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A B S T R A C T   

In this paper we present a multi-criteria classification of Vocational and Educational Programs in Extremadura 
(Spain) during the period 2009–2016. This ranking has been carried out through the integration into a complete 
database of the detailed information of individuals finishing such studies together with their labor data. The 
multicriteria method used is TOPSIS together with a new decision support method for assessing the influence of 
each criterion and its dependence on the weights assigned to them. This new method is based on a worst-best 
case scenario analysis and it is compared to a well known global sensitivity analysis technique based on the 
Pearson’s correlation ratio.   

1. Introduction 

The 2008 financial crisis that hit the world’s economies has had a 
particularly acute impact in Spain [1]. It is only since 2014 that Spain 
seemed to begin its recovery [2]. However, this recuperation is still far to 
be acceptable with regard to the labor landscape [3]. 

One of the main Spanish weaknesses that the crisis exposed was the 
so-called duality of the labor market. Thus, Spain is characterized by the 
existence of two very different types of workers. On one hand, long term 
workers on indefinite contracts, having both a very high job security and 
a very high cost for companies (especially in terms of dismissals) and 
usually with university studies even for jobs that do not require them. 
On the other hand, short term workers on temporary contracts or sea-
sonal contracts with low wages and, in most cases, with very little 
training. 

Another structural weakness of the Spanish economy unveiled dur-
ing the years of the crisis was the fact that it had been relied heavily on 
two pillars: construction and tourism (and their associated services). 
This productive model had its main Achilles heel in the low level studies 
required in many of the jobs created in both sectors. Moreover, the 
relatively high wages that a worker could earn before the crisis, mainly 
in construction, led many young people to abandon their studies to work 
in these industries, without prior quality training. When the crisis arose 

and the destruction of employment reached unprecedented levels, Spain 
discovered that had to deal with a mass of unemployed, mostly young, 
people who, having no adequate training, had very difficult or even 
impossible reinstatement into the labor market. 

This problem has been most pronounced in some regions of Spain as 
Extremadura. Extremadura is a European Union Objective 1 region 
located in western Spain that according to the Eurostat Regional Year-
book 2018,1 its GDP per inhabitant in relation to the EU-28 average is 
61.47%, it has 23.7% of unemployment rate and, even worse, its early 
leavers from education and training of young people rate is 20.9% and 
its young people neither in employment nor in education or training rate 
is 20%. 

In other countries where the economic model was more diversified, 
with large sectors of skilled employment and better trained workers, the 
crisis was less intense, the employment destruction less acute, and the 
recovery was faster. One of the differences between Spain and, partic-
ularly, Extremadura with respect to those countries is the importance 
they give to Vocational Eucation and Training (hereinafter VET). For the 
European Union, VET should “prepare young people for entering and 
successfully and sustainably participating in the labor markets as well as 
to enable high potentials (e.g. migrants, refugees, low-skilled and un-
employed, inactive groups, including women) to stay and/or (re-)enter 
the labor market” [4]. In Germany, for example, VET studies are closely 
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linked to the labor market, so that the majority of VET students are also 
trained in companies where, in many cases, they end up working. This 
means that there is a quarry of workers with a specific qualification for 
the needs of the labor market. 

However, in the collective imagination of Spanish families, VET has 
been considered for decades a second-rate training and has not been 
much appreciated. This vision, together with the high drop-out rates, 
has caused a very marked duality in training: on the one hand people 
who either did not finish more than compulsory education or, at best, 
have VET studies (which in this last case are seen wrongly as a low level 
education), or people with university education who, due to the high 
unemployment rates suffered in Spain during the crisis (still persisting), 
are hired in positions for which such studies are not really required, 
causing another of the many big problems of the Spanish labor market, 
which is the overqualification of workers [5]. 

In order to try to alleviate the mentioned problems, the Government 
of Extremadura, providing its historical data, asked for a scientific 
analysis about the real impact of VET studies on accessing to the labor 
market with a two-fold goal: increase the resources of those VET studies 
with higher employment rate and promote such studies among their 
unemployed citizens enhancing the image of the VET studies that really 
help to get a job. 

To this end, the aim of this work is to determine the efficiency of VET 
studies and the evaluation of the performance of VET graduates from 
Extremadura in the different degrees of VET programs in the labor 
market. Thus, we illustrate a data-driven multi-criteria decision-making 
methodology with the aim of classifying the different degrees of VET 
programs according to some criteria related to labor insertion. 
Concretely, we have applied TOPSIS (Technique for Order Performance 
by Similarity to Ideal Solution) [6] to this problem. TOPSIS is a well- 
known classical MCDM method, widely used by researchers and prac-
titioners, that supports decision makers in performing analysis, com-
parisons and rankings to select the best alternative using a finite number 
of criteria. Moreover, since all criteria are weighted, their importance 
may be modified providing, thus, the flexibility for creating different 
rankings prioritizing different aspects. In our case, we have considered 8 
different criteria whose values have been computed from a real dataset 
with more than 28,000 VET student records containing both educational 
and labor information. This is a key contribution for this work since the 
information obtained is enriched by real data instead of being based on 
questionnaires as similar TOPSIS approaches [7] or the REFLEX project 
in the field of higher education [8]. Furthermore, to the best of our 
knowledge, the relationship between VET programs and labor market 
has not been explored by previous works with such level of detail. 

The rest of the article is organized as follows. Section 2 reviews some 
works related with predicting different outcomes using academic data, 
and some other works using TOPSIS as Multi-Criteria Decision Analysis 
method together with a weight assignment analysis, on different scien-
tific domains. Section 3 describes the datasets used and the process 
applied to them for computing the different data used in our study. 
Section 4 describes the methodology followed to apply TOPSIS. Section 
5 explains the influence of the criteria applied during the process. The 
results obtained and further considerations are detailed in Section 6. 
Finally, Section 7 concludes the paper. 

2. Literature review 

The analysis of educational data is considered today as one of the 
foundations to implement new educational policies and may be even 
more so in the future [9]. 

In this sense, there are several works focused on analyzing success or 
failure in the pre-university stages. Thus, one example of this topic is the 
work of Sen et al. [10] that tries to predict the outcome of Turkish high 
school students in the examinations of national selection that these 
students must perform. Another example is the work of Sara et al. [11] 
where they analyze the data of more than 36.000 Danish students who, 

at least, have completed the first six months in secondary education 
institutes, to predict if they were going to abandon their studies in the 
next 3 months. Aguiar et al. [12] analyzed 11.000 American students 
from different high school courses to try to detect who were at risk of 
abandonment and try to take appropriate measures so that it does not 
occur. 

There are also a number of works within this field focused on uni-
versity students. One example is the work of Campagni et al. [13], in 
which the authors analyze the academic data to define an ideal trajec-
tory for university students and compare real students based on that 
ideal trajectory. Di Pietro et al. [14] analyze the academic performance 
in terms of student performance, teaching activities and student satis-
faction among others. Continuing toward the goal of predicting the 
student performance in the university, Asif et al. [15] make use of data 
mining and clustering methods to predict the graduation performance of 
a student given only his pre-university marks. Fernández-Garca et al. 
[16] perform a comparison of algorithms that can predict which first- 
year university students are more likely to finish their studies and 
apply their conclusions in the students of the University of Almera 
(Spain). 

More related with our work, that is, analyzing the possible rela-
tionship between the education of the students and their employability, 
we could start by mentioning the one of Jackson [17] where she ana-
lyzes data of 56,255 Australian Bachelor degree graduates in 2011 and 
2012 to identify which factors influence graduate employment. Also, in 
Australia, Mewburn et al. [18] perform an analysis of the extent of de-
mand for Ph.D. student skills and capabilities in the Australian 
employment market. Bharambe et al. [19] analyze 5 skills of 91,177 
Indian students to predict the likelihood of each one of getting a job. 
Thakar et al. [20] use 151 attributes from 7143 Indian university stu-
dents to conclude that only 8 attributes play a significant role in pre-
dicting students’ employability in the first year of their enrollment. 
Garca-Peñalvo et al. [21] use information from 3000 Spanish students to 
build predictive models that define how these students get a job after 
finalizing their university degrees. 

From the analysis of the state of the art in the domain of this project, 
we can observe that, although there are numerous works that use data 
from the educational field to try to predict possible dropouts, perfor-
mance and even employability, we do not have evidence of anyone 
trying to analyze the possible relationship between VET programs and 
employment. 

Concerning the methodological aspects of the present paper, several 
studies in different domains have used multi-criteria decision-making 
methods and, in particular TOPSIS methodology, to select the best 
alternative using a finite number of criteria. Indeed, in many studies new 
extensions or improvements for the TOPSIS methodology have been 
proposed. For instance, Yue [22,23] proposes an extension of TOPSIS to 
determine the weights of the experts, considering a level of uncertainty 
assigned to the criteria. Olson [24] uses different distance metrics and 
shows how the results of the TOPSIS methodology depend on both the 
weighting scheme and the distance metric used. Other study [25] pro-
poses an extension of the TOPSIS methodology (Fuzzy TOPSIS) com-
bined with a weighting criteria methodology (Fuzzy AHP). In the last 
step of this method the authors apply sensitivity analysis based on the 
weights assigned by the experts to observe how the preferences of the 
decision makers would affect the final classification. To the best of our 
knowledge, the works that use sensitivity analysis as a final step of the 
TOPSIS or extended TOPSIS methodology are based on the weighting 
scheme assigned by the experts, regardless the weighting methodology 
used. The proposed decision support method (scenario comparison 
methodology) provides a useful tool for the experts that shows the 
sensitivity of each criterion to possible changes in the weighting scheme. 
It has the advantage of not needing a previous definition of the criteria 
weights by the experts, and therefore the information delivered by the 
method is readily available to the expert panel before they make the 
weight assignment. 
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3. Data management 

This section presents the datasets used to establish the different 
rankings presented in this paper together with the whole process fol-
lowed to obtain them. To this purpose, a collaboration agreement was 
established with the data owners, the Education and Employment Board 
of the Government of Extremadura, to acquire the data. Based on this 
agreement, we established several meetings with them in order to 
identify the information available and needed to perform the analysis. 
Then, the process for obtaining the data was divided into three different 
steps: i) data sources identification; ii) data gathering and iii) data 
warehouse design. These steps will be explained in the next subsections. 

3.1. Data sources identification 

Since the main purpose of this study was to analyze the utility of the 
different VET programs in the region in terms of employability, the 
meetings with the Educational and Employment Board were mainly 
focused on identifying the data sources that provide information 
regarding those two areas. Fortunately, this information was acquired in 
the region by means of two different sources that directly depend on the 
aforementioned board:  

• Rayuela2 is the digital platform used by all the education centres to 
support the teaching staff in all the students management tasks such 
as exam realization, evaluation and so on. The platform includes data 
belonging to different education centres, concretely: Middle Schools, 
High Schools, VET Schools and Official Languages Schools. In this 
study we were mainly interested in the data from VET Schools since 
we wanted to analyze this kind of studies.  

• Public Regional Employment Service (SEXPE)3 is the organization 
provided by the public administration to manage all the tasks related 
to labor in the region. This service manages any job contract signed 
in the region as well as the employment demands and subsidies for 
unemployed people in the region. Thus, all the information 
regarding the citizens’ working life is provided by this public service. 

Two additional sources of information were also used in this study:  

• National Social Security Agency4 is a national organization that 
provides the public insurance to all the workers in the country. To 
this purpose, the Agency also recovers the labor information for the 
citizens independently of the region where they are working. The 
information provided was useful for complementing the data pro-
vided by the SEXPE service. 

• Spanish National Statistics Institute (INE).5 This agency is respon-
sible for publishing national statistics about different domains in the 
country. In this study we obtained the list of contract economical 
sectors from this source. 

3.2. Data gathering 

Based on the four data sources commented in previous section, the 
data owners provided us with the VET student’s records stored in 
Rayuela for citizens since 1996. These data were also completed, on the 
one hand, with the job contracts stored by the SEXPE service for the 
citizens included in the previous dataset (the provided by Rayuela) and, 
on the other hand, the last information provided by the National Social 
Security Agency for these citizens (note that in both cases the informa-
tion included the whole life for each citizen). The data provided by INE 

were also useful for completing the information available for each 
citizen. 

Based on the different data sources, the files used in the study are 
summarized in Table 1 together with the number of instances, features 
and a description for each one. 

3.3. Data warehouse design 

In order to be able to query and process all the datasets available, we 
needed to design a data warehouse so that all this information could be 
integrated into the same storage. To properly organize the data we used 
the typical Snowflake Schema [26] logical design, since the structure of 
our data perfectly fits with this type of design. Note that most of the 
datasets contained the personal data of the citizen as key identifier. 
Thus, the design contains a central table (person) with this information 
that makes as pivot table to connect to the rest of them. The data 
warehouse designed is illustrated in Fig. 1. 

Observe that person table plays the role of fact table in our design, 
whilst graduate and job act as dimension tables. Additionally, based on the 
normalization performed, locality, trainingStudy and trainingFamily tables 
are added as dimension tables of graduate and job ones. Locality stores 
the location of the family and education centre, trainingStudy stores the 
list of different VET programs included in our analysis and trainingFamily 
stores the list of VET professional families. These additional dimension 
tables are the reason why we used a snowflake design instead of a star 
one. 

These tables were built based on the datasets explained in the pre-
vious section. Obviously, as it may be observed in Fig. 1, there are some 
datasets that are not reflected in the design. Concretely, SocSec dataset 
was used to complete the information included in job table whilst CNAE 
dataset, which contains the relationships among VET professional fam-
ilies and job economical sectors, was used to derive the relation between 
job and trainingFamily tables. 

4. Methodology 

4.1. TOPSIS 

The Technique for Order of Preference by Similarity to Ideal Solution 
(TOPSIS) is a non-parametric multi-criteria ranking method which is 
model-free and data-driven. Following the notation of [27], let us as-
sume we have m alternatives A1, …, Am and n criteria C1, …, Cn, with 
weights ω1, …, ωn. Each criterion may be either a benefit (i.e. “the more 
the better”) or a cost (i.e. “the less the better”). Let J+ and J− denote the 
sets of indices j corresponding to the benefit and cost criteria, respec-
tively, and let X denote the m × n matrix of performance ratings of each 
alternative at each criterion. 

The TOPSIS algorithm encompasses the following steps: 

Table 1 
Datasets description.  

File Source Features Instances Description 

Graduates Rayuela 14 28.272 Graduates data from VET 
Schools in Extremadura from 
1996 to 2016. 

Contracts SEXPE 16 317.152 New employees contracts 
including the sector, economic 
area and location from 1990 to 
2016. 

SocSec Soc. Sec. 
Agency 

14 216.726 Complementary information 
about citizen labor periods. The 
range of dates is from 1984 to 
2016 

CNAE INE 5 993 Spanish National Classification 
of Economic Activities that 
encode companies economic 
areas.  

2 https://cutt.ly/Ws0d1Mq  
3 https://cutt.ly/Gs0fobj  
4 https://cutt.ly/Xs0fELz  
5 https://cutt.ly/gs0gzeP 
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1. Normalize and weight the columns of X, obtaining the normalized 
matrix N whose element ij is defined by 

nij = ωj
xij

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑m
k=1x2

kj

√ , i = 1,…,m; j = 1,…, n.

2. Find the ideal, Ab, and antiideal Aw solutions: 

Ab
j =

⎧
⎨

⎩

max
i=1,…,m

nij if j ∈ J+

min
i=1,…,m

nij if j ∈ J− Aw
j =

⎧
⎨

⎩

min
i=1,…,m

nij if j ∈ J+

max
i=1,…,m

nij if j ∈ J−

3. Find the distances between each alternative and the ideal and anti-
ideal solutions: 

db
i =‖ Ai − Ab ‖=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
nij − Ab

j

)2
√
√
√
√ ; dw

i =‖ Ai − Aw ‖

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
nij − Aw

j

)2
√
√
√
√

4. Compute the score ranking for each alternative ri =
dw

i
dw

i +db
i
.  

5. Sort the alternatives according to the scores ri. 

This method is very easily implemented and applied, however, as 
usual, devil is in the details and in this case, the weight determination is 
a major concern since a slight change in them can lead to different final 
rankings. 

4.2. Criteria definition and weight determination 

In order to obtain the different rankings presented in this work, first 
the criteria that would allow us to compare the degree of employability 
of the different VET programs must be determined. A Delphi method-
ology was used for defining such criteria and their corresponding 
weights [28]. In particular, 10 experts were asked in rounds to define the 
main criteria that would take into account both, the employability when 
the VET program is related with the job economic sector, and the 
employability in general, i.e., regardless the job economic sector and the 
family of the VET program studied. After reaching a consensus, the 
criteria defined were: 

C1 Time elapsed from the graduation to the signing of the first 

employment contract within the same professional field as the VET 
program. 

C2 Average time elapsed between the end of a contract and the 
signing of the next employment contract within the same professional 
field as the VET program. 

C3 Fraction of the labor life worked within the same professional 
field as the VET program. 

C4 Fraction of the time worked within the same professional field as 
the VET program under temporary contracts. 

C5 Time elapsed from the graduation to the signing of the first 
employment contract regardless the professional field. 

C6 Average time elapsed between the end of a contract and the 

Fig. 1. Data warehouse schema.  

Table 2 
Relative and absolute weights of the criteria determined by the Delphi 
methodology.   

C1 C2 C3 C4 C5 C6 C7 C8 

Wi 4 2.5 1 1 3 2 1 1 
ωi 0.258 0.161 0.065 0.065 0.193 0.128 .065 0.065  

Fig. 2. Number of total VET programs available each year (dashed blue line) 
and number of VET programs with all criteria computed as medians of more 
then 5 data (solid red line). The horizontal dashed line shows the minimum 
number of programs considered for the ranking. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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signing of the next employment contract regardless the professional 
field. 

C7 Fraction of the labor life under temporary contracts. 
C8 Time spent without contracts. 
Criteria C1 – C4 analyze the employability of a VET program in its 

corresponding professional field. On the other hand, criteria C5 – C7 
analyze the employability of a VET program in general, regardless of its 
professional family. The reason for including the latter is because it was 
found that for many degrees, most of the graduates did not get to work 
within the scope of their professional family, but still they managed 
reasonably well, to found a job in other fields and somehow this indi-
cated that for some professions, the fact of just finishing a VET Program 
was enough. Finally, criterion C8 is meant to penalize long term 
unemployment. 

Regarding the criteria weights, the experts were asked to set the 
minimum weight to 1 and then to quantify the rest of the weights in 
relative importance to that of the minimum. Afterwards some discussion 
was conducted among the experts until a consensus was reached. The 
values obtained are given in Table 2. Those weights clearly reflect the 
importance given to the employability of the different VET programs 
within their professional family. 

5. Criteria influence determination 

As was mentioned earlier, one of the most delicate parts in the design 
of a ranking score is the weighting of each of the components that define 
it. The use of expert opinion is common when determining those 
weights, however, the heterocedasticity and the correlation between the 
different criteria make these assigned weights rarely coincide with their 
real influence in the final score ranking [29]. 

In order to assess this influence, we are going to use two different 
approaches. The first one is the sensitivity analysis [29] which is based in 
the Pearson’s correlation ratio, while the second one, which we intro-
duce in this work, is based on the assessment of the performance under 
different scenarios. 

5.1. Global sensitivity analysis based on the use of variance 

The sensitivity analysis technique used here, is applied to assess the 
quality of the ranking score by finding the “effective weights” of the 
criteria (main effects), providing thus a measure of the real importance 
of each criterion. 

The sensitivity analysis method determines the actual contribution of 
each criterion to the overall ranking by means of the Karl Pearson’s 
correlation ratio, η2 which, for each criterion Cj, is defined as [30]. 

η2
j =

VarXj

(
EX− j

(
r|Xj

) )

Var(r)
, (1)  

where Xj denotes the j-th column of the performance matrix X (i.e. the 
vector of the performance of all m alternatives in the j-th criterion), X− j 
denotes the vector containing all except the j-th input of vector Xj, and r 
denotes the vector of the final scores of all m alternatives. Parameter ηj

2 is 
known as the main effect of criterion Cj on the output vector r, in terms of 
the expected output variance explained by Xj [31]. The greatest diffi-
culty in calculating these ηj

2 lies in obtaining the numerator in (1) which, 
in turn, depends on the conditional expectation of r, given Xj. To over-
come this problem we use the “dependent regression” method [32], 
which mainly consists on an non-parametric smoothing algorithm based 
on a Kalman filter. 

5.2. Comparing scenarios 

The different scenario comparison we introduce here is inspired in 
the Kao-Liu fuzzy DEA method of best-worst case scenarios [33]. For a 
given criterion Cj we will consider two possible scenarios:  

• Most weighted case: in this case we will assume that Cj has the 
highest relative weight among all criteria. As a reference measure we 
assign the relative weights as Wj

+ = 2, Wi
+ = 1 for i = j, i.e. in the 

most weighted scenario, criterion Cj is assigned twice as much 
importance as the rest of weights. Therefore, in our case, the absolute 
weights in this case will be ωj

+ = 0.22, ωi
+ = 0.11 for i = j. 

Fig. 3. Evolution of the general performance at each criterion in the period 2009–2016.  
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• Least weighted case: in this case, criterion Cj has half the weight of 
the rest of criteria, i.e., Wj

− = 1, Wi
− = 2 for i = j. Hence, the 

weights used for this case in our study will be ωj
+ = 0.066, ωi

+ =

0.133 for i = j. 

Thus, for each criterion we obtain two rankings Rj
+, and Rj

− which are 
represented by two permutations of the numbers 1, …, m. The identity 
permutation is assigned to the first ranking, and the permutation for the 
second ranking is obtained using the first as a reference. 

Finally, the relative Kendall - tau distance between both permuta-
tions, Dj is computed. This distance measures the fraction of all possible 
pairings of alternatives which change the order from one ranking to the 
other. 

If this value is small, it can be interpreted as a lack of influence of 
criterion j in the preference ordering of the alternatives, since no matter 
how big or small the weight of the criterion is, the final ranking is not 
varying that much. 

6. Results and discussion 

6.1. Data preparation 

The original data set consisted on a total of 28.272 people graduating 
in 121 different VET programs from 1996 to 2016. Those VET programs 
were classified according to the professional family they are included in. 
For each VET program and for each graduating year the scores of each 
person verifying the conditions of the different criteria were obtained. 
Then the median of such scores was calculated and considered as the 
score of that program for that year in the corresponding criterion. 

Nevertheless, some filtering had to be carried out previously. First, 
not all programs had scores in all criteria all years. Indeed, for the first 
years in the series, there is a very small number of VET programs scoring 
in all criteria. Thus we only considered the years for which we had a 
reasonable amount of programs with data in all criteria. We set as 
threshold of 30 VET programs as the minimum for making the ranking. 

Secondly, as previously stated, the scores in the different criteria are 
obtained as a median of the scores of individual persons. However, in 
some cases, such median was computed over very few people which 
could lead to biased results. Therefore we only considered VET programs 
for which the scores were obtained from more than 5 data. 

Fig. 2 depicts both, the number of VET programs available for each 
year (from 1996 to 2016) and the number of VET programs for which all 
the criteria were obtained from data from more than 5 people. Ac-
cording to the number of programs in each year, we considered the time 
window from 2009 to 2016. 

After the filtering, from the original 121 VET programs, a total 

Fig. 4. VET programs ranking throughout the period 2009–2016. The colour reflects the percentile of each program at each year (the greener the better) and the 
overall sorting has been done according to the average percentile of each program during the whole time span. 

Table 3 
Head and tail of the ranking. Position, mean percentile throughout the period 
2009–2016 and the corresponding professional family is tabulated for the first 
and last 10 VET programs.  

Pos. ID VET Program Mean P. Pr. F. 

1 D102 Prod. Programming in Mech. Manufa. 0.968 MEM 
2 D113 Catering Services 0.944 HOT 
3 D9 Physical and Sport Activities Org. 0.898 PSA 
4 D59 Oral hygiene 0.894 HEA 
5 D99 Agroecological Production 0.888 ALA 
6 D30 Cookery Management 0.885 HOT 
7 D19 Cooking and gastronomy 0.855 HOT 
8 D100 Agricultural and Livestock production 0.853 ALA 
9 D56 Forest and Natural Envmnt. Mgmt. 0.852 ALA 
10 D57 Mgmt. & Org. of Agr. & Livestock Co. 0.826 ALA 
⋮ ⋮ ⋮ ⋮ ⋮ 
97 D96 Prepress in Graphic Arts 0.096 GRA 
98 D112 Commercial services 0.089 COM 
99 D116 Microcomputer systems and networks 0.081 ITC 
100 D81 Vehicle maintenance 0.078 VTM 
101 D95 Hairdressing and aesthetics 0.067 PIM 
102 D40 Electricity and electronics 0.056 ELE 
103 D66 IT and communications 0.044 ITC 
104 D111 Administrative services 0.033 ADM 
105 D88 Tesellations 0.012 ART 
106 D64 Food industries 0.011 FOI  
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amount of 106 were used in this study.6 

As a brief descriptive summary of the data, Fig. 3 shows the evolution 
of the performance scores of each criterion throughout the period 
2009–2016. 

The general behaviour of the criteria reflects the evolution of the 
economy in Spain, particularly in Extremadura. The time required to 
find the first job (criteria C1 and C5) starts a clearly decreasing trend in 
2012, together with the time between contracts (criteria C2 and C6). For 
the rest of the criteria there is no general improvement (in median). This 
turning point in 2012 coincides with the moment when the region’s GDP 
growth bottomed out and began to recover, although it was not until 
2014 when it began to have positive values, like the rest of the country. 

6.2. VET rankings 

Fig. 4 shows the results for the rankings of the VET programs from 
2009 to 2016. The figure shows, with a colour, the percentile of each 
VET program at each year. The VET programs have been sorted ac-
cording to their average percentile during the whole period 2009–2016. 
This plot allows to easily find both, the overall performance of a program 
and the evolution over time of such performance. 

A closer look at the top and bottom of the ranking, as shown in 
Table 3, gives us some insight about which VET programs are the best 
behaved regarding the employability. Seven out of the 10 best programs 
are from the professional families “Agricultural and Livestock Activities” 
(ALA) and “Hostel and Tourism” (HOT), which correspond with the two 
major economic activities (or sectors) in the region: Primary and Ter-
tiary sectors, namely agriculture and tourism. 

It is also interesting to analyze how the programs within each pro-
fessional family are doing regarding the employability of their students. 
Fig. 5 depicts, for each professional family, the evolution over time of 
their programs in the ranking. We show the mean of the percentiles 
obtained by the VET programs of the corresponding professional family 
(solid lines) together with the minimum and maximum values (dashed 
lines) and the amount of programs that each year fulfilled all the con-
ditions mentioned above, for being considered in the ranking (gray bars - 
right side y-axis). 

It is clearly seen how Agriculture and Livestock Activities (ALA) and 
Hostel and Tourism (HOT) perform very well through most of the period 
with very few differences between the maximum and the minimum. 
Other professional families, on the contrary, perform poorly for most of 
the time, like Graphic Arts (GRA), Chemistry (CHE) and Arts and 

Artcraft (ART). 
Finally, some other professional families, like, for example, Admin-

istration and Management (ADA), Health (HEA), IT and communica-
tions (ITC) or Personal Image (PIM), present huge differences between 
the maximum and the minimum. In some cases those differences can be 
explained because the programs within the same professional families 
are very different in nature: for example, in the Health professional 
family, Dentures (D103) and Oral Hygiene (D59) programs are ranked in 
the top of the list while Anatomical Pathology and Cytodiagnosis (D8), 
Radiotherapy (D107) or Clinical diagnostic laboratory (D78) perform 
quite poorly in comparison. These professions differ both in the work-
places where they take place and in the activity itself. 

However, in other cases, such as the Personal Image professional 
family, all programs, with the exception of Personal and Corporate 
Image Consulting VET program, are related to hairdressing and aes-
thetics, but their positions in the ranking range from as low as a 6.6% for 
Hairdressing and Aesthetics (D95) to an average percentile of 77% for 
Aesthetics (D45) programs. This high variability may be due to an over 
fragmentation of the professional family in too many programs with 
very similar characteristics. 

6.3. Criteria influence analysis 

Fig. 6 depicts a boxplot of the Kendall - tau distance between the 
most weighted and the least weighted scenarios for each criterion for the 
whole 2009–2016 period, showing firstly that criteria C7 (Fraction of 
the labor life under temporary contracts) and C8 (Time spent without 
contracts) are the least sensitive to weight changes with a median 
Kendall - tau distance of around a 5% and secondly, that criterion C4 
(Fraction of the time worked within the same professional field as the 
VET program under temporary contracts) is the most sensitive to those 
weights changes (with a Kendall - tau distance reaching values larger 
than 35%). 

On the other hand, we can compare these results with those obtained 
from the Global Sensitivity Analysis. Fig. 7 depicts the Karl Pearson’s 
correlation ratio for three different rankings: the least weighted scenario 
(left plot), the most weighted scenario (middle plot) and the weights 
proposed by the expert panel (right plot). Taking a closer look to the 
three plots we can see that the importance of criteria C7 and C8 in the 
construction of the final score is almost the same and it is very low. The 
importance of criteria C1 and C2 show more differences across the three 
rankings, and finally, criteria C3, C4, C5, and C6, show the largest dif-
ferences in importance between the three rankings, showing a larger 
importance when the weights assigned are larger and lower values of 
importance when their assigned weights are smaller. This agrees with 
the results of the scenario comparison method that showed that these 
criteria were very sensitive to changes in the assigned weights. 

However, the scenario comparison method introduced in this work, 
focuses not on the scores obtained by the MCDM method (TOPSIS score 
in this case), like the Global Sensitivity index does, but on the final 
ranking obtained. This is important since a change in the score of an 
alternative does not necessarily lead to a change in its position in the 
ranking. Also it is worth mentioning that the scenario comparison 
method introduced here has the advantage of not needing a previous 
definition of the criteria weights, and therefore the information about 
the sensitivity of the final ranking to the weight assigned to each crite-
rion is available to the expert panel before they make the weight 
assignment. 

Moreover, if we recall the weights assigned by the expert panel, it 
may look that there is a divergence between the weights assigned to each 
criterion and their sensitivity, as was found in the previous results. This 
divergence does not mean that the weights were wrongly assigned by the 
experts. In this case the experts (regional administration) gave more 
importance to criteria C1 and C2, mainly because those criteria were 
directly related to finding a first job rapidly and keep working on a la-
bour sector directly related to the study field of the VET, and this could 

Fig. 6. Kendall - tau distance between the least and most weighted scenarios 
for each criterion. 

6 The list of all the VET names and Professional families is available in 
https://github.com/chemacmunex/vetrankings.git 
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encourage young people to enrol on such VET programs. On the other 
hand criterion C4 was regarded as a long term criterion which was 
considered to be less important for young people when deciding whether 
to take a VET course or not. 

Notwithstanding the above, this tool does give information about the 
changes that the final ranking may have if, for political reasons, it is 
decided to focus the importance of the criteria in a slightly different way. 
In particular, the experts should know that a slight change is made in the 
weight of criterion C4, the final ranking will be far more affected than if 
this change is made to criteria C1 or C2 (for example). With this infor-
mation, experts could establish the allocation of weights in a safer way 
and with information consistent with the allocation. 

Therefore, to some extent, the proposed criteria analysis is inde-
pendent from the weight definition, but decision-makers should be 
aware of the sensitivity of the different criteria to changes in the 
weights, since those changes can be determined by changes in some 
policies. 

7. Conclusions 

In this work we have proven the effectiveness of the TOPSIS method 
as a multi-criteria analysis tool for the classification of VET programs in 
Extremadura during the period 2009–2016. It is very important to 
emphasize the fact that having quantitative data available relating 
different databases from the Education and Employment Board of 
Extremadura, allows us to have more criteria on which to base the 
performance of the different VET programs. It should be borne in mind 
that in this type of rankings, the criteria employed are usually either 
qualitative and based on surveys about the satisfaction on their 
employment status several years after completing their studies or, in the 
case of quantitative criteria, they are, in most cases, based on a single 
criterion (e.g. percentage of graduates who are working a year after 
completing their studies). 

In the analysis, we have provided a classification considering 8 
different criteria, that were calculated based on the real data provided 
by the Education and Employment Board of Extremadura. This is a 
significant contribution of this work with respect to similar ones that 
apply multi-criteria analysis relying on the use of questionnaires. 

In addition, in this work we have proposed a new decision support 
method for assessing the influence of the weights assigned to the 
different criteria in the final ranking, comparing it with other known 
technique for criteria influence analysis. This new method can be 
applied before the weight definition by the experts, so it can serve as 

support information for the determination of the final weight scheme. 
This analysis showed that it is of paramount importance a thorough 
analysis of the criteria, since the ranking of the different VET programs, 
and all the possible policy decisions based on such ranking, greatly 
depend on the choice of the weight assigned to each criterion. 

Finally, we strongly believe that the approach presented in this work, 
in which the academic data of each VET student is linked to its full labor 
history, is a step forward in the analysis of the efficiency and usefulness 
of such VET programs. Moreover, since VET programs are widely 
consolidated all over Europe, this approach could be easily replicated in 
other countries and regions, using their own citizens’ data, to try to 
reach the same goal. 
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