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Abstract:

This research aims to demonstrate the
need for an economic evaluation of the Or-
ganic Law that modifies the Organic Law of
Education (LOMLOE), especially after the in-
vestment of EU Next Generation funds that
open new opportunities that were lacking in
the initial drafting of the law. The challenge
for Public Administrations is to use this addi-
tional investment efficiently.

Our analysis shows that artificial intelli-
gence models can predict whether educational
support programmes will help increase the like-
lihood that students who lag behind will pass

the 4th grade of ESO (Compulsory Secondary
Education). In this way, we can calculate the
social return of one of these programmes and
contribute to their ex-ante design to achieve
higher success rates for students.

To complement the models already used
by Public Administrations, we use robust
Machine Learning (ML) models such as
CHAID decision trees and artificial neural
networks to analyse the characteristics of
the groups of students and the interven-
tion they have been part of. The conclusions
allow us to improve educational reinforce-
ment programmes in the coming years to

* Organic Law 3/2020, of 29 December, which amends Organic Law 2/2006, of 3 May, on Education (LOMLOE).

Revision accepted: 2021-12-13.
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support students with lower chances of ac-
ademic success.

Keywords: Public policy analysis, Machine
Learning, educational efficiency, LOMLOE.

Resumen:

El objetivo de esta investigacion es demos-
trar la necesidad de evaluar econémicamente
la LOMLOE (Ley Organica 3/2020, de 29 de
diciembre de 2020, por la que se modifica la
Ley Orgénica 2/2006, de 3 de mayo, de Edu-
cacion), especialmente tras la inversion de los
fondos EU Next Generation que abren nuevas
oportunidades de las que carecia la ley en su
redaccion inicial. Las Administraciones publi-
cas tienen el reto de emplear esa inversion adi-
cional de forma eficiente.

Nuestro analisis demuestra que los mode-
los de inteligencia artificial pueden predecir si

los programas de apoyo educativo ayudaran a
incrementar la probabilidad de que estudian-
tes rezagados superen 4.2 de la ESO. De esta
forma, se puede calcular el retorno social de
los programas de apoyo educativo y contribuir
a su diseno ex-ante para lograr que los alum-
nos tengan mayores tasas de éxito.

Para completar los modelos ya utilizados
por Administraciones puablicas, empleamos mo-
delos de Machine Learning (ML) robustos como
arboles de decision CHAID y redes neuronales
artificiales para analizar las caracteristicas de
los grupos de estudiantes y la intervencién en
la que han formado parte. Las conclusiones
permiten mejorar los programas de refuerzo
educativo de los proximos anos para apoyar a
los alumnos con menos posibilidades de éxito
académico.

Descriptores: analisis de politicas ptiblicas, Ma-
chine Learning, eficiencia educativa, LOMLOE.

1. Introduction

One of the principles of educational
management by international organisa-
tions such as the OECD (Organisation for
Economic Co-operation and Development)
is the evaluation of educational policies,
both global and of specific interventions.
(Golden, 2020). The result of the analysis
leads to greater effectiveness and impact,
both at the social and individual levels,
of educational actions. This in turn has
a positive impact on students and a posi-
tive dynamic for the system in general.
(OECD, 2018). This informative principle
appears in almost all European law, and,

in the case of Spain, is included in Organic
Law 2/2006 of 3 May (LOE), which states
in Article 2 his that “The functioning of
the Spanish Education System is governed
by the principles of [...] efficiency in the
allocation of public resources, transparen-
¢y and accountability”.

Our aim is to demonstrate that the
economic evaluation of education policies
serves to optimise and prioritise the legisla-
tive objectives set by the LOMLOE. This
fact would demonstrate that the law faces
a gap in its construction that affects its
management evaluation, an evaluation
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that is a requirement for the justification
of EU Next Generation funds for education,
which in 2021 alone represent 1,852.5
million euros in the general state budget.

It is this European investment that will
make it possible to implement and evaluate
the law, since in its Analysis and Regulato-
ry Impact Report (known as MAIN), which
includes the technical aspects of the regula-
tion, it is stated that “...the project does not
involve an increase or decrease in public
spending”. On the other hand, the Commis-
sion requires an assessment of whether the
population effectively acquires the skills to
compete at a global level. (Crescenzi et al.,
2021; Porte & Jensen, 2021).

The European Commission and
UNESCO recognise the importance of
this type of action, both in the choice of
reforms and in their subsequent analy-
sis, and the need for data on educational
interventions to be available for said anal-
ysis, despite the reluctance of some ad-
ministrations. European Comission (EC,
2010; Yusuf, 2007). Although the pre-
ferred approach for this analysis is the ex-
perimental method, in the reality of edu-
cation there are problems in carrying it
out for various reasons: such as the eco-
nomic cost, the difficulty of establishing
randomised control groups, problems of
management, anxiety, etc. (Golden, 2020,
Slavin, 2016).

To solve this proposition, there is an
arsenal of new techniques that are being
used and which are in full development
and can serve as a proposition, including
artificial intelligence (Al) (Ballestar et al.,

2019; Chassignol et al., 2018; Chatterjee
& Bhattacharjee, 2020) because of the
difficulty of identifying who are the main
beneficiaries and what are the long-term
effects. Still, new policies including finan-
cial incentives have been adopted to in-
crease the research output at all possible
levels. Little literature has been devoted
to the response to those incentives. To
bridge this gap, we carry out our analy-
sis with data of a six years program de-
veloped in Madrid (Spain. Following the
triangulation strategy of Ballestar et al.,
(2020) we evaluate the use of different
Al strategies for the evaluation of the
return on educational interventions. To
do so, we will delve into the intervention
carried out by the Regional Ministry of
Education of the Junta de Comunidades
de Castillay Leon called Programa para la
Mejora del Exito Educativo (Programme
for the Improvement of Educational
Achievement), which we will analyse in its
2020 edition, after the closure of schools
due to the pandemic. The Junta made a
call for financial aid so that schools could
offer support classrooms during July
to students in the sixth year of primary
school, the fourth year of ESO and the
second year of baccalaureate in the areas
of Spanish language and literature, math-
ematics, or English with educational dif-
ficulties. The programme has contributed
over the years to the promotion of a sig-
nificant number of students in the com-
munity. All grades benefited from the
programme, yielding an improvement in
promotion of 5% in the 2019-20 academic
year for students who participated in the
programme, compared to those who were
able to participate but did not.
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2. The intervention

To design any educational intervention
Slavin (2016) y Golden (2020) recognise
as fundamental that it should be based
on scientific evaluations. The support
classes that make up the Programa para
la Mejora del Exito Educativo en Castilla
y Leon are probably one of the most
scientifically grounded in recent years.
Research conducted by the Education
Endowment Foundation' shows that
small group tutoring is among the mea-
sures for which there is empirical evi-
dence of greatest effectiveness interna-
tionally. As such, they have proven to be a
good complement to an education system
that is designed to move large numbers of
students from grade to grade, but which
does not work for all students.

Kraft (2015) and Burgess (2020) dis-
cuss the factors contributing to its suc-
cess: delivery by selected and trained
staff in coordination with their regular
teachers and in small groups. The impact
is significant: Nickow et al., (2020) show,
from the study of 96 randomised experi-
ment items, that the effect of small-group
tutoring is large and significant (37% of
the standard deviation).

This intervention is one of the few
that are included in the Spanish legis-
lation. LOMLOE, Art. 4.4, states as one
objective to facilitate “...access to the
support that students require” and the
increase of these measures throughout
the entire educational process in an in-
dividualised manner (Artart. 20 bis) “
to avoid school repetition, partlcularly in
socially disadvantaged environments”.

In fact, the regulation leaves a very clear
wording on its objectives to repetition, for
example, the new Artart. 28 reads: “Re-
maining in the same year [of secondary
school] shall be considered an exceptional
measure and shall be taken after having
exhausted the ordinary reinforcement
and support measures to solve learning
difficulties”.

These support measures have been
present in educational legislation
throughout this century. Thus, the un-
born Organic Law 10/2002, of 23 Decem-
ber, on the Law on the Quality of Edu-
cation (LOCE) included in its art. 2 the
right of students to "...receive the nec-
essary help and support to compensate
for personal, family, economic, social,
and cultural deficiencies, and disadvan-
tages, especially in the case of special ed-
ucational needs, which prevent or hinder
access to and permanence in the edu-
cation system". The various regula-
tions since then have taken up similar
precepts of protection in line with the
recommendations of specialised bodies
(Gouédard et al., 2020; Pont & Montt,
2014; Schleicher, 2020) or the literature
on educational return (Brunello & Paola,
2014; de la Fuente & Jimeno, 2009; Don-
cel et al., 2014) which establish the im-
portance of the acquisition of competenc-
es, a fact which has become fundamental
with the irruption of new technologies
(Ballestar et al., 2020, 2022; Goos et al.,
2009; Gregory et al., 2019).

Art.9ofthe LOMLOE givestherespons-
ibility to the autonomous communities
(CCAA) to reduce and prevent school fail-
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ure and early school leaving through terri-
torial cooperation programmes. The Law’s
Analysis and Regulatory Impact Report
(MAIN) in the first draft of the law, prior
to the pandemic, provides 45 million euros
per year for this type of programme for the
period 2020-2023.

The autonomous regions were already
investing heavily in this type of project.
Since the 2007-2008 academic year, the
Regional Ministry of Education of Castilla
yLeodn (Castileand Leon) hasbeen develop-
ing, among others, the Programme for
the Improvement of Educational Achieve-
ment. Its objectives are, in line with the
LOE, LOMCE (Organic Law for the Im-
provement of the Quality of Education,
2013) and LOMLOE “... to contribute to
the improvement of the educational model
in the Community of Castilla y Leén and
to facilitate the success and continu-
ity of students in the education system”
guaranteeing “the didactic progression of
students and their promotion in the edu-
cation system, reducing early school leav-
ing, promoting their effective integration
into the labour market and at the same
time optimising the climate of coexistence
in schools”.

It is the schools that request these
measures to favour educational success,
the integration of students and the in-
volvement of families to increase the pro-
motion and graduation rate of students,
with special attention to the most vul-
nerable students in the 4th year of ESO,
6th year of Primary Education and 2nd
year of Baccalaureate in publicly funded
schools. The programme was is taught in

93 centres in language, mathematics, and
English to reinforce the end of the cycle
and with the participation of students
attending voluntarily and supported by
their families. The access requirements
are to require educational support or to
be in a situation of socio-educational vul-
nerability and it is taught by specialised
teachers.

For the 2019-2020 academic year, stu-
dents participating in the programme in-
crease their probability of passing language
by 24.6%, English by 13.8% and math-
ematics by 8.4% compared to those not
enrolled, generating a high level of satis-
faction among both teachers (85.7%) and
families (88.2%).

This first analysis serves as the basis
for our research on the economic effi-
ciency of the interventions included in
the LOMLOE. To this end, we propose
to classify students participating in the
Programme for the Improvement of
Educational Success in Castile and Leon
in the 4th year of ESO into groups and
to predict the probability of passing this
school year for each of the groups of stu-
dents. This will allow individual predic-
tions to be made for students based on
their characteristics, details of the spe-
cial support programme carried out and
their performance in the programme.
This allows the probability of success of
the programme to be estimated and its
social return (ROI) calculated through
a triangulation model that employs dif-
ferent ML methodologies such as CHAID
decision trees and artificial neural net-
works to evaluate educational policies.
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3. Empirical analysis.

The information used for the analysis
contains the data available for students in
the 4th year of ESO participating in the
Programme for the Improvement of Edu-
cational Success in the 2019-2020 academ-
icyear. There are 1,739 records that corres-
pond to the students who participated in
one of the three programmes implemented
in the Autonomous Community. Of these,
47.27% are girls and 52.73% are boys. Of
these students, 47.15% (820 students)
have already repeated a grade.

Students can participate in three categ-
ories of programmes. The C2 consists of
accompanying students throughout the
academic year and accounts for 76.37%
of students (1,328). The C3 consists of
extra classes during the summer in July
and includes 17.02% of the students (296).
The C2C3 programme, a combination of
the two previous programmes, represents
6.61% of the students (115). These actions
are delivered in the nine provinces of Cas-
tilla y Ledn, with 66.36% of the students
concentrated in provincial capitals and
33.64% in other localities, with a success
rate in the completion of 4th-year ESO
studies of 85.34% for those who finished
the programme.

One of the innovations of our research
is the application of a triangulation
methodology, which consists of the de-
velopment of more than one quantitative
method, applying different approaches,
with the aim of enriching the results, as
well as confirming the results obtained
twice. (Ballestar et al., 2020). In the first
phase, we develop a Machine Learn-

ing (ML) model based on CHAID (Chi-
square Automatic Interaction Detector)
decision trees to determine which vari-
ables are relevant when designing and
predicting the expected success rate of
participants in the programme. The aim
is to identify the factors to be considered
when designing an intervention of these
characteristics, as well as to calculate its
success rate and, consequently, the social
return on the investment made.

In the second phase, we assess the ro-
bustness of the first model by designing
a new model using an ML methodology
based on artificial neural networks multi-
layer perceptron backward programming
(ANN-MPL) to validate the results ob-
tained previously.

3.1. Definition of variables in ML models.

CHAID decision trees and multi-
layer perceptron artificial neural networks
(ANN-MLP) are supervised machine learn-
ing methods. These models describe and ex-
plain the underlying relationships between
different input variables in order to predict
the value of the target variable, through a
training process using a data sample that
contains hoth the values for the input
and output variables. (Maimon & Rokach,
2005). As supervised methods, the accuracy
of their classifications and predictions will
depend on the quality of the sample avail-
able for training, validation and testing of
the models. (Aad et al., 2012; Ballestar et
al., 2018; Li & Eastman, 2006).

We performed a data mining process on
the database to create a single table for the
development of the ML models. This table
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contains 1,739 student records and 21 vari-
ables that capture the information for the
characterisation of the student, as well as
their performance and results both in the
programme they have participated in and
in the 4th year of ESO.

Through descriptive and iterative causal
analyses, five of these variables were statis-
tically significant and relevant for the em-

pirical analysis and development of the two
ML models. Of these variables, four act as
input variables in the models and one as an
output or target variable to be determined
or predicted (Table 1). Therefore, both
models use the same five variables and are
trained on the same database.

The target or output variable, the per-
centage of students who did not pass the

TaBLE 1. Description of the variables of the ML models: CHAID decision tree and
multilayer perceptron artificial neural network (ANN-MLP).

Input variables

Description

years_repetition

Discrete numeric variable. Number of years the student has

repeated. If the student has not repeated any year, the value

will be 0.

student_repetition

Boolean variable. Value 1 if the student has repeated a course;

Value 0 if the student has not repeated a course.

kind_program

Categorical variable indicating which of the three academic pro-

grammes the student has completed: C2; C3; C2C3.

finish_program

Boolean variable. Value 1 if the student has completed the academic

support programme; Value 0 if the student has not completed it.

Output variable

Description

finish_studies

Boolean variable. Value 1 if the student has passed the 4th year

of ESO; Value 0 if the student has not passed the course.

Source: Own elaboration.

4th year of ESO (0 in the variable fin-
ish_studies), is 14.66%, while those who
do pass the year represent 85.34% (value 1
of the variable finish_studies), leaving an
unbalanced sample.

3.2. First phase of the empirical analysis:
Predictive model of the success of the
special education support programme.

In this phase, we developed a model con-
sisting of a CHAID or chi-squared automatic
interaction detection (CHAID) decision tree

(Kass, 1980)CHAID, is and offshoot of AID
(Automatic Interaction Detection whose
objective is twofold: classification and pre-
diction. This model will classify each of the
students into homogeneous groups hased
on the explanatory input variables or pre-
dictors that interact significantly with the
dependent output or target variable (Akin
et al., 2017; Khosravi et al., 2019). The al-
gorithm identifies the students who are
likely to belong to a particular group and,
at the same time, identifies the rules that it
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will use in predicting future cases of those
students who have not participated. In our
case, these groupings are constituted accord-
ing to the characteristics of the student, the
programme in which he/she participates
and his/her performance, making it possible
to fulfil the second objective of determining
and predicting the pass rate in the 4th year
of ESO for each of the groups and individ-
ually (Ramaswami & Bhaskaran, 2010).
Finally, the prediction of this success rate
makes it possible to calculate how to re-
inforce each of the programmes hy type of
student.

One of the benefits provided by CHAID
decision trees over other methods is that
they could generate non-binary trees. In
addition, they also support continuous

or categorical numeric type input vari-
ables. Being non-parametric, it can handle
both linear and non-linear relationships
between the explanatory variables and
the output variable and can also handle
very large volumes of data very efficiently,
even in real time, (Chassignol et al., 2018,;
Khosravi et al., 2019).

For the development and training of
the model, we applied a training, testing
and validation (TTV) methodology which
consists of training the model with 70%
(1,203 records) of the sample and testing
and validating it with the remaining 20%
(367 records) and 10% (169 records) of
the sample, respectively. (Ballestar et al.,
2019)because of the difficulty of identi-
fying who are the main beneficiaries and

GrapH 1. CHAID decision tree diagram for the success model of the student support
programmes for the successful completion of the 4th year of ESO.

finish_studies

Node 0
Catego % n
14664 255
85.336 1484
Total  100.000 1739

Kkind_program
Adj. P-value=0.000, Chi-square=120.285, df=1
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Node 1
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what are the long-term effects. Still, new
policies including financial incentives have
been adopted to increase the research out-
put at all possible levels. Little literature
has been devoted to the response to those
incentives. To bridge this gap, we carry
out our analysis with data of a six years
program developed in Madrid (Spain).
Graph 1 shows the CHAID decision tree
diagram obtained for the programme suc-
cess model.

3.2.1. First phase of the empirical
analysis: Evaluation of the model.

The most relevant CHAID indicators
are classification accuracy, sensitivity,
specificity, area under the ROC curve and
the GINI coefficient. These accuracy indi-
cators and the confusion matrix, which
contains the percentage of cases classified
both correctly and incorrectly for the two
possible values of the dependent variable,
are available in Table 2. The indicators
have been calculated both for the total
sample and for each of the training, testing
and validation subsamples of the model.
Therefore, we observe that the model has
an accuracy in classifying students and
predicting their percentage of passing stu-
dents of 70.73% (error of 29.27%). This
percentage of correctly classified students
is very similar between all the training,
testing and validation subsamples, so we
can affirm that the model has not been
overtrained.

The percentage of true positives, called
sensitivity, is 71.43%. This value explains
the percentage of students who pass the
course and who have been correctly classi-
fied by the CHAID decision tree based

on the characteristics of the student, the
support programme carried out and their
result in this programme. The percentage
of true negatives, also called specificity, is
66.67%. This value is the percentage of
students who do not pass the 4th year of
ESO and who have heen correctly classi-
fied based on the same input variables.
The complementary values are the per-
centage of false positives, 33.33%, which
corresponds to the percentage of students
who did not pass the 4th year of ESO
and were classified by the model as hav-
ing achieved it. Finally, the percentage of
false negatives is 28.57%. This value corre-
sponds to the percentage of students who,
having passed the year, were classified by
the model as not having passed it.

In this research we prefer to use as the
main measure of accuracy of the CHAID
decision tree the area under the curve
(AUC) ROC indicator, as it is more robust
than the classification accuracy indicator
when working with unbalanced samples
as in our case (Table 2). (DZelihodzi &
Jonko, 2016; Yin et al., 2013). The area
under the ROC curve (AUC) for the total
sample has a value of 0.762, like those of
the training, testing and model valida-
tion subsamples (0.763, 0.760 and 0.755
respectively). The AUC values can range
from 0.5, which is the worst possible value
and would imply that the model makes
random classifications, to 1, which is the
best value and would mean that the model
makes perfect classifications. Therefore, it
can be concluded that the quality of this
CHAIDdecisiontreemodelisgood. (Hosmer
Jr, et al., 2013). Complementarily, the
GINI coefficient has also been calculat-

<
19)
L
Y
(0]
o
>
N
(0]
—
—
)
=
c
o
-
<
>
o
=,
N
o
N
N
—
w
w
—
o1
N

eiSo3epad ap ejouedsa ejsinal

S
|

@
= H
%‘l Il\‘\‘

J
141 EV




Maria Teresa BALLESTAR, Jorge SAINZ and Ismael SANZ

TaBLE 2. Model accuracy and confusion matrix of the CHAID decision tree.

Model Accuracy Confusion Matrix
Predicciéon
Sample size Percentage
Sample Sample Percentage AUC GINI Sample Observed 0 1 0 1
size Correct
Total Sample 1739 70.73% 0.762 0.523 Total Sample 0 170 85 66.67%  33.33%
1 424 1060 28.57%  71.43%
Sub-sample
Training 1203 70.91% 0.763 0.527 Training 0 117 62 65.36%  34.64%
1 288 736 28.13%  71.88%
Test 367 69.21% 0.760 0.519 Test 0 34 16 68.00%  32.00%
1 97 220 30.60%  69.40%
Validation 169 72.78% 0.755 0.510 Validation 0 19 7 73.08%  26.92%
1 39 104 2727%  72.73%

Source: Own elaboration.
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GrapH 2. Relative importance of input variables in the CHAID decision tree.

Predictor Importance

Target: finish_studies

years_repetition

student_repetition

kind_program

finish_program

0.0 02 04

Less important

Source: Own elaboration.

ed, which can be used alternatively to
the AUC, as they are closely related. The
GINI coefficient represents twice the area
between the ROC curve and the diagonal
and ranges between the values 0 and 1.
In our research, the GINI coefficient for
the total sample has a value of 0.523, like
that of the training, testing and validation
subsamples of the model (0.527, 0.519 and
0.510 respectively).

Graph 2 shows the relative impor-
tance of each of the significant predictor
variables in the CHAID decision tree.

06 08 10

Most important

The importance of these predictors is de-
termined by calculating the reduction in
variance of the target variable (comple-
tion or non-completion of the 4th year of
ESO per student) that can be attributed
to each predictor by performing a sensi-
tivity analysis. (Saltelli et al., 2004). In
this research, the variable that accumu-
lates 44% of the relative importance is the
number of years that the student has re-
peated (years repetition), followed by the
variable indicating whether the student
has repeated or not (student repetition)
with an importance of 30%. Next, with
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16%, is the type of programme in which
the student participated (kind program)
and, finally, with 10%, whether the stu-
dent completed the special support pro-
gramme (finish_program).

3.2.2. First phase of the empirical
analysis: Analysis of the results of the
CHAID decision tree model.

The CHAID-based ML model produces
a tree in which the first group, called the
root node, represents the total set of the
sample, in this case, the 1,739 students
analysed. The algorithm divides this set
into two or more categories called parent or
initial nodes. Below the parent nodes, child
nodes are linked to them. The categories at
the last level of the decision tree are called
terminal nodes. In terms of hierarchy, the
parent or initial nodes exert the greatest in-
fluence on the root node, corresponding to
the dependent variable it seeks to explain,
while they exert a lesser influence on the
terminal nodes.

The total number of nodes is 12, dis-
tributed as follows in three levels of depth:
one root node (level 0), four parent nodes
(distributed in levels 1 and 2) and seven
terminal nodes (distributed in levels 2
and 3) (Graph 1). Additionally, based on
the model evaluation analysis carried out
in the previous section, it has been shown
that this model has a good segmentation
and prediction capacity (ROC of 0.762).

3.2.2.1. Level O of the CHAID Decision
Tree.

At Level 0 of the CHAID decision tree,
Node 0 is the variable to be predicted,
which determines whether the student

has successfully completed the 4th year of
ESO (finish_studies). At this level it is ob-
served that, for the total sample, 85.34%
have passed the course, while 14.66%
have not.

3.2.2.2. Level 1 of the CHAID Decision
Tree.

At this level, the most relevant variable
to define the first two parent nodes (Node
1 and Node 2) is the type of programme in
which the student has participated (kind
program). Each of these nodes will give rise
to a sub-tree that will use different predic-
tor variables to define the following levels.
At this level, the most relevant variable is
the programme in which the student has
participated, whether he/she has completed
it or not. Of the students who have parti-
cipated in the C2 programme (accompani-
ment of the student throughout the 4th year
of ESO), 90.51% have passed the 4th year
of ESO, compared to 68.61% of those who
have participated in the C3 and C2C3 pro-
grammes. Therefore, the programme with
the greatest success in its objectives is C2.

3.2.2.3. Level 2 of CHAID Decision Sub-
tree 1 (Left).

The next most relevant variable having
participated in the C2 programme is the
number of times they have repeated a year
(years_repetition). In Node 1 90.51% of the
students pass, but this percentage can vary
greatly depending on whether the student
has repeated a year or not previously: stu-
dents who have not repeated a year increase
their pass rate to 96.46% (Node 3), while
those who have repeated once see it reduced
to 86.27% (Node 4) and those who have re-
peated two or more times to 77.59% (Node
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5). Non-repeaters obtain better results in
the 4th year of ESO compared to those who
have repeated a year at least once.

In this Level 2 we find the nodes Node
3, 4 and 5. On the one hand, the nodes
Node 3 and 4, in which the students have
not repeated a grade or have done so only
once, give rise to the new subtrees of Level
3.Inthis Level 3the most discriminant vari-
able is the one that determines whether
the student managed to finish the C2 pro-
gramme in which he/she participated (fin-
ish_program). On the other hand, Node
5 of Level 2 is a terminal node (it has no
more sublevels), which implies that the
probability of passing the 4th year of ESO
for the students in this group is independ-
ent of their performance in the C2 pro-
gramme, contrary to Node 3 and 4.

3.2.2.4. Level 3 of CHAID Decision Sub-
tree 1 (Left).

In Level 3 there are 4 terminal nodes:
Node 8 and Node 9 correspond to students
who, having participated in C2, have not
repeated previously, and come from the
sub-tree of Node 3. The students in Node
9 have completed the C2 programme and
therefore 97.37% have managed to pass
the 4th year of ESO, the most successful
figure of all the segments of the CHAID de-
cision tree. While in Node 8 they have not
managed to complete the C2 programme,
and their success rate drops to 93.71%.

Node 10 and Node 11 correspond to
students in C2 who have repeated a grade
once and come from the sub-tree of Node
4. Students in Node 11 have completed the
(2 programme and therefore 88.06% have

managed to pass the 4th year of ESO, while
those in Node 10 see this figure reduced to
80.39% because they have not completed
the C2 programme. Therefore, students
who complete the C2 programme obtain
better results in the 4th year of ESO com-
pared to those who have not completed the
programme.

3.2.2.5. Level 2 of CHAID Decision Sub-
tree 2 (Right).

In level 2 of subtree 2 (right, having
been part of C2C3 or C3) is whether the
student has ever repeated a year (stu-
dent_repetition). We know that in Node
2 only 68.61% of the students pass, but
this percentage can vary a lot depend-
ing on whether the student is a repeater
or not. Students who have not repeated
any year increase their pass rate in 4th
ESO to 78.67% (Node 6), while those who
have repeated a year see this percent-
age reduced to 58% (Node 7). Therefore,
non-repeaters obtain better results in the
4th year of ESO compared to those who
have repeated a grade. In this sub-tree
2 (right) there are no more levels, and
this variable is the last relevant variable
to generate more groups of students.

3.3. Second phase of the empirical
analysis: Analysis of the robustness
and predictive quality of the model.
Inthisresearch,atriangulationmethod-
ology is applied to test the robustness of
the results obtained in the first phase.
For this purpose, an ML predictive model
based on a multilayer perceptron artifi-
cial neural network (ANN-MLP) is devel-
oped. Both models use the same database
with the same input variables (student
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characterisation, performance and type
of programme carried out) and output
(student performance in the 4th year of
ESO) (Table 1), but they are built using
completely different ML methods, with
the aim of verifying whether they obtain
confirmatory results. (Wolszczak-Derlacz
& Parteka, 2011).

ANN-MLP has the ability of neural
networks to handle complex relationships
between variables, both linear and non-
linear, which makes them an alternative
to more traditional predictive models such
as logistic regressions where the variable
to be predicted is dichotomous. (Paliwal &

Kumar, 2009). This ensures that no rela-
tionships are left unidentified.

While training the ANN-MLP it
should be considered whether the distri-
bution of the dependent variable is un-
balanced. This bias in our sample could
have a negative impact on the ANN-MLP
training process. To avoid this, we applied
an oversampling method on the underrep-
resented group to train the model with
70% (2,098 records) of the sample already
balanced, ensuring that both groups of
students are equally represented when
training the model.

GrapH 3. ANN-MLP architecture for predicting the success of programmes
to support students to pass the 4th year of ESO.

Network
Synaptic Weight
Estimate
Negative Positive
student_ student_ kind_ kind_ kind_ years_ years_ years_ years_ finish_ finish_
Bias repetiion=  repetition=  program= program= program=  repetition=  repetition=  repetition=  repetiton= program= program=
0 1 C2 2C3 c3 0 1 3 0 1
& & & & & & & & & & & &
—— = - e / - 7 R — \ 7\ — o
- Rl =, Vs NV
- > S A
Bias & Neuron1 & Neuron2 & Neuron3 & Neurond & Neuron5 & Neuron6 &
S ="
& &
finish_ finish_
studies=0 studies=1
Less important Most important

dource: Own elaboration.



An economic evaluation of educational interventions in the LOMLOE: Proposals for improvement...

On the other hand, the validation and
testing of the ANN-MLP model is carried
out respectively with 20% (367 records) and
10% (169 records) of the sample, this time,
without balancing. We also follow a training,
testing and validation (TTV) methodology.

Graph 3 shows the architecture used
to predict the success of student support
programmes for passing the 4th grade
of ESO, consisting of three layers: the
first input layer consists of eleven units,
corresponding to the possible values of the
four input variables related to the charac-
teristics of the students, their performance
and the programme carried out (Table 1).
The middle layer, called the hidden layer,
consists of six units or neurons. Finally,
the last one consists of two units, corre-
sponding to the prediction of student per-
formance in 4th ESO (Table 1). The type
of activation function of the hidden layer
and the output layer correspond to a hy-
perbolic tangent and softmax respectively.

Table 3 describes the accuracy indi-
cators and the confusion matrix of the
ANN-MLP which show that the quality of
this model is good: correct classification
of 71.19% of the students and an AUC of
0.763. (Hosmer Jr., et al., 2013). Further-
more, it is also verified that there is no
over-training as the indicators obtained
for the total sample, as well as for the
training, testing and validation subsam-
ples are similar.

4. Discussion
The indicators we have used to assess
the accuracy of the ANN-MLP as a pre-

dictor of student success are the same as
those used for the CHAID, thus facilitating
the comparison between results, predictive
quality, and robustness of both models.

Table 4 compares the classification
accuracy and confusion matrix indicators
of both models (Table 3 vs. Table 2). The
predictions and accuracy of the ANN-MLP
are consistent with those of the CHAID
decision tree. The ANN-MLP correctly
predicts 71.19% (8.81% error) of the stu-
dents who will pass the 4th year of ESO.
This figure represents a 0.46% (8 students)
higher predictive capacity compared to the
70.73% of correct predictions obtained by
the CHAID decision tree. For the rest of the
indicators, such as sensitivity, specificity,
false positives and false negatives, the
differences are also statistically non-sig-
nificant, ranging from -1.57% (difference
in the classification of four students) to
0.81% (difference in the classification
of 12 students). The same is true for the
differences between the areas under the
ROC curve (AUC) and the GINI coeffi-
cient. The AUC for the ANN-MLP and
the CHAID decision tree, 0.763 and 0.762
respectively and the GINI coefficient
0.525 and 0.523 respectively. Graph 4
shows the relative importance of the
ANN-MLP input variables or predictors
following the variance method and in total
they add up to 1.

Although it is true that both the CHAID
decision tree and the ANN-MLP use the same
database and variables in the model and man-
age to achieve very similar results, predictive
capacity and robustness, the way of doing so
is very different, both in the methods used
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TaBLE 3. Model accuracy and confusion matrix of the artificial neural network multilayer perceptron (ANN-MLP).

Model Accuracy Confusion Matrix
Prediction
Sample Size Percentage
Sample Sample Percentage AUC GINI Sample Observed 0 1 0 1
Size Correct
Total Sample 1739 71.19% 0.763 0.525 Total Muestra 166 89 65.10%  34.90%
412 1072 27.76%  72.24%
Submuestra
Training 2098* 69.78% 0.767 0.535 Training 720 354 67.04%  32.96%
280 744 27.34%  72.66%
Test 367 70.03% 0.755 0.510 Test 31 19 62.00%  38.00%
91 226 28.71%  71.29%
Validation 169 69.23% 0.744 0,488 Validation 15 11 57.69%  42.31%
41 102 28.67%  71.33%

*QOversampled to balance the sample.

Source: Own elaboration.
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TaBLE 4. Comparison of indicators: Classification accuracy and confusion matrix of
the ANN-MLP compared to the CHAID decision tree.

ANN-MLP compared to CHAID Tree

Indicators % change Classified variation
Percentage Correct 0.46% 8
Sensitivity 0.81% 12
Specificity -1.57% -4
False positives 1.57% 4
False negatives -0.81% -12
AUC 0.001 -

GINI 0.002 -

Source: Own elaboration.

GrapH 4. Relative importance of the input variables of the artificial neural network
multilayer perceptron (ANN-MLP).

Predictor Importance
Target: finish_studies

student_repetition

Kkind_program

years_repetition

finish_program

00 02 04 06 08 10

Less important Most important

Source: Own elaboration.

pad ap ejouedsa e}sinal

<
D
QO
ht
(0]
o
>
N
(0]
—
[
Q
=)
o
QO
-
<
prd
©
Iy
N
o
N
N
—
w
@
—_
(@]
&

eiSo8e




year 80, n. 281, January-April 2022, 133-154

revista espafiola de pedagogia

A
S,

S
a g
N
>

=
B

J
150 EV

Maria Teresa BALLESTAR, Jorge SAINZ and Ismael SANZ

and, in the handling, and importance of the
variables that contribute to the model. In the
case of the ANN-MLP the variable with the
highest relative importance accumulates up
to 35% and indicates whether the student has
repeated a year (student _repetition), followed
by the type of programme in which the stu-
dent participated with an importance of 31%
(kind program), next with an importance
of 21% is the variable indicating the num-
ber of years repeated by the student (years
repetition) and, finally, with an importance
of 13% is the variable indicating wheth-
er the student finished the special support
programme (finish_program).

The application of the triangulation
methodology concludes that the CHAID
decision tree models and the ANN-MLP
obtain similar results in terms of classi-
fication accuracy and prediction of the
success of the student support pro-
grammes for passing the 4th year of ESO
and, therefore, they are robust models
that confirm their results. Of the three
programmes analysed, the one with the
highest success rate is C2, which accom-
panies the student throughout the entire
4th year of ESO, reaching a 90.51% pass
rate, compared to 68.61% for the oth-
er two options C2 (extraordinary classes
in July) and C2C3 (combination of the
previous options).

In terms of educational evaluation,
the results are striking: the economic and
social return of an intervention can be eval-
uated according to the different charac-
teristics of the students, such as course
performance, the type of course or, of
course, whether they are repeaters or not.

5. Conclusions

Through our research we have con-
trasted the need for an economic evalua-
tion of the LOMLOE. The law started with
the same budget allocation as the LOMCE
for interventions such as the one analysed
(45 million euros). The arrival of European
funds opens up new possibilities not con-
templated in its initial design, which in
turn raises the challenge of using this addi-
tional investment efficiently.

Our analysis shows that it is possible to
predict the probability of at-risk students
passing the 4th year of ESO depending on the
support programme they participate in. This
can contribute to the design of more efficient
programmes with higher success rates.

To complement the models already
used by Public Administrations, we em-
ploy robust ML models such as CHAID
decision trees and artificial neural net-
works to analyse the characteristics of the
students, the intervention they have taken
part in and the final outcomes. This allows
us to maximise the social return of each
programme and to support those students
who are less likely to succeed.

For example, our results show that, in
the Programme for the Improvement of
Educational Success in Castile and Leon,
regardless of the programme in which the
student has participated, those who have
never repeated a grade are more likely to
pass the 4th year of ESO than those who
have. The probability of passing the year
increases when students, in addition to
participating in special programmes, stay
for the full support program. For this rea-
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son, the group of students who achieve the
best results is the group of non-repeaters
who participate in and complete the C2
programme, with 97.37% passing the 4th
year of ESO. While the group with the
worst results is the group of repeaters
who have participated in the C2C3 and
C3 programmes, regardless of whether
they have completed them or not, with
a b8% pass rate in the 4th year of ESO.
Our analysis also shows that providing
educational support in July does not cons-
titute a great added value since the C1
programme with accompaniment dur-
ing the school year obtains better results
than the C3 programme which combines
this reinforcement during the school year
with an additional reinforcement in the
month of July. In the next phase of re-
search, we will check whether these differ-
ent results are due to the pupils themselves
or to the characteristics of the programme.

As a corollary, we also show that ML
models such as CHAID and artificial
neural networks are good candidates
for building models to answer the edu-
cational questions posed, such as the
importance of mentoring the student to
complete the programme and not drop
out, especially in the case of young peo-
ple who have repeated, for whom the
programme is a very efficient tool to
avoid school failure and an efficient way
of investing public money.

Note

1 https://educationendowmentfoundation.org.uk/
projects-and-evaluation/projects/the-impact-of-co-
vid-19-on-school-starters/
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