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Abstract

The assignment±selection problems deal with ®nding the best one-to-one match for each of the given number of

``candidates'' to ``positions''. Di�erent bene®ts or costs are involved in each match and the goal is to minimise the

total expense. In this paper we propose the use of verbal information for representing the vague knowledge available.

Doing it, natural linguistic labels allow the problem to be recognised as it is in real life. This paper is an attempt to

supply a satisfactory solution to real assignment±selection problems with verbal information and using genetic al-

gorithms, showing the application of this model to the sta� selection problem. Ó 1999 Elsevier Science B.V. All

rights reserved.
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1. Introduction

The assignment problems appear in some de-
cision-making situations. The typical problems are
to assign tasks to machines, workers to jobs,
salesmen to regions, requirements to suppliers,
etc. The main characteristic of these kinds of
problems is that only one candidate, task, worker,
etc., is assigned to each position, machine, regions,
etc. In particular, we search for the set of assign-

ments±selections that optimise the considered
target. In particular, we search for the set of as-
signments or selections that optimise the consid-
ered target, where it is possible to have a number
of tasks or worker greater than the number of
machines or jobs, calling it as assignment±selec-
tion problem.

The main characteristics of the problem are the
following:
1. The objects under consideration are ®nite, such

as service, teams, jobs, employees.
2. The objects have to be assigned±selected on a

one-to-one basis to other objects.
3. The results of each assignment±selection can be

expressed in terms of payo�s such as cost of
pro®ts.
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4. The objective is to assign±select objects in such
a way that the total cost is minimised or the to-
tal pro®t is maximised.
Traditional assignment problem is a well-

known, NP-hard combinatorial problem which
involves ®nding the optimum of the linear assign-
ment function subject to various linear restrictions
(Wagner, 1975). Moreover, all the information
required is exactly known.

In many cases of real life assignment±selection
problems, there are situations in which the total
cost or pro®t obtained is not equal to the sum of
the individual assignments. This is due to the
relations that the objects assigned have, can
produce synergetic e�ects. So, for example, in a
sta� selection problem we can select the best in-
dividuals for each job, but if the posts are related,
we must take into account to obtain a ``good
team''.

On the other hand, the information available
could not be precise or exact. Ever more we can
manage imprecise information represented as ver-
bal information, that is, linguistic information
represented as linguistic variables such as opin-
ions, thinking, beliefs, notion, feelings, etc.

An e�ort to collect and evaluate all this infor-
mation arouses interest in the possible application
here of the Fuzzy Sets Theory (Zadeh, 1965;
Kaufmann, 1975; Zimmermann, 1985) with the
aim of being able to handle suitably the uncer-
tainty which is characteristic of the decision-mak-
ing processes in assignment±selection problems.
This paper speci®cally proposes the use of lin-
guistic variables (Zadeh, 1975) to represent the
information on the variables and lead to a deci-
sion-making model which is able to handle such
information. Based on the associated membership
functions, we propose a decision model for ob-
taining a fuzzy evaluation of the solutions and
they are compared though fuzzy distance (Kauf-
mann and Gil-Aluja, 1987).

To optimise the assignment or selection envis-
aged, is necessary some tool capable of grasping all
the complexity which vague information brings
with it, as is also the case if the decision-maker is
to reach a good solution. Thus, for the purposes of
this paper we suggest using a genetic algorithm
(GA) (Goldberg, 1989; Biethahn and Nissen, 1995;

L�opez-Gonz�alez et al., 1995, 1998). The reason for
this is that it is a heuristic method of searching
solutions and so does not impose restrictions upon
the posing of a problem, however complex it may
be. In this study, the algorithm is characterised by
its use of a ®tness function that allows the evalu-
ation of linguistic information.

Trying to demonstrate the practical application
of this model, we include a real life problem. This
one present a sta� selection problem that may
show how frequent are the approaches suggested
here.

In the light of the above, Section 2 o�ers an
introduction to linguistic information manage-
ment. Section 3 shows a descriptive analysis of the
assignment±selection problem and the linguistic
model proposed. Thereafter the GA designed to
achieve a good solution to the problem is pre-
sented in Section 4. Section 5 shows some appli-
cations to the model and, after that, a practical
example, the sta� selection problem. The ®nal
section includes some concluding remarks.

2. Linguistic information

Usually, in a quantitative situation the infor-
mation is expressed as numerical values. However,
when working in qualitative areas, which are
characterised by vague or imprecise knowledge,
the information cannot be set out in a precise
numerical way. Thus, it would be a more realistic
approach to use linguistic information instead of
numbers, provided that the variables involved in
the problem lend themselves to expression in this
manner (Zadeh, 1975). This way of looking at
things can be applied to a wide range of problems,
since it allows information to be represented in a
more suitable fashion (Delgado et al., 1993; Yager,
1995; Herrera et al., 1995).

This paper supports the possibility of estab-
lishing in linguistic terms the needed information.
It would appear clear that an expert might not
know in a precise numerical way the level of a
candidate to be placed on the several positions, but
could indicate it in linguistic terms. To estimate the
information, it has been chosen to use a set of nine
linguistic labels, which are shown in Fig. 1.
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Thus, the labels and the triangular fuzzy num-
bers associated with them are the following:

We propose to use these triangular fuzzy num-
bers as a representation of the labels semantic.
Obviously, other semantic of the functions could be
considered (Herrera and Herrera-Viedma, 1999).

3. Assignment±selection problems

In this section we are going to introduce the
mathematical representation of the linguistic as-
signment±selection problem, we propose a meth-
odology to evaluate the possible solutions, and
therefore we present a search method for ®nding a
good solution by means of genetic algorithms.

3.1. Fuzzy-linguistic approach for assignment±se-
lection problems

In order to show a practical point of view we
develop the model proposed with one general as-

signment±selection problem. We are going to ex-
plain the problem that is to select candidates (jobs,
sta�, suppliers, salesmen, etc.) to positions (ma-
chines, posts, requirements, regions, etc.). Each
position can be characterised by necessary skills to
develop it. Each skill has his own importance
grade, not all the same. Also, each position can be
related with others and with importance level. To
cover these positions we have to assign±select the
most accurate candidates from a set of them, ac-
cording to their skill levels and relationships. The
generalisation to assign problems is the following:

(1) Positions and skills. Step 1 is to determine
for what positions are to be recruited or to which
positions existing candidates are to be assigned
(names).

X 0 � X 01;X
0
2; . . . ;X 0m1

ÿ �
:

Associated with each position we know the
skills required and note the global vector as

Sk � Sk1; Sk2; . . . ; Skm2� �
together with the weighting that each skill has for
the various positions.

IC �
IC11; . . . ; IC1m2

..

.

ICm11; . . . ; ICm1m2

0B@
1CA; ICij 2 W :

For the feature weighting, the labels that are
proposed are the following:

W � fEssential; Very high; Fairly high; High

Moderate; Low; Fairly low; Very low;

Unnecessaryg:
In addition, when candidates are being selected

for several positions, the expert or decision-maker
may consider that not all of the positions have the
same weighting, and prefer solutions aimed at
putting the most suitable candidate into the most
crucial positions. For this reason, a label associ-
ated with each position must be included to show
the weighting that the position has for the re-
cruitment procedure, which is under way. This
characteristic is de®ned in this paper in exactly the
same way as skill requirements, that is, with nine
labels.

Essential �0:875; 1; 1�
Very high �0:75; 0:875; 0:1�
Fairly high �0:625; 0:75; 0:875�
High �0:5; 0:625; 0:75�
Moderate �0:375; 0:5; 0:625�
Low �0:25; 0:375; 0:5�
Fairly low �0:125; 0:25; 0:375�
Very low �0; 0:125; 0:25�
Unnecessary �0; 0; 0:125�

Fig. 1. Linguistic term set.
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IP � IP1; IP2; . . . ; IPm1� �; IPi 2 W :

Moreover, since the positions are not indepen-
dent of one another, the links between them
should be analysed, as also the weighting of such
links. Here, too, the use of nine labels is felt ap-
propriate.

RP �
ÿ;RP12; . . . ;RP1m1

..

.

RPm11; . . . ;RPm1m1ÿ1;ÿ

0B@
1CA; RPij 2 W :

(2) Candidates levels and relationships. Once the
positions have been characterised, then candidates
are considered, denoted from 1 to n. Information
relating to them includes two types:
· the operational levels, which they develop in the

varying skills needed for the positions,

N �
N11; . . . ;Nm2

..

.

Nn1; . . . ;Nnm2

0B@
1CA; Nij 2 LL;

with the next set of labels associated:

LL � fOptimum; Very high; Fairly high;

High; Moderate; Low; Fairly low;

Very low; Lowestg;
· the relationships linking candidates with one an-

other

RC �
ÿ;RC12; . . . ;RC1n

..

.

RCn1; . . . ;RCnnÿ1;ÿ

0B@
1CA; RCij 2 R;

with the next set of labels associated:

R � fExcellent; Very good; Fairly good;

Good; Indifferent Bad; Fairly Bad;

Very bad; Vileg
(3) Criteria preference. Using this approach, it

comes down to a problem of optimisation using
imprecise information and having two aims or
criteria:
· good candidate levels in the skills needed for the

positions and
· good relationships among candidates for linked

positions.

Due to this, the decision-maker must decide
what criterion has a higher importance. We pro-
pose to allocate a linguistic label of importance,
W, to each criterion �Pc; Pr�.

Although we have described di�erent term sets
for each variable, in order to operate with them,
taking into account that all of these sets have the
same number of labels and all of them have the
same membership functions presented in Sec-
tion 2, the sets of labels will be changed to the ®rst
one from an operative point of view assuming a
general label set L � fl0; l1; . . . ; l8g. Thus, the
corresponding transformation would be, for ex-
ample, l3 equivalent to Bad (R), Low (LL) and
Low (W), and so on.

3.2. Fuzzy-linguistic decision model for assignment±
selection problems

In the resolution of assignment±selection
problems it is necessary to evaluate the solutions in
order to obtain the better one. In this paper, for
evaluating the solutions we propose a model that
uses the semantic of fuzzy numbers representing
the linguistic labels.

Let S � �S1; S2; . . . ; Sm1�, be a solution ran-
domly generated for a problem with m1
positions, where each Sj belongs to candidate set,
being Sj the number associated with the candi-
date. According to the aforementioned criteria,
the proposed decision model has the following
steps.

Step 1. Competence on the positions. With this
step we pretend to obtain a valuation of the so-
lution suitability to position requirements. To this,
we propose the following two steps:

Step 1.1. Competence of each candidate. For
each position there are m2 skills which de®ne it,
with m2 degrees of importance for each skill. Thus,
to assess the suitability of each person for each
position a link must be established between the
level the person has of a given skill and the weight
assigned to that skill for the job. To achieve this,
the proposal is to multiply each fuzzy number as-
sociated with the weighting of each skill by the
fuzzy number attributed to the level that the per-
son has in that skill, then add up the results of this
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multiplication, approximated as triangular fuzzy
numbers (Dubois and Prade, 1980).

~gi �
Xm2

j�1

I ~Cij � ~NSij; i � 1; . . . ;m1;

being I ~Cij and ~N Sij the triangular membership
functions associated to ICij and NSij, respectively.

Step 1.2. Competence of the solution. By taking
the step outlined above, it is possible to obtain a
fuzzy number setting a value on the suitability of
each candidate relative to each position. However,
the intention is to give an overall value covering
the suitability of candidates to positions that will
include the fact that the various positions are
themselves of di�erent levels of importance. In
view of this, it is proposed that the triangular
fuzzy numbers for the skills of each candidate
should be multiplied by the importance assigned
to each position, then add them up, so that the
solution as to suitability for positions may be
obtained in the form of a triangular fuzzy num-
bers.

~zS �
Xm1

i�1

I ~P i � ~gi:

Step 2. Relationship. The goodness of the so-
lutions will also be determined by the relationships
between the candidates included in them. To ob-
tain it we propose the following two steps:

Step 2.1. Candidate relationship. On the one
hand, the connections between positions are
known, as is the weighting for each, and on the
other the relationships between candidates are
known. So, a link is established for each position
between the weighting of its connections to other
positions and the degree of relationship that the
candidate allocated to the position has with can-
didates for related positions. To achieve this, the
proposed method would be to multiply the trian-
gular fuzzy numbers associated with the weighting
of a link between one position and the others by
the level of relationship that the person in the
position has with the people assigned to related
positions.

~g0i �
Xm1

j�1

R ~P ij � R ~CSiSj ; i � 1; . . . ;m1:

Step 2.2. Solution relationship. Once this has
been done, a fuzzy number setting a value on the
relationships between each candidate and the rest
can be obtained. To set a value on the overall
solution, the proposal is to add up all the rela-
tionships between all the candidates involved in it.

~tS �
Xm1

i�1

I ~P i � ~gi:

Step 3. Criteria preference. Finally, the inten-
tion is to add the level of skill to the degree of
relationship of the solution, so as to get a single
value for the goodness of selection that the solu-
tion represents. In this phase the decision maker
preferences must be taken into account, in order to
assign more weight to candidates' suitability for
positions or to candidates' relationships. To this
we propose multiply each preference labels for the
competence and relationship, respectively, acting
the preference labels as weights, and adding the
results that indicates the ®tness of the solution.

~vS � ~P C � ~zS � ~P R � ~tS :

Once we have an evaluation model, we need
some tool that allows us to obtain the best as-
signment±selection. Trying to do this and taking
into account that the approach proposed is not a
linear one, we suggest using a GA.

4. Genetic algorithms for assignment±selection

problems under linguistic valuations

In this section, ®rst we present a short intro-
duction to GAs and after that, the proposal of the
biobjective GA is introduced.

4.1. Genetic algorithms

GAs are general-purpose search algorithms
which use principles inspired by natural genetics to
evolve solutions to problems (Holland, 1975). The
basic idea is to maintain a population of chro-
mosomes, which represents candidate solutions to
the concrete problem being solved, which evolves
over time through a process of competition and
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controlled variation. GAs have got a great mea-
sure of success in search and optimisation prob-
lems. The reason for a great part of this success is
their ability to exploit the information accumu-
lated about an initially unknown search space in
order to bias subsequent searches into useful sub-
spaces. This is their key feature, particularly in
large, complex and poorly understood search
spaces, where classical search tools are inappro-
priate, o�ering a valid approach to problems re-
quiring e�cient and e�ective search techniques.

A GA starts o� with a population of randomly
generated chromosomes (solutions), and advances
toward better chromosomes by applying genetic
operators modelled on the genetic processes oc-
curring in nature. The population undergoes evo-
lution in a form of natural selection. During
successive iterations, called generations, chromo-
somes in the population are rated for their adap-
tation as solutions, and on the basis of these
evaluations, a new population of chromosomes is
formed using a selection mechanism and speci®c
genetic operators such as crossover and mutation.
An evaluation or ®tness function must be devised
for each problem to be solved. Given a particular
chromosome, a possible solution, the ®tness
function returns a single numerical ®tness, which is
supposed to be proportional to the utility or ad-
aptation of the solution represented by that chro-
mosome.

GAs may deal successfully with a wide range of
problem areas, particularly in management appli-
cations (Biethahn and Nissen, 1995). The main
reasons for this success are: (1) GAs can solve hard
problems quickly and reliably, (2) GAs are easy to
interface to existing simulations and models, (3)
GAs are extendible and (4) GAs are easy to hy-
bridise. All these reasons may be summed up in
only one: GAs are robust. GAs are powerful in
di�cult environments where the space is usually
large, discontinuous, complex and poorly under-
stood. They are not guaranteed to ®nd the global
optimum solution to a problem, but they are
generally good at ®nding acceptably good solu-
tions to problems quickly. These reasons have
been behind the fact that, during the last few years,
GA applications have grown enormously in many
®elds.

The basic principles of GAs were ®rst laid down
rigorously by Holland (1975), and are well de-
scribed in many books, such as Goldberg (1989)
and Michalewicz (1996).

4.2. A genetic algorithm for assignment±selection
problems

Some authors have applied genetic algorithms
to assignment problems (Tate and Smith, 1995;
Chu, 1997). In many cases they solve linear
problems and use quantitative information. Our
approach combines linguistic information and can
use a candidate number greater than the number
of positions, that supposingly di�ers from the
other ones. Therefore, the GA components are as
follows.

4.2.1. Genetic representation
In this paper the GA has as its principal char-

acteristic the order codi®cation of the solutions.
Chains of candidates are generated of the same
size as the number of positions available. Two
types of problems are distinguished:
· assignment, in which the number of positions is

the same as the number of candidates, and
· selection in which the number of candidates is

greater than the number of positions.
An example of a solution for a case of ®ve

positions with ®ve candidates available to ®ll them
(assignment) would be:

S � 2; 4; 1; 3; 5� �:
This solution indicates that candidate no. 2

comes in the ®rst place and is assigned the ®rst job,
S1� 2; no. 4 comes in second place and gets the
second job, S2� 4; no. 1 gets job 3, S3� 1; no. 3
gets job 4, S4� 3; and no. 5 job 5, S5� 5.

Once the coding has been decided upon, ran-
dom processes generate a battery of these solu-
tions.

4.2.2. Fitness function
To work out the suitability of solutions, the

fuzzy evaluation model described in the previous
section is used. From this a fuzzy number is ob-
tained as an indicator of the goodness of each
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solution. To set up a hierarchy among them, the
proposal is to use the fuzzy distance (Kaufmann
and Gil-Aluja, 1987) each one is from the origin
(singleton 0), which is de®ned as follows:

d� ~A; ~B� �
Z1
a�0

A1
a

��ÿ ÿ B1
a

��� A2
a

�� ÿ B2
a

��� da;

where �A1
a;A

2
a� is the con®dence interval of ~A at the

signi®cation level a.

4.2.3. Selection of ``parents''
The next step is the selection, by means of a

Roulette Selection Ranking (Goldberg, 1989), the
most suitable individuals, which will become the
``parents'' of the next generation.

4.2.4. Crossover operator
Traditional crossovers cannot be used for

crossing the ``parents'', because these are an or-
dered list, and besides we have two di�erent situ-
ations. According to this we propose two di�erent
crossover operators:
· Assignment problems: option taken is the use of

Order Crossover (OX) (Goldberg, 1989), which
conforms with the need for the solutions gener-
ated by it to continue to be feasible responses to
the problem.

· Selection problems: we propose to use a special
uniform crossover designed to keep the solutions
resulting as feasible ones. The steps are as fol-
lows:
1. At the beginning of the crossover process we

have two ``parents''. For example, in a prob-
lem of eight candidates to be assigned to ®ve
positions the solutions could be:

S1 � 8; 3; 4; 6; 1� �; S2 � 6; 2; 4; 5; 7� �:
2. First, we keep the repeated candidates and

those that are in these positions on the other
solutions in the o�spring. Thus, we obtain

S1 � 8; ; 4; 6;� �; S2 � 6; ; 4; 5;� �:
3. Second, we assign random uniformly the re-

maining candidates to the o�spring. Two re-
sulting solutions could be:

S1 � 8; 2; 4; 6; 1� �; S2 � 6; 3; 4; 5; 7� �:

Finally, after the crossover process, we have
obtained two solutions that are feasible to the
problem.

4.2.5. Mutation operator
The intention of this operator is to add diversity

to the solutions. Then we must make di�erences
among the two types of problems.
· Assignment problems: the mutation used is the

exchange mutation between two positions of
the solution. An example could be:

S1 � 2; 4; 5; 3; 1� �; S01 � 2; 3; 5; 4; 1� �:
· Selection problems: we propose to use two di�er-

ent mutations, one like the previous type and
other that introduces individuals not contained
in the solution, for example:

S1 � �2; 4
#
; 5; 7; 9�; S01 � �2; 1; 5; 7; 9�:

and for their application we select one of them
randomly.

4.2.6. Halt criteria for the best solution search
The proposal is for the algorithm to go

through a number of generations speci®ed by the
user until the best solution is found. Moreover, in
order not to lose good solutions, the characteristic
termed elitism (Goldberg, 1989) has been intro-
duced. This procedure consists of keeping the best
individual from a population in successive gener-
ations unless and until some other individual
succeeds in doing better in respect of suitability. In
this way, the best solution for a previous popu-
lation is not lost until outclassed by a more suit-
able solution.

As explained, application of the model pro-
posed here allows an assignment±selection process
to be carried out. It takes into account possible
links among positions, several skills required and
linguistic valuations.

5. Applications

One of the straightest applications of this model
is sta� selection. When personnel managers have
to ®ll some jobs there are several variables under
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consideration. Firstly, we have to consider the
competencies necessary to develop the job. Obvi-
ously not all the competencies have the same im-
portance. Moreover, usually, the jobs are not
independent, therefore a relationship among them
could appear. Finally, all these information could
be represented in a more accurate way using lin-
guistic variables.

An other possible application could be suppli-
ers selection. The objective is to select the supplier
with the right technology, the right quality, the
right capacity to make the quantities needed, the
right ®nancial terms, etc. This must be repeated for
each of the materials or service required by the
®rm. Also, the materials or services required could
not be independents, appearing as relationships.
As in the previous problem, all the information
could be characterised by linguistic values.

Others applications could be to select salesmen
to sales regions, programmers to software projects,
machines to tasks, capitals to investments, loca-
tions to factories, etc.

5.1. Practical application: sta� selection

Among all of the possible assignment±selection
problems (jobs to machines, requirements to sup-

pliers, regions to salesmen, etc.), we have to select
a sta� selection problem. This deals with the
choice of sta� for a branch o�ce of a banking
institution. In this way, an attempt was made to
demonstrate the usefulness that the model being
proposed in this paper could have for real prob-
lems from the business world.

Let it be imagined that a banking ®rm wishes to
open a new branch. The ®rst step is to determine
which posts are to be ®lled, and what status in
terms of urgency each is to have in relation to the
selection process. Thus, we might have:

For each post, thanks to a number of studies,
the skills which must be developed and the
weighting that each has for the position in ques-
tion are known, as it is shown in Table 1.

In addition, the last piece of information
needed in setting up these posts would be the

Post number Name Importance
�IPj�

1 Branch manager Essential
2 Supervisor Fairly high
3 Administrative o�cer Moderate
4 Administrative clerk Low
5 Counter clerk/Teller Very low

Table 1

ICij Post 1 Post 2 Post 3 Post 4 Post 5

Directing Essential ÿ ÿ ÿ ÿ
Authorising/delegating Fairly high ÿ ÿ ÿ ÿ
Integrity Moderate ÿ ÿ ÿ ÿ
Fixing objectives High ÿ ÿ ÿ ÿ
Strategic vision Fairly high ÿ ÿ ÿ ÿ
Collecting information ÿ Low Very high ÿ ÿ
Analysing problems ÿ High ÿ ÿ ÿ
Checking on procedures ÿ Fairly high ÿ ÿ ÿ
Multitasking ÿ Very high Fairly low ÿ ÿ
Knowledge of organisation ÿ Moderate ÿ ÿ ÿ
Mathematical ability ÿ Moderate ÿ Fairly high ÿ
Team work ÿ ÿ Moderate ÿ Moderate

Flexibility ÿ ÿ High ÿ Fairly low

Specialisation ÿ ÿ Fairly high ÿ ÿ
Commercial orientation ÿ ÿ ÿ Moderate Very high

Personal charm ÿ ÿ ÿ Low Fairly high

Spoken communication ÿ ÿ ÿ High ÿ
Customer orientation ÿ ÿ ÿ Fairly high Very high
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relationships among the post and the importance
set on such relationships, as is shown in Table 2.
This matrix is not symmetric due to the hierarchy
among the post, but in other assignment±selection
problems could be considered in this way.

Once the posts involved in the selection proce-
dure have been determined, the candidates must
next be considered. Let it be imagined that there
are eight people who might be able to take on the
jobs arising in the new branch.

For each one it is necessary to ®nd out by some
appropriate means the levels in each of the skills
required for the posts, as shown in Table 3.

Finally, as there are links between the posts, the
candidates must be looked at in order to ®nd out
the relationships that there would be among them,
as shown in Table 4. This matrix could be sym-
metric if we consider the same appreciation of
both individuals.

5.2. GA-based selection process

In this section we show the GA-based selection
process of this example. So, for the purposes of
application of the operational model, the param-
eters used in ®nding the solution by means of the
model proposed were:

It should be pointed out that the use of a high
mutation probability was motivated by the need to
bring new individuals into the chains, since if this
were not so all that would be obtained would be
the best combination of those initially considered
whose passed the ®rst selections.

In the practical example analysed the ®nal so-
lution obtained was:

The graph of the evolution of the best individ-
ual in each generation is displayed in Fig. 2.

6. Concluding remarks

The results obtained from this work fall into
two clusters. The ®rst consists of the formulation
of an assignment±selection model that could be
adapted to the problem under consideration. The
second is to present an application to sta� selec-
tion that tries to be as real as possible.

In addition, as a proposal for future work, this
research has backed the interest in using natural
linguistic operators (LWA and LOWA) with the
aim of handling linguistic information without
having to transform it into a semantic represen-
tation (Herrera and Herrera-Viedma, 1997).

Candidate Name
Candidate 1 C.1
Candidate 2 C.2
Candidate 3 C.3
Candidate 4 C.4
Candidate 5 C.5
Candidate 6 C.6
Candidate 7 C.7
Candidate 8 C.8

Number of generations 50
Number of individuals 100
Crossover probability 50%
Mutation probability 30%

Post 1: Branch manager Candidate: C.8
Post 2: Supervisor Candidate: C.6
Post 3: Administrative o�cer Candidate: C.2
Post 4: Administrative clerk Candidate: C.3
Post 5: Counter clerk/Teller Candidate: C.5

Table 2

RPij Post 1 Post 2 Post 3 Post 4 Post 5

Post 1 ÿ Fairly high High Moderate Fairly low

Post 2 Fairly high ÿ Moderate Moderate Low

Post 3 Low Very high ÿ Very high High

Post 4 Low Moderate Very high ÿ Very high

Post 5 Fairly low Moderate Fairly high Very high ÿ
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