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A B S T R A C T

The educational system determines one of the significant strengths of an advanced society. A country with a
lack of culture is less competitive due to the inequality suffered by its people. Institutions and organizations
are putting their efforts into tackling that problem. Nevertheless, it is not an easy task to ascertain why
their students have failed or what are the conditions that affect such situations. In this work, an intelligent
system is proposed to predict academic failure by using student information stored by the Industrial University
of Santander (Colombia). The prediction model is powered by the XGBoost algorithm, where a TOPSIS-
based feature extraction and ADASYN oversampling have been conducted. Hyperparameters of the classifier
were tuned by a cross-validated grid-search algorithm. We have compared our results with other decision-
tree classifiers and displayed the feature importance of our intelligent system as an explainability phase. In
conclusion, our intelligent system has shown a superior performance of our prediction model and has indicated
to us that economic, health and social factors are decisive for the academic performance of the students.
1. Introduction

Superior education, often referred to as higher education, is indis-
pensable for the holistic development of a country. The growth and
development of social, economic, and cultural features rely on it. For
that reason, advanced societies are doing their utmost to carry out
actions to promote the cultural enrichment of their population. Human
capital development is essential for the innovation and research of a
country. Therefore, a large part of the country’s strategies have to be
aligned with access to quality higher education.

With regard to public universities, the policies taken by the main
responsible play a crucial role in providing accessible and quality
education. The implementation of strategic plans has to be realized by
taking into account multiple approaches such as curriculum develop-
ment, adequate funding, sustainability, diversity, or inclusion among
others. It is easy to understand that these concepts can significantly im-
prove the situation of public universities. However, the management of
these institutions depends entirely on the public investment in research
and development of the country. In the particular case of Colombia,
in 2020 the country’s R&D expenditure was 0.29% of its GDP, while
the average for Latin America and the Caribbean was 0.69%. As a
comparison, the European Union invested 2.32% and the United States
3.45% of their respective GDPs [1].
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One of the biggest problems in achieving the cultural enrichment
goal is university failure and dropout rates. All the efforts made by
public administrations are useless if no measures are taken to address
this fact. This concern is even more acute in Latin America, where the
dropout rate is sometimes as high as 50%, with 39% in countries such
as Colombia [2]. So, we need tools for intelligent decision support. Not
only in order to reach as many students as possible, but also because
trying to do this task manually would be impossible. Moreover, such
intelligent systems cannot be designed as black boxes since both the
heads of the institution and the technical team staff need to be familiar
with the functioning of these tools.

In this work, the main objective is to predict academic failure using
the data available by the Academic Excellence Support of the Industrial
University of Santander (Colombia), whose acronym is SEA-UIS because
of the Spanish name ‘‘Sistema de Excelencia Académica de la Universidad
Industrial de Santander ’’. For this purpose, we have analyzed the given
dataset, in particular, the situation of the students before the beginning
of the first course. In this way, the stakeholders can take appropriate
action as soon as students enter college and thus take strategic measures
to prevent further failure.

With the aim of being able to predict academic failure in the
Colombian university, we have generated a decision support system
vailable online 20 November 2023
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powered by an XGBoost classifier [3]. The main reason we have se-
lected the XGBoost technique is that its structure is composed of
decision trees, which is an easy-to-understand machine-learning tech-
nique. In this manner, we can guarantee transparency to the managers
of the institution. Another underlying advantage of decision trees is
that their explainability is inherent [4]. Then, we can give significant
information to the stakeholders about the strengths and weaknesses of
the university. Apart from having the information given by the SEA-
UIS, we have performed a Multiple-Criteria Decision Making (MCDM)
feature extractor guided by TOPSIS-based features [5]. In addition,
we have handled the imbalanced problem of our dataset with the
ADASYN technique [6]. Finally, we have implemented other techniques
to contrast the results obtained and check the consistency of each of the
parts of our system.

The remainder of this paper is structured as follows. In Section 2, we
include a brief literature review. In Section 3, we present the method-
ology implemented for this work, composed of the five stages required
for performing the classification task. In Section 4, we introduce the
case study of the Industrial University of Santander (Colombia) with
a description of the problem and the strategy conducted. In Section 5,
we show the results obtained in our case study and we discuss the main
contributions of the project. Finally, Section 6 concludes this paper with
the main conclusions of the work.

2. Literature review

The analysis of student performance is a topic that is well-studied
by both institutions and research teams. The study of this subject is
a great challenge not only because of the importance of approaching
this problem but also because of the difficulty of generating appropriate
methodologies for each particular problem. Many factors determine the
academic performance of students. Hence, all of them must be taken
into account when predicting how their evolution will be during their
time at university. In most of the studies conducted, the approach has
been conducted from three non-exclusive perspectives.

First, we found the direct use of indicators for summarizing the
multidimensional information of data [7,8]. This kind of study has
been quite implemented at SEA-UIS (Parada et al. [9,10],Liern et al.
[11]). The main counterpart attached to this approach is that it is
only applicable to posterior evaluation. Then, the use of indicators
is not valid for making predictions about possible student outcomes.
Another problem that arises when constructing synthetic indicators
is the aggregation technique and the weighting scheme attached to
it [12].

Second, the implementation of statistical methods is also a recur-
rent approach. The analysis of variance (ANOVA) models gives us
relevant information about the different groups of students [13,14].
For instance, Mushtaq and Khan [15] showed that linear regression
analysis can be used to determine the correlation among factors affect-
ing students’ academic performance. Although statistical methods give
us significant information about the generalizations and associations
among students, we just know the global situation of past students. As
a consequence, we cannot make inferences about future events, thus
complicating the early detection of school failure.

Third, we found the use of data mining and machine learning
techniques. This approach turns out to be more appropriate for studying
academic performance since the information that is gathered a priori
is utilized to make a posteriori case study. The objective is to create an
intelligent system able to learn from the dataset of a given university
so that we can recognize and generalize common patterns among
students. The combination of supervised machine learning techniques
is commonly proposed for model benchmarking [16–19]. In addition,
we can also find sophisticated strategies for facing such a task. For
example, Hidayah et al. [20] used neuro-fuzzy systems, and [21]
implemented an artificial recurrent neural network. It is noteworthy
to mention the efforts made to study the gender gaps that may occur
2

within educational centers, thus guaranteeing gender equality. An ex-
ample with that line is conducted by Sapiezynski et al. [22], where they
applied class performance with Linear Discriminant Analysis (LDA) via
an imbalanced gender perspective. Although machine learning tech-
niques are very effective for predicting students’ performance, it is not
an easy task to understand the inner functioning of a great part of
the supervised techniques. Then, sometimes it is preferred to reduce
the model’s performance and use basic methods that ensure explain-
ability and transparency. That is why decision trees (DTs) are usually
selected for approaching academic failure prediction. In addition, their
effectiveness has been shown over small datasets [23]. For the failure
and/or dropout prediction, the tree ensemble methods turned out to
be very useful as well as extreme gradient boosting algorithms. Their
performance has been proven in such prediction tasks, showing that
hyperparameter tuning considerably improves the outcomes [24,25].

Another point to highlight is the emphasis made on marginal
groups. When working with real data of university students we should
bear in mind that approximately 70% of them do not have a problem
achieving the proper performance. For this reason, it is important
to consider data augmentation techniques to generate synthetic sam-
ples for the minority classes. Oversampling techniques have been
shown as proper strategies to enhance the detection of rare/outlier
cases [26]. An example of oversampling methods for tackling im-
balanced conditions is found in Thai-Nghe et al. [27], where they
applied the SMOTE algorithm [28] to oversample the students’ set.
Despite the fact these techniques can improve the learning process,
not all oversampling algorithms generate data in the same way. As a
manner to solve this concern, He et al. [6] introduced the ADAptative
SYNthetic (ADASYN) [6] algorithm. It uses weighted distributions for
oversampling considering their level of difficulty in learning.

Finally, we want to emphasize the development of well-established
datasets with detailed information about different academic, economic,
and social attributes. It is paramount for analyzing academic perfor-
mance over actual data [29,30]. That stage is very important since
it gives an experimental scenario for researchers with real conditions.
Sometimes the information gathered by the institutions does not con-
tain as many characteristics as we would like due to the sensitivity and
privacy of the study subjects. An example of this sort of dataset is found
in [31], who published a dataset of students in secondary education at
two Portuguese schools. Even though these kinds of datasets are very
useful for experimental purposes [25], the use of curated data makes
our studies not as credible or scalable. For that purpose, in this study,
we only utilized samples of actual students of the SEA-UIS institution.

3. Methodology

In this paper, we have combined multiple approaches from different
fields with the aim of predicting academic failure at the Industrial
University of Santander. To this end, we have implemented a tree-
based classifier so that we can know not only those students who are
prone to fail but also understand why this is likely to occur. In other
words, we want to remove the black boxes commonly attached to most
machine-learning algorithms [32], thus offering greater credibility and
transparency to the SEA-UIS. The core idea is to measure the underly-
ing feature importance when predicting. Because the success-to-failure
ratio for the institution is disproportionate, such natural imbalance
means a problem for the learning procedure. That is why we have im-
plemented an oversampling technique focused on marginal samples to
increase the accuracy and incorporate a major generalization. We have
depicted the procedure conducted in Fig. 1, where the five different
stages involved are remarked.
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Fig. 1. Methodological steps carried out in this paper to perform the classification of an imbalanced dataset.
3.1. 1st STAGE: Data preprocessing

The dataset used for this work has been transferred by the Indus-
trial University of Santander. Hence, we have followed the guidelines
indicated by the UIS-SEA institution in terms of data importation and
curation. Regardless of the employed dataset, this stage is crucial in
any machine-learning task [33] or knowledge discovery technique [34].
The preprocessing step that deserves to be mentioned is the nor-
malization functions utilized. They were originally proposed by Liern
et al. [11], thus measuring the similarity with an ideal fixed by the
interval. The mathematical definition of the functions that compute the
normalization of the dataset is described in 4.2.

3.2. 2nd STAGE: Multiple Criteria Decision-Making feature extractor

In this section, we briefly describe the Multiple Criteria Decision-
Making (MCDM) methods utilized for building additional informative
variables. The two methods are the TOPSIS and a generalization of this
technique, where the weights do not need to be fixed a priori.

3.2.1. TOPSIS method
The Technique for Order Preference by Similarity to Ideal Solution

(TOPSIS) [5] is a multiple-criteria decision-making method to rank
alternatives regarding positive and negative ideal solutions. Given a
weighting scheme, TOPSIS evaluates the dataset by making full use of
the selected criteria. For its application, we just need to consider nor-
malization and vector distance. Then it computes the relative proximity
to the ideal solutions to provide a cardinal ranking of the alternatives in
descending order. It was originally defined with the Euclidean distance
and vector normalization as described in the following steps.

1. Determine the decision matrix [𝑥𝑖𝑗 ], so that 𝑖 ∈ {1,… , 𝑁} and
𝑗 ∈ {1,… ,𝑀}, where 𝑁 and 𝑀 are the number of alternatives
and criteria respectively.

2. Normalize the decision matrix as [𝑟𝑖𝑗 ], where 𝑟𝑖𝑗 ∈ [0, 1], 𝑖 ∈
{1,… , 𝑁} and 𝑗 ∈ {1,… ,𝑀}.

3. Calculate the weighted normalized decision matrix [𝑣𝑖𝑗 ] accord-
ing to the set of weights {𝑤𝑗}𝑀𝑗=1 such that ∑𝑀

𝑗=1 𝑤𝑗 = 1. Then,
we have 𝑣𝑖𝑗 = 𝑤𝑗𝑟𝑖𝑗 , 𝑖 ∈ {1,… , 𝑁} and 𝑗 ∈ {1,… ,𝑀}.

4. Positive ideal and negative ideal are determined as 𝐴+ = (𝑣+1 ,… ,
𝑣+𝑀 ) and 𝐴− = (𝑣−1 ,… , 𝑣−𝑀 ) where

𝑣+𝑗 =

⎧

⎪

⎨

⎪

⎩

max
1≤𝑖≤𝑁

𝑣𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑎𝑥

min
1≤𝑖≤𝑁

𝑣𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑖𝑛
1 ≤ 𝑗 ≤ 𝑀,

𝑣−𝑗 =

⎧

⎪

⎨

⎪

⎩

min
1≤𝑖≤𝑁

𝑣𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑎𝑥

max
1≤𝑖≤𝑁

𝑣𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑖𝑛
1 ≤ 𝑗 ≤ 𝑀,

(1)

where 𝐽𝑚𝑎𝑥 is the set of criteria to be maximized and 𝐽𝑚𝑖𝑛 is the
set of criteria to be minimized.

5. Calculate the separation measures with regard to 𝐴+ and 𝐴−,

𝐷+
𝑖 =

√

√

√

√

√

𝑀
∑

𝑗=1
(𝑣𝑖𝑗 − 𝑣+𝑗 )2 and 𝐷−

𝑖 =

√

√

√

√

√

𝑀
∑

𝑗=1
(𝑣𝑖𝑗 − 𝑣−𝑗 )2 , 1 ≤ 𝑖 ≤ 𝑁.

(2)
3

6. Calculate the relative proximity to the ideal solutions using the
relative index:

𝑅𝑖 =
𝐷−

𝑖

𝐷+
𝑖 +𝐷−

𝑖
, 1 ≤ 𝑖 ≤ 𝑁. (3)

7. Rank the alternatives by descending order of the values {𝑅𝑖}𝑁𝑖=1.

In such a way, the TOPSIS technique transforms a set of features
𝑁 ×𝑀 dimensional into a decision vector in [0, 1]𝑁 that yields decisive
information about the global situation of the alternatives involved.
Moreover, we could modify the step 4 in which we get 𝐴+ = (1,… , 1)
and 𝐴− = (0,… , 0). Then, the result is a rank reversal methodology so
that it avoids results that are dependent on data [35].

3.2.2. Unweighted TOPSIS
The unweighted TOPSIS (UW-TOPSIS) technique [36] ranks deci-

sion alternatives based on the classical TOPSIS approach mentioned
in 3.2.1, however, this method does not require the introduction of a
priori weights. As a result, the method does not consider the relative
importance of the criteria, but it fits the weights in order to solve the
optimization problems (minimize/maximize) that involve the relative
proximity function (𝑅) in step 6. The output gives us information about
both minimal and maximal possible rank values per each alternative.
Additionally, we can utilize the optimal weights obtained to evalu-
ate the sensitivity of the method against such intervals. Unlike the
weighted approach, this algorithm can be conducted by following the
next six steps, in which step 3 is removed.

1. Determine the decision matrix [𝑥𝑖𝑗 ], so that 𝑖 ∈ {1,… , 𝑁} and
𝑗 ∈ {1,… ,𝑀}, where 𝑁 and 𝑀 are the number of alternatives
and criteria, respectively.

2. Normalize the decision matrix as [𝑟𝑖𝑗 ], where each 𝑟𝑖𝑗 ∈ [0, 1] for
each 𝑖 ∈ {1,… , 𝑁} and 𝑗 ∈ {1,… ,𝑀}.

3. Positive ideal and negative ideal are determined as 𝐴+ = (𝑣+1 ,… ,
𝑣+𝑀 ) and 𝐴− = (𝑣−1 ,… , 𝑣−𝑀 ) where

𝑣+𝑗 =

⎧

⎪

⎨

⎪

⎩

max
1≤𝑖≤𝑁

𝑟𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑎𝑥

min
1≤𝑖≤𝑁

𝑟𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑖𝑛
1 ≤ 𝑗 ≤ 𝑀,

𝑣−𝑗 =

⎧

⎪

⎨

⎪

⎩

min
1≤𝑖≤𝑁

𝑟𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑎𝑥

max
1≤𝑖≤𝑁

𝑟𝑖𝑗 if 𝑗 ∈ 𝐽𝑚𝑖𝑛
1 ≤ 𝑗 ≤ 𝑀,

(4)

where 𝐽𝑚𝑎𝑥 is the set of criteria to be maximized and 𝐽𝑚𝑖𝑛 is the
set of criteria to be minimized.

4. Given 𝛺 =
{

𝑤 = (𝑤1,… , 𝑤𝑀 ) ∈ [0, 1]𝑀 ∶
∑𝑀

𝑗=1 𝑤𝑗 = 1
}

and 𝑑 a
distance defined in [0, 1]𝑀 × [0, 1]𝑀 , we consider the separating
functions 𝐷+

𝑖 , 𝐷
−
𝑖 ∶ 𝛺 → [0, 1] for each of 𝑖 ∈ {1,… , 𝑁} as

𝐷+
𝑖
(

𝑤
)

= 𝑑
(

(𝑤1𝑟𝑖1,… , 𝑤𝑀 𝑟𝑖𝑀 ), (𝑤1𝑣
+
1 ,… , 𝑤𝑀𝑣+𝑀 )

)

, (5)

𝐷−
𝑖
(

𝑤
)

= 𝑑
(

(𝑤1𝑟𝑖1,… , 𝑤𝑀 𝑟𝑖𝑀 ), (𝑤1𝑣
−
1 ,… , 𝑤𝑀𝑣−𝑀 )

)

. (6)

5. The relative proximity function to the ideal solutions is defined
as 𝑅𝑖 ∶ 𝛺 → [0, 1] with:

𝑅𝑖(𝑤) =
𝐷−

𝑖 (𝑤)
+ − , 1 ≤ 𝑖 ≤ 𝑁. (7)
𝐷𝑖 (𝑤) +𝐷𝑖 (𝑤)
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6. For each 𝑖 ∈ {1,… , 𝑁}, the values 𝑅𝐿
𝑖 and 𝑅𝑈

𝑖 are calcu-
lated when solving mathematical programming problems over
𝑅𝑖 considering the set of weights as the problem variables

𝑅𝐿
𝑖 = min

1≤𝑖≤𝑁

{

𝑅𝑖(𝑤) ∶
𝑀
∑

𝑗=1
𝑤𝑗 = 1, 𝑙𝑗 ≤ 𝑤𝑗 ≤ 𝑢𝑗

}

, 1 ≤ 𝑖 ≤ 𝑁. (8)

𝑅𝑈
𝑖 = max

1≤𝑖≤𝑁

{

𝑅𝑖(𝑤) ∶
𝑀
∑

𝑗=1
𝑤𝑗 = 1, 𝑙𝑗 ≤ 𝑤𝑗 ≤ 𝑢𝑗

}

, 1 ≤ 𝑖 ≤ 𝑁. (9)

Where 𝑙𝑗 lower bound and 𝑢𝑗 upper bound within 𝑤𝑗 , ∀𝑗 ∈
{1,… ,𝑀}.

The main consequence of the absence of weights is that the Eqs. (2)
nd (3) in the classical TOPSIS are converted into functions that depend
n the 𝑤 ∈ 𝛺 as in Eqs. (5), (6), and (7). Hence, the output is
ot only a decision interval [𝑅𝐿

𝑖 , 𝑅
𝑈
𝑖 ] but a set of optimal weights

𝑤∗𝐿
𝑖 , 𝑤∗𝑈

𝑖 } which give us information about the relative importance
f the criteria per alternative. It is worth mentioning that uwTOPSIS
oes not rank alternatives per se. If our goal were to sort a number
f alternatives, we would need to define a rank function that involves
he values of 𝑅𝐿

𝑖 and 𝑅𝑈
𝑖 . In order to facilitate the applicability of this

CDM technique, we have designed a GitHub repository1 [37] written
n Python programming language.

.3. 3rd STAGE: ADASYN oversample

ADAptive SYNthetic (ADASYN) sampling approach [6] is an over-
ampling algorithm for learning from imbalanced datasets. The under-
ying idea of this technique is the use of a weighted distribution over the
inority class examples according to their difficulty in learning. Then,
DASYN generates synthetic elements of data that reduce the learning
ias and the decision boundary of such samples.

Considering the dataset  = {𝑋𝑖, 𝑦𝑖}𝑁𝑖=1, we distinguish the minority
m) and majority (M) samples as 𝑁𝑚 and 𝑁𝑀 respectively, so that,
𝑚 ≤ 𝑁𝑀 and 𝑁𝑚 + 𝑁𝑀 = 𝑁 . Then, the ADASYN oversampling

echnique may be applied following the steps, in which we can assume,
ithout limiting the generality of the foregoing, that the dataset is

orted so that the first 𝑁𝑚 elements belong to the minority class.

1. Define 𝐺 = (𝑁𝑀 −𝑁𝑚)𝜇 as the number of elements to generate,
with 0 ≤ 𝜇 ≤ 1 the desired proportion to oversample.

2. Compute the KNN algorithm over the minority class to get the
values {𝑟𝑖}

𝑁𝑚
𝑖=1 , where 𝑟𝑖 = 𝛥𝑖∕𝐾 and 𝛥𝑖 is the cardinality of the

neighbors of 𝑋𝑖 that belongs to the majority class.
3. Normalize {𝑟𝑖}

𝑁𝑚
𝑖=1 as 𝑟𝑖 = 𝑟𝑖∕

∑𝑁𝑚
𝑖=1 𝑟𝑖 per each 1 ≤ 𝑖 ≤ 𝑁𝑚.

4. Generate 𝑔𝑖 = 𝑟𝑖𝐺 samples of each 𝑖 ∈ {1,… , 𝑁𝑚} instance,
providing a 𝜇-balanced dataset.

As a consequence of the step 3, we notice that ‖𝑟‖1 = 1, hence we
have build a density distribution of {𝑟𝑖}

𝑁𝑚
𝑖=1 . Moreover, a new synthetic

ataset can be generated with a partial proportion over the majority
lass, as stated in step 1. As long as we set 𝜇 = 1, we create a fully
alanced dataset.

.4. 4th STAGE: Tree-decision predictors

In the field of Machine Learning, a decision tree (DT) is a tree-like
tructure that has attached a set of tests that spread over the graph.
T determines decision thresholds that generate the nodes and final

eaves by means of splitting algorithms such as the Gini index. They
re considered one of the most popular models for both regression and
lassification, however, they are prone to overfitting and outliers influ-
nce [38]. With the aim of preventing such limitations and improving
he performance of DTs, Ho [39] designed the Random Forest (RF)
odel. With the use of stochastic modeling, it was shown that RF is

ble to increase the accuracy at the same time it is limiting the overfit.

1 https://github.com/Aaron-AALG/uwTOPSIS
4

m

3.4.1. Gradient Boosting Machines
Gradient Boosting Machines (GBM) is a set of algorithms that learns

from data via weak learners through an additive approach [40]. The un-
derlying idea relies on the iterative search of an approximation function
that accurately maps the response of a given training data samples  =
{𝐗, 𝑦} = {𝑋𝑖, 𝑦𝑖}𝑁𝑖=1 of known values. Regarding a loss function (𝑦, ⋅),

BMs estimate the objective function of the minimization problem that
mplies the fitting of the joint distribution of (𝑋𝑖, 𝑦𝑖)-pairs. In turn, the
ptimal function may be defined as in Eq. (10):
∗(𝐗) = argmin

𝐹
E𝐗,𝑦 (𝑦, 𝐹 (𝐗)) . (10)

Now, we build the additive expansion of an approximation function
(𝐗; 𝐚) where 𝐚 is the set of characteristic parameters. Thus, we can
stimate the objective by following the ensemble technique of Eq. (11),
.e. by a weighted accumulation sum of learners.

𝐹𝑚(𝐗) = 𝐹𝑚−1(𝐗) + 𝜌𝑚ℎ𝑚(𝐗; 𝐚).

𝐹0(𝐗) = argmin
𝛼

𝑁
∑

𝑖=1
(𝑦𝑖, 𝛼).

⎫

⎪

⎬

⎪

⎭

(11)

Here, ℎ𝑚 are the weak learners and 𝜌𝑚 are the multipliers of the
inear search. The iterative upload steps of the algorithm are described
s the procedure described in Eqs. (12). The underlay goal is to greedily
mprove the model performance by minimizing the loss function at each
ime (ℎ𝑚) via linear search (𝜌𝑚).

𝑦̃𝑖,𝑚 = −
[

𝜕(𝑦, 𝐹𝑚−1(𝑋𝑖))
𝜕𝐹𝑚−1(𝑋𝑖)

]

𝑖,𝑚
.

𝐚𝑚 = argmin
𝐚,𝛽

𝑁
∑

𝑖=1

[

𝑦̃𝑖 − 𝛽ℎ(𝑋𝑖, 𝐚)
]

.

𝜌𝑚 = argmin
𝜌

𝑁
∑

𝑖=1
(𝑦𝑖, 𝐹𝑚−1(𝑋𝑖) + 𝜌ℎ(𝑋𝑖; 𝐚𝑚)).

𝐹𝑚(𝐗) = 𝐹𝑚−1(𝐗) + 𝜌𝑚ℎ(𝐗; 𝐚𝑚).

(12)

We can use this procedure to minimize any differentiable loss 
ith forward stage-wise additive modeling. It basically fits the learners
(𝐗, 𝐚) to the responses of the approximated member of the pseudore-
ponses 𝑦̃𝑖 of the loss function in the steepest-descent strategy. For the
articular case in which we consider decision trees as base learners ℎ,
e are focusing on the Gradient Tree Boosting (GTB) methodology.

.4.2. Extreme Gradient Boosting (XGBoost)
Extreme Gradient Boosting (XGBoost) [3] is a GTB ensemble with

scalable end-to-end system. It is based on a similar approach as
he gradient boosting additive procedure described in Section 3.4.1.
onetheless, since XGBoost makes use of decision trees as weak learn-
rs, the loss function to be minimized during training is regularized in
rder to penalize the tree complexity as shown in Eq. (13).

𝑋𝐺𝐵(𝑦, 𝐹 (𝐗)) = (𝑦, 𝐹 (𝐗)) +
∑

𝑘
𝛺(ℎ𝑘),

where 𝛺(ℎ𝑘) = 𝛾𝑇 + 𝜆
2
‖𝑤ℎ𝑘‖

2
2.

(13)

In this manner, given a total number of trees (𝑇 ), 𝛺 helps to avoid
over-fitting by smoothing the learned weights (𝑤). The parameter 𝛾
regularizes the loss reduction gain and so determines the complexity
of the tree-based learners. The 𝜆 parameters control the impact of the
weights over the loss. It is easy to note that, when 𝛾 = 𝜆 = 0 in Eq. (13),
we have the same methodology as tree-GBMs.

In the training phase, the empirical loss can be controlled through
the formal definition of the iterative process. If we account for the
constructive sequence that takes place in GBMs (Eq. (11)), then at
iteration 𝑘 we can measure the loss by means of Eq. (14).

𝑋𝐺𝐵(𝑦, 𝐹𝑘(𝐗)) =
𝑁
∑

𝑖=1

(

𝑦𝑖, 𝐹𝑘−1(𝑋𝑖) + ℎ𝑘(𝑋𝑖)
)

+
∑

𝑘
𝛺(ℎ𝑘). (14)

XGBoost is known to be one of the state-of-the-art techniques in

achine learning tasks [41]. Its effectiveness and applicability have

https://github.com/Aaron-AALG/uwTOPSIS
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been proven in several challenging areas of classification [42] and re-
gression [43], proving an excellent performance with easy and scalable
launching. Moreover, XGBoost is also a good classifier in imbalance
tasks such as financial assessment [44], credit scoring [45], or face
image manipulation [46].

3.5. 5th STAGE: Evaluation and explainability

In order to give credibility to the research conducted, we have
to evaluate the selected models and give an explanation about how
they perform the predictions. Then, we can give proper feedback to
institutions from two points. Firstly, early detection of academic failure
and, secondly, assessment of the current situation of their university
students. For the model evaluation, we have performed a classical
approach to gauge a binary classification using metrics from the confu-
sion matrix. In regard to the model diagnosis, the field of eXplainable
Artificial Intelligence (XAI) has received much attention from the part
of the research community [47]. In our case, we manage decision tree
predictors in which the node structure describes the class distribution
of the predicted classes, giving us fast and consistent local explana-
tions [48]. Then, we can extract the attribute relevance when predicting
thanks to the transparency presented by itself [49].

4. Case study: Student classification according to its academic
performance

In this section, we explain the procedure we followed during our
experiments. Since descriptive analysis may play a key role in help-
ing decision-makers at the Industrial University of Santander (UIS),
Colombia, it is essential to know how the data is obtained and stored.
The more rigorous and accurate we are, the greater we will be able
to support the education system. We need to make a brief reference
to the higher education system in Colombia before describing the
variables to be considered in this paper. It should be noted that the
educational system has improved significantly in recent decades and
has faced several challenges, among which the expansion of cover-
age, the strengthening of technical and technological training, and
the creation of accreditation and quality institutions stand out [50].
Nevertheless, according to the National Competitiveness Report 2021–
2022 published by ‘‘El Observatorio de la Universidad Colombiana,
OUC [51]’’, the proportion of people aged 25–34 with higher education
in Colombia is 30%, compared to 46% of the OECD average. The
coverage rate, which measures the ability of the education system to
meet social demand for education, is 53.9% in 2021, a figure well
below the OECD average of around 75%. Although this figure is low,
it is improving year by year thanks to free fees at public universities,
support programs for university students, and the development of a
comprehensive strategy to address young people at risk of dropping
out of higher education. In this context, and in accordance with the
recommendations of the Ministry of Education, the UIS has set up the
Academic Excellence Support System (SEA) at its campus in the city of
Bucaramanga, Colombia [52]. This service collects and obtains relevant
information from students before they enroll at the university. In this
study, we consider the sample of students admitted in the first year of
science and engineering degrees to predict academic failure.

4.1. Experimental dataset

For this work, we consider the dataset used by Blasco-Blasco et al.
[12], provided by SEA, with 3534 students. This dataset comprises
academic, cognitive, economic, health, and social criteria. More de-
tailed information on these features can be found in Parada et al. [53]
and Parada et al. [9].

We have a dataset with five features that describe the initial con-
ditions of the UIS students. Then, such combinations of variables are
5

supposed to mark the course of events during the first year at the o
university. In Parada et al. [10], the authors proved that the usage of
this set can lead to interesting studies about the academic achievements
of the institution via adequacy indicators. Consequently, we have been
trying to make the best use of the given data.

Once the semester has finished, the organization stores the final
marks of the students to verify whether they have passed the tests. In
this case, we analyzed the final grades of calculus and algebra subjects.
Both variables ranged between 0 and 5 so it is assumed that a student
with an average lower than 2.5 has not passed the mathematical test,
and so in this paper, it is considered a failure. Then, we define the
binary variable 𝑦, which determines whether a student has passed the
course or not as shown in Eq. (15).

𝑦𝑖 =

{

1 if 1
2 (𝐴𝑙𝑔𝑒𝑏𝑟𝑎 + 𝐶𝑎𝑙𝑐𝑢𝑙𝑢𝑠)𝑖 < 2.5

0 otherwise
, for all 1 ≤ 𝑖 ≤ 𝑁.

(15)

where (𝐴𝑙𝑔𝑒𝑏𝑟𝑎 + 𝐶𝑎𝑙𝑐𝑢𝑙𝑢𝑠)𝑖 is the sum of the grades in algebra and
calculus subjects for the 𝑖th individual.

Once we have calculated the 𝑦 vector, we noticed that the propor-
tion of our sample is 3∶7 with regard to the failure event. To be more
specific, the proportion of students that pass the course is 68.90%.
Although it is considered good news for the university, due to their
great work, it now leads to an imbalanced learning problem. There are
many methods to face such problems in which we can distinguish two
procedures: undersampling and oversampling. Given that we want to
pay full attention to every single element of the sample, we decided
to apply an oversampling technique. Moreover, as we wanted to clus-
ter the students regarding their academic failure, we would like to
emphasize the {𝑦𝑖 = 0}-class.

For the above-mentioned reasons, we decided to apply the ADASYN
algorithm. As we detailed in 3.3, this method generates copies of
those cases hard to learn during training, so we are highlighting the
excluded classes. After applying the oversampling technique, the syn-
thetic dataset is now composed of 4969 elements so that 2533 samples
are considered as {𝑦𝑖 = 1}-class. As a result, the percentage of failure
now is 50.98%.

4.2. Normalization

It is well known that data must be properly normalized before
the computations are applied (see, for instance, Sola and Sevilla [54]
or Trebuňa et al. [55]). As we have described in Sections 3.2.1 and
3.2.2, a normalization technique is needed to implement both methods.
Therefore, the normalization functions to be used are the same as those
implemented by Liern et al. [11], in which the functions 𝜂 and 𝜉 are
given by the following expressions:

𝜂𝐴,𝑎,𝑏,𝐵;𝑘1 ,𝑘2 (𝑥)=

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

1 − 𝑒𝑘1
𝑥−𝐴
𝑎−𝐴

1 − 𝑒𝑘1
if 𝐴 ≤ 𝑥 < 𝑎,

1 if 𝑎 < 𝑥 < 𝑏,

1 − 𝑒𝑘2
𝐵−𝑥
𝐵−𝑏

1 − 𝑒𝑘2
if 𝑏 < 𝑥 ≤ 𝐵,

0 otherwise.

𝜉𝐴,𝑎,𝑏,𝐵(𝑥) =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑥 − 𝐴
𝑎 − 𝐴

if 𝐴 ≤ 𝑥 < 𝑎,

1 if 𝑎 < 𝑥 < 𝑏,
𝐵 − 𝑥
𝐵 − 𝑏

if 𝑏 < 𝑥 ≤ 𝐵,

0 otherwise.

(16)

Due to the definition of the criteria, the (𝐴, 𝑎, 𝑏, 𝐵) array represents
he trapezoidal fuzzy shape and the (𝑘1, 𝑘2) coefficients are the left
nd right exponents that determine the convexity or concavity of the
unction. Table 1 shows the transformations of the data and the kind
f normalization employed per each feature.
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Table 1
Criteria, DDBB values, range transformations, ideal elements, and normalization functions.
Criteria Original Transformation Ideals Normalization

Academic {VL, L, LM, M, MH, H, VH} [1, 7] [6,7] 𝜂1,6,7,7;1,0(𝑥)
Cognitive {VL, L, LM, M, MH, H, VH} [1, 7] [6, 7] 𝜂1,6,7,7;−1,0(𝑥)
Economic [0, 1] [0, 1] [0.8, 1] 𝜉0,0.8,1,1(𝑥)
Health [0, 0.65] [0, 0.65] 0.65 𝜉0,0.65,0.65,0.65(𝑥)
Social {0.1, 0.5, 0.7, 1} [0.1, 1] [0.7, 1] 𝜉0.1,0.7,1,1(𝑥)
Fig. 2. Flowchart of the procedure conducted for generating our decision support system and its output.
4.3. MCDM feature extractor

In order to evaluate the initial scenario of each particular student,
we have implemented both TOPSIS and uwTOPSIS techniques. On the
one hand, the TOPSIS method has been applied because the weighting
scheme has been meticulously chosen by the SEA-UIS [56]. This ad-
vantage allows us to understand how the institution notices the initial
stage of people and then adds it to our dataset. On the other hand, the
uwTOPSIS has allowed us to analyze the academic performance before
entering college [12]. By applying a rank reversal approach, we can
extract the (𝑅𝐿

𝑖 , 𝑅
𝑈
𝑖 )-pairs per each alternative and consider it as an

additional feature that evaluates the a priori global situation of the set
of students. The required ideals in step 3 of the unweighted algorithm
have been fixed to avoid an output that depends on the entire dataset.
In other words, we wanted to preserve their limitations in terms of
educational attributes.

Despite having three different features (𝑅𝑖, 𝑅𝐿
𝑖 , 𝑅

𝑈
𝑖 ) that might seem

highly correlated, what we have merged with this process is an indi-
cator of institution insight plus their relative boundaries in which it
varies. Although many other features could be included in the model to
improve the performance, we have decided to follow the guidelines of
the managers of the UIS. In addition, the sensitivity of TOPSIS regard-
ing the weighting scheme is widely studied [57], so the use of lower and
upper-ranking intervals can attach robustness to the results. In turn, we
have designed a dataset with size 𝑁 = 3534 and 𝑀 = 8 features, so each
𝑋𝑖 array can be decomposed as (𝐴𝑖, 𝐶𝑖, 𝐸𝑖,𝐻𝑖, 𝑆𝑖, 𝑅𝑖, 𝑅𝐿

𝑖 , 𝑅
𝑈
𝑖 ) to examine

their impact on the classification task.

4.4. Model implementation

The implementation of the predictive system developed for this
paper is illustrated in Fig. 2. It involves the pipeline of collection,
preparation, normalization, feature extraction, model fitting, and out-
put presentation. With respect to the output, we have indicated the two
goals of this work, prediction of academic failure and assessment of the
SEA-UIS.

For comparing and contrasting the results obtained by our clas-
sifier, we have decided to implement other classification tree-based
methodologies to carry out an in-depth comparison. The models that
have been trained with the Colombian students’ dataset are XGBoost,
6

Gradient boosting machine (GBM), Random Forests (RF), and Decision
Trees (DT). To this end, we have performed three different learn-
ing procedures for testing the performance of our proposed system.
First, the decision-tree models are trained over the original dataset,
i.e. an imbalanced task. Second, the decision trees are trained with an
ADASYN-oversampled dataset. Third, our predictive system is trained
by employing hyperparameter tuning. The procedures are displayed in
Fig. 3.

4.5. Evaluation metrics

The binary classification of students is a difficult task and it can
be explained by means of various factors. First, the actual behavior
of students is somehow chaotic because school dropout is a major
concern in public universities. Second, the annotations associated with
each student can be subject to uncertainties due to the number of
different entities that handle such values. Third, we are just feeding our
model with data stored by the university, therefore we are disregarding
relevant historical information that concerns each individual.

Anyway, the data collection has been duly collected, annotated,
and stored by the SEA-UIS, thus facilitating the goals of this paper.
Nevertheless, we are facing a problem of imbalanced learning due to
the number of students who pass the course being considerably greater
than the ones who fail. In fact, it made us apply the ADASYN technique
for oversampling. Considering a 2 × 2 confusion matrix, the metrics that
will be used for model evaluation are the following equations:

Precision: 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, Recall: 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

,

𝐹1-Score: 2 ⋅ 𝑃 ⋅ 𝑅
𝑃 + 𝑅

, Accuracy: 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑃

.
(17)

In order to carry out a more in-depth study, we have selected two
additional metrics. On the one hand, Cohen’s 𝜅 score for testing inter-
rater reliability. Given a confusion matrix, the 𝜅 correlation statistic is
computed as:

𝜅 = 2 𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑁 ⋅ 𝐹𝑃
(𝑇𝑃 + 𝐹𝑃 ) ⋅ (𝐹𝑃 + 𝑇𝑁) + (𝑇𝑃 + 𝐹𝑁) ⋅ (𝐹𝑁 + 𝑇𝑁)

. (18)

The 𝜅 score varies in [−1, 1], indicating the percentage of agreement
in the sample [58]. On the other, we compute the area under the
receiver operating characteristic curve, which from now on is referred
to as the AUC score. With this evaluation metric, we can control the
misclassification errors that may occur and the error trade-offs [59].
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Fig. 3. Different learning procedures implemented for the student classification task.
Table 2
Grid with the hyperparameters involved during the cross-
validation search and its optimal solution for the search.
Parameter Grid values Optimal value

𝐷𝑚𝑎𝑥 5, 6, 7, 8, 9 7
𝐷𝑇𝑠 {200 + 10𝑖}10𝑖=0 250
𝜂 0.1, 0.05, 0.02, 0.01 0.1
𝛾 0.075, 0.1, 0.125, 0.15 0.1
𝜆 0.2, 0.25, 0.3, 0.5 0.25

4.6. Hyperparameter tuning

In order to get the best performance possible, we implemented a
hyperparameter tuning algorithm. It is essential in most machine learn-
ing implementations because when more accurate, more applicable
to further data. Since our problem is defined as an unbalanced task,
we have considered the AUC score as the metric to maximize during
this stage. With this aim, we have defined a computational grid for
some of the basic parameters that XGBoost requires for its fitting. Two
elements to take into account for boosting are the maximum depth of
the trees (𝐷𝑚𝑎𝑥) and the number of decision trees (𝐷𝑇𝑠) to fix for our
model. As we discussed in 3.4.2, Eq. (13) presents two parameters for
regularization 𝛾 and 𝜆. Finally, the learning rate (𝜂) is always a value to
select meticulously so as to balance the learning gain during training. In
Table 2 the possible values have been presented for the cross-validation
technique, which implies 3520 different combinations. The last column
of Table 2 indicates the optimal solution of the discrete choice values.

With the exception of the 𝐷𝑇𝑠 parameter, the selected values were
affordably selected with a usual scheme of values. It is clear that the
grid could have been extended to a high cardinality, however, the
computational limitations have led us to limit the complexity of the
problem. For the number of decision trees implemented, we empirically
discover that with a value less than 200, we obtained an underfit-
ting model, whilst with a value greater than 300, we got overfitting
with no generalization techniques. Therefore, we designed a uniformly
distributed sequence with differences of 10 units per step.

5. Results and discussion

In this section, we present the results obtained for the binary
classification task of predicting academic failure. Since the goal of
this paper is to solve two problems presented in the SEA, we have
divided this section into two. Firstly, we study the performance of
our intelligent decision support system and show the importance of
each of its components. Secondly, we analyze the feature importance
of the machine learning models used for our experiments from an XAI
perspective in order to show the learned patterns.
7

5.1. Early prediction of students’ failure

The sample of 3534 students has been serialized to get our exper-
imental dataset {𝐗𝑖, 𝑦𝑖}𝑖, where each 𝐗𝑖 ∈ R8. For the training data
split, we have decided to extract the 25% of the data (884 students)
for the test set. Then, this number of elements that have not taken part
in the training phase can be analyzed a posteriori, thus leading to more
reliability experiments and ensuring its scalability. Table 3 contains the
evaluation metrics selected in 4.5 with students that belong to the out-
of-train set. In regard to the train-test partition for the synthetic dataset,
we have split the 4968 samples considering the same proportion. Thus,
the test set has 1242 samples for evaluating our classifiers.

When comparing the results in Table 3, we see that XGboost (XGB)
is the best suited for the imbalanced environment, although we also
note that random forest (RF) is the most precise and sensitive. It is
worth mentioning that the application of ADASYN produces a signif-
icant improvement in every case. For the newly generated balanced
set, we can see that XGBoost has better predictive performance as well.
For the last experiment, considering the tuned configuration described
in Table 2, the test results show that our intelligent system (XGB-T)
outperforms all the last trained models. In particular, the resultant
evaluation metrics are positioned beyond the last ones, indicating a
better fitting when classifying, generalizing, and avoiding mismatching.
Another fact that should be highlighted is that the 𝜅 coefficient is
0.5224, indicating a good index of agreement, and the AUC score is
0.8135, showing great performance.

In Fig. 4, we have displayed the confusion matrices per each of the
classifiers in order to show the hits and the type I and II errors.

For a further assessment of the tuned classifier, we have displayed
the rates of success–failure of the values of the confusion matrix as
a way to represent and complement the evaluation metrics. These
graphics are shown in Fig. 5.

5.2. Feature importance

The classification has been conducted through the sequential pro-
cess of the input features 𝐗. Once the training phase is done, we
can study the impact of the model of the selected set of variables
(𝐴𝑖, 𝐶𝑖, 𝐸𝑖,𝐻𝑖, 𝑆𝑖, 𝑅𝑖, 𝑅𝐿

𝑖 , 𝑅
𝑈
𝑖 ). As we explained in Section 3.4.2, the

XGBoost method has a tree-boosting ensemble architecture. Then we
can extract the resultant assessment of each feature when classifying.
The table embedded in Fig. 6 shows the importance of each feature for
the trained models.

One of the most significant points is the relevance gains associated
with the economic and health dimensions. For the economic variable,
the minimal value achieved has changed from 0.0892 to 0.1689, which
is almost a twice increment, and for the health one, the change was
from 0.0798 to 0.1912, i.e. more than double. For the maximal val-
ues, we can note in the case of GBM that the combination of both
means varied from 13.45% to 62.97%, which means an increase of its
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Table 3
Evaluation of the student’s classification task for the test set of the imbalanced (Original), ADASYN oversampling (ADASYN), and hyperparameter
tuning strategies.

Model Precision Recall 𝐹1-score Accuracy 𝜅-score AUC

Original

XGB 0.4118 0.0524 0.0930 0.6912 0.0266 0.6035
GBM 0.3721 0.0599 0.1032 0.6855 0.0212 0.5994
RF 0.4486 0.1798 0.2567 0.6855 0.1014 0.5714
DT 0.4196 0.1760 0.2480 0.6776 0.0846 0.5534

ADASYN

XGB 0.8206 0.5639 0.6685 0.7080 0.4231 0.7677
GBM 0.8205 0.5562 0.6630 0.7047 0.4170 0.7658
RF 0.7863 0.5840 0.6702 0.6999 0.4057 0.7605
DT 0.7987 0.5501 0.6515 0.6927 0.3929 0.7380

XGB-T 0.8130 0.6793 0.7401 0.7611 0.5224 0.8135
Fig. 4. Confusion matrices of each decision tree classifier for the imbalanced (first row), ADASYN (second row), and hyperparameter tuning (third row) strategies.
Fig. 5. Evaluation curves of the XGBoost after the hyperparameter tuning. From left to right, it is shown: First, the Precision–Recall Tradeoff for different probability thresholds
with its average precision (AP). Second, the ROC curve with its AUC score (AUC). Third, the Type I and Type II error tradeoffs in percentage, also known as Detection Error
Tradeoff (DET).
8
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Fig. 6. Feature importance illustrated as a heat map of the model weights with values from 0 (dark color) to 1 (light color). Rows from 1 to 4 correspond to the results for the
original dataset. Rows from 5 to 8 correspond to the results with the ADASYN technique. The last row is the combination of ADASYN plus hyperparameter tuning.
predictive power of 49.52 percentage units. We can also see a clear
decreasing impact of the MCDM relative proximity values (𝑅,𝑅𝐿, 𝑅𝑈 )
when applying the synthetic oversample. Nevertheless, the sum of them
means the 19.63% of the decision in its lowest case (XGBoost) and
44.01% in its greatest case (Random Forest).

It is interesting to check that before the oversampling technique
was applied, the cognitive variable had a significant impact on the
predictions. In cases such as XGBoost, more than the fifth part of the
bundle depended on the 𝐶 variable. On another note, the most stable
feature is the social one because its variation has not been compromised
by the ADASYN technique.

For the particular case of the optimized extreme gradient boosting
model, it is necessary to emphasize that over half of the forecast impact
(53.41%) is due to the economic-sanitary situation of the students
before they entered the university. By adding the social dimension, it
raises to 65.48%. Since none of them are directly correlated with the
academic effort, it makes us think, once again, that marginal ditching
is a major concern, because our model has succeeded in the 71.12% of
the cases.

For a further visualization that illustrates the variation between
feature importance, Fig. 6 shows a positional heat map of such values
in a scale of [0, 1]. All the variations mentioned above have been
reflected in such a chart. Due to the color mapping, we can see that
the decision-weighted scheme varied from the (𝑅,𝑅𝐿, 𝑅𝑈 ) TOPSIS-
array (imbalanced set) to the (𝐸,𝐻) features (synthetic set). As far
as classifiers are concerned, Random Forest has been the model with
minor modifications of their relative importance weights after the
oversampling. It might explain why it has been the model with the best
𝑅 and 𝐹1 score in both approaches.

Regardless of the results obtained, we can say that the TOPSIS
feature extraction has been very supportive of the classification prob-
lem. When we had no balance over our sample of students, the three
values contributed to finding the correct response. Once we obtained
a balanced case, even though their impact decreased, they still had a
high impact on the decision-making. In short, their importance meant
the 28.50% of the weighted system.

6. Conclusions

One of the main keys to academic success is the early detection of
students’ difficulties so that institutions can take action to correct them.
With this in mind, the implementation of our XGBoost-based intelligent
system makes it possible to estimate future results. As of this forecast,
9

we can help managers of academic institutions to take measures and
increase academic performance.

The predictive model utilized in this paper is powered by a tuned
XGBoost algorithm. It has shown better results in comparison with
other tree-based classifiers such as Gradient Boosting Machines, Ran-
dom Forests, and Decision Trees. Moreover, the imbalanced problem
attached to academic failure (or success) has been handled by ap-
plying the ADASYN oversampling technique. For the default Python
implementation of the models, we have achieved a minimum AUC of
0.7380 for the decision tree case and a maximum of 0.7677 for the
XGBoost case. This indicates the success of the tree-based algorithms
for predicting academic failure. To conclude, we have implemented
a cross-validated hyperparameter tuning for a reasonable grid of pa-
rameters which gave us an accuracy of 0.7611 and AUC of 0.8135.
It was notable that the predictive power of our intelligent system is
considerably good since the kappa coefficient achieved was 0.5224,
showing great discrimination over the statistical type I and II errors.

The dataset used for this work belongs to the Universidad Industrial
de Santander (UIS), a Colombian public university, where the managers
have taken complementary action since the first course, aiming to re-
duce the educational failure of their students. We intend that, from our
performance forecast, the institution can adapt its education policies
and improve its results.
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