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Abstract. A genetic algorithm is developed to forecast the relative
presence of different university studies in the higher education demand in the field
of economics and business/management as a whole. A selection operator is defined
that assumes that the better the job opportunities associated with a specific
university study, the higher the future demand for such a degree. A transition
matrix takes other factors into account which may influence on the changes in
demand. The proposed algorithm is applied to the original populations of students
enrolled on 2005/2006 to 2007/2008 courses. Then, a new algorithm, whose
elements are corrected to adjust the forecasts, is applied to obtain the forecast of
the demand composition on the 2009/2010 course. This methodological proposal is
shown to be able to provide the type of forecast which is very useful in policy
making decisions in the recent process of building the European Higher Education
Area.
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1. Introduction

The forecasting of the whole demand for higher education is needed to make a
decision about the amount of public economic resources to be assigned to the task
to satisfy such a demand. This type of medium or long term forecast depends
strongly on demography and income trends, and, also on access to information.
However, in the short term, managers of universities must make decisions about
the assignment of funds and, above all, human resources and physical space. Such
decisions require an approximation to the demand for different university studies
for the course following the one in which plans are presently being elaborated. To
correct the imbalance between the supply of studies and the demands of students,
changes in demand need to be predicted and the university planning policy should
be designed taking present and future demands into account. From this point of
view, the whole demand for university studies is not as relevant as its composition
in terms of each of the studies which are supplied. The genetic algorithm proposed
in this paper is a useful tool to this aim.
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A student who has finished secondary education and is thinking about enrolling in
a higher education center is able to brush aside those studies which are far from his
preferences; but his vocation is not usually clear enough to determine the final
choice. That choice depends on multiple factors (De Paola and Gioia 2012;
Navarro and Casero 2012; Skatova and Ferguson 2014; Per6 et al. 2015). Even so,
in aggregated terms, vocations may be assumed to remain more or less the same in
the short term and, therefore, changes in the number of students enrolled for
different university studies may be assumed to be explained by the job
opportunities associated to them, which also depend on student circumstances or
characteristics.

Tribe (2003) remarks that universities are seeking to adapt their output of graduates
to labor market demand. In fact, the European Higher Education Area is assigned
the task of increasing this ability of university graduates and there is a general
agreement between Spanish researchers about the presence of imbalances between
higher education and social or economic demands (Salas 2004; Garcia-Montalvo
2005; Fernandez 2006; Mora 2008). Although workers with a higher education are
less likely to be overeducated or undereducated compared to individuals with
secondary education (Lassibille et al. 2001), a penalty in wage level may be a
consequence of that education does not match the employment requirements
(Dolado, Felgueroso and Jimeno 2000; Aguilar and Garcia 2008). Technological
change has brought about changes in relative demand for different university
graduates, whose specific abilities are not equally valuable!. In a similar way, Grilli
and Mealli (2008) find some evidence that there is a positive effect of some
university studies on job opportunities.

However, students have usually got partial information about the labor market, and
their motivations in choosing university studies need to be analyzed. As Hartog and
Diaz-Serrano (2007) pointed out, individuals deciding on schooling are at best
imperfectly aware of their abilities, the demands of the school curriculum, the
probability to succeed, the nature of the job that may be obtained after completing
their education and their position within the post-school earnings distribution that
may be attained?. In spite of that, according to the human capital theory, higher
education is an investment in the future. Businessmen select workers depending on
their education and, therefore, investment in education improves the competitive
advantage of workers in the labor market (Becker 1993; Barceinas et al. 2000;

1 Using microdata from the Spanish sample of the 2007 Adult Education Survey, Nieto and
Ramos (2013) conclude that non-formal education allows overeducated workers to acquire
new abilities that improve their competence and allow them to earn higher wages. In
accordance, Budria and Telhado-Pereira (2011) find that in most European countries the
amount of wage dispersidn within Education groups is substantially higher among college-
educated workers than among less educated workers.

2 In such a sense, Kucel and Vilalta-Bufi (2013) find that the effect of the level of education
on job satisfaction becomes negative, probably due to the higher expectations of better
educated workers.
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Dolado et al. 2000; Garcia-Montalvo 2005). If individuals are assumed to make
decisions as investors, they will choose university studies associated with better job
opportunities (Salas 2005). Following Latiesa (1989), the choice of a university
program depends on the expectancies of academic success, the possibilities of
getting a job, the personal preferences, the supply of the degrees, and the individual
restrictions (Salas 1996; Salas 2005). Nonetheless, although some students indicate
that vocation is the main factor in choosing a university degree, they highlight job
opportunities as an important element in decision making. Furthermore, job
opportunities may be behind the apparent choice by vocation, due to students
associating degrees to specific jobs and life styles.

The aim of this paper is to forecast, by means of a genetic algorithm, the
composition of the demand for a set of university studies as a function of the job
opportunities associated to them. The selected studies are: a three year degree in
Management, and two five year degrees, one in Economics, and one in Business
Administration. All of these studies are supplied by the University of La Laguna,
located in the Canary Islands (Spain). Thus, this paper analyses the choices of
students between university studies in the field of economics and
business/management, in such a way that these studies are close enough to assume
that vocation is not the main reason of choice or, at least, that the changes in job
opportunities are more relevant than the vocational changes in order to obtain the
stated forecasts. From this point of view, the demand forecast should be based on
measuring the effects of the chosen degree and other characteristics of the
graduates on their job opportunities. Besides the degree, the graduates age and
gender are two characteristics which could influence the probabilities of
employment (Séez and Rey 2000; Bellas 2001; Lassibille et al. 2001; Salas 2007).
The labor situation of graduates two years after finishing their degrees is also
known. Three labor positions are distinguished: unemployed, with a temporary job
or with a permanent job. The probabilities that a graduate is in one of these three
positions two years after finishing the degree are evaluated by means of estimating
a multinomial logit model. From the estimates of these probabilities a fitness
function is defined that indicates the quality of access to the labor market and, in
that sense, provides basic information for the forecasting procedure. Given that
graduate characteristics are also available in the case of new students enrolled on
the first course of a degree, a value of the fitness function can be assigned to each
student by assuming that equal probabilities to get a specific type of job correspond
to students with the same characteristics.

The fitness function is needed to define the selection operator, which is the main
element of the performance of the genetic algorithm. The algorithm provides a
forecast of the demand for different studies in terms of the percentage of new
students enrolled for these studies for the course after the last one observed. In
addition to the selection operator, transition matrices are also applied to correct
errors in the forecasts obtained by the genetic algorithm with regards to the
changes observed in the relative demand for the different degrees. In the following
section the methodological elements of the genetic algorithm are developed. Next,
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the results obtained by applying the proposed algorithm are shown. Finally,
concluding remarks are stated and some domains to which the investigation is
intended to have implications are indicated.

2. Material and methods

The statistical tool proposed in this paper to forecast the composition of demand
for higher education for a course is, as mentioned, a genetic algorithm (Holland
1975; Goldberg 1989). Some applications in economics are mentioned in
Hernandez-Lopez and Céceres-Hernandez (2007). In some of them, genetic
algorithms are applied as a statistical procedure that drives an optimization process.
However, in this paper, the genetic algorithm, based on the natural selection
principle that drives the transformations in different species populations, is applied
as a mechanism that describes the dynamic process of transformation in the
population of students enrolled on degrees in Management, Economics or Business
Administration. Once the statistical procedure is developed, in this section it is also
described both the population of graduates from which the probabilities to access
the labor market are estimated, and the original populations to which the genetic
algorithm is applied.

2.1. The design of the genetic algorithm

The algorithm modifies the original population of new students enrolled on these
degrees on course t, and a final population of students enrolled on such degrees on
the following course, t+1, is predicted. Individuals in these populations are
identified by a structure or a bit chain that indicates their characteristics. The
transformations that determine the relative frequency corresponding to each
structure in the final population is guided by the selection operator in the first of
two phases, and, once an intermediate population is obtained, a transition matrix
operates in the second phase to transform the intermediate population into the final
population.

2.1.1. Fitness function and selection operator

An increase is expected in the relative frequency of students enrolled on the
degrees that provide better job opportunities. This is the basic assumption to define
the selection operator. That is to say, the job opportunities associated with a
structure determine its ability to adapt to labour market demands and, according to
the natural selection principle, individuals better adapted to the environment are
more likely to survive in such a way that their relative presence in future
populations is also likely to be higher.

The so called fitness function, that measures the individual ability to adapt to labor
circumstances, is defined from the estimates of probabilities that a student enrolled
on a specific degree, besides other individual characteristics, gets a permanent job,
gets a temporary job or remains unemployed in a time period after finishing the
degree. To this aim, a multinomial logit model is estimated for the population of
graduates on previous courses, identified by bit chains that indicate their
characteristics. From these probabilities, the fitness function is defined as a
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function of individual characteristics. The ability to access to the labor market
corresponding to individual i is assumed to be defined as

F*=0P(Y; =1)+3P(Y, =2)+10P(Y, =3). Q)
where Y; =1, Y;=2 or Y, =3 if the individual i is unemployed, has got a

temporary job or has got a permanent job, respectively. The weights assigned to
probabilities P(Yi = j), j=12,3, are arbitrary values, but according to them the

unemployed status is assumed to be the worst situation, whereas getting a
temporary job reflects an improvement in job opportunities less than the one
corresponding to the transformation of a temporary job into a permanent one.

As mentioned, the degree in Management is officially planned to take three years
of study, whereas the degrees in Economics and Business Administration are
planned to take five years. In this sense, a correction factor has been applied to the
values of the fitness function corresponding to students enrolled on the degree in
Management. According to the lengths of these studies, a 5/3 correction factor
seems to be right. However, the actual length of the studies is at least a year longer
than the officially planned lengths of the university studies analysed in this paper.
In fact, data provided by the Gabinete de Analisis y Planificacion of the University
of La Laguna for the graduates on courses 2003/2004 to 2006/2007 suggest that the
average lengths of the studies in Economics, Business Administration, and
Management were, respectively, 6.4, 8.6 and 5.8 years. Furthermore, students have
been assumed to believe that getting a specific job is more important than the time
spent to get it. Then, a 4/3 correction factor has been applied so as not to produce
an excessive distortion of the fitness function, defined as

F* , Economics, Business Ad ministration
F = 2
' %Fi * Management @

As the first step in the execution of the genetic algorithm, the corrected fitness
function, F,, is applied to the population of new students enrolled on course t.
Once the structures observed in the original population are ordered according to
individual characteristics, a selection operator is applied to obtain an intermediate
population on the course t+1 in such a way that the probability that an individual
is selected is proportional to the value of the fitness function for such an individual.
If this selection operator were not able to capture the speed in the changes in the
original population, another selection operator proportional to the square value of
the fitness function could be applied.

In order to obtain an intermediate population of size n, the proportional selection

operator applies the following procedure. If Qﬁ{h,y---’ Il,r} denotes the set of

individuals in the original population of size r and W :{1,...,n} is defined as the
set of n positions where the individuals copied from the original population are
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located, then the intermediate population €, 1{'2,17---1 I2,n} is obtained through the

selection operator s(j)=1,;, and is defined as s:W — Q, , in such a way that

P(s(i)=1y)=P(l,;=1;)=ps, =ri,i=1,...,r,Vj=1,...,n, (3)
2F
i=1

where the probability that individual i in the original population is copied in
position j in the intermediate population, pg;, is defined as the quotient of the

fitness value for individual i and the sum of all fitness values for the r individuals
in the original population. The intermediate population is obtained by randomly
generating the results of n multinomial experiments of size r with probabilities

pS,l""' pS,r'

2.1.2. Transition matrix

In the second phase, an element of heterogeneity should be incorporated to allow
an individual whose utility level is not so high to survive. The crossover and
mutation operators are conventionally responsible to do it because they allow the
characteristics that identify the selected individual in the first phase to be modified.
These operators are the elements of a simple genetic algorithm, but, as Hernandez-
Lopez and Céaceres-Hernandez (2007) pointed out, the transformations in the
population that they produce are completely random and not in any way guided by
economic statements. Nevertheless, in known social settings, it is possible that
information exists that suggests a greater likelihood of some transformations as
opposed to others. A good strategy of introducing this information may be to
maintain the selection operator only to determine the intermediate population.
Once the copies have been selected, a transition matrix is defined in this paper to
assign specific probabilities to each one of the transformations. That means to say,
in a second phase, each one of the structures copied in the intermediate population
remains on the final population on the course t+1 or is transformed into another
structure according to the probabilities in the corresponding row of the transition
matrix as indicated.

Suppose that, given the categories of the individual characteristics, m different

structures, {E;} ., are defined in such a way that the characteristics of any

individual copied at the selection phase correspond to one of these structures. By
means of a square transition matrix M , each structure E;, i=1,...,m, from the

intermediate population is assumed to be transformed into another structure E,
from the final population with the probabilities p; (i, j), j=1,...,m, located at the
i " row of the matrix M .

The formal definition of the transition matrix is as follows. Let Q, :{l,,,...,1,,} be
a set of n individuals from the resultant intermediate population from the copies,
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E aset of m structures in which each individual in €, can be transformed, and
Q:{L..,n} asetof n positions where individuals from the final population can be

placed. This final population QS:{IS,l""’IS,n} is obtained using the transition

matrix operator tm(q) =1, defined as tm(q):Q — E , such that

P(tm(q)=E;)=P(l,,=E;)=p;(a.j), a=1...n, j=1..,m, ()
is the probability that the individual located at position q in the intermediate
population, I, , is transformed into another individual in the final population
whose structure is E;. If the individual that occupies the position ¢ in the
intermediate population has structure E;, then p;(q,j)=p; (i, j). that is, the
element in the column j of the row i in the transition matrix. In this way, a
multinomial experiment of size m with probabilities p; (i,1),..., p; (i,m) can be
performed to determine which individual I,

In this paper, the probabilities in the original transition matrix, A, are calculated in
such a way that the shorter the distance between the values of the fitness function
corresponding to two different structures, the higher their transition probability. So,
if the values of the fitness function corresponding to structures E; and E; are

is transformed from individual 1, ,.

equal, then pf(i,j)=c, i,j=1..,m; while pTA(i,j)z,B/(Yiyj, if the distance
between the corresponding values of the fitness function is ¢, ;. Of course,

> pf (i j)=1, vi=L..,m.
j=1

2.1.3. Corrected transition matrix

The principles according to which the genetic algorithm is developed may be not
able to capture some deviations between the original and the forecasted
populations. This being the case, the transition matrix should be corrected. Note
that the transition matrix is useful to introduce random changes that are not driven
by the same principle as the one that drives the selection operator. Therefore, when
the changes observed in the original population are not expected according to the
selection operator, this matrix can improve the performance of the genetic
algorithm to forecast the composition of a population. In fact, the transition matrix
allows the algorithm to take the following points into account. Firstly, the
incidence of job opportunities associated with a university degree on the value of
the fitness function may need to be adjusted. Secondly, a modification of the
selection operator definition could be needed. Thirdly, it may be necessary to
introduce relevant factors in the choice of a university degree which are not
directly related with job opportunities. For example, the increase in preferences
toward civil servant jobs instead of facing up to a life of labor in a private firm,
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explains some of the changes in demand for university degrees. The question is
that, once the algorithm is applied to an original population in such a way that the
final population corresponds to a course in which the enrollment on the different
degrees is observed, the forecasting performance of the algorithm can be tested,
and its design can consequently be adjusted in order to obtain better forecasts of
populations on future courses.

The elements of genetic algorithms make it feasible to deduce the expected relative
frequency corresponding to each university degree in the final population, and
these relative frequencies should be equal to the observed ones. As mentioned,
individual characteristics are assumed to generate m different structures,

,,,,,

corresponding value of the fitness function and also on the relative frequency of
such a structure in the original population. From these probabilities, the selection
probabilities corresponding to the degrees in Business Administration, Economics

and Management, denoted as ps (BA), ps(ECO) and ps (MN), respectively, can
be calculated. Let pﬁ(i,j) be the transition probabilities from structure E; to

structure E;, and let p (l) be the probability that structure E, is present in the
final population. Then,

pF(i)zilps(j)pﬁ(j,i), i=1..m, 5)

and the final probabilities corresponding to each degree, p.(BA), p.(ECO) and

pe (MN), can be easily calculated.

Therefore, when the transformations that the application of transition matrix A
involves are observed, the parameters in this matrix can be adjusted to improve the

forecasting performance of the genetic algorithm as follows. Let p; (Di) be the
selection probability corresponding to degree D,, let p; (Di,Dj) be the transition

probability from degree D, to degree D,, and let p. (Di) be the probability that
degree D, is present in the final population. Then,

ps (BA) p; (BA,BA)+ p, (ECO) p; (ECO,BA) + ps (MN ) p; (MN, BA) ©
p: (ECO)=

ps (BA) p; (BA,ECO) + ps (ECO) p; (ECO,ECO) + ps (MN) p; (MN,ECO) 0
Pe (M) = ®)
P (BA) p; (BAMN )+ pg (ECO) p; (ECO,MN )+ ps (MN) p; (MN, MN)
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Probabilities ps(BA), ps(ECO) and ps(MN) depend on the selection operator

and the composition of the original population. In order to obtain an unbiased
forecast, the final probabilities p.(BA), p.(ECO) and p.(MN) should be

equal to the relative frequencies corresponding to new students enrolled on these
degrees on course t +1. However, the elements of the transition matrix

p; (BA,BA) p: (BALECO)  p;(BAMN)
p: (ECO,BA) p; (ECO,ECO) p, (ECO,MN) 9)
p; (EMP,BA) p;(MN,ECO) p;(MN,MN)

cannot be derived from equations (6) to (8). It is clear that

p; (BA,BA)+ p, (BA ECO)+ p; (BAMN)=1, (10)
p; (ECO,BA)+ p, (ECO,ECO) + p; (ECO,MN) =1 (11)
p; (MN,BA)+ p; (MN,ECO) + p, (MN,MN ) =1, (12)

but additional constraints are required. In this sense, the decision is made to fix the
non-transition probabilities

pr (BABA)=k,, p; (ECO,ECO)=k;, p; (MN,MN)=k., (13)
and another element of the transition matrix between degrees. Finally, in order to
match probability p. (D;) with the relative frequency corresponding to degree D,

observed in the final population, the following constraints in the transition matrix
between structures are also imposed

> p:(J.i)=p; (BABA)

jeBA

> p; (i.i)=p; (BAECO), (14)

jeECO
> pr(ii)=p: (BAMN)
jeMN

for structures 1 in which the degree is Business Administration,
> p:(i.i)=p; (ECO,BA)

jeBA

> p:(j.i)=p; (ECO,ECO) (15)

jeECO

> pr(j.i)=p; (ECO,MN)

jeMN
for structures 1 in which the degree is Economics, and
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3" b (1.0)= py (MN,BA)

jeBA

> p (i,i)=p; (MN,ECO) (16)

jeECO

> pr(§i)=p; (MN,MN)

jeMN
for structures i in which the degree is Management. Furthermore, the partial sums
corresponding to the transition probabilities between degrees are distributed

between elements p; (j,i) corresponding to each one of them in such a way that

the values of parameters pT(j,i) in the corrected transition matrix between

structures are proportional to the original values of these probabilities in transition
matrix A. So, a new transition matrix between structures, B (correction of matrix
A), is obtained. Consequently, two different genetic algorithms are also designed.
2.2. Data sources

Before applying the designed genetic algorithm, two sources of data need to be
taken into account. First, a population of graduates is needed to estimate the
probabilities that one of them remains unemployed, or gets a temporary job or,
finally, gets a permanent job; and, from these probabilities, a fitness function is
defined that measures the ability of a graduate to access the labor market. Second,
populations of new students enrolled on specific university degrees on some
courses constitute the original populations to which the genetic algorithm is applied
to forecast the composition of these populations for the following courses.

2.2.1. Graduate population and estimates of job opportunities

Students are assumed to assign expectancies of getting a type of job to different
university degrees which are obtained from the observation of the labor situation of
graduates from past courses. Observatorio Permanente para el Seguimiento de la
Insercion Laboral of the University of La Laguna provides information about the
labor activity of graduates in Business Administration, Economics or Management
in 2004 and 2005 during two years after finishing their degree. Note that the
conclusions about job opportunities of graduates depend on the length of the time
period after graduation which is analyzed. The access to the labor market may be
delayed as a consequence of the students decision making about the continuation of
their education, but the period analyzed should not be excessively long because
further education and, above all, learning derived from the labor experience
weaken the influence of the degree.

According to Biggeri, Bini and Grilli (2001) and Salas (2007), those graduates who
have previous working experience are more likely to obtain a job sooner. To avoid
this circumstance distorting the analysis of the effect of the degree on job
opportunities, data corresponding to graduates with labor experience before
graduation are eliminated from the original population. As results in Salas (2007)
show, a key factor which explains the time needed to obtain a first employment for
higher education graduates is the job search effort. So, graduates who opted for
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self-employment and those who decided not to get a job are also eliminated.
Finally, graduates who only got temporary jobs in such a way that their labor
experience is shorter than three months, are included as unemployed.

For each individual in the population of graduates, the following characteristics are
available: Y (labor status), with categories 1 (unemployed), 2 (temporary job) and

3 (permanent job); X (D) (degree), with categories 1 (Business Administration), 2

(Economics) and 3 (Management); X (A) (age), defined as the difference between
the year of graduation and birthdate with categories 1 (younger than 25 years old),
2 (25 to 26 years old) and 3 (older than 26 years old); X(G) (gender), with

categories 1 (male) and 2 (female). Then, probabilities of getting a temporary job
or a permanent job, and the probability of remaining unemployed two years after
graduation are obtained by estimating a multinomial logit model in which the
explanatory variables are dichotomic variables corresponding to each one of the
categories of degree, age and gender. The results of estimating such a model,
available from authors upon request, show that temporary jobs are more likely than
permanent jobs, but the most likely labor status of recent graduates is unemployed.
The age of graduation and, above all, the university degree are important factors
for the access of the graduates to the labor market. In fact, although graduates on
different degrees are able to develop the same job, and a specific degree can
provide the ability to develop jobs not conventionally related to such a program
study, the university degree is an usual explanatory variable for job opportunities
(Rodriguez and Gutiérrez 2007). The effect of gender is not so significant. In this
sense, Olave and Salvador (2006) indicate that there are gender differences in the
access to labor markets in the long term, but not in the short term. However,
Rodriguez and Gutiérrez (2007) find that a male is more likely to get a job. On the
other hand, preliminary estimates were obtained including the education level of
parents and their labor activity as explanatory variables, but they were not
statistically significant.

According to estimated probabilities, the degree in Business Administration
provides the best job opportunities. The average probability that a graduate on this
degree gets a permanent job is twice the same probability for graduates in
Economics, which is the degree with the highest probability of remaining
unemployed. To evaluate effects of changes in categories of individual
characteristics, quotients of odds-ratios are also calculated, but not shown to save
space. Such quotients reveal that, for graduates in Business Administration, the
ratio between the probability of getting a permanent job and the probability of
remaining unemployed is more than 10 percentual points higher than in the case of
graduates in Management, and almost two and a half times the value of such a ratio
for graduates in Economics. On the other hand, the effect of age on job
opportunities is non-linear. The access to the labor market is more likely when the
age of the graduate is 25 to 26 years old. These graduates have a clearly higher
probability of getting a permanent job and a lower probability of remaining
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unemployed than the remaining graduates. This circumstance is clear from the
quotient of ratios between these probabilities for graduates with different ages.
With regards to gender, there are no remarkable differences in the probability of
getting a permanent job. However, there is a slightly stronger trend towards
temporary jobs for females, whereas the probability of remaining unemployed is
higher for males.

Anyway, the expectancy of accessing the labor market should not only be
measured in terms of the previous probabilities, but the length of studies should
also be taken into account. In this sense, the degree in Management provides the
possibility of an earlier access to the labor market, and, therefore, the job
opportunities of graduates in Management are actually better than suggested by the
logit model estimates. In this sense, in accordance to Equations (1) and (2), Table 1
shows the values of the fitness function corresponding to each one of the 18
different structures which can be defined from categories of individual
characteristics, that is, three degrees, three age segments and two genders.

Table 1. Estimates of the fitness function for the individual structures

Structure Graduates P(Y=1) P(Y=2) P(Y=3) Fitness
1 Business Adm./Younger than 25/Male 11 0.4678 0.2886 0.2436 3.3020
2 Business Adm./Younger than 25/Female 36 0.3757 0.3720 0.2524 3.639%4
3 Business Adm./25 or 26 years old/Male 3 0.3732 0.2808 0.3460 4.3025
4 Business Adm./25 or 26 years old/Female 19 0.2938 0.3549 0.3513 4.5780
5 Business Adm./Older than 26/Male 15 0.5299 0.2438 0.2263 2.9942
6 Business Adm./Older than 26/Female 13 0.4368 0.3226 0.2406 3.3736
7 Economics/Younger than 25/Male 7 0.5816 0.2919 0.1265 2.1405
8 Economics/Younger than 25/Female 13 0.4794 0.3862 0.1345 25031
9 Economics/25 or 26 years old/Male 11 0.5002 0.3062 0.1936 2.8550
10 Economics/25 or 26 years old/Female 15 0.4029 0.3959 0.2012 3.1997
11 Economics/Older than 26/Male 17 0.6441 0.2411 0.1148 1.8716
12 Economics/Older than 26/Female 26 0.5462 0.3281 0.1256 2.2407
13 Management/Younger than 25/Male 57 0.4455 0.3458 0.2086 4.1652
14 Management/Y ounger than 25/Female 93 0.3509 0.4372 0.2119 4.5745
15 Management/25 or 26 years old/Male 32 0.3596 0.3405 0.2998 5.3599
16 Management/25 or 26 years old/Female 62 0.2781 0.4228 0.2991 5.6790
17 Management/Older than 26/Male 38 0.5095 0.2949 0.1956 3.7879
18 Management/Older than 26/Female 53 0.4125 0.3833 0.2043 4.2566

2.2.2. Populations of new students enrolled on university degrees

Once the fitness function is defined from the estimates of probabilities that
graduates in 2004 and 2005 access the labor market, the genetic algorithm is
applied to forecast the transformations in the original populations of new students
enrolled on courses 2005/2006 to 2008/2009.

The characteristics of new students in original populations are also defined in terms
of the individual characteristics that, according to the logit model, are associated to
job opportunities, that is, degree, gender and age. However, in the definition of the
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fitness function one of the explanatory variables is graduation age. Given that the
original populations are composed of new students enrolled on the first course of
the degree, the age categories should be corrected. The student expectancies to
finish a degree can be assumed to depend on the planned lengths of studies, and,
therefore, the definition of the fitness function does not need to be modified.
However, the unknown age of graduation is a characteristic to be estimated from
the age of admission. In this sense, the actual length of the studies seems to be a
more appropriate parameter than the official planned length. Due to that, the age of
graduation could be evaluated from the actual average length of the studies, but this
procedure implies that a graduate in Economics could not be younger than 25 years
old. Furthermore, the average length of studies may be overestimated as a
consequence of calculations made including students who got a job before
finishing their degree, and they usually complete their studies later than students
who try to get a job after finishing the degree. Given the nature of the genetic
algorithm, the decision is made to modulate the effects of the actual lengths of the
studies. Then, the age categories are finally defined as 1, 2 or 3, if the admission
age plus 6 (in the case of the Business Administration degree), 7 (in the case of the
Economics degree) or 5 years (in the case of the Management degree) is less than
25 years old, equal to 25 to 26 years old or higher than 26 years old.

On the other hand, the demand for the degrees in question is not directly observed
due to the access to some of them being limited by quotas. So, the number of newly
enrolled students does not reveal the actual demand. During the period analysed in
this paper, the access to the degree in Economics is not limited, but there are quotas
to the degrees in Business Administration and Management. Then, the demand for
the degrees is identified as the number of pre-enrollments in June for degrees in
Business Administration and Management, whereas in the case of the degree in
Economics the demand is defined as the number of students who passed the
admission tests to University in June and enrolled on the degree for the following
course. Note that the total number of students enrolled on Economics overestimates
the actual demand for this degree, due to a significant group of these students
corresponding to those who are not able to access the degree in Business
Administration.

Moreover, a forecast of the population of new students enrolled on course
2006/2007 is going to be obtained from the estimates of probability that graduates
in 2004 or 2005 access the labor market two years after their graduation. This
forecast is only useful in evaluating the forecasting performance of the genetic
algorithm and to improve its ability to forecast future populations. Given that data
about the number of new students enrolled on courses 2005/2006 to 2008/2009 are
available from the Gabinete de Analisis y Planificacion of the University of La
Laguna, these populations are the original populations to which the genetic
algorithm is applied to forecast the composition of populations in the following
course. The final population obtained as result of executing the algorithm could be
assumed as being the original population in forecasting the demand for the
following course, but, as a consequence of the quotas mentioned, the number of
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pre-enrollments does not match the number of new students enrolled. Therefore,
the populations composed of new students enrolled on the first course of the
degrees under analysis are chosen to be the original populations of the genetic
algorithm. The relative weights of degrees, age segments and genders in
populations of new students enrolled on the first course of the degrees on courses
2005/2006 to 2008/2009 are available from authors upon request, whereas Table 2
shows the demand observed for the degrees in Business Administration,
Economics and Management on courses 2006/2007 to 2008/2009.

Table 2. Composition of the demand for degrees

Degree (number of students) Degree (%)
Course BA ECO MN BA ECO MN
06/07 207 121 420 0.277 0.161 0.561
07/08 211 395 123 0.2894 0.1687 0.5418
08/09 192 357 116 0.2887 0.1744 0.5368

3. Results and discussion

In populations composed of new students enrolled on the first course of a degree,
each individual is identified by one of the 18 different structures defined from the
degrees, segments of age, and genders analyzed. So, a value of the fitness function
can be assigned to each individual in these populations according to the estimates
of the logit model, and the results of applying the selection operator depend on
these values. The intermediate population obtained from the selection is
transformed by applying the transition matrix A, defined by assuming that the
non-transition probabilities are equal to 0.70.

By applying the selection operator, an intermediate population is generated, which
is composed of 1000 individuals to facilitate the calculation of the relative weights
of the different degrees, given that this is also the number of individuals in the final
population. When the genetic algorithm is applied to the original populations of
new students enrolled on courses 2005/2006 to 2007/2008 and final populations of
new students enrolled on courses 2006/2007 to 2008/2009 are forecasted, the
corresponding corrected transition matrix B is defined in such a way that the
expected relative weights of the degrees in forecasted populations are equal to the
relative weights of the degrees in the observed demand. From the corrections
applied to generate these forecasts, a specific corrected transition matrix B is
calculated. Finally, this matrix is used to transform the intermediate population
resulting from applying the selection operator to the original population composed
of new students enrolled on course 2008/2009. Thus, a forecast of the new student
population enrolled on course 2009/2010 is obtained.

3.1. Forecasts of populations on courses 2006/2007 to 2008/2009

The genetic algorithm provides forecasts of the relative weight of structures

{Ei}izlm18 in the population of new students enrolled on courses 2006/2007 to

2008/2009, which are obtained from the original populations composed of new
students enrolled on courses 2005/2006 to 2007/2008. For each one of these
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courses, the probabilities of selecting structure E; in the selection phase, pg (|)

and the probabilities that structure E; is present in the final population, p,’i(i), is

obtained when transition matrix A is applied. The final probabilities corresponding
to each degree are shown in Table 3. These probabilities define the expected
relative weights of structures and degrees in the intermediate and final populations.
Table 3. Genetic algorithms and forecasted population on courses 2006/2007
to 2008/2009

2006/2007 2007/2008 2008/2009

Degree BA ECO MN BA ECO MN BA ECO MN

Selection and predicted final probabilities

p (I) 0.2407 0.1673 0.5920 0.2323 0.1721 0.5955 0.2440 0.1656 0.5904
S

p,f(i) 0.3276 0.1640 0.5084 0.3215 0.1689 0.5095 0.3305 0.1651 0.5044

Forecasting performance of genetic algorithms

Demand 277 162 561 289 169 542 289 174 537

GA.A 341 184 475 325 172 503 317 147 536

Test? 25 =313* 25 =T1217** 25 =7.086**
GAB 261 181 558 269 161 570 302 150 548
Test? 25 =3.204 25 =3.26 25 =4.266

a Statistically significant at 1% level (*), at 5% level (**), or at 10% level (***).

In view of the relative weight of the three degrees in the original populations of
new students and the observed demand for these degrees on the following courses,
the changes in the composition of populations are in accordance with the expected
forecasts obtained by applying genetic algorithms. Note that the algorithm should
lead to the reduction of the demand for the degree in Economics, which has the
lowest values of the fitness function, whereas the increases in the relative weights
of the degrees in Business Administration and Management are also predictable.
Nonetheless, the estimates of selection probabilities suggest that the selection
operator leads to undervalue the demand for Business Administration and to
overestimate the demand for Management. On the other hand, the final
probabilities show the effect of the transition matrices. The transformation of the
original population as a consequence of the conjoint action of selection operator
and transition matrix is not enough to adjust the composition of the demand on the
following course. The demand for Business Administration is overestimated, the
demand for Management is undervalued, and the demand for Economics is well
adjusted on courses 2006/2007 and 2008, but undervalued on course 2008/20009.

Once the transformations derived from the application of transition matrix A are
observed, the algorithm should be corrected to improve its forecasting
performance. Following the procedure explained in methodological section, the
correction of the transition matrix between structures is deduced from the previous
calculation of the parameters of a transition matrix between degrees, as defined in
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(9). Taking into account that the higher the non-transition probabilities, the weaker
the distortion on the effect of the selection operator, and once several alternatives
are tested, the decision is made to apply the following constraints:

p: (BA,BA)=0.6, p; (ECO,ECO)=0.3, and p; (MN,MN)=0.7. In addition, it
is also assumed that p; (MN,ECO)=0.1. That is, the transition probability from

the most popular degree to the least attractive one is fixed at a low level. From
these constraints, and according to the selection parameters, the parameters of the
transition matrices between degrees which are applied to forecast the populations
on courses 2006/2007, 2007/2008 and 2008/2009 are obtained.

Finally, in order that the probabilities p (l) match the relative frequencies

corresponding to the degree i observed in the final population, the following
constraints in the transition matrix between structures are also imposed:

ZpT ji)=06,i=1..6
p jI p BA ECO), i=1..,6 an
T T

ZpT (i.i)=p; (BAMN),i=1...6

for structures 1 in WhICh the degree is Business Administration,

ZpT j,i)=p; (ECO,BA), i=7,..,12

ZpT(j,i)=0.3, i=7,..,12 (18)

sz j.i)=p; (ECO,MN), i=7,..,12

for structures i in whlch the degree is Economics, and

6

> p;(i,i)=0.20,i=13,...,18

j=1

12

> p, (i,i)=0.10, i=13,..,18 (19)
i=7

12
> pr(j,i)=0.70,i=13,..,18
=7

for structures i in which the degree is Management. The partial sums
corresponding to the transition probabilities between degrees are distributed
between terms p; (j,i) in the corrected transition matrix between structures as

indicated in methodological section. The new transition matrix B provides
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unbiased forecasts of the demand for the degrees. This matrix is not shown in the
paper, but it is available upon request. Table 3 also shows the results of goodness
of fit tests for the forecasted populations obtained by applying each one of the two
different genetic algorithms corresponding to the application of matrices A and
B.

3.2. Forecast of population on course 2009/2010

In the following paragraphs, the results of applying the algorithm to the original
population composed of the new students enrolled on the course 2008/2009 are set

out. Table 4 shows the selection probabilities, pg (i), and, also, the final
probabilities, pf (i) and pg (i), corresponding to the different degrees, when

matrices A or B are introduced into the genetic algorithm which is applied to
forecast the population on course 2009/2010.

Table 4. Genetic algorithms and forecasted population on course 2009/2010

Selection and predicted Composition of the
final probabilities forecasted population
Degree i Al B (i GA. GA.
ps( ) pF( ) Pe ( ) Matrix A Matrix B
Business
Administration  0.2381 0.3291  0.2952 32.2% 29.0%
Economics 0.1304 0.1381 0.1729 14.5% 16.5%
Management 0.6316 0.5328 0.5319 53.3% 54.5%

The forecasting performance of the genetic algorithm on courses 2006/2007 to
2007/2008 suggests that the selection operator and transition matrix A are not
expected to provide adjusted forecasts of the relative weights of the three degrees
on course 2009/2010. Therefore, the parameters of these transition matrices should
be corrected to obtain a new matrix B, which is defined from the corrected
transition matrix in the case of the algorithms applied to forecast the demand on
courses 2006/2007 to 2008/2009. In view of the similarities between the three
matrices, the decision is made to calculate the parameter value at a specific position
in the corrected transition matrix between degrees as the result of a linear
adjustment to the calculated values at the same positions in these transition
matrices. So, the following transition matrix between degrees is obtained.

p; (BABA)  p, (BAECO) p,(BAMN)) (060 030 0.10
p; (ECO,BA) p, (ECO,ECO) p, (ECO,MN)|=|0.20 0.30 050 |(20)
p, (EMP,BA) p,(MN,ECO) p;(MN,MN) ) (020 010 0.70

Then, a corrected matrix between structures, B, is obtained by imposing the
following constraints:

ipT(j,i)zo.so,_lzsz(j,i):o.3o,_1zz p; (j,i)=0.10,i=1...6, (21)
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6 12 12

P (,1)=0.20,> p; (j,i)=0.30,>_p; (j,i)=050,i=7,..,12,  (22)
j=1 =7 =7
6 12 12
> b (1,0)=0.20,> p; (j,i)=0.10,>"p; (j,i)=0.70,i=13,...,18,  (23)
j=1 j=7 j=7

and distributing the values of partial sums as indicated in methodological section.
This matrix is not shown to save space, but it is available from authors upon
request. Table 4 shows the composition of the population of new students enrolled
on course 2009/2010 generated by an application of the different genetic
algorithms to the original population of new students enrolled on course
2008/2009. From the corrected matrix B and the selection probabilities, the final
probabilities that determine the relative weight corresponding to each degree in the
forecasted population are also shown in Table 4. Note that according to the results
of the application of the genetic algorithms with the corrected transition matrix,
almost 30% of the new students enrolled on course 2009/2010 are expected to
choose the Business Administration degree, whereas around 17% will opt for
Economics and more than a half will try to study Management.

4. Conclusions

The genetic algorithm proposed in this paper forecasts the relative weight
corresponding to different degrees in the demand for higher education of a group of
university students as a whole. Note that the population forecasted each time the
genetic algorithm is executed may be different, but the forecast of the relative
weight corresponding to a degree is unlikely to be far from its corresponding final
probability, that is, its expected relative weight.

Of course, generalization of this methodology to a new context is an empirical
matter whose evaluation may be made by the reader. The implementation of new
program studies at an early date in European universities would require a new
design of the algorithm in order to get good forecasting performance. Nevertheless,
the proposed methodology is flexible enough to adapt to more general settings. For
example, specific genetic algorithms could be designed to forecast the demand for
different studies supplied by a university, or, the demand for different sets of
degrees framed in scientific fields. This being the case, the main obstacles to
overcome are that different probabilities to get a job may be associated to different
degrees framed into the same scientific field and, above all, that vocations are more
difficult to be left aside as a factor to explain the choice of an university degree.
Anyway, the specific results obtained in this paper are not its main contribution to
the literature, but the proposal of a methodology able to forecast the relative weight
of a degree in the demand for higher education as a function of the probabilities of
accessing the labor market associated with the degree. This methodological
proposal is shown to be able to provide the type of forecast which is very useful in
policy making decisions in the recent process of building Higher Education Areas.
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