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ABSTRACT: Personnel selection represents a valuable decision-making process that determines, in 
some way, the competitiveness and performance of an organization. The essential elements of the 
personnel selection task are the position requirements and the accessible information related to 
candidates. In this paper, the personnel selection task is modeled as a multicriteria decision-making 

*	 This paper derives from the research project “A Multiobjective Evolutionary Approach 
to the Multicriteria Ranking Problem from a Large-Sized Set of Decision Alternatives,” 
funded by the National Council of Science and Technology (Conacyt) of Mexico.

MODELO DE SELECCIÓN DE PERSONAL PARA UNA EMPRESA DE 
DESARROLLO DE SOFTWARE BASADO EN EL MÉTODO electre iii  
Y UNA VARIANTE DE nsga-ii

RESUMEN: la selección de personal es un proceso de toma de decisiones 
que determina, en cierta medida, la competitividad y el desempeño de una 
organización. Los elementos esenciales de esta importante labor son los re-
quisitos establecidos para la vacante y el acceso a información sobre los 
candidatos. Así, este artículo presenta un modelo para la selección de per-
sonal formulado a manera de un problema de toma de decisiones multicri-
terio, que considera múltiples competencias y habilidades a evaluar entre 
los aspirantes a una vacante específica. El modelo propuesto fue empleado 
para resolver casos de selección de personal usando el software sadgage, 
una herramienta de apoyo a la toma de decisiones que resuelve ejemplos 
del problema de clasificación multicriterio en orden decreciente, de acuerdo 
con las preferencias de la persona encargada de decidir. El método electre-iii  
se integra a este software para construir una relación de orden superior di-
fusa y un algoritmo evolutivo multiobjetivo, con el fin de explotar dicha rela-
ción y generar un ranking a modo de recomendación. Este trabajo presenta 
la aplicación práctica de esta metodología a un problema de selección de 
personal que evalúa a un grupo de aspirantes a la vacante de desarrollador 
de software en una empresa en el noroeste de México. Lo resultados mues-
tran que el procedimiento multicriterio propuesto ofrece al tomador de de-
cisiones una recomendación sobre los aspirantes en orden decreciente de 
preferencias.

PALABRAS CLAVE: selección de personal, análisis de decisión multicri-
terio, algoritmos evolutivos multiobjetivo, electre-iii.

MODELO DE SELEÇÃO DE PESSOAL PARA UMA EMPRESA DE 
DESENVOLVIMENTO DE SOFTWARE BASEADO NO MÉTODO electre iii E 
UMA VARIANTE DE nsga-ii 

RESUMO: a seleção de pessoal é um processo de tomada de decisões que 
determina, em certa medida, a competitividade e desempenho de uma 
organização. Os elementos essenciais desse importante trabalho são os 
requisitos estabelecidos para a vaga e o acesso à informação sobre os 
candidatos. Assim, este artigo apresenta um modelo multicritério para a 
tomada de decisões na seleção de pessoal, que considera múltiplas compe-
tências e habilidades a avaliar entre os candidatos a uma vaga específica. 
O modelo proposto foi utilizado para resolver casos de seleção de pessoal 
a partir do software sadgage, uma ferramenta de apoio para a tomada 
de decisões que resolve exemplos do problema de classificação multicri-
tério em ordem decrescente, de acordo com as preferências da pessoa res-
ponsável por decidir. O método electre-iii se integra a esse software para 
construir uma relação de ordem superior difusa e um algoritmo evolutivo 
multiobjetivo, com o objetivo de explorar essa relação e gerar um ranking 
como recomendação. Este trabalho apresenta a aplicação prática dessa 
metodologia a um problema de seleção de pessoal que avalia um grupo 
de candidatos à vaga de desenvolvedor de software numa empresa no no-
roeste do México. Os resultados mostram que o procedimento multicritério 
proposto oferece ao tomador de decisões uma recomendação sobre os can-
didatos ao posto em ordem decrescente de preferências.

PALAVRAS-CHAVE: seleção de pessoal, análise de decisão multicritério, 
algoritmos evolutivos multiobjetivo, electre-iii.

UN MODÈLE DE SÉLECTION DU PERSONNEL POUR UNE SOCIÉTÉ DE 
DÉVELOPPEMENT DE LOGICIELS BASÉ SUR LA MÉTHODE electre iii ET 
UNE VARIANTE DE nsga-ii

RÉSUMÉ : La sélection du personnel représente un processus décisionnel 
précieux qui détermine, d’une certaine manière, la compétitivité et les 
performances d’une organisation. Les éléments essentiels de la tâche de 
sélection du personnel sont les exigences du poste et les informations ac-
cessibles relatives aux candidats. Dans cet article, la tâche de sélection 
du personnel est modélisée comme un problème de prise de décision mul-
ticritères, en prenant en compte diverses compétences et aptitudes pour 
évaluer les candidats à un poste spécifique. Nous avons utilisé ce modèle 
multicritère pour résoudre des cas de sélection de personnel en utilisant 
sadgage, un système d'aide à la décision qui résout des exemples du pro-
blème de classement multicritère en ordre décroissant basé sur les préfé-
rences du décideur. La méthode electre-iii est intégrée dans le logiciel afin 
de construire une relation floue de surclassement et un algorithme évolu-
tionnaire multi-objectif pour exploiter cette relation et générer un classe-
ment sous forme de recommandation. Ce travail présente une application 
pratique à un problème de sélection de personnel qui évalue un groupe 
de candidats à un poste de développeur de logiciels dans une entreprise 
basée dans le nord-ouest du Mexique. Nous montrons comment la procé-
dure multicritères proposée offre une recommandation au décideur sur les 
candidats par ordre décroissant de préférence.

MOTS-CLÉ : Sélection du personnel, analyse décisionnelle multicritères, 
algorithmes évolutionnaires multi-objectifs, electre-iii.
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problem that considers  varied competencies and skills to assess the applicants 
for a specific position. We used this multicriteria model to solve personnel 
selection cases using sadgage, a decision support system that solves exam-
ples of the multicriteria ranking problem in decreasing order based on the 
preferences of the decision-maker. The electre-iii method is embedded in the 
software in order to construct a fuzzy outranking relation and a multi-objective 
evolutionary algorithm to exploit such relation and generate a ranking as a 
recommendation. This work presents a practical application to a personnel 
selection problem that evaluates a group of applicants to a software developer 
job in an enterprise based in northwestern Mexico. We show how the proposed 
multicriteria procedure offers a recommendation to the decision-maker about 
the applicants in decreasing order of preferences.

KEYWORDS: Personnel selection, multicriteria decision analysis, multi- 
objective evolutionary algorithms, electre-iii.

Introduction

Personnel selection is a significant decision-making 
problem for organizations since the effectiveness of 
choosing the right people for specific tasks improves busi-
ness performance. This activity can be defined as the 
process of selecting one or some persons from a set of can-
didates, considering that the selected individual has the 
qualities required to perform the assigned work in the best 
possible way (Zhang & Liu, 2011). In general, personnel 
selection is to find the appropriate point between a set 
of specified requirements for the vacant position and the 
applicants’ skills. This problem has been processed in lit-
erature through conventional management techniques 
(Robertson & Smith, 2001) using application forms, initial 
interviews, employment examinations, and background in-
vestigations, among others.

One of the problems of conventional methods for per-
sonnel selection is that some of them depend on subjective 
judgments and exclude derived evaluations from objec-
tive analyses. For example, there is continuous feedback 
between the interviewer and their counterpart during an 
interview, where judgments of the assessment by the in-
terviewer are modified based on the applicants’ charac-
teristics, interviewer’s perceptions, and the interviewing 
process itself (Eder & Buckley, 1988). Likewise, conven-
tional techniques are predominantly based on statistical 
analysis, where the solutions are handled as a precise rep-
lication of reality.

Using less conventional techniques requiring additional 
parameters or groups of evaluators (stakeholders) is con-
sidered an alternative to combining subjective and objec-
tive assessments of candidates in the personnel selection 
problem. In this sense, Afshari et al. (2010) believe that 
personnel selection is a complex problem because it oper-
ates in function of specific organizational objectives, the 
availability of resources, and the individual preferences of 
decision-makers.

Face this problem: a decision-maker should consider a finite 
set of available applicants. Given this scenario, it is fea-
sible to use the Multicriteria Decision-Making (mcdm) ap-
proach to address the personnel selection problem. mcdm 
considers decision-makers’ preferences on the criteria es-
tablished to evaluate the set of alternatives. Usually, there 
is no single criterion that captures the performance of each 
applicant. Besides, through mcdm is possible to reduce the 
methodological bias, thus obtaining greater accuracy than 
traditional management methods and a proper way to 
model the subjectivity of personnel selection processes.

mcdm is an operational research approach that deals 
with complex decision-making problems with a set of de-
cision alternatives assessed by a coherent family of cri-
teria, where some of these criteria may conflict with each 
other. mcdm seeks to offer guidelines for decision-makers 
to resolve multicriteria decision problems. These guidelines 
can be translated into prescriptions or recommendations 
regarding the decision that should be made (Figueira et 
al., 2013). mcdm methods include a wide range of some-
what distinct approaches and can be broadly classified 
into two categories: discrete mcdm, also known as discrete 
madm (Multi-Attribute Decision Making), and continuous 
Multi-Attribute Decision Making (Multi-Objective Decision 
Making) methods (Zavadskas & Turskis, 2011). This paper 
deals with the first type.

mcdm methods have been extensively applied in many 
real-world multicriteria decision problems in agriculture, 
environmental management, water management, finance, 
education, project selection, personnel employing and 
transportation, and services (Chang, 2014; Govindan & Je-
psen, 2016). Recently, multicriteria-based methods have 
been used to evaluate candidates for a position (Gastelum-
Chavira et al., 2017). However, such applications are still 
limited in quantity and scope. This relatively small number 
of applications is unusual considering that multicriteria 
methods can be adapted to economic and social sciences. 
Hence, this study applies a multicriteria-ranking-based ap-
proach in order to assess a set of contenders for a software 
developer job position in a real business in northwestern 
Mexico. 

With the above in mind, this paper proposes applying an 
mcdm method to evaluate a set of candidates for a specific 
position in an organization, that is, to group and rank them 
considering particular competencies and skills required to 
perform a defined work in the best possible way.

It is known that human intervention in decision processes 
intrinsically includes a certain degree of subjectivity; the 
very evaluation of each candidate with the set of criteria 
provides subjectivity. The proposed method does not 
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eliminate this subjectivity. However, it includes modeling 
vagueness as a type of uncertainty through the indifference 
and preference thresholds. For example, when comparing 
two candidates in each of the criteria, the decision-maker 
may consider candidates indifferent in some criteria if the 
difference between their values does not exceed a specific 
limit or threshold. These thresholds, however, are also de-
fined subjectively, but allow the comparison to be made 
more flexible instead of narrowly limiting it. On the other 
hand, the proposed method tries to minimize inconsisten-
cies related to the integral model of the decision maker’s 
preferences when generating the ranking of candidates.

The remainder of this paper is organized as follows. The 
section after this introduction contains a description of the 
personnel selection problem and a literature review from 
the perspective of mcdm. The section after that includes a 
summarized version of the electre iii method. In this section 
we also describe the multi-objective evolutionary algo-
rithm embedded in the software sadgage in order to ex-
ploit the outranking relation. The analysis of the method in 
a real multicriteria problem of personnel selection is shown 
in the subsequent section. Then, we will introduce the re-
sults and the discussion around our findings. The last sec-
tion presents some conclusions and future research lines.

Previous works

Organizations, in their human resources processes, have 
widely addressed personnel selection problems using mcdm 
methods and models as tools that assist in finding the best 
possible candidate (or set of candidates) that fulfills the 
requirements for a position. A large body of research pro-
poses new applications of mcdm and hybrid methods to 
better solve these problems. Additionally, the existing lit-
erature shows the importance of research in this field and 
the need to explore more models and methodologies to 
develop more adequate selection processes for choosing 
the best candidate.

This section examines recent works on the field published 
during the 2015-2019 period. Such works present a va-
riety of mcdm methods, such as Analytic Hierarchy Process 
(ahp) (Saaty, 1980), Technique for Order of Preference by 
Similarity to Ideal Solution (topsis) (Hwang & Yoon, 1981), 
Preference Ranking Organization method for Enrichment 
of Evaluations (promethee) (Mareschal et al., 1984), Elimi-
nation Et Choix Traduisant la realite (electre) (Roy, 1990), 
Analytic Network Process (anp), VlseKriterijumska Opti-
mizacija I Kompromisno Resenje (vikor), Stepwise Weight 
Assessment Ratio Analysis (swara), Multi-multi-objective 
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Optimization on the Basis of Ratio Analysis (multimoora), In-
teractive and Multi-criteria Decision-Making (todim), Addi-
tive Ratio Assessment (aras-g), Simple Additive Weighting 
(saw), Evaluation Based on Distance from Average Solu-
tion (edas), Eighted Average (owa), Combinative Distance-
Based assessment (codas), and the Decision Making Trial 
and Evaluation Laboratory (dematel).

As examples, Kusumawardani and Agintiara (2015) used 
ahp with topsis for the manager selection problem in a tele-
communications company. Sang et al. (2015) presented 
some experiments to analyze the impact of using fuzzy 
topsis in the personnel selection application at a software 
company. Besides, Liu et al. (2015) introduced a 2-tuple 
linguistic vikor method and its application to a nurse re-
cruitment problem in a tertiary care hospital as a group 
decision approach. Moreover, Alguliyev et al. (2015) pro-
posed a fuzzy vikor method to solve a real decision-making 
problem aimed at ranking a set of candidates for the se-
lection of the best option to fill a position at an innova-
tion technology center. For their part, Karabasevic et al. 
(2015) introduced a hybrid mcdm method based on swara 
and multimoora methods to select the best candidate for 
an engineering position in the mining industry.

In the same line, Bilgehan-Erdem (2016) proposed fuzzy 
ahp as an approach for personnel selection problems in 
it companies, presenting a case study for the selection of 
a developer for a university development department. Yu 
et al. (2017) extended the todim method for multicriteria 
group decision making (mcgdm) problems with unbalanced 
hfltss, illustrating its applicability in the selection problem 
of a sales manager for a company in the manufacturing 
industry. In the work by Urosevic et al. (2017), the swara 
and grey aras-g methods are proposed to resolve the per-
sonnel selection problem within the tourism industry, of-
fering a hypothetical example to evaluate and select a 
sales manager. Stanujkic et al. (2017) tackled a problem-
atic choice by integrating the Adapted Weighted Sum and 
swara methods in a personnel selection case study of three 
promoters for a marketing company.

Dahooie et al. (2018) introduced a multicriteria framework 
for it personnel selection based on five competency class 
attributes. This framework is based on the aras-g method 
to weight the expert evaluation of criteria and the swara 
method to rank the candidates. Samanlioglu et al. (2018) 
presented an integrated approach based on the fuzzy ahp 
and topsis methods to select the best candidate for an it 
position at a dairy company. Dung et al. (2018) used topsis 
along with an interval neutrosophic set for academic staff 
selection at a finance academy. Besides, Ji et al. (2018) 
presented an improved version of the todim method that 

overcomes some flaws of the original text, showing its use-
fulness at solving the problem of evaluating and selecting 
a sales supervisor for a manufacturing business. Widianta 
et al. (2018) made a comparison of ahp, saw, topsis and pro-
methee methods to explore how well each of these performs 
at solving the problem of evaluating employees and place 
them in the position where, according to their qualifica-
tions, they could play their best. These authors show that 
topsis and promethee grant more accurate results according 
to some rankings previously made by recruitment experts. 
On another account, Karabasevic et al. (2018) presented 
an empirical application of the edas method to create a 
rank of systems support professionals with the purpose of 
selecting the two best candidates for a position in an it 
business, while Wen et al. (2018) studied the use of the 
owa operator and ipa as a model for the personnel selec-
tion problem, illustrating its potential for selecting the best 
students for admission at a university.

Added to the previous works, Jasemi and Ahmadi (2018) 
introduced a fuzzy electre approach to solving a personnel 
selection problem by incorporating linguistic values in 
each alternative’s performances and criteria weights. Their 
work illustrates the use of the proposed approach to select 
an industrial engineer for a pipe manufacturing plant. Fur-
thermore, Yeni and Özçelik (2019) studied the use of the 
codas method with interval-valued Atanassov intuitionistic 
fuzzy sets, showing its applicability at an engineering com-
pany. Krishankumar et al. (2019) proposed a framework 
that combines interval-valued and intuitionistic fuzzy sets 
on the vikor method, presenting an empirical study for the 
selection of the best candidate for a programmer position 
at a software company. Nabeeh et al. (2019) integrated 
a neutrosophic ahp approach with topsis through a case 
study for evaluating and selecting a set of candidates to 
fulfill a manager position in an Egyptian technology park. 
Demirci and Kılıç’s (2019) work presents a methodology 
for personnel selection that uses dematel, anp and electre 
in order to define the criteria to be evaluated among can-
didates, establish criteria weights, and rank candidates, re-
spectively. An example of this methodology is presented 
in the selection process of an engineer for a rubber parts 
manufacturing company.

This literature review shows how mcda methods have 
been used to solve personnel selection issues from 2015 
to 2019, reflecting the importance of research within this 
field. Personnel selection is an active research area focused 
on exploring models and methodologies based on mcda to 
help decision-makers (dms) arrive at a more accurate se-
lection of the best candidate to fulfill certain position. 
We can note that most of these papers focus on mod-
eling personnel selection as an mcda problem for solving 
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recruitment problems with different specific characteristics 
within some business context through a case study, some 
of them using a single mcda method. At the same time, few 
of them mix two or three mcda methods. Only one paper 
was aimed at comparing the quality of the solutions re-
sulting from the application of some mcda methods. How-
ever, this experiment was based on experts’ evaluations on 
a specific case, leaving results to the subjectivity of their 
evaluations. 

From our perspective, there is not a best or worst mcda 
method for personnel selection. The issue depends on the 
characteristics of a specific selection problem or the pro-
cedures organizations follow within their recruitment pro-
cesses. Hence, recruiters must select the appropriate method 
based on their requirements. This is not only true when using 
mcda methods for personnel selection, but to any other re-
search field adopting mcda methods for resolving a multicri-
teria problem. This is a problem on its own. Luckily, different 
approaches can be found in the literature (Bandyopadhyay, 
2021; Guitouni & Martel, 1998; Olson et al., 1999).

The electre iii method

electre iii is a method that performs pairwise comparisons 
of the existing alternatives to deduce valued preference 
degrees between pairs of alternatives (Roy, 1990). A com-
prehensive literature review on the methodologies and ap-
plications on electre can be found in Govindan and Jepsen 
(2016). In this section, we will briefly show the method. 

Let A={a1  ,  a2  ,...,am} be the set of alternatives and assume 
that there are distinct criteria gk , k = 1,2,...,r. For each pair of 
alternatives (ai  ,aj  )∈A×A, there is a concordance measure  
C(ai  ,aj  ) and a discordance measure dk (ai  ,aj  ). In the concor-
dance index, we have, in a manner of speaking, a measure 
of the extent to which we are in harmony with the assertion 
that ai is at least as good as ai , while in the discordance 
index we allow the discordance related to this statement. 
The model building stage gathers these two measures to 
produce a credibility index σ(ai  ,aj  ) (0  ≤  σ (ai  ,aj  )  ≤  1), which 
calculates the strength of the statement “a_i is at least 
as good as ai  , ai Saj .” The credibility degree for each pair  
(ai ,aj ) ∈ A×A is quantified as follows:

 (1)

The selection and evaluation to find the best method must 
be carried out by modeling a personnel selection problem 
as an mcda problem, evaluating different approaches 
to determine which of these grants relevant results and 
better adjusts to the business context and the evalua-
tion process. However, there is still room for improvement 
and to explore more techniques, so dms could count on 
validated tools that can be used in specific situations.

The electre iii method and the moea

The electre iii method is an outranking method created 
by Bernard Roy (1990) to integrate the imprecision in the 
preference modeling of the decision-maker by using prefer-
ence and indifference thresholds. This multicriteria method 
is based on the concordance and discordance principles. 
Besides, electre iii is a non-compensatory method, which 
means that against an excellent performance on some 
evaluation criteria in an alternative, electre iii does not 
compensate for the poor performance of other criteria for 
the same option.

In (1), K(ai ,aj ) denotes a set of criteria such that  
dk (ai ,aj )>C(ai ,aj ), and considers that if the strength of the 
concordance surpasses that of the discordance, then the con-
cordance value should not be adjusted. If not, we are forced 
to examine the affirmation that ai Saj, and adjust C(ai ,aj ) 
according to equation (1). If the discordance index takes 
the value of 1 for any (ai ,aj )∈A×A and any criterion k, then 
we have no confidence that ai Saj. Consequently, σ(ai ,aj )=0. 
Therefore, we have built a valued outranking relation on SA

σ 
on A×A. In this relation, we link with each pair (ai ,aj )∈A×A 
a number σ(ai ,aj )(0≤σ(ai ,aj )≤1), indicating the degree of 
strength of the reasons that favors the crisp outranking ai Saj.

The valued outranking relation SA
σ is exploited through a 

multi-objective evolutionary algorithm-based heuristic 
method. This model is explained in the section “The multi-
objective problem and the moea.”

Configuration of the decision aiding process

The decision process concept has been linked to organiza-
tional studies to examine how organizations face decision 
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situations. According to Tsoukiàs (2008), the “decision 
aiding process” is a kind of “decision process” whose main 
objective is to achieve a consensus between the decision-
maker and the analyst. On the one hand, the decision-maker 
has domain knowledge about the decision process, while 
the analyst has methodological expertise on how to address 
the problem. Generally, the process of decision support can 
be summarized as follows: given the domain knowledge of 
the decision-maker and the methodological expertise of the 
analyst, the latter interprets the interests and expertise of 
the first to improve the point of view of the decision-maker 
regarding a particular decision process. This interpretation 
must be “consensual,” i.e., the decision-maker must consider 
their understanding about the situation, while the analyst 
must consider it as proper and meaningful.

A decision aiding process involves a set of activities in the 
interaction between the decision-maker and the analyst. 
This process could be perceived linearly, but it is not really 
so in practice. At any stage of the process, the decision-
maker can return to a previous stage to make changes with 
the help of the analyst. Thus, it is about an iterative process 
with feedback, which gradually builds a problem solution.

The multi-objective problem and the moea

From an optimization perspective, there are two kinds of 
problems: mono-objective and multi-objective. The first 
type can be modeled through an objective function to be 
optimized and subject to several constraints. In such situa-
tions, one solution is obtained (if any). On the other hand, 
multi-objective problems are modeled by a group of objec-
tive functions to be simultaneously optimized, since the 
restrictions defined herein are met. In multi-objective prob-
lems, generally, there is no single solution but a set of Pa-
reto optimal solutions. Thus, finding the best compromise 
between its objective functions is necessary. As example, 
for a multicriteria ranking problem, each potential solution 
ranks the set of alternatives (candidates in our personnel 
selection problem). For exploiting a valued outranking rela-
tion SA

σ and deriving a ranking of alternatives that best fit 
the preferences of the decision-maker, represented by SA

σ, 
we formulate it as a multi-objective optimization problem, 
where three objective functions are identified. These func-
tions are defined as follows.

Objective functions

Maximum Cut Level objective 

each potential solution p ̃ in the space Ω of potential so-
lutions is linked with a λ — cut, which means a credibility 

level of a crisp outranking relation SA
λ defined on A×A. We 

are looking for potential solutions with a credibility level 
λ close to 1, which reveals that the deduced ranking from 
the decoded potential solution is more convincing. This ob-
jective is referred to as the Maximum Cut Level objective.

The modeling of the multi-objective problem uses an extra 
constraint for the credibility level λ. This is a f function 
that does not allow λ values to be close to one, since under 
those circumstances the number of incomparabilities be-
tween alternatives increases. The quality of a solution in-
creases while the value of f decreases. In this case, we are 
interested in those individuals whose f values are equal to 
or near zero. This condition improves the comparability of 
the credibility index S on A.

The MinCut objective

This objective performs the necessary work so that the al-
ternatives in each class are, as far as possible, indifferent 
to each other. Operatively, the MinCut maximizes the 
number of indifferences into the classes and penalizes the 
pairs of alternatives that are not indifferent. This objective 
function is minimized in this optimization problem, called 
MinCut objective.

The Minimum Pair-wise Disagreement objective

The quality of the final crisp outranking relation S*
PK(A) 

should be judged counting the number of discrepancies 
and concordances between the fuzzy outranking rela-
tion SA

σ, which represents the decision-maker preferences, 
whereas the crisp outranking relation SA

λ. PK (A) represents 
a partition of the set A. For that reason, a nV function to 
count the number of preferential pairwise disagreements is 
defined. This function computes the total of preference re-
lations between pairs of alternatives in SA

λ, which disagree 
with S*

PK (A). This is called the Minimum Pair-wise Disagree-
ment objective.

The multi-objective optimization problem

Based on the defined objectives, the multi-objective opti-
mization problem that a multi-objective evolutionary algo-
rithm (moea) tries to solve is:

 (2)
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where

Ω is the set of antisymmetric crisp outranking relations of 
classes of alternatives of A. 

p ̃ is an antisymmetric crisp outranking relation of classes 
of A.

f(p ̃) is the number of incomparabilities between pairs of 
alternatives (a, b) in the individual p ̃ , in the sense of the 
relation SA

λ.

εf is an objective value.

λ0 is a minimum credibility level.

Usually, this optimization task does not have the best so-
lution. Instead, a set of solutions that form an optimality 
Pareto front is obtained.

The multi-objective evolutionary algorithm

The existence of many real-life problems that require dif-
ferent objectives to be simultaneously optimized have re-
sulted in the development of some techniques to address 
these kinds of problems, such as multi-objective evolu-
tionary algorithms (moea). The multi-objective optimiza-
tion based on evolutionary processes is a suitable tool 
for treating this type of problems, since these processes 
are characterized to explore the objective space of the 
problem and get a set of solutions with the best compro-
mise between the optimized objectives.

The moea applied in this work is known as rp 2-nsga-ii 
(Leyva-López et al., 2021), which is embedded in sadgage 
software (Leyva-López et al., 2016). rp 2-nsga-ii exploits a 
fuzzy outranking relation to build a recommendation for 
the multicriteria ranking problem of a medium-sized set of 
alternatives. Specifically, this algorithm generates a partial 
order of classes of alternatives.

rp 2-nsga-ii overview

rp 2-nsga-ii is based on the nsga-ii algorithm (Deb et al., 
2002). The individual representation of the rp 2-nsga-ii is a 
matrix representation of a crisp outranking relation, which 
is decoded as a partial order of classes of alternatives. The 
population initialization process is based on Handl and 
Knowles (2005), who used two procedures: Prim algorithm 
(Prim, 1957) and an extension of k-means (De-Smet & 
Montano-Guzmán, 2004). The selection method uses the 
Tournament Selection Method and the crossover operator 
implemented in the rp 2-nsga-ii is the Uniform Crossover Op-
erator (Syswerda, 1989). rp 2-nsga-ii uses a modified version 
of the Uniform Mutation concerning the mutation operator.  
This operator requires just one parent to produce a single off-
spring. The decoding procedure to determine the ranking of 
classes of alternatives includes the Bread-First search algo-
rithm. Such procedure generates a Hasse diagram of classes 
as output. Figure 1 shows a crisp outranking relation of 
classes S*

PK (A), where A is the set of alternatives and the Hasse 
diagram produced by the procedure to obtain a ranking.

Figure 1. Crisp outranking relation of classes and its Hasse diagram. Source: authors. Note: In the Crisp outranking relation of classes, I,P+,P-,R denote, 
respectively, the indifference, preference, not preference, and incomparability relations between alternatives.
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In figure 1, class C1 is assigned to the first rank, and it is pre-
ferred to C2, this is C1 PC2. In the Hasse diagram, an arrow 
from C1 to C2 is drawn due to the coverage relation, and 
there is not a class q ∈ S*

PK (A) such that C1 P + Cq ∧ Cq P + C2.  
On the other hand, C1 P + C4 is not a coverage relation be-
cause C1 P + C3 ∧ C3 P + C4. Therefore, there is not an arrow 
between C1 and C2. C1 P + C4 is deduced in the Hasse dia-
gram by the transitivity property.

rp 2-nsga-ii is based on reducing the differences between 
the valued outranking relation SA

σ and the final ranking. 
More information on this algorithm is provided in the work 
by Leyva-López et al. (2021). The general outline of the 
electre-iii-rp 2-nsga-ii method is presented in figure 2.

An empirical application

This study evaluates a set of applicants for a position as 
software developer at an enterprise located in the north-
west of Mexico. The studied enterprise develops web-based 
and mobile device software. That company had a personnel 
recruitment activity for a software developer position, for 
which 26 candidates competed. Applicants were assessed 

based on nine explicit skills interconnected to developing 
computer programs, communication, and teamwork.

A software developer is in charge of developing computer 
systems and implementing them. Software developers 
write source codes that are then translated into a func-
tional website or application. Depending on the area of 
specialization, a software developer can create application 
programs for desktop systems (standalone), web-based sys-
tems, mobile phones and tablets, or embedded software 
used in microwaves, cars, and televisions, among other de-
vices, accessing (or not) local and remote databases. In 
addition to the technical skills and logical reasoning, a 
software developer may have to discuss requirements with 
clients and team members. Besides, this professional must 
present and review project progress, teamwork, and follow 
the guidelines set within project requirements, including 
diagrams modeling languages, among others. 

As can be seen, the recruitment of this type of professional 
can be modeled as a multicriteria ranking problem, where 
the set of alternatives are the applicants and the criteria 
corresponds to the required skills for the software devel-
oper position.

Figure 2. General scheme of the electre iii – rp 2-nsga-ii method. Source: authors.
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Data source

This study used real data obtained from a database pro-
vided by the participating software development com-
pany. Particularly, data from the office located in Sinaloa, 
Mexico, were used. This information corresponds to the 
aggregate of competence and sub-competencies assess-
ments of 26 candidates for the aforementioned position. 
The research team did not contribute to data generation.

Criteria

Evaluation criteria were designed to capture the multidi-
mensional nature of the performance of the alternatives. 
When choosing a family of criteria for evaluating a set 
of alternatives, this should be sufficiently small (legible). 
Also, it should be operational and must contain all points 
of view (comprehensive), be monotonous, and each crite-
rion should be counted only once (no redundancy). Upon 
completing these rules, it is said that a coherent family of 

criteria is defined (Bouyssou, 1990). For this research, the 

software company described the criteria to be considered 

(table 1). All the criteria were oriented to reach maximums 

and defined on a scale of 0 to 6, where:

6) Excellent: outstanding level competition.

5) Very good: competition level substantially  

    higher than needed.

4) Good: top-level competition to the needed.

3) Satisfactory: corresponding level  

    of competence needed.

2) Sufficient: minimum level of competence needed.

1) Insufficient: competition level below that needed.

0) Very poor: zero level competition.

Table 1. 
Criteria of the research study.

Code Name Description

g1

Resolves problems 
programmatically

The developer can design and program algorithms to solve problems, using creativity and knowledge of the different tools, 
depending on the situation.

g2

Develops 
administrative 
applications

The developer has knowledge of software engineering and programming languages for desktop applications and web-
based applications; likewise, he/she can capture in a program the requirements requested for the development of a system 
following coding standards.

g3

Knowledge 
of software 
development 
architectures

The developer knows the unified modeling language (uml) and architectural design patterns applied methodologies.

g4

Manages and ex-
ploits databases

The developer knows how to install a database server and manage a database through a Database Management System. 
Similarly, he/she knows the ways to normalize a database and dominates Data Manipulation Language (dml) and Data 
Definition Language (ddl). He/she knows how to use Stored Procedures (sp), Triggers, and Cursors. Finally, the developer 
should know about database migration to other platforms.

g5

Project manage-
ment knowledge

The developer knows project definitions, and is familiar with the terms of the administration thereof. He/she can calculate 
the time required to perform a particular task, knows what a work breakdown structure is, and performs well at inter-
preting Gantt diagrams.

g6

Communicates 
effectively

The developer can address a request made by his/her supervisor and calmly dialogues upon differences of views. He/she 
meets the means to contact his/her teammates and the rest of the company. The wording of his/her work emails is precise 
and formal. The developer can communicate in Spanish effectively both verbally and in writing. He/she can speak in front 
of many people and is able to ask his/her supervisor for information and resources to carry out assignments in a timely 
manner.

g7

Oriented to in-
ternal customers

The developer knows who the client is and the kind of services required. He/she is proactive in communicating with clients 
and knows how to communicate with them. The developer fixes positions and respects agreements with clients and sug-
gests improvements regarding agreed times.

g8

Reports results 
and progress

The developer knows to whom he/she must report progress and results effectively and regularly. He/she meets formats for 
progress and results. The developer makes impact presentations of results and fills his/her timesheet when a task is done.

g9 Teamwork
The developer respects his/her teammates views and respects his/her supervisor as an authority figure. Also, the devel-
oper participates actively in meetings, being proactive. He/she knows who his/her teammates are and communicates 
changes that could affect the rest of the team. The developer prevents turning labor disputes into personal situations.

Source: authors. 
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This scale was chosen due to the complexity and un-
certainty of real-world decision-making problems and 
the inherent subjectivity of human judgment; exact 
judgments are often unrealistic or infeasible. As a 
result, decision-makers often find it more natural or 
easier to assign linguistic variables to their assess-
ments than making fixed value judgments.

It is possible to group the competencies of the candidates 
in thematic groups. However, by doing this, the identi-
fication of the competencies where the candidate has 

weaknesses is complicated, as well as recognizing those 
where they are strong, regardless of whether these are ge-
neric or professional competencies. 

All applicants were assessed by the criteria in table 1. The 
assessment of all of them is presented in table 2, which 
is also known as the performance matrix. In table 2, we 
can see that no candidate (alternative) exceeds other ap-
plicants in any of the criteria examined, neither there is a 
candidate surpassed by another in all the criteria, i.e., table 
2 is a set of non-dominated candidates.

Table 2. 
The performance matrix of the research study.
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  g1 g2 g3 g4 g5 g6 g7 g8 g9

a1 5.50 5.00 3.00 4.86 5.00 4.29 3.29 3.80 4.29

a2 3.25 3.33 2.33 2.29 3.80 3.71 3.14 4.40 3.86

a3 3.25 3.00 1.33 2.86 3.80 3.43 2.57 3.60 3.43

a4 3.25 2.00 2.67 3.14 2.60 3.00 3.29 3.40 2.86

a5 2.50 3.00 2.33 3.43 2.40 3.14 3.14 2.80 3.29

a6 4.25 4.17 2.67 4.14 4.00 4.00 4.29 4.80 4.57

a7 3.75 4.00 3.33 4.00 4.20 3.86 3.86 4.00 3.71

a8 3.25 3.33 2.00 2.86 3.80 3.57 3.29 4.00 3.86

a9 3.25 3.00 2.00 2.43 3.00 3.57 3.00 3.00 3.71

a10 2.25 2.50 1.67 2.43 2.80 3.14 2.86 3.20 3.00

a11 2.75 3.00 1.67 2.86 3.20 4.00 3.71 4.00 4.14

a12 4.50 4.33 3.00 3.86 4.00 4.14 3.71 4.40 3.57

a13 2.25 3.00 2.67 3.29 3.20 3.14 2.71 3.40 2.57

a14 3.50 3.50 2.33 4.14 4.20 3.86 4.14 3.80 3.86

a15 4.00 3.67 3.67 3.86 4.40 3.43 3.71 4.00 3.86

a16 4.75 4.50 4.67 5.14 4.80 4.71 4.71 5.20 5.00

a17 3.25 3.83 2.00 2.86 3.20 3.57 3.29 3.80 3.43

a18 2.75 3.33 1.67 3.00 3.40 3.43 3.43 3.80 3.43

a19 3.75 2.50 1.00 3.43 4.60 2.00 2.00 4.00 3.43

a20 5.00 5.00 3.00 2.57 6.00 4.00 3.86 6.00 6.00

a21 4.25 5.00 1.67 2.57 5.60 4.71 4.14 4.80 5.00

a22 3.50 3.17 2.00 2.57 4.40 4.00 3.29 4.00 4.14

a23 3.50 2.50 1.00 1.00 2.80 2.57 2.29 1.80 3.71

a24 3.50 1.83 1.00 1.00 4.60 3.00 2.57 2.80 4.86

a25 3.00 2.33 1.00 1.43 4.00 3.86 4.57 2.60 3.29

a26 3.00 3.00 1.00 1.43 3.00 3.86 4.00 3.00 4.00

Source: authors.
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Weights

The calculation of criteria weights was obtained through 
the Personal Construction Theory (Rogers et al., 2000), 
shown in table 3. In this stage, the decision-maker is 
asked about the importance of the criteria through pair-
wise comparison. For each pair of criteria gi and gj the  
decision-maker is asked if the criterion gi is more, equal, 
or less important than gj. Subsequently, the number of 
times n that each criterion was more important than the 
rest is considered. If some criterion has not been more im-
portant than another, the quantity n of each criterion is 
added 1. Afterwards, summation s of the n obtained is car-
ried out. Finally, the weight of each criterion is obtained 
by dividing n of each criterion by s and multiplying the 
result by 10. The weights obtained represent the relative 
importance of each criterion, where the higher the value 
received, the greater the importance. Table 3 shows the 
weights obtained.

Table 3. 
Criteria weights.

g1 g2 g3 g4 g5 g6 g7 g8 g9 RtG RtG 
+ 1

Final 
weight

g1 - I X X X X X X X 7 8 1.90

g2 I - X X X X X X X 7 8 1.90

g3 O O - I X X X X X 5 6 1.43

g4 O O I - X X X X X 5 6 1.43

g5 O O O O - X X X X 4 5 1.19

g6 O O O O O - X X I 2 3 0.71

g7 O O O O O O - O O 0 1 0.24

g8 O O O O O O X - O 1 2 0.48

g9 O O O O O I X X - 2 3 0.71

Total 33 42 10.00

Notes: (i) RtG ← RtG+1 to take into count criterion 8; (ii) for each cell ij,{X,I,O} means that criterion 

gi is {greater, equal, less} important than criterion gj; (iii) the weight for each criterion gi is obtained 

by dividing RtG ← RtG+1 by the total and later multiplied by 10. Source: authors.

Thresholds

The thresholds used in this study were specified by an ex-
ecutive of the participating company, who acted as the 
decision-maker, and the authors of this work, as the an-
alyst. Table 4 presents the indifference and preference 
thresholds of the criteria used. The veto threshold was de-
fined only in the first two criteria, considering it is the most 
important.

Table 4. 
Indifference, preference, and veto thresholds.

Code Criterion Indifference Preference Veto

g1

Solves problems 
programmatically

0.25 0.25 0

g2

Develops adminis-
trative applications

0.17 0.17 0

g3

Knowledge of soft-
ware development 
architectures

0.33 0.33 0

g4

Manages and ex-
ploits databases

0.14 0.14 0

g5

Knowledge of 
project management

0.20 0.20 0

g6

Communicates 
effectively

0.14 0.14 0

g7

Oriented to internal 
customers

0.14 0.14 0

g8

Reports results and 
progress

0.40 0.40 0

g9 Teamwork 0.14 0.14 0

Source: authors.

Preferential model

Several factors influenced the specific selection of the 
electre iii-moea methodology for the problem of personnel 
selection. First, we present an moea to derive a ranking 
from a valued outranking relation by validating the func-
tionality of the electre iii-moea approach in a real-world 
problem. Secondly, a set of candidates and a set of human 
resources characteristics can be transformed into a set of 
alternatives and a set of criteria, respectively. Moreover, 
the problem can be modeled as a multicriteria ranking 
problem. As a third point, the electre iii method was ini-
tially developed by Roy (1990) to consider the imprecise 
and uncertain nature of decision-making by using thresh-
olds of indifference and preference. We also used the fact 
that electre iii is a non-compensatory method. Another 
characteristic is that electre models allow incomparability. 
Finally, but not least, the selection of electre iii was also 
influenced by other successful applications of this method 
(see Govindan & Jepsen [2016] for a list of successful ap-
plications of electre).

By considering the performance of candidates (table 2), 
the relative importance of the criteria (table 3), and the 
indifference, preference and veto thresholds (table 4), 
we constructed a valued outranking relation through the 
electre iii method. Table 5 shows the valued outranking re-
lation as a credibility matrix.
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moea configuration

The moea was applied with the following parameters: the 
number of generations of the population was set at 2,000, 
the population size at 40, and the crossover probability at 
1.00. The probability mutation is dynamic and was not con-
sidered as a required parameter. The minimum cut level λmin 
and the maximum cut level λmax, required to exploit the valued 
outranking relation, were set at 0.60 and 0.77, respectively.

Results and discussion

From exploiting the valued outranking relation with 
rp 2-nsga-ii, we obtained the ranking depicted in figure 3, 
which corresponds to a partial order of candidates (alter-
natives) with 13 classes in descending order of preference 
(i.e., classes at the top are preferred over the classes below).

C9 C11 

C1 C6 

C7 

C2 

C3 

C10 

C4 C5 

C8 

C13 

C12 

Figure 3. Ranking of classes of candidates in decreasing order of preferences. 

Source: authors. 

Table 6 describes each candidate’s class and their rela-
tive position in the ranking. It should be noted that this 
ranking suggests some classes are incomparable to each 
other (e.g., classes 9 and 11, 1 and 6, 4 and 5). Class 9 and 
11 are in the first position (rank 1) of the ranking. Class 9 

is composed by candidate 16, while class 11 by candidate 
20, which means that these are the preferred applicants. 
In rank 2 we find class 1 (candidate 1) and class 6 (can-
didates 6 and 21); rank three includes class 7 (candidates 
7, 12, and 15); rank four contains class 2 (candidates 2, 8, 
14, and 22); rank five includes class 3 (candidates 3, 11, 
17, and 18); rank six has class 10 (candidate 19); rank 7 
gathers classes 4 (candidates 4, 9, 13, 25, and 26) and 5 
(candidate 5); rank eight contains class 8 (candidate 10); 
rank nine has class 13 (candidate 24); and rank ten in-
cludes class 12 (candidate 23).

Table 6.
Rank and class for each candidate

Candidate Class Ck Rank

a16 9 1

a20 11 1

a1 1 2

a6 6 2

a21 6 2

a7 7 3

a12 7 3

a15 7 3

a2 2 4

a8 2 4

a14 2 4

a22 2 4

a3 3 5

a11 3 5

a17 3 5

a18 3 5

a19 10 6

a4 4 7

a9 4 7

a13 4 7

a25 4 7

a26 4 7

a5 5 7

a10 8 8

a24 13 9

a23 12 10

Source: authors.

Table 6 shows the ranking of candidates and the class they 
belong to. Figure 3 depicts the partial preorder of candi-
dates’ classes representing the final ranking generated by 
rp 2-nsga-ii. As shown in figure 3, rp 2-nsga-ii obtained 13 
classes with 32 inconsistencies (10 inside the classes and 
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22 between classes). In total, the ranking had a 9.84% 
of inconsistencies concerning the valued outranking re-
lation, which is considered an acceptable inconsistency 
threshold.

This ranking suggests that the best candidates are ap-
plicants 16 and 20. These two candidates are in the first 
position but are incomparable. However, they are equally 
preferred to the dm. There is no way to decide which one is 
better since each candidate is superior at different criteria. 
It should be noted that incomparable is different than in-
difference: if candidates were indifferent they would per-
form quite similarly in all criteria. Therefore, no distinction 
could be made. We can prove this with their performance 
scores in table 2. Candidate 20 outperforms candidate 16 
in criteria g1, g2, g5, g8 and g9, while candidate 16 outper-
forms candidate 20 in g3, g4, g6 and g7. It is important to 
mention that candidate 20 has the highest possible value 
in criteria g5, g8 and g9, which have lower importance 
(weight) in the evaluation model. This insight gives the dm 
new perspectives for a better selection as this reflects a 
fair evaluation of candidates, according to the dm’s pref-
erences. This is one of the greatest features of the out-
ranking models, since other models would create a total 
preorder, or even a total order, of candidates that would 
hide this relevant insight.

Conclusions and future research

This paper sought to offer a different way for personnel 
selection at an organization by using a Multicriteria De-
cision Aiding Approach. The suggested process for rank-
order candidates adopts the electre iii method to build a 
valued outranking relation and then use a multi-objective 
evolutionary algorithm based on nsga ii to get a ranking 
of the candidates in decreasing order of preferences. This 
method was applied using data from a real case in a soft-
ware development company in northwestern Mexico.

The employed multicriteria methodology for personnel se-
lection is both realistic and suitable. Besides, the recom-
mended multicriteria assessment structure offers a rationale 
for involved stakeholders at public and private organizations. 

The proposed methodology is flexible and adequately rep-
resents the imprecision and uncertainty intrinsic to any 
modern organization. This approach could help human 
resources managers reach better decisions by selecting 
employees after making a complete analysis of the orga-
nization’s objectives and candidates’ competencies. Addi-
tionally, this methodology can be applied to improve the 
value of current employees. For instance, weaknesses can 
be identified and then properly addressed by providing 

comprehensive training, continuous learning and develop-
ment activities to new staff. 

Finally, electre iii may be employed to address several human 
resource issues other than the selection process. Typical ap-
plications include the evaluation of training and develop-
ment programs and the assessment of individual employees 
or workgroups. The case reported in this paper highlights 
the appropriateness of multi-objective evolutionary algo-
rithms to real-world management problems in a multi-
criteria decisional situation. Consequently, this research 
study also adds to an increasing corpus of application-
based knowledge that was, until very recent times, a re-
stricted territory of engineering and natural sciences.

In the future, in order to highlight the efficiency of this 
method, we will intend to use an empirical approach to 
test our methodology on a set of benchmarks with a wide 
variety in their structure. Validation tests will be conducted 
on both artificial and real data sets. It will also be essen-
tial to explore the limits of this approach by finding the top 
size within instances that can be solved with an accept-
able performance.
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