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ABSTRACT The academic success of university students is a result that depends in a multi-factorial way
on the aspects related to the student and the career itself. In this work, we carry out a visual analysis of
the data to obtain relevant information regarding the academic performance of students from a Peruvian
university. This study was complemented with the construction of machine learning models to provide a
predictive model of the students’ academic success. In specific, the XGBoost Machine Learning method
achieved a performance of up to 91.5% of Accuracy. In this sense, this study offers a novel visual-predictive
data analysis approach as a valuable tool for developing and targeting policies to support students with
lower academic performance or to stimulate advanced students. The results obtained allow us to identify
the relevant variables associated with the students’ academic performances. Moreover, we were able to give
some insight into the academic situation of the different careers of the University.

INDEX TERMS Students’ Performances, Machine Learning, Learning analytics, Educational Data
Mining, Business Intelligence in Education

that seeks to improve its educational system because it ranks
127th out of 137 countries studied in educational quality [7].
In [8] mentions that teaching in Peruvian society focuses on
the fact that the teacher is everything and attributes many
social functions to her/him.

Many authors have addressed the problem of predicting
student performance using machine learning algorithms or
Artificial Neural Networks. In [9] uses the KDD process to
collect and prepare student’s data through an online learning
management system (LMS) and apply Logistic regression
and Support Vector Machine (SVM), achieving an accuracy
of 73% and 79% respectively. [10] uses data collected from
a college database and predicts students’ performance using
Naive Bayes, Classification Trees (CTs), k-NN, C4.5, and
SVM, where K-NN outperforms the other classifiers with
an accuracy of 100%. On the other hand, [11] uses student’s

I. INTRODUCTION

The educational system in Peru is one of the fundamental 
factors for the development and growth of the country [1]–
[4]. Most countries consider improving their educational sys-
tems to provide a better learning environment for the students 
and give a public value to the society. For this reason, every 
year, the investment in public policies is constantly grow-
ing. Currently, Universities need instruments and relevant 
information to help them understand the complex academic 
landscape and thus introduce targeted policies that allow 
helping those students with more significant difficulties.

In Peru, in 2006, the National System of Evaluation, Ac-
creditation, and Certification of Educational Quality was cre-
ated in order to certify a quality education for all students, ev-
idencing essential quality aspects after a rigorous evaluation 
of specific standards and indicators [5], [6]. Peru is a country
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data from an online LMS from four Greek university courses
and predicts student’s performance through a Deep Neural
Network applying transfer Learning, from data of one course
to another, achieving an accuracy of 86%. In [12] propose
a new Deep Learning-based algorithm, called GritNet, an
evolution of the bidirectional long short term memory (BiL-
STM), for student’s performance classification. Likewise, in
[13] generated a Deep Artificial Neural Network on data
extracted from an online LMS to predict risky students for
early intervention, achieving classification accuracies from
84% to 93%.

The main contribution of this work is to provide a visual-
predictive data analysis that allows identifying the academic
projection of the student since it constitutes a valuable tool
for the development and targeting of policies to support
students with lower academic performance or stimulate more
advantaged students. In this sense, this study offers a novel
approach for higher education institutions in the country
and the South American region. It will allow an analysis
of the educational context, subject to particular conditions,
different from institutions on other continents. The Machine
learning techniques allow classifying and predicting student
academic performance based on the grades obtained. Like-
wise, it segments students according to their academic per-
formance to follow them, taking advantage of their potential
and academic abilities, leading to support policies in student
accompaniment.

In what follows, the structure of the study consists of: Sec-
tion II shows the theoretical foundations. Section III details
the methodology used. The results obtained are presented in
section IV. Section V contrasts the discussion between the
results obtained and other similar studies. Finally, section VI
describes the conclusions and future work.

II. MACHINE LEARNING TECHNIQUES
Machine Learning methods are data-driven computational
models that are able to generalize and predict future values
with high precision. This techniques have been successfully
applied in areas such as education, commerce and market-
ing [14], web services [15], social network analysis [16],
medical diagnostics [17], [18], finance [19], air quality [20],
transportation [21], hydrology [22], and bioinformatics [23]
among others.

In this article, we considered the machine learning tech-
niques that are described below:

1) K-Nearest Neighbors:
The KNN algorithm computes the distance between
from the new sample to the all the data of the training
set. The method selects the closest k points and it
assigns the class using a majority voting rule.
It is a non-parametric algorithm used for classification
and regression. In both cases, it is based on choosing
from a set of k elements, those found to catalog the
object itself or make a regression. For this study, the
output will be based on classification. In that sense, it
will be a categorical variable. So, the object is going to

be classified by the majority of its neighbors. The more
neighbors the object has nearby, the vote will indicate
that it belongs to that category [24], [25].

2) Linear Discriminant Analysis (LDA) and Quadratic
Discriminant Analysis (QDA):
The LDA and QDA are statistical classification model
that separate the observations of two or more classes of
objects. This methods used the Bayes theorem com-
bined with the assumption of normality distribution
of the classes. The resulting models are linear (LDA)
and quadratic (QDA) discriminant functions, where
they induce a linear or quadratic decision boundary,
respectively [26].

3) Decision trees:
Decision trees are a non-parametric supervised learn-
ing method used for classification and regression. The
goal is to create a model that predicts the value of
a target variable by learning simple decision rules
inferred from the characteristics of the data [27], [28].
Its structure is based on a set of nodes, branches, and
leaves. The ranges of x give the edges whose nodes
are labeled by an attribute x, and a class labels each
leaf [29]–[31]. These nodes are the points from which
the branches come out where the tree branches out.
The point of origin is called the root node, where the
tree is born. On the contrary, a node that does not have
any branch that follows the tree is called the leaf node.
Typically, a decision tree starts with a single root node,
then proceeds with a set of decision nodes. Ultimately,
each ends at a terminal node, where the final decision
rule is carried out, with classification being performed.
All nodes represent a single variable, and each branch
represents the possible categories that this variable
takes. Finally, the terminal node represents the decision
that the algorithm is going to make. Therefore, the
value it returns at the end of the execution [28].

4) Support Vector Machine (SVM):
It is a supervised learning algorithm for classification
and regression, which is quite versatile as it adjusts to
linear and non-linear models due to the availability of
its kernel functions [32].
SVMs maximize the margin of the decision boundary
by finding the support vectors in the training set. The
learning process consists in an optimization process
based on quadratic programming, that is, finding a
line of separation, called hyperplane, between data of
two classes. This line seeks to maximize the distance
between the closest points each of the classes. This
distance between the boundary hyperplane and the first
points of each class is called the margin [32], [33].

5) Random Forest:
It is a supervised learning technique based on creating
numerous decision trees on a group of training data.
The final prediction is obtained by aggregating the
output of all the models. The result is an strong model
that is capable of working under adverse circumstances
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such as high dimensionality, complex interactions, and
non-linear data structures [34]–[37].
Each tree is obtained based on two phases. In the first
phase, a large number of decision trees are created with
the data set. Each contains a random subset of variables
m (predictors) such that m < M (where M = total
predictors). For its part, in the second phase, each tree
ascends to its maximum extent [37].
Each tree created by the algorithm contains a set of
random observations (chosen by bootstrapping). The
observations not considered in the trees (also known
as out of the bag) are used to validate the model.
The outputs of all the trees are aggregated into a final
output.
In [38] mentions the advantages of this algorithm,
allowing to explore both classification and prediction,
achieving very efficient performance in large amounts
of data. It also handles hundreds of predictors without
any exclusions, manages to estimate which are the
most important predictors, and maintains its precision
with large proportions of missing data.

6) Extreme Gradient Boosting (XGBoost):
The XGBoost operation is based on an ensemble of
decision trees known as Classification and Regres-
sion Tree (CART), distributing them sequentially in a
pipeline of CARTs that are trained based on the result
of the previous CART (initializing with an arbitrary
y0). The philosophy behind the XGBoost operation is
to minimize the L loss function by correcting predic-
tion errors from a previous CART to the next one in the
pipeline [37].
XGBoost is a gradient descent algorithm whose objec-
tive, in theoretical terms, is to minimize a loss function
L(y, f(x)) into the hyperspace of possible solutions
y ∈ Y , using the gradient ∇L to decrease as fast as
possible (using a greedy function) the value of this
function. To do this, XGBoost follows the negative
direction of the gradients ∇L associated with the xi
components of the set of attributes of an input x ∈ X
record of the function f(x), which produces a y value
given a record x [39].
In the execution of the algorithm, an initial CART F0

is defined to find an initial solution y0, this result is
synchronized with a residual error (e0 = y0 − F0).
Then, a CART h1 is built that considers the prediction
errors of the previous step (e0) to build a new CART F1

harmonizing its prediction error indicators ei. Finally,
in each iteration of the algorithm, the previously de-
scribed process is executed iteratively, training all the
CARTs Fi ∈ F of the pipeline [40].
The use of CARTs allows this algorithm to address
both classification and regression problems flexibly
and efficiently. In this sense, due to the excellent
performances achieved by XGBoost in a wide variety
of applications [37], [41], and its great adoption by
data science researchers, this algorithm has been ex-

tensively used in the last years.
The XGBoost algorithm is based on decision trees
and uses ensemble methods, enabling multiple learn-
ing algorithms to improve predictive performance. In
addition, XGBoost is a gradient augmentation library
that focuses on the parallel tree model that solves
data science problems quickly and accurately. The
method was designed to be highly efficient, flexible,
and portable, which means that within of XGBoost,
there are two distinct parts: A model consisting of trees
and hyperparameters, and settings used to build the
model [40], [41].
Typically, the XGBoost has a sequential ensemble
of decision trees called Classification and Regression
Trees (CART). The trees are added sequentially by
taking as a reference the result of the previous trees
and correct existing errors.

7) Perceptron and Multilayer Perceptron:
The perceptron is the simplest type of artificial neuron
that exists. Its operation is based on receiving several
inputs and producing a single binary output. This out-
put is determined by a weighted sum, which will be less
than or greater than some threshold value. In addition
to its inputs, it introduces different weights that express
the importance of the respective inputs for the output.
As well as the weights, or threshold is an actual number
that becomes a parameter of the neuron. This builds it
into a binary classifier [42], [43].
The Multilayer perceptron is an artificial neural net-
work where the neurons are placed in layers, and
they are connected with feed-forward links between
neurons of two consecutive layers. This model is able
to capture the non-linearity of the data. The learning
process of the MLP is an iterative process where the
training patterns are presented to the network, and
based on the errors obtained, the adjustments of the
synaptic weights are made in order to reduce the error
in the next iterations. Training is carried out in a
supervised way through the learning rule that mini-
mizes error. The mechanism used for learning in MLP
is known as the error backpropagation algorithm or
backpropagation. Each of these signals is distributed
as an input signal for all the neurons of the next layer,
starting in the input layer to the output layer. That
is, the MLP network works as a sequence of simply
interconnected perceptrons to generate the propagation
of input signals passing through all layers to the output
of the network. [44], [45].

III. VISUAL-PREDICTIVE DATA ANALYSIS SCHEME
In this work, we propose a Visual-Predictive Data Analysis
scheme (VPDA) as a methodology to obtain relevant in-
formation for developing and targeting policies to support
students with lower academic performance or to stimulate
students with good performances. This scheme corresponds
to an adaptation of the well-known [46] Knowledge Discov-
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ery Database (KDD) and CRISP-DM methodologies for the
educational data mining field.

FIGURE 1 shows the VPDA scheme applied to extract the
relevant information and patterns to gain knowledge about
the student performance in a Peruvian University. The VPDA
methodology consists of 6 sequential and recurrent stages:
i) Educational and Learning Understanding, ii) Data Under-
standing, iii) Data Preparation, iv) Predictive Modeling, v)
Evaluation, and vi) Selection. These stages are described
below.

A. EDUCATIONAL AND LEARNING UNDERSTANDING
Academic performance is considered as an evaluation of
the knowledge obtained by a university student by captur-
ing the teaching received within the classroom [47]. This
performance is the context of the interactions that occur
between students, teachers, and the knowledge that circulates
daily [48]. It is also pointed out that this variable is the
one that determines how beneficial the study was within
the University. In [49] mentions that academic performance
fosters a double dimension of learning, both static and dy-
namic, with the dynamic aspect being the one that responds
to learning processes, bringing out the student’s ability and
effort. In contrast, the static aspect comprises the product
of the learning generated by the student and expresses an
achievement behavior. The academic is visualized within the
numerical qualifications on the student’s capacity in front
of a test. In most cases, the institutional, social, family, and
personal aspects of students are not taken into account even
though their impact on their academic responses has been
demonstrated [50], [51].

The academic performance is given through different fac-
tors that, together, generate the result of the expected aca-
demic performance of the students [48]. This performance is
not only based on the degree of education. Moreover, it also
implies the economic, social, and family factors. For its part,
the economic factor is of vital importance as a set of physical,
psychological, and tangible conditions in student learning;
economic deprivation forces the student to work and study,
mostly neglecting studies. On the contrary, those students
who have a stable economy demonstrate responsibility and
a broad academic level within universities [4], [52]–[54].
Likewise, [55]–[57] argue that the social factor involves the
relationship with society and is decisive for better use of
education. In addition, it shows the degree of confidence in
expressing themselves, including when investigating. Also,
[58], [59] state that the social and family environment that
surrounds the student plays a vital role in academic life,
directly and indirectly, providing quality education and social
integration, establishing discipline, rules, and routines.

The academic performance of undergraduate university
students is analyzed, an indicator that can be measured
with the academic grades presented during a given semester.
These qualifications are the end result of the teaching pro-
cess, which corresponds to the core business of any institu-
tion of higher education. In general, academic performance is

a very important indicator for the decision-making processes
of a University, allowing to assign benefits or incentives to
students with good performance, as well as to intervene and
accompany students whose academic performance is low.

B. DATA UNDERSTANDING
The objective of this stage is to carry out a first analysis of
the available data and select those attributes that are deemed
pertinent based on different criteria. As an essential criterion
for selecting attributes, the relationship between the data
and the problem’s nature is considered. In this sense, in
the present study, attributes associated with the academic
trajectory of the students were selected, among which are
Time to Graduate, Failed Courses, Failed Courses 2 plus
times, and Leaving Times.

Attributes associated with academic performance were
also selected, representing the grades obtained throughout
the student’s stay at the University, such as First-Year Score
and Second Year Score and the classification of academic
performance. These attributes were selected as they provide
valuable information to the analysis and are directly related
to the students’ academic performance. It is important to
note that attributes such as Third Year Score, Fourth Year
Score, and Fifth Year Score were discarded since the later
grades reflect the students’ academic performance. While
early grades, such as First-Year Score and Second Year
Score, serve as prior antecedents for estimating the academic
performance that a student can achieve, representing the
objective of constructing the predictive model in the present
study.

On the other hand, demographic attributes such as gender,
age, marital status, and religion were also selected since
this type of data accounts for information underlying the
students’ environment and can influence their academic per-
formance.

Finally, the Payment Scheme attribute was considered as
data that reflects the students’ socioeconomic information.
In this way, TABLE 1 presents all the selected attributes to
perform the analysis and generate a predictive model of the
academic performance of university students.

C. DATA PREPARATION
In this stage, the data is prepared for further analysis ac-
cording to three criteria: completeness, consistency, and co-
herence. The first criterion focuses on the completeness of
the data, where the records with missing data were imputed
with the mean values or the mode depending on if they were
numerical or categorical attributes, respectively. The second
criterion corresponds to consistency, which stipulates that
the values of all records must follow the same format and
encoding, depending on the type of data that corresponds.
For example, for the categorical attribute Gender, the values
“Female" and “F" were consolidated only with values “F”,
and the values “Male" and “M” only with values “M".
While the values of the numerical attribute Performance were
limited to 4 decimal places. The third criterion corresponds to
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FIGURE 1. Visual-Predictive Data Analysis scheme for the academic performance of the university students.

TABLE 1. Data dictionary.

Attributes Data Type Range-values
Gender category F - M
Age int 20 - 72
Marital Status category S-M-D-W-EC-O
Religion category A - C - E
Scholarship category B18 - BC - BV - N
Time to Graduate int 4 - 14
Failed Courses int 0 - 35
Failed Courses 2 plus times int 0 - 15
Leaving Times int 0 - 5
Career category X
First Year Score float 8 - 19
Second Year Score float 5 - 19
Performance float 6 - 19
Performance Category category X
Payment Scheme category X

are also standardized for all attributes so that the attributes
have the same magnitude of values and the generated models
do not have biases. The data standardization technique was
used, which transforms the attribute values with a mean of
0 and standard deviation of 1. In the equation 1), for each
feature, given a value Xi, a new value Zi is calculated, using
the average X = 1

n

∑n
i=1Xi and the standard deviation

Sn−1 =
√

1
n−1

∑n
i=1(Xi −X)2 of the variable:

Zi =
(Xi −X)

Sn−1
i = 1, ..., n (1)

D. PREDICTIVE MODELING
In this stage, the following machine learning models have
been implemented: Linear Discriminant Analysis (LDA),
Quadratic Discriminant Analysis (QDA), Decision Tree
(DT), Random Forest (RF), Regression Linear (LIN REG),
SVM-Linear (LIN SVM), SVM-Radius-Basal (RBF SVM),
Perceptron (PCT), Multilayer Perceptron (MLP), K-Nearest
Neighbors (K-NN), Gradient Boost (GRD Boost) and eX-
treme Gradient Boost (XGBoost).

Regarding a specific configuration of the execution param-
eters, the LDA used Singular Value Decomposition (SVD)
as a solver. In contrast, the Decision Tree and Random Forest
used a maximum branch depth of 4 levels and a Gini function
to estimate the quality of the data division. On the other hand,
the Linear Regression used a regularization parameter (C =
100). The Linear SVM and RBF SVM used a regularization
parameter (C = 1) and a gamma kernel coefficient with value
1/(|X|∗σ), considering the data variance. An MLP with two
layers of 5 neurons was used, with a parameter α = 0.1 and a
limit of 1000 iterations per epoch. The Perceptron performed

coherence, it indicates that all the values of an attribute must 
follow a specific p robability d istribution, a nd t he outliers 
must be handled. In this study, the outliers of the dataset were 
separated since exchange students who were passing through 
the institution were treated. Although one of the University’s 
majors (Theology: Philosophy) has students much older than 
the average age, the rest of its attributes follow the trend 
of the rest of the students. Therefore, it is assumed that the 
dataset does not have clearly marked outliers, and all records 
are accepted for use in the experiments performed.

On the other hand, to effectively execute Machine Learn-
ing techniques, the data must have a specific and uniform for-
mat and range of values. In this sense, categorical data trans-
formation techniques are applied to numerical data so that 
the algorithms can interpret the data. The ranges of values
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a maximum of 40 iterations. The KNN considered groups of
5 neighbors and a Euclidean distance in its execution. On the
other hand, GRD Boost and XGBoost used 100 estimators
and generated trees with a maximum depth of 4 levels.

E. EVALUATION
1) Models’ Performance Evaluations
The hold-out or cross-validation schemes can be used to
evaluate the performances of the machine learning models.
On the one hand, in the hold-out scheme, the dataset is
separated into two subsets: the Training and the Testing sets.
The training set is used to fit the machine learning models,
while the testing set is used the evaluate the generalization
performance. On the other hand, the cross-validation scheme
separates the dataset into k subsets or folds, where k−1 folds
are used for training and the other fold is used for testing.

The confusion matrix corresponds to a summary of the
prediction results obtained with the machine learning model.
Given n samples, the TP is the number of true positives; the
TN is the number of true negatives; FN is the number of
false negatives, and FP is the number of false positives.

To evaluate the performance, we use the classification
metrics obtained from the confusion matrix. These metrics
are Accuracy, Precision, Recall, and F1-score, and they are
described below.

Accuracy =
TP + TN

n

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2
Precision ·Recall
Precision+Recall

Accuracy measures the proportion of samples that are
correctly classified. The precision measures the proportion
of predictive positives that are correct. The Recall measures
the sensitivity of the classifier to detect the positive cases.
The F1-score is the harmonic mean of the Recall and the
precision and gives a trade-off measure between the Recall
and the precision.

2) Visual Data Analysis
Different types of charts and visual representations of data
allows seeing information patterns that are not visible with
numerical indicators in a simple and explanatory way. This
data representation and evaluation technique is part of a
research line called Visual Data Analysis, which has been
widely developed in the literature and in different fields of
application, highlighting Business Intelligence, which has
developed an industry with highly sophisticated and widely
used products around the world such as Tableau, Google
Data Studio, Microsoft Power BI or QlikView, among oth-
ers. These tools, and many open-source libraries such as
Matplotlib, Seaborn, Pyplot, a detailed visual analysis from

simple charts to sophisticated and complex visual represen-
tations, such as georeferenced maps charts and heat maps,
bubble charts, Radar charts, or Sankey diagrams. The ap-
proach proposed in this research uses both sophisticated
and straightforward charts to obtain insights related to the
academic performance of university students.

F. SELECTION
As a product of the application of each algorithm on the data
of university students, a model is obtained that predicts the
academic performance of new students. All the performance
metrics are analyzed to select the best machine learning
model. Finally, the performance of the model is evaluated
in the student’s classification as one of “Regular" or “Good"
performance.

In this way, the generation of this predictive classification
model means a mechanism for identifying students with high
or low performance so that the University defines pertinent
policies and strategies that enhance and accompany students
according to the prediction of their academic performance.

IV. RESULTS
This section shows the results obtained when applying the
VPDA approach to the performance data of the students
obtained in a university in Peru. In section IV-A the results
of the visual data analysis are shown, while in section IV-B
the results obtained with the predictive model are detailed.

A. RESULTS OF THE VISUAL DATA ANALYSIS
FIGURE 2 shows the the correlations between attributes. As
it is observed, there is a strong positive correlation between
academic performance (target attribute) and the score ob-
tained during the first two years, and a strong negative corre-
lation with respect to the failed courses. However, this chart
does not find a correlation between the student performances
and the career of origin.

FIGURE 3 shows that the Faculty of Theology and Human
Sciences and Education with their professional careers have
a higher average academic performance: THEO_MSE with
an average of 16.5, EDU_PIB with 16.4, THEO with 16.1
and EDU_MSA with 16.1. On the contrary, the FIA and FCE
faculties with their professional careers have lower average
academic performance: SYS_E with 14.8, MAR_IB with
14.8, ARCH with 14.4, ACC with 14.4, and CIV_E with
14.2.

There is also a relationship between academic performance
and the average number of subjects failed by students. In
FIGURE 4, it can be seen that the FIA and FCE faculties
with their professional careers have a greater number of
students who failed a course more than two times: CIV_E
14, MAN_IB 13, ENV_E 13, and ACC_TM 12. Quite the
opposite in the race of TM_PHI 1, EDU_PIB 2, EDU_MSA
3 and THEO_MSE 4.

In terms of the academic performance of the students, in
FIGURE 5, it can be seen that the main focuses of students
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FIGURE 2. Student attribute correlation diagram.
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FIGURE 3. Average of qualifications according to Professional Career and Faculty.

with “Regular” performance are found in the careers Psy-
chology, Book-keeping and Tax Management, Management
and International Business, Environmental Engineering, and
markedly in Civil Engineering. This indicates that there are
certain careers in which students with “Regular” performance
are grouped, either due to the difficulty of the curriculum or
other types of factors, which must be explored and be the
focus of attention for the University.

Meanwhile, FIGURE 6 shows the distribution of students
according to their academic performance in the different fac-
ulties of the University. In the Engineering and Architecture
and Business Studies faculties, it is observed that most of the
student body has a “Regular” academic performance, which
coincides with the careers that present the highest volume
of regular students in FIGURE 5. While, in the faculties
of Humanities and Education and Theology, this trend is
reversed, observing that the number of students with “Good”
academic performance exceeds the number of students with
“Regular” performance. However, in the Faculty of Health
Sciences, the proportion of students is more balanced, with
a slight tendency in favor of students with “Fair” academic
performance.

FIGURE 7 and 8 show the average values of the four
attributes with the greatest weight in the selected predictive
model, distributed in careers and faculties respectively. It is
important to mention that the values presented are scaled in
the interval [0, 1] ∈ R, considering the minimum value xmin

and the maximum value xmax of the attribute, following the
equations (2) and (3), where xstd corresponds to the standard
deviation of the attribute and xscaled, to the scaled value.

xscaled = xstd · (xmax − xmin) + xmin (2)

xstd =
(x− xmin)

(xmax − xmin)
(3)

Considering these four attributes as the factors with the
greatest influence on the classification of a student’s aca-
demic performance, FIGURE 7 shows that, for each fac-
ulty, the classification factors change. For example, in the
Humanities and Education Faculty and Theology Faculty,
the First Year Score and Second Year Score have a much
higher average value than in the other faculties, which helps
to explain the higher proportion of “Good” students by about
“Regular” students. In addition, in Theology, there is also an
Age rank much higher than the rest of the faculties.

In terms of Failed Courses, it is appreciated that the
Faculties of Business Studies, and especially Engineering
and Architecture stand out for achieving the highest average
values in this attribute. In addition, both schools have the
minimum First Year Score and Second Year Score, which
creates a notoriously complicated scenario in these schools.
Consequently, these faculties would demand more attention
for the University, especially to address the high values in
Failed Courses. For its part, the Faculty of Health Sciences
has the average values of the most balanced attributes, ap-
proaching the Mean Value in both First-Year Score and
Second Year Score and Age. However, it has the lowest value
in Failed Courses.

Regarding the distribution of the most influential factors in
the predictive model according to career, in FIGURE 8 it is

8
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FIGURE 4. Average number of failed courses according to Professional Career and Faculty

TABLE 2. Results of the evaluation of the Machine Learning application
models with a Cross-validation approach of 30 executions.

Classifier Accuracy F1-score Precision Recall
XGBoost 0.912 ± 0.0072 0.9358 0.9263 0.9454
Linear SVM 0.909 ± 0.0071 0.9359 0.9243 0.9478
Linear Regression 0.908 ± 0.0075 0.9338 0.9180 0.9503
Decision Tree 0.905 ± 0.0089 0.9322 0.9228 0.9418
Random Forest 0.904 ± 0.0080 0.9280 0.9253 0.9309
LDA 0.901 ± 0.0091 0.9269 0.8879 0.9696
RBF SVM 0.900 ± 0.0077 0.9315 0.9147 0.9490
MLP 0.899 ± 0.0382 0.9312 0.9267 0.9357
Gradient Boost 0.893 ± 0.0097 0.9257 0.9218 0.9296
Perceptron 0.880 ± 0.0119 0.9121 0.9177 0.9066
K-NN 0.862 ± 0.0102 0.9062 0.8671 0.9490
QDA 0.460 ± 0.0657 0.2677 0.8904 0.1575

0.9454, where the F1 score was 0.9358. On the other hand,
although there are classifiers with similar performance than
the XGBoost in terms of Precision, Recall, and F1-score,
these differences are minimal and considered negligible.
However, the LDA classifier stands out in Recall (0.9696),
indicating that this classifier better identifies students with
good academic performance. On the other hand, the MLP
showed better precision (0.9268).

One of the possible causes that the considered classifiers
obtain good performance is due to the separability of the
Label attribute (classes), because as shown in FIGURE 9,
if the Failed Courses and Second Year Score variables are
considered, it is observed that the classes can be separated
even with a straight line. Though, the linear classifiers such
as LDA, Linear SVM, and Linear Regression show good
performance.

In terms of the importance of student attributes in pre-
dicting academic performance, the classifiers XGBoost, Ran-

observed that, in general, the average values of the Second 
Year Score are higher than the First Year Score, which indi-
cates that almost transversally in all majors, there are students 
who after their first year of stay at the University manage to 
improve their grades in their second year. This phenomenon 
can generate a space for improvement in institutional policies 
for the accompaniment of “Regular” students, which could 
have some kind of effect on the reduction of the Failed 
Courses factor. In terms of Age, it is observed that Theology: 
Philosophy has the highest average age, while other careers 
associated with theology have a much lower average Age; 
this indicates a wide range of ages in these careers, in turn, 
poses challenges in the teaching field to provide services to 
students of different ages. On the other hand, as can be seen 
in FIGURE 7, the degrees associated with engineering show 
the highest average values in Failed Courses.

B. RESULTS OF THE PREDICTIVE PERFORMANCE
EVALUATION
An experiment was carried out for each of the selected
machine learning methods, based on 30 repetitions of the
Hold-out validation scheme; 80% of the data were used for
training and 20% for testing. In addition, the data separation
was marked by the Shuffle Split technique, which performs
a random permutation of the dataset records to form the
training and test sets [60], [61].

After the training and testing process of the selected 
classifiers, t he r esults w ere o btained i n TABLE 2 . Almost 
all the machine learning models performed well, surpassing 
the 86% of Accuracy, with the exception of QDA, which 
obtained only 46.0% in that indicator. In this sense, the 
XGBoost classifier i s r ecommended, a s i t s hows t he best 
performance indicators, mainly in accuracy, reaching 0.912, 
with a good balance between precision 0.9263 and recall
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FIGURE 5. Student’s Performance Classification distributed over career.
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FIGURE 6. Student’s Performance Classification distributed over faculty.
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FIGURE 8. Principals factors by career. Distribution of the values of the most
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FIGURE 9. Scatter plot between Failed Courses y Second Year Score, the
colors that represent each value of the target indicate that they are linearly
separable.

Then, it can be seen that the highest Failed Courses values
(with colors tending to red) are located towards the negative
end of the shap-values, on another words, they have a more
negative impact on the prediction value. While the lower
Failed Courses values (with colors tending to blue) the higher
shap-values. This indicates that there is a negative correlation
between the impact and the Failed Courses feature values,
that is, the higher the feature value, the greater its negative
impact on the negative axis. In addition, it can be interpreted
that the greater the magnitude of Failed Courses, the lower
the prediction value, which in the case of this study tends to
be classified as Regular student.

Finally, observing the FIGURE 10, it can be observed
that the following characteristics of greater importance for
the predictive model are Second Year Score and First Year
Score with a positive correlation between their values and
their impact (the higher the grade, the higher the value of the
predicted performance tending to a Good student), followed
by age and Career Architecture with negative correlation.
Then, characteristics related to careers and faculties are found
with considerably low magnitudes of importance in relation
to the first three characteristics of greater importance. From
the fourth place down, the importance list varies by the
classifier, where places are swapped in the importance list

FIGURE 7. Principals factors by faculty. Distribution of the values of the most 
important attributes in the predictive model according to faculty.

dom Forest, and Decision Tree assign coefficients to student 
features in such a way that the greater the value of the 
coefficient, the greater the weight or importance of the feature 
in the target. In order to interpret other types of classifiers, the 
shap-values [62] technique was used. This technique allows 
calculating coefficients, called shap-values, for any classifier 
and determining the features that have the greatest weight in 
the predictive model generated by it. In this way, it is possible 
to superficially u nderstand t he u nderlying m odel generated 
by the classifier and to know the features that are most im-
portant or most related to the value of the predictions. In this 
context, FIGURE 10 presents the shap-values associated with 
the predictive model generated by the XGBoost classifier, 
which achieved the highest performance indicators.

In FIGURE 10 a set of points is distributed according 
to their shap-value on a specific number line, for the 20 
most important characteristics for the prediction of the model 
generated with XGBoost. On the other hand, each point is 
assigned a color defined in a color scale that represents the 
magnitude of the value of the characteristic in a register, this 
allows to visually find patterns in the figure. For example, 
Failed courses contains the highest shape values magnitude 
(both in positive and negative magnitude).
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FIGURE 10. Shap values for XGBoost, indicating the most important features
of the predictive model generated by this classifier.

features such as Age, Sex, Time to Graduate, features related
to Payments Schemes, some careers such as Architecture,
Civil Engineering, Psychology, Nursing among others. In
addition, some faculties also appear, such as Faculty of The-
ology, Faculty of Engineering and Architecture, and Faculty
of Business Studies.

V. DISCUSSION
There are several studies in the literature that address the
prediction of academic performance using Machine Learning
techniques [61], [63]–[67], in which it has been possible
to determine that there are various factors that influence
the performance academic of a student. As has been seen
in [63], [66], the academic trajectory of students plays a
fundamental role in predicting their academic performance.
As it has been corroborated in this study, that the amount of
Failed Courses and First Year Score and Second Year score
obtained by a student corresponds to a relevant factor in the
prediction of their future academic performance. It has also
been corroborated in [63].

In TABLE 2 it is observed that the XGBoost algorithm pro-
vides a high rate both in accuracy 0.91, as in precision 0.94
and sensitivity 0.94, developed with 30 executions; this is
contrasted with other studies that performed ten executions,
showing the difference in the performance of each model
[60], [68].

It is important to consider the shape-values technique to
identify the features with greater importance for the predic-
tion of academic success, due to the magnitude of the value,

which indicates the strength with which the corresponding
feature influences the decision-making process, according
to success stories in [69], [70]. In this sense, FIGURE 10
presents the coefficients associated with the attributes of said
students, where the higher the value of the coefficient, the
greater the magnitude of importance of the attribute in the
model.

Consequently, it was identified that the attributes with
the greatest magnitude of importance correspond to Failed
Courses, First Year Score, and Second Year Score due to
their relationship with the academic performance of students.
Other important attributes are related to the student’s profes-
sional career, where careers such as Career_Arquitectura, Ca-
reer_Civil Engineering, Career_Psicologia, Career_Nursing,
are of great importance to the model. This situation is consis-
tent with the distribution of academic performance according
to professional career presented in FIGURE 3, where it is
observed that the most important professional careers for the
predictive models are those in which students have the worst
grade point average. In the same way, the importance of the
Failed Courses attribute is also linked to the distribution of
failed courses in the same majors, as shown in FIGURE 4.
This leads to determine that the more difficult careers for
students are more important for predictive models.

VI. CONCLUSIONS
The results obtained allow us to affirm that the selected Ma-
chine Learning techniques presented an efficient predictive
capacity, which represents a promising alternative for the
identification of factors involved in academic performance.
Eleven different models were used. However, among all
these, the XGBoost is recommended because it shows bet-
ter performance indicators, both in Accuracy as well as in
precision and sensitivity.

The key factors for classifying the academic performance
of a student at the Peruvian University are the number of
failed courses, together with the grades of the first and second
year, which are decisive, that is, if we want a student to have
a performance. Optimal action must be taken in the first two
years and corrected so that in the following years, a good
academic performance can be maintained according to the
forecast of the model.

There are studies that demonstrated the existence of fac-
tors external to the academic trajectory, influencing in an
important way in the academic performance of the students
[71]. In this sense, another look at the contribution of this
study corresponds to the fact of introducing additional fac-
tors, such as financial and demographic indicators, to the
analysis. In this way, for future work, information on the
academic curriculum, demographic and socioeconomic data
of the students can also be incorporated. The incorporation of
these factors enriches the mechanism for detecting students
with academic problems and provides valuable information
to develop strategies and activities for students who need to
increase their academic performance. Analogously, the tools
presented in this study make it possible to measure academic
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performance under categories, and this places universities at
a higher level of maturity, as referred to in [72].
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