belonging to the Pareto front is a problem that exists
in all multi-objective algorithms. This paper proposes a novel
solution to this problem based on a linear combination of the
outputs of the two extremes in the Pareto front, which form
an ensemble. The decision support TOPSIS method is used to
determine which linear combination creates the best ensemble.
This analysis selects the most representative individual that
performs better in generalization than the extremes of the
Pareto front do.
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I. INTRODUCTION

Many techniques have been proposed for multiclassifica-

tion tasks to improve the overall testing capability of the

classifier designed (assuming, for example, the maximization

of the correct classification rate), but very few methods

maintain this capability in all classes (assuming, for exam-

ple, maximization of the correct classification of each class).

This latter objective is very important in some research areas

to ensure the benefits of one classifier over another. There-

fore it is necessary to perform a simultaneous optimization

of the two conflicting objectives [1]. The solution to such

problems (called “multi-objective”) is different than a single-

objective optimization. The main difference is that multi-

objective optimization problems normally do not have one

single solution, but a whole set of them which are all equally

good. This set is called non-dominated solutions and form

a Pareto front when two objectives are optimized. A non-

dominated solution is one that is not dominated by any other

solution, understanding the concept of Pareto dominance as

follows: a solution dominates another if it better or equal in

all objectives and at least one better [2].

Choosing one of the solutions of this set is a complex

task that depends on the problem. One option is to select

two solutions that correspond to the two extremes of the

Pareto front in training [1]. These solutions represent the

individuals with the best value for each one of the objective

functions. The main problem with this methodology is that

it does not guarantee that these individuals are the ones that

give the best performance in generalization.

So ensembles are used to reduce this problem and to

eliminate the task of selecting a solution. An ensemble is

a compound model formed by the aggregation of several

basic models, i.e., an ensemble prediction is a function of

all the base models included [3].

There are many algorithms in the specialized literature to

generate an ensemble. A broad review of current algorithms

to create ensembles is provided in [4]. In addition to what is

stated in [4], there are specific algorithms to form ensembles

from the elements belonging to the Pareto front obtained

through a multi-objective algorithm. These ensemble algo-

rithms take into account the presence of multiple conflicting

objectives. The problem is that individuals in the Pareto

front may not be sufficiently diverse, which is essential for

an evolutionary algorithm. It is therefore necessary for the

multi-objective evolutionary process to lead to the optimal

Pareto front while maintaining as diverse a distribution of

solutions as possible [5], [6], [7], [8].

This paper proposes the creation of an ensemble through

the linear combination of the outputs of the best models as-

sociated with the extremes in the Pareto front. Therefore, this

ensemble will be generated from two basic models, which

are diverse enough within the elements of the Pareto front.

A method of decision support is employed to determine

the best linear combination of the outputs of these models.

There are several decision support methods, like the method

proposed by Jiang in [9] or the ELECTRE method used in

[10]. The decision support method that will be applied in

this paper is the TOPSIS (Technique for Order Preference

by Similarity to Ideal Solution) [11]. This method is based

on the opinion of one or more experts, and allows us to opt

for the best of several alternatives. The linear combination

used for the application of this method is:

λ ∗OUE + (1− λ) ∗OLE ,
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where OUE and OLE are the outputs of the models found

in the upper and the lower extremes of the Pareto front

respectively, with different values of λ between 0 and 1.

The paper is organised as follows: Section 2 shows an

explanation of Accuracy and Minimum Sensitivity and the

TOPSIS method, followed by the experimental design in

Section 3. Section 4 details the application of the TOPSIS

method and the conclusions are outlined in Section 5.

II. MATERIALS AND METHODS

A. Accuracy and Minimum Sensitivity in Classification

Problems

This section presents two measures to evaluate a classifier:

the Correct Classification Rate or Accuracy, C, and the

Minimum Sensitivity, MS. To evaluate a classifier, the

machine learning community has traditionally used C to

measure its default performance. Currently, it is simply

necessary to realize that C cannot capture all the differ-

ent behavioral aspects found in two different classifiers

in multiclassification problems. For these problems, two

performance measures are considered: traditionally-used C,

C = 1

N

∑Q
j=1

njj (where Q is the number of classes, N

is the number of patterns in training or testing and njj is

the number of correctly classified patterns from class j-th);

and the MS in all classes, that is, the lowest percentage

of examples correctly predicted as belonging to each class,

Si, with respect to the total number of examples in the

corresponding class, MS = min{Si}. For a more detailed

description of these measures, see [1]. A priori, MS and C

objectives could be considered to be positively correlated,

but while this may be true for small values of MS and

C, it is not so for values close to 1 on both MS and C.

This fact justifies the use of a Multi-Objective Evolutionary

Algorithm (MOEA).

B. The TOPSIS Method

The TOPSIS method (Technique for Order Preference

by Similarity to Ideal Solution) is one of the most com-

mon methods in problems involving multi-criteria decisions.

TOPSIS was first proposed by Hwang and Yoon in [12].

The underlying logic of TOPSIS is to define the positive

ideal solution and negative ideal solution. The positive ideal

solution is the one that maximizes the benefit criteria and

minimizes the cost criteria; the negative ideal solution is

the one that maximizes the cost criteria and minimizes the

benefit criteria. The best alternative is the one that is closest

to the positive ideal solution and farthest from the negative

ideal solution. The alternatives are ranked by their value of

“proximity to the ideal solution”, and the alternative with the

highest value is considered the best. An example application

of TOPSIS for a multi-criteria decision problem can be seen

in [13] and [14] where Li used the TOPSIS method, along

with other decision support systems, to solve discrete multi-

criteria decision making problems.

Table I
CHARACTERISTICS FOR DATASETS

Dataset #Patterns #Input #Classes #Patterns p∗

variables per class

AustralianC 690 51 2 (307,383) 0.4449

Balance 625 4 3 (288,49,288) 0.0784

Gene 3175 120 3 (762,765,1648) 0.2400

Sonar 208 60 2 (97,111) 0.4663

Waveform 5000 40 3 (1692,1653,1655) 0.3306

Wine 178 13 3 (59,71,48) 0.2696

III. EXPERIMENTS

Six datasets taken from the UCI repository are considered

in the experimental design. This design was conducted

using a stratified holdout procedure with 30 runs, where

approximately 75% of the patterns were randomly selected

for the training set and the remaining 25% for the test set.

Table I shows the features for each dataset. The total

number of instances or patterns in each dataset appear, as

well as the number of input variables, the number of classes,

the total number of instances per class and the p∗ value (the

minimum of prior estimated probabilities).

The MOEA used is called Pareto Differential Evolution

(PDE) and is described in [15]. This algorithm is based on

Differential Evolution [16] and the work of H. Abbass [17].

During the experiment, models are trained using a fitness

function based on Entropy, E (a detailed description of this

function can be seen in [1]) and MS as objective functions.

The validation is done by considering C and MS.

IV. APPLICATION OF TOPSIS METHOD

This section applies the TOPSIS method to determine

the best linear combination of the outputs of the extreme

models in the Pareto front in training, which is obtained by

a multi-objective evolutionary algorithm that achieves a set

of individuals which are sorted in Pareto fronts. The same

procedure is followed to study the best linear combination

of the outputs of these models in generalization, although

only the results shown here in order not to repeat the whole

process.

The application of the TOPSIS method uses the results

for the six datasets from the UCI repository: AustralianC

(AC), Balance (B), Gene (G), Sonar (S), Waveform (Wa)

and Wine (Wi).

The first task to be done is to set the possible solutions to

the problem (alternatives) and decision criteria to be used.

The alternatives are selected from the following expression:

λ ∗OUE + (1− λ) ∗OLE ,

where λ ∈ {0, 0.1, 0.2, ..., 1} and OUE and OLE are the

outputs of the models found in the upper and lower extremes

of the Pareto front respectively. This gives 11 different

alternatives, A = {A1, ..., A11}, where A1 or C corresponds

to the upper extreme of the Pareto front in training (λ = 1)

and A11 or MS to the lower extreme of the front (λ = 0).
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Table II
DECISION MATRIX X IN TRAINING

A1 ≡ C A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 ≡ MS

C1 ≡ μ̂C,AC 0.8506 0.8508 0.8509 0.8513 0.8528 0.8528 0.8538 0.8540 0.8549 0.8565 0.8593

C2 ≡ σ̂C,AC 0.0347 0.0349 0.0341 0.0331 0.0324 0.0331 0.0333 0.0336 0.0346 0.0352 0.0356

C3 ≡ μ̂MS,AC 0.8091 0.8128 0.8155 0.8190 0.8245 0.8280 0.8333 0.8374 0.8428 0.8495 0.8575

C4 ≡ σ̂MS,AC 0.0515 0.0510 0.0488 0.0465 0.0428 0.0418 0.0397 0.0387 0.0390 0.0386 0.0361

C5 ≡ μ̂C,B 0.9004 0.9050 0.9088 0.9122 0.9137 0.9151 0.9156 0.9161 0.9164 0.9156 0.9154

C6 ≡ σ̂C,B 0.0131 0.0115 0.0112 0.0098 0.0091 0.0072 0.0077 0.0064 0.0062 0.0063 0.0072

C7 ≡ μ̂MS,B 0.3120 0.4060 0.5043 0.5932 0.6521 0.7248 0.7761 0.8197 0.8581 0.8825 0.9049

C8 ≡ σ̂MS,B 0.1890 0.1919 0.1979 0.1851 0.1708 0.1450 0.1201 0.0795 0.0470 0.0234 0.0099

C9 ≡ μ̂C,G 0.7188 0.7194 0.7199 0.7196 0.7192 0.7201 0.7190 0.7180 0.7167 0.7138 0.7113

C10 ≡ σ̂C,G 0.0374 0.0375 0.0375 0.0368 0.0372 0.0376 0.0380 0.0386 0.0389 0.0404 0.0420

C11 ≡ μ̂MS,G 0.5849 0.6011 0.6142 0.6253 0.6344 0.6470 0.6600 0.6709 0.6812 0.6910 0.7061

C12 ≡ σ̂MS,G 0.1163 0.1062 0.0958 0.0838 0.0765 0.0723 0.0622 0.0566 0.0531 0.0463 0.0438

C13 ≡ μ̂C,S 0.8598 0.8620 0.8650 0.8656 0.8675 0.8692 0.8720 0.8750 0.8782 0.8816 0.8895

C14 ≡ σ̂C,S 0.0590 0.0562 0.0554 0.0541 0.0537 0.0532 0.0507 0.0494 0.0469 0.0421 0.0380

C15 ≡ μ̂MS,S 0.8273 0.8314 0.8381 0.8404 0.8436 0.8473 0.8531 0.8580 0.8664 0.8728 0.8861

C16 ≡ σ̂MS,S 0.1100 0.1009 0.0994 0.0957 0.0937 0.0907 0.0845 0.0792 0.0678 0.0523 0.0388

C17 ≡ μ̂C,Wa 0.7834 0.7838 0.7842 0.7846 0.7850 0.7854 0.7857 0.7860 0.7864 0.7869 0.7871

C18 ≡ σ̂C,Wa 0.0159 0.0159 0.0159 0.0160 0.0159 0.0160 0.0161 0.0159 0.0159 0.0159 0.0160

C19 ≡ μ̂MS,Wa 0.7575 0.7598 0.7624 0.7651 0.7678 0.7706 0.7736 0.7766 0.7788 0.7812 0.7858

C20 ≡ σ̂MS,Wa 0.0238 0.0233 0.0227 0.0217 0.0215 0.0201 0.0197 0.0187 0.0180 0.0177 0.0162

C21 ≡ μ̂C,Wi 0.9900 0.9898 0.9898 0.9898 0.9898 0.9903 0.9903 0.9905 0.9903 0.9905 0.9940

C22 ≡ σ̂C,Wi 0.0221 0.0231 0.0231 0.0231 0.0231 0.0227 0.0227 0.0217 0.0227 0.0225 0.0201

C23 ≡ μ̂MS,Wi 0.9802 0.9802 0.9802 0.9802 0.9802 0.9802 0.9802 0.9808 0.9808 0.9814 0.9920

C24 ≡ σ̂MS,Wi 0.0370 0.0370 0.0370 0.0370 0.0370 0.0370 0.0370 0.0348 0.0348 0.0343 0.0255

The decision criteria used will be the average of C,

the standard deviation of C, the average of MS and the

standard deviation of MS obtained in training after running

the algorithm 30 times. Therefore, when working with 6

datasets and the same 4 criteria for each of them, this

involves a 24 criteria decision, C = {C1, ..., C24}, where

C1 = μ̂C , C2 = σ̂C , C3 = μ̂MS and C4 = σ̂MS are

the statistics for the AustralianC dataset, the following four

criteria correspond to the statistical values for the Balance

dataset and so on, ending up with the statistical values of

the Wine dataset.

Regarding these criteria, it is desirable to maximize the

values of μ̂C and μ̂MS and minimize σ̂C and σ̂MS for all

datasets.

After determining the alternatives and decision criteria,

the decision matrix X is constructed, where the element

Xij is the value of decision criteria i for the alternative j

(where i = 1, ..., 24 and j = 1, ..., 11).

Table II shows the decision matrix X of the classification

problem for these 6 databases. The data shown in this table

are those obtained with the training sets. For example, the

AustralianC for the pair (C1, A2) would have the element

X12 whose value is 0.8508.

Starting from the decision matrix X , the normalized

decision matrix N will be built by dividing each element

Xij by the Euclidean norm:

Nij =
Xij√∑

11

j=1
(Xij)

2

, i = 1, ..., 24, j = 1, ..., 11.

With this transformation the criteria lose their dimension,

so we will now work with dimensionless criteria.

To assign weights to each criterion, an expert was con-

sulted with respecto to the relative importance of some

criteria over others, obtaining the results shown in Table

III (Values are considered equal for all datasets).

Table III
BINARY COMPARISONS OF THE CRITERIA

μ̂C σ̂C μ̂MS σ̂MS

μ̂C 1 7 5 9
σ̂C 1/7 1 1/3 5
μ̂MS 1/5 3 1 5
σ̂MS 1/9 1/5 1/5 1

Since the comparison matrix should be positive and recip-

rocal with ones in the main diagonal, the expert needs only

to provide the comparison values associated with the upper

triangular matrix. To help the expert, the correspondence

shown in Table IV was used.

Table IV
NUMERICAL VALUE OF THE COMPARISONS

Relation Numerical value

Ai and Aj are equally important 1
Ai is moderately more important than Aj 3
Ai is more important than Aj 5
Ai is much more important than Aj 7
Ai is extremely more important than Aj 9

The scale values 2, 4, 6 and 8 represent compromises in the above values

Observing the values provided by the expert, it can be said

that the criteria μ̂C and μ̂MS are more important than σ̂C

and σ̂MS . It is also noted that measures of C centralization

and dispersion are more important than those of MS, as is

usual in machine learning. This means that obtaining a good

result in training for example, in μ̂C is worth 5 times more

than a good result in μ̂MS , is 7 times more value than a
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Table V
VECTOR W , WEIGHTED NORMALIZED DECISION MATRIX V AND POSITIVE AND NEGATIVE IDEAL SOLUTION (A+ AND A− ) IN TRAINING

W A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 A+ A−

C1 ≡ μ̂C.AC 0.1081 0.0325 0.0325 0.0325 0.0325 0.0326 0.0326 0.0326 0.0326 0.0326 0.0327 0.0328 0.0328 0.0325

C2 ≡ σ̂C.AC 0.0183 0.0056 0.0057 0.0055 0.0054 0.0053 0.0054 0.0054 0.0054 0.0056 0.0057 0.0058 0.0053 0.0058

C3 ≡ μ̂MS.AC 0.0335 0.0098 0.0099 0.0099 0.0100 0.0100 0.0101 0.0101 0.0102 0.0103 0.0103 0.0104 0.0104 0.0098

C4 ≡ σ̂MS.AC 0.0068 0.0024 0.0024 0.0023 0.0022 0.0020 0.0020 0.0019 0.0018 0.0018 0.0018 0.0017 0.0017 0.0024

C5 ≡ μ̂C.B 0.1081 0.0322 0.0323 0.0325 0.0326 0.0326 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327 0.0322

C6 ≡ σ̂C.B 0.0183 0.0081 0.0070 0.0068 0.0060 0.0056 0.0044 0.0047 0.0039 0.0038 0.0039 0.0044 0.0038 0.0081

C7 ≡ μ̂MS.B 0.0335 0.0045 0.0058 0.0073 0.0085 0.0094 0.0104 0.0112 0.0118 0.0123 0.0127 0.0130 0.0130 0.0045

C8 ≡ σ̂MS.B 0.0068 0.0027 0.0028 0.0029 0.0027 0.0025 0.0021 0.0017 0.0012 0.0007 0.0003 0.0001 0.0001 0.0029

C9 ≡ μ̂C.G 0.1081 0.0326 0.0327 0.0327 0.0327 0.0327 0.0327 0.0326 0.0326 0.0325 0.0324 0.0323 0.0327 0.0323

C10 ≡ σ̂C.G 0.0183 0.0054 0.0054 0.0054 0.0053 0.0053 0.0054 0.0055 0.0055 0.0056 0.0058 0.0060 0.0053 0.0060

C11 ≡ μ̂MS.G 0.0335 0.0091 0.0094 0.0096 0.0097 0.0099 0.0101 0.0103 0.0105 0.0106 0.0108 0.0110 0.0110 0.0091

C12 ≡ σ̂MS.G 0.0068 0.0031 0.0028 0.0025 0.0022 0.0020 0.0019 0.0016 0.0015 0.0014 0.0012 0.0012 0.0012 0.0031

C13 ≡ μ̂C.S 0.1081 0.0322 0.0322 0.0324 0.0324 0.0324 0.0325 0.0326 0.0327 0.0328 0.0330 0.0333 0.0333 0.0322

C14 ≡ σ̂C.S 0.0183 0.0064 0.0061 0.0060 0.0058 0.0058 0.0057 0.0055 0.0053 0.0051 0.0045 0.0041 0.0041 0.0064

C15 ≡ μ̂MS.S 0.0335 0.0098 0.0099 0.0099 0.0100 0.0100 0.0101 0.0101 0.0102 0.0103 0.0104 0.0105 0.0105 0.0098

C16 ≡ σ̂MS.S 0.0068 0.0026 0.0024 0.0024 0.0023 0.0022 0.0022 0.0020 0.0019 0.0016 0.0013 0.0009 0.0009 0.0026

C17 ≡ μ̂C.Wa 0.1081 0.0325 0.0325 0.0325 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0327 0.0327 0.0327 0.0325

C18 ≡ σ̂C.Wa 0.0183 0.0055 0.0055 0.0055 0.0055 0.0055 0.0055 0.0056 0.0055 0.0055 0.0055 0.0055 0.0055 0.0056

C19 ≡ μ̂MS.Wa 0.0335 0.0099 0.0100 0.0100 0.0100 0.0101 0.0101 0.0101 0.0102 0.0102 0.0102 0.0103 0.0103 0.0099

C20 ≡ σ̂MS.Wa 0.0068 0.0024 0.0023 0.0023 0.0022 0.0022 0.0020 0.0020 0.0019 0.0018 0.0018 0.0016 0.0016 0.0024

C21 ≡ μ̂C.Wi 0.1081 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0326 0.0327 0.0327 0.0326

C22 ≡ σ̂C.Wi 0.0183 0.0054 0.0057 0.0057 0.0057 0.0057 0.0056 0.0056 0.0053 0.0056 0.0055 0.0049 0.0049 0.0057

C23 ≡ μ̂MS.Wi 0.0335 0.0101 0.0101 0.0101 0.0101 0.0101 0.0101 0.0101 0.0101 0.0101 0.0101 0.0102 0.0102 0.0101

C24 ≡ σ̂MS.Wi 0.0068 0.0021 0.0021 0.0021 0.0021 0.0021 0.0021 0.0021 0.0020 0.0020 0.0020 0.0015 0.0015 0.0021

good result in σ̂C and is worth 9 times more than a good

result in σ̂MS .

The weight vector associated with the criteria (W ) is

calculated from the values in Table III. The elements

of vector W are obtained by calculating the eigenvector

of the matrix of binary comparisons of the criteria. Af-

ter these calculations, the following vector is obtained:

{0.6486, 0.1098, 0.2010, 0.0408}. This vector corresponds

to a single dataset; therefore, for the 6 datasets, a 24 element

vector is needed. To do this, each of the elements is divided

by 6, giving each one of the criteria (μ̂C , σ̂C , μ̂MS , σ̂MS)

the value that corresponds in function of the eigenvector

obtained from Table III. This is so that the sum of all the

elements in vector W add up to 1 and, therefore, the weights

are standardized. The values of vector W can be seen in

Table V.

Once the values of W are calculated, the weighted nor-

malized decision matrix is built. To do this, each element

Nij is multiplied by the weight of the i-th criterion.

Vij = WiNij , i = 1, ..., 24, j = 1, ..., 11.

At this point, the positive ideal solution A+ can be

determined as well as the negative ideal solution A− . For

the positive ideal solution A+ = [A+

1
, ..., A+

24
], where A+

i is

the maximum value of Vij , for j = 1, ..., 11, in the case of

the criteria that represent desirable attributes (μ̂C and μ̂MS)

or has a minimum value of Vij for criteria that represent

undesirable attributes (σ̂C and σ̂MS). For the negative ideal

solution, minimum values of Vij are selected, and criteria

that represent desirable attributes or maximum values of

Vij in the case of the i-th criterion represent undesirable

attributes.

A+ = {V +

1
, ..., V +

24
} =

=

{(
max

j
Vij , i ∈ I

)
,

(
min
j

Vij , i ∈ I ′
)}

, j = 1, ..., 11,

A− = {V −

1
, ..., V −

24
} =

=

{(
min
j

Vij , i ∈ I

)
,

(
max

j
Vij , i ∈ I ′

)}
, j = 1, ..., 11,

where I is associated with the criteria that represent de-

sirable attributes and I ′ is associated with the criteria that

represent undesirable attributes.

Table V shows the values of the vector W , the weighted

normalized decision matrix V and the positive and negative

ideal solution (A+ and A−).

Each alternative (Aj(j = 1, ..., 11), A+ and A− ) can

be represented geometrically as a point in a space of 24

dimensions, where the i-th axis measures the weighted

normalized performance of this alternative according to the

criterion Ci (i = 1, ..., 24). Therefore, we can calculate the

Euclidean distance (d+

j and d−

j ) of each alternative Aj for

the positive ideal solution (A+ ) and negative ideal solution

(A− ), respectively:

d+

j =

{
24∑
i=1

(Vij − V +

i ) 2

} 1
2

, j = 1, ..., 11,

d−

j =

{
24∑
i=1

(Vij − V −

i ) 2

} 1
2

, j = 1, ..., 11.
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From the distances of all alternatives to the positive ideal

solution and negative ideal solution, the separation index of

each of the alternatives is calculated with:

Rj =
d−

j

d+

j + d−

j

, j = 1, ..., 11.

The value of Rj always belong to the interval [0, 1]. If

Rj = 1 (d+

j = 0), then Aj = A+ (ideal solution). If Rj =
0 (d−

j = 0), then Aj = A− . That is, the closer to 1 that the

separation index of an alternative is, the better the alternative

is. Table VI shows the distances of each alternative to the

positive and negative ideal solution and the separation index

in training.

Table VI
DISTANCE AND SEPARATION INDEX IN TRAINING

d+ d− R

A1 0.0108 0.0008 0.0687
A2 0.0092 0.0019 0.1743
A3 0.0079 0.0033 0.2915
A4 0.0065 0.0048 0.4275
A5 0.0056 0.0058 0.5116
A6 0.0043 0.0073 0.6284
A7 0.0035 0.0080 0.6927
A8 0.0026 0.0090 0.7785
A9 0.0019 0.0097 0.8354
A10 0.0014 0.0103 0.8828
A11 0.0012 0.0106 0.9017

Finally, all alternatives are ranked according to their

separation index and select the alternative with the highest

index as the best of all (The symbol “>” means “better

than”).

A11 > A10 > A9 > A8 > A7 >

> A6 > A5 > A4 > A3 > A2 > A1

Since alternative A11 gets a higher separation index, it is

considered the best alternative. This alternative corresponds

to a value of λ = 0.0, i.e. the lower extreme model of the

Pareto front, the model with the highest value in MS.

Table VII shows the distances to the positive and negative

ideal solution and the separation index obtained by repeating

the same procedure, but with the result obtained in general-

ization.

When sorting the alternatives according to their separation

index (recall that the symbol “>” means “better than”), the

best alternative is seen to be AG

10
. Therefore, we can say that

the best ensemble in generalization formed by the outputs

of the models in the extremes of the Pareto front is obtained

with a value of of λ = 0.1.

AG

10
> AG

11
> AG

8
> AG

9
> AG

7
>

> AG

6
> AG

5
> AG

4
> AG

3
> AG

2
> AG

1

Table VII
DISTANCE AND SEPARATION INDEX IN GENERALIZATION

d+ d− R

AG
1

0.0102 0.0014 0.1193
AG

2
0.0089 0.0019 0.1747

AG
3

0.0077 0.0030 0.2834
AG

4
0.0062 0.0046 0.4246

AG
5

0.0046 0.0060 0.5644
AG

6
0.0035 0.0073 0.6723

AG
7

0.0024 0.0084 0.7812
AG

8
0.0018 0.0090 0.8341

AG
9

0.0020 0.0093 0.8190
AG

10
0.0010 0.0101 0.9123

AG
11

0.0012 0.0103 0.8948

V. CONCLUSIONS

The selection of a particular neural network model be-

longing to the Pareto front is a problem for multi-objective

algorithms. That is why we propose the use of decision

support methods to solve this problem.

This paper applies the TOPSIS method to determine the

best aggregation of the models found at the extremes of the

Pareto front to form the ensemble, because we believe that a

combination of the two models will get better generalization

results.

After applying the TOPSIS method in training, we con-

clude that the best alternative of all those considered is the

A11, i.e, the model with the highest value in MS. This

alternative was obtained by using a value of λ = 0.0. By

applying the TOPSIS method in generalization, the best

alternative obtained is AG

10
using a value of λ = 0.1. By

using this factor, the lower extreme model of the Pareto front

has a weight of 90% and the model of the upper extreme

has an importance of 10%. Therefore, the lower extreme

model in the front is shown to be more important as it

provides greater accuracy and minimum sensitivity in the

generalization sets of the databases proposed.

This study suggests several lines of future research. First,

it could be interesting to analyze how the decisions made

by the expert in the problem affect the methodology. There

could be a study on the changes produced in the results when

varying the values of the preferences given by the expert.

Another possibility would be to consult experts and weigh

the value of their judgments according to their experience.

Finally, one could use the C and MS coefficient of variation

instead of the means and standard deviations as the criteria

to decide which alternative produces better results.
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