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Ensuring the quality of higher education in Brazil presents a complex challenge, intensified by
factors that directly affect students’ academic performance. The pervasive influence of social
media and the overconsumption of superficial digital content undermine students’ ability to
engage in deep comprehension, critical thinking, and the practical application of knowledge.
Furthermore, inadequate preparation during the preceding educational years hinders students’
ability to adapt to the academic demands of higher education, leading to difficulties in academic
progression and increased dropout rates. In view of the above, this paper explores the potential
of Machine Learning models (ML) in predicting the academic performance of higher education
students within the Anima Educacdo ecosystem, Brazil. The contribution of this work is the
development of an artificial intelligence-based assessment tool called AILA that recommends
personalized study content for fundamental skills such as Portuguese and Mathematics, based
on the psychometric profile of each student. This approach aims to optimize the learning
process by addressing individual needs, enhancing academic performance, and overcoming the
challenges faced by students in the contemporary educational landscape. Psychometric profile
data were collected from approximately 41,296 incoming students of the Anima Educacdo
universities on the following dimensions: learning, social intelligence, emotional management,
socio-emotional skills, teaching method, and knowledge area of the students. The AILA ML
models presented good results in predicting students’ basic skills performance in the binary
and regression approaches. Specifically, the CatBoost model showed an accuracy of 0.74 in
predicting scores on the Portuguese and Mathematics and Logical Reasoning proficiency tests.

1. Introduction

enter university lacking essential competencies may struggle to
maintain academic progress, ultimately leading some to withdraw.

This paper is an extension of the paper originally presented at
the 2024 IEEE 12th International Conference on Intelligent Systems
[1]. The 2024 Map of Higher Education in Brazil, published by the
Semesp Institute, reveals that more than a half of university students
(57.2%) drop out before completing their courses [2]. A potential
contributor to the high student dropout rate in Brazil’s higher ed-
ucation system is the deficient quality of public basic education,
largely due to insufficient government investment in the sector. Fur-
thermore, the growing influence of social media and the excessive
consumption of superficial digital content have contributed to a
reduced capacity for deep comprehension, critical analysis, and the
practical application of knowledge. In [3], the authors argued that
excessive daily internet use can lead to family conflicts, impaired
communication, superficial relationships, learning difficulties, anx-
iety disorders, and attention deficits. Consequently, students who

A practical illustration of the substandard quality of education
in Brazil is provided by the nation’s performance in the Program
for International Student Assessment (PISA), a study administered
by the OECD (Organization for Economic Cooperation and Devel-
opment). PISA evaluates the knowledge of 15-year-old students
in the domains of reading, mathematics, and science. In the PISA
2022 study, which assessed 81 countries, Brazil ranked among the
20 lowest-performing nations in two of the three evaluated subjects
[4]. Moreover, the country scored below the OECD average across
all domains. The results indicate that approximately 50% of Brazil-
ian students failed to reach the minimum proficiency level in the
assessed areas.

Insufficiency in basic skills represents one of the main challenges
faced by university students, directly impacting their academic per-
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formance. According to [5], difficulties in academic writing and text
interpretation compromise the ability of students to organize ideas,
write coherent texts, and adequately express their knowledge, thus
hindering their performance in assessments and academic assign-
ments. Similarly, the study of [6] reveals that gaps in fundamental
mathematical skills, such as fractions and problem-solving, can hin-
der academic progress, especially in courses that require quantitative
reasoning. These limitations often necessitate remedial coursework,
which extends the duration of studies and contributes to higher
dropout rates.

Furthermore, the basic skills play a critical role in the develop-
ment of higher-order cognitive abilities, such as analytical thinking
and problem-solving [7]. The absence of these fundamental skills
can significantly impair a student’s ability to engage with more
complex academic content and tasks. Without a solid foundation in
essential areas like literacy and numeracy, students often struggle
to make connections between different concepts, analyze problems
critically, and apply learned knowledge to real-world situations. As
a result, their ability to develop academic autonomy is severely hin-
dered. This lack of autonomy in turn affects their capacity to manage
learning independently, which is vital for success in higher educa-
tion. Students who are unable to independently navigate through
academic challenges often rely heavily on external support, such as
remedial courses or additional tutoring, which further extends their
time in the education system.

In this way, the lack of basic skills not only directly impacts
academic performance but also prevents students from developing
the necessary self-regulation and problem-solving strategies that are
essential for lifelong learning and success in the professional world.
Consequently, addressing these deficiencies early in a student’s aca-
demic career is essential for fostering both academic independence
and long-term educational success [8].

Given this, a number of studies have explored the application of
machine learning (ML) as a strategy to address the aforementioned
issues. Some of the studies involve the use of data analysis and
prediction techniques to assess students’ academic performance and
psychometric profiles. Psychometric profiling is a way to under-
stand an individual’s psychological and behavioral characteristics.
This is done through psychometric tests that measure the cognitive
abilities, personality traits, motivation, interests, and attitudes and
can be used to understand how a person thinks, learns, and behaves
in different situations [8].

Contemporary psychometrics has shown a significant potential
in enhancing psychological assessments, particularly through the
integration of ML algorithms [9]. These algorithms possess the
ability to improve their performance over time, learning from new
data and experiences. This capability allows the inclusion of prob-
abilistic relationships within computer programs, enabling more
nuanced and accurate predictions of individual behavior and charac-
teristics. Unlike traditional educational technology tools that rely on
predefined, rigidly programmed rules to process inputs and generate
outputs, ML models offer a dynamic and adaptive approach. They
can continuously evolve based on incoming data, providing greater
flexibility and responsiveness in the analysis. This adaptability is
a key advantage, as it enables psychometric tools to stay relevant
and effective as new patterns and insights emerge, making them far
more powerful in real-world applications where data and conditions
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are constantly changing.

In [10], for instance, a hybrid regression model was proposed
to enhance the accuracy of predicting student grades in various
subjects. Additionally, an optimized multi-label classifier was de-
veloped to qualitatively predict the factors that influence student
performance. The model employs three dynamic weighting tech-
niques: collaborative filtering, fuzzy set rules, and Lasso linear
regression. This integration of techniques enables a more flexible
and adaptable analysis of the variables that impact learning.

Despite significant advances in recent literature on student per-
formance prediction, several limitations persist, including chal-
lenges related to imbalanced datasets, unreliable data sources, and
concerns regarding the transparency and quality of artificial intel-
ligence (AI) models [11, 12]. These limitations pose substantial
challenges in the practical application of predictive tools within
real-world educational environments. Specifically, they hinder the
ability to generate accurate and reliable insights into student perfor-
mance, which are essential for formulating evidence-based learning
strategies. In the absence of high-quality data and robust model
transparency, the reliability of predictions is compromised, making
it difficult for educators to make informed decisions. Consequently,
this undermines the effectiveness of personalized learning interven-
tions and hampers the creation of adaptive educational strategies
that can cater to the diverse needs of students. Overcoming these
challenges is crucial for ensuring that predictive analytics can be
used to meaningfully enhance educational outcomes and improve
the overall learning experience.

In view of the above, this paper presents the AILA (Artificial
Intelligence for Learning Assistance) project, that aims to study
and implement an Al-based algorithm that utilizes multiple ML
models to evaluate students’ performances and suggest appropriate
academic content to assist the students of Anima Educacio. This
tool enhances the accuracy of student performance predictions by
integrating diverse data sources, enabling more effective manage-
ment of unbalanced data sets and improving the transparency of its
recommendations.

AILA was developed to enable a more accurate diagnosis of
learning gaps, thereby supporting personalized interventions aimed
at improving student performance. Leveraging machine learning
models, AILA generates individualized learning plans, ensuring
targeted support aligned with each student’s specific needs. This
innovative tool aligns with the institutional and academic objectives
of higher education institutions by enhancing retention rates, min-
imizing the need for remedial instruction, and promoting a more
efficient academic trajectory. Ultimately, the algorithm offers a data-
driven approach to learning, fostering continuous improvement in
student outcomes and advancing educational quality.

The case study of AILA was implemented among incoming
students at Anima Educacio Group, with the objective of providing
personalized recommendations based on each student’s psychome-
tric profile. The Anima Educacdo Group is a prominent private
educational organization in Brazil, operating 25 educational brands
and managing over 500 educational centers nationwide, with a stu-
dent population of approximately 400, 000.

The data collection process for the mapping phase of this study
occurred in two distinct methods. First, a series of questionnaires
were answered by university students who have recently entered
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their courses at one of Anima’s higher education institutions. The
Likert scale [13], a prevalent instrument in questionnaire design, was
used to employ a five-point scale ranging from “never” to “always.”
This scale is commonly utilized in the examination of attitudes,
beliefs, and behaviors. The questionnaires are organized into three
dimensions of knowledge: socio-demographic, socio-cognitive, and
socio-emotional. In addition, the students completed Portuguese
and Logical Reasoning tests.

These data were pre-processed and, based on the quantitative
average of the scores obtained in the questionnaires/tests, the stu-
dents are mapped as Naive, Beginner, Apprentice or Advanced and
receive a recommendation based on this taxonomy. After this map-
ping, the ML models are then used to predict the students’ scores in
the Portuguese Language and Logical Reasoning diagnostic tests.
This prediction is done considering three approaches:

e Binary Classification: The prediction is whether the students
achieved high performance (1) or low performance (0) in
these tests, based on the average scores of the population and;

e Multi-class Classification: The target variable is the classes
of the taxonomy.

e Regression: The models predict the students’ scores;

The case study demonstrates the effectiveness of AILA’s ma-
chine learning models in predicting academic performance by in-
tegrating students’ psychometric variables, thereby enhancing pre-
dictive accuracy. This approach underscores the importance of
incorporating Al into teaching methodologies to support both stu-
dents and educators. By identifying students’ strengths, weaknesses,
and potential academic difficulties in advance, AILA enables the
provision of targeted resources to mitigate challenges and foster
academic success

A total of 41,296 students completed the aforementioned ques-
tionnaires between September 2023 and October 2024 via a custom-
developed web application. In addition to data collection, this
application features a user-friendly interface that presents the learn-
ing content recommended by the models in a clear and accessible
manner. The following ML models were employed: CatBoost, De-
cision Tree (DT), Random Forest (RF), XGBoost, Support Vector
Classifier (SVC), and Support Vector Regressor (SVR), all of which
demonstrated strong performance across regression, binary, and
multi-class classification tasks. For example, the CatBoost model
achieved an accuracy of 0.74 in predicting proficiency scores in
Portuguese and logical-mathematical assessments using a binary
classification approach. In contrast, under a multi-class configu-
ration, the XGBoost and Decision Tree Classifier yielded better
results. A comprehensive analysis and discussion of these findings
are presented in Section 5.

The rest of this paper is organized as follows: Section 2 presents
a summary of the literature, containing works that explore the use
of ML models to assess student performance. In Section 3 con-
cepts and methods relevant to this research are discussed. Section 4
explains the processes carried out to test the models and provides
a comparative analysis of their performance. Finally, Section 6
presents our conclusions about the study.
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2. Related Works

According to [14], predicting students’ academic performance
has become an increasingly complex task due to the growing vol-
ume and variety of data within educational systems. The authors
argue that prevailing predictive methods remain insufficient for accu-
rately identifying the most appropriate techniques to assess student
performance in higher education institutions. Additionally, the iden-
tification of factors influencing student performance remains an
underexplored area requiring further investigation, highlighting the
need to determine which variables exert the most significant impact
on academic outcomes.

Given this, a number of studies have been conducted in the liter-
ature to explore the use of ML models as a strategy to assess student
performance in various domains. Among these studies, some are
particularly noteworthy due to their relevance to the current research
and the significant contributions they have made. In [14], the au-
thors conducted a comprehensive review of 162 studies that utilized
ML techniques to predict student performance between 2010 and
2022. The study of [15] proposes an intelligent system based on
ML to predict students’ academic performance, taking into account
factors such as attendance, grades, and participation in activities.
Algorithms such as Random Forest and Support Vector Machines
(SVM), which have been shown to be effective in analyzing aca-
demic data, were used. The model developed showed an accuracy of
85%, standing out for its ability to accurately predict performance,
with great potential for personalizing pedagogical interventions and
optimizing educational outcomes. A key point observed in that
research is that the appropriate choice of variables (features) can
significantly influence the quality of the predictions.

The use of deep neural networks (DNN) to assess the quality
of English language teaching is explored in [16], offering a more
effective alternative to traditional methods. With an accuracy rate of
97%, the model is able to process large amounts of data and capture
the semantic nuances present in texts, facilitating evaluation in a
scalable and less subjective way. The research demonstrates how
automating the feature extraction process can reduce cost and time,
while improving the accuracy and consistency of scores, bringing
an innovative solution to the field of language teaching.

The study of [17] utilizes ML algorithms to identify low-
engagement students in a social science course at the Open Univer-
sity (OU) and assess how engagement affects performance. The anal-
ysis included variables such as education level, assessment scores,
and interactions with virtual learning environment (VLE) activities.
Several ML models, including decision trees and gradient-boosted
classifiers, were tested, with the best performance in accuracy and
recall. A dashboard was developed to help instructors monitor stu-
dent engagement and provide timely interventions, further exploring
the relationship between engagement and course assessment scores.

In [18], the use of ML models is proposed to predict the de-
velopment of university students’ skills over the course of their
studies. By analyzing performance data in assessments and ex-
tracurricular activities, the authors were able to identify patterns
that allow them to predict the evolution of students’ cognitive and
socio-emotional skills. The results show that deep learning models
are effective, achieving 90% accuracy, and provide an agile way to
tailor pedagogical approaches to students’ individual needs.
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The application of ML in the development of flexible learning
environments is examined in [19], highlighting its potential to en-
able new forms of personalized instruction. The study shows how
ML models can be used to adapt the content and pace of teaching
to the needs of each student, resulting in greater engagement and
better academic outcomes. In addition, automating the assessment
process helps eliminate human bias, promoting a fairer and more
accurate way of assessing students. Based on data collected in real
time, the study suggests how curricula and pedagogical strategies
can be continuously adjusted to promote more inclusive learning.
[20] presents a comprehensive analysis of the literature on how
ML has been applied to identify characteristics that affect students’
academic performance. The review of 84 publications found that
academic and demographic variables, such as grade history and
attendance, are the most commonly studied. The study indicates
that, although existing models yield satisfactory performance, incor-
porating additional factors—such as family dynamics and students’
psychological characteristics—could enhance predictive accuracy.
Moreover, it emphasizes that expanding educational databases is
essential to optimizing personalized interventions.

A detailed review of the use of ML in online education is pre-
sented in [21], with a particular focus on enhancing student skill
acquisition. The study shows that techniques such as content person-
alization, automatic correction, and progress prediction have been
effective in optimizing learning. However, the authors also highlight
important challenges, such as privacy issues and model accuracy,
and suggest that more research should be done to overcome these
limitations. Collaboration between educators, researchers and plat-
form developers is also seen as essential to maximize the positive
impact of ML in education. In [22], the authors reviews the main
applications of Al and ML in digital education, covering topics
such as intelligent tutors, dropout prediction, adaptive learning and
process automation. The work shows that artificial neural networks
and SVM are the most widely used algorithms, with an emphasis
on predictive models aimed at preventing dropout and improving
student performance.

The study [23] explores ML application to predict the devel-
opment of university students’ basic skills throughout their course.
Using algorithms such as RF and SVM, the research analyzed aca-
demic performance data and practical activities to identify the stu-
dents most likely to succeed or struggle. The ML model proved
effective in identifying patterns, allowing for faster and more person-
alized interventions, which could be crucial in optimizing students’
learning and academic development.

In [24], the author focus is on predicting which students are at
risk of dropping out of courses on online learning platforms such
as MOOC:s and Learning Management Systems (LMS). Using ma-
chine learning and deep learning algorithms, the study analyzed
variables such as performance in assessments, engagement, and
online behavior to identify students at risk at an early stage. The
model, based on the RF algorithm, achieved excellent results in
terms of precision and recall, demonstrating how engagement data
can significantly improve the effectiveness of predictions. This al-
lows for timely intervention to prevent students from dropping out
and improve their academic performance.

The work of [25] investigates the use of deep neural networks
(DNN) to predict the academic performance of students in a data
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structures course. The model achieved 89% accuracy when using
the SMOTE oversampling technique based on students’ grades from
previous courses. In addition, DNN outperformed other ML al-
gorithms, such as SVM and RFs, on several performance metrics.
The research suggests that the model could be a valuable tool for
identifying at-risk students early in the semester, enabling early
intervention to improve academic outcomes.

Thus, several studies have been proposed to use ML models to
improve the design of educational systems and create a more per-
sonalized and effective learning experience. However, challenges
persist regarding feature selection, dataset size and balance, and
the explanatory power and reliability of these models. Furthermore,
there is a lack of studies that have applied the results of these models
in real-world settings and presented the models’ predictions and
recommendations through a user-friendly interface.

3. Main Concepts

This section provides an overview of the main concepts and
methods used in this study, aiming to make the reading smoother
and the understanding more accessible. The goal is to clarify how
ML techniques can be applied to assess academic performance,
contributing to promoting student success. Section 3.1 outlines
the fundamental concepts underlying student performance analysis
and their application within the scope of this study. Section 3.2,
in turn, presents and defines the ML models employed to predict
deficiencies in essential academic skills.

3.1. Elements for Student Performance Analysis

As defined by [26], performance can be understood as the way
someone or something acts or behaves, measured by its output. In
the educational context, student performance refers to the assess-
ment of students based on criteria that consider essential compe-
tencies for the current scenario [27]. In this study, performance
analysis is conducted through three main approaches: the Likert
Scale [13], the Item Response Theory (IRT) [28], and the principles
of Psychometrics [8].

The Likert Scale is a widely used instrument for assessing per-
ceptions and preferences, and it is classified as a summative as-
sessment method [13]. It offers response options arranged in a
progressive order, typically ranging from strong disagreement to
strong agreement. In the context of this study, the Likert Scale is
employed to measure an individual’s self-perceived proficiency in a
given skill, using a five-point scale with the following categories:
“never,” “rarely,” “sometimes,” ”often,” and “always”.

The concept of psychometrics can be approached in various
ways, one of which is its application in assessing an individual’s
psychological traits [29]. In this sense, psychometrics involves
the development of measurement tools, such as tests, scales, and
questionnaires, to perform a precise and valid analysis of different
aspects of human behavior [8]. Moreover, psychometrics extends
beyond simple measurement by emphasizing the quality and accu-
racy of assessment instruments. Its primary aim is to ensure that
these instruments yield consistent results while effectively capturing
the constructs they are intended to measure [30]. Guided by these

99 9


http://www.astesj.com

G. Brds et al., / Advances in Science, Technology and Engineering Systems Journal Vol. 10, No. 4, 1-13 (2025)

principles, this study applied psychometric concepts to construct
the profile of the analyzed students, as detailed in Section 4.

3.2. Machine Learning (ML)

The field of machine learning focuses on developing algorithms
capable of learning directly from data rather than following prede-
fined commands [31]. The primary goal is to build computational
systems that, when fed with a dataset, can generate models to make
predictions, classifications, or identifications based on the acquired
knowledge. Within this context, we applied various ML approaches
to address the proposed problem, including Decision Tree, Random
Forest, Neural Network, and Support Vector Machine. The ML
techniques used in this study were:

e Decision Tree (DT): According to [32], a Decision Tree [33]
is a hierarchical, branched structure composed of nodes and
branches. At each internal node, a decision is made based
on a test applied to input variables, guiding the flow along
specific branches. The terminal nodes, or leaf nodes, provide
the predicted values of the target variable or the associated
probability distributions. According to [34], the Decision
Tree, known for its quick understanding and ease of imple-
mentation, is often adopted in decision support systems in
the healthcare field. Its versatility makes it applicable in
various domains, offering benefits in terms of efficiency and
simplified operation. With the ability to generate clear and
easy-to-understand analyses, DT establishes itself as a valu-
able tool to optimize decision-making processes in different
contexts, standing out for its accessibility and effectiveness in
various areas of knowledge.

¢ Random Forest (RF): The Random Forest method, as de-
scribed by [33], consists of a set of classifications based on
decision trees, where each tree is influenced by a random
vector. This vector is generated independently and follows a
uniform distribution among the trees in the forest. Various ap-
proaches can be applied to construct these vectors, including
bagging, estimated selection of splits, output randomization,
and estimated attribute selection. The fundamental principle
of this model lies in the independence of the generated vec-
tors for each tree individually. By gathering a large number
of trees and combining their decisions, the technique aims
to increase accuracy in data classification for ML problems.
This is achieved because, after building the trees, the final
prediction is determined based on the most voted class by the
ensemble [35].

e Support Vector Machine (SVM): Introduced by [36], SVM
is a ML technique for binary classification problems. Its
approach involves transforming input vectors through a non-
linear mapping into a high-dimensional space, where a linear
decision boundary is constructed with specific characteristics
that ensure good generalization capability. Originally, this
model was developed to handle perfectly separable datasets
but was later improved to accommodate scenarios where data
exhibits overlap and is not completely separable.
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e XGBoost: As detailed by [37], XGBoost is a ML model
based on decision trees, designed to maximize computational
efficiency and predictive accuracy. This method is distin-
guished by using ”boosting,” an approach where each sub-
sequent tree seeks to correct the errors of the previous ones.
XGBoost differs from conventional methods by integrating
regularization mechanisms that minimize the risk of overfit-
ting, applying, among other strategies, data partitioning and
parallelism in tree construction. Its ability to scale processing
of large data volumes makes it a popular choice for a wide
range of predictive problems. Additionally, the model en-
hances classification accuracy by coordinating the integration
of multiple trees, focusing on reducing bias and variance. Ac-
cording to [37], XGBoost was developed to be an effective,
versatile, and easy-to-implement tool, making it a predomi-
nant choice in competitions and practical applications.

o CatBoost: It is an ML algorithm that stands out for its ability
to optimize performance in decision tree-based models, es-
pecially when dealing with categorical data. The algorithm’s
main innovation is the use of Ordered Target Statistics, a
method that improves the encoding of categorical variables
and thus reduces the risk of overfitting by preventing informa-
tion from leaking improperly during training [38]. Addition-
ally, CatBoost implements a symmetric boosting approach,
which ensures greater training efficiency and enhances the
model’s ability to generalize to new data. These advance-
ments make CatBoost an effective solution for classification
and regression problems, particularly useful in contexts with
large data volumes and challenging tasks, such as those in
finance and marketing sectors [39].

4. Proposed Modeling

In this section, we present the models implemented for under-
standing the relationship between the psychometric profiles of the
students and their performance in basic skills. The primary objec-
tive of this study is to develop the ML models, which aim to assess
both the knowledge of the Portuguese Language and Mathematical
Reasoning. The implementation of these methods will facilitate
the determination of the relationship between different psychome-
tric domains and the teaching and learning of these fundamental
subjects, which can support the students with the recommendation
of relevant content to improve their abilities. The information was
modeled based on three output configurations:

¢ Binary Classification: categorizes students into two groups:
“high performance” (1) or “low performance” (0).

e Multi-class classification: classifies students based on the
four classes or taxonomies: Naive, Beginner, Apprentice, and
Advanced, with Naive having the lowest scores and Advanced
the highest.

o Regression: the regression analysis, in turn, is used to predict
the scores in the assessments, showing the improvement of
the students. In addition, logistic regression, based on the idea
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of “propensity scores’, is used to identify the correlation be-
tween student grades and other factors, helping to understand
the elements that influence their grades [40].

The development of the predictive models was guided by the
Cross-Industry Standard Process for Data Mining (CRISP-DM)
methodology [41], ensuring a structured, systematic, and replicable
approach. The use of CRISP-DM enabled a logical progression
from data understanding to model implementation, ensuring that
each step effectively contributed to the quality and accuracy of the
predictions. Figure 1 shows the process of this methodology.

Data
Understanding

Y

Data
Preparation

<3\ 7l
|

n Modeling

Business ¢
Understanding

Deployment

Evaluation

Figure 1: Phases of CRISP-DM applied to this study.

The application of CRISP-DM began with business and data
understanding, during which the project objectives were defined
and the characteristics of the data collected from student question-
naires were analyzed. These questionnaires — comprising emo-
tional states, cognitive behaviors, and academic routines — under-
went a rigorous preparation process conducted by educators from
Anima, which was essential to ensuring data quality and reliability.

During the data preparation phase, standardization and en-
coding techniques were applied to ensure data consistency and
compatibility, optimizing it for subsequent modeling. This careful
preparation was essential for generating a robust dataset that served
as the foundation for building effective predictive models.

Following the data preparation stage, the process advanced to
the modeling and evaluation phases, during the ML models were
trained, fine-tuned, and rigorously assessed for performance. Fi-
nally, in the deployment phase, AILA’s models and their artifacts
were structured to ensure reusability and seamless integration into
production environments. A web-based application was developed
to make the models’ personalized learning recommendations acces-
sible to students in a user-friendly and practical manner, thereby
completing the CRISP-DM cycle and establishing this study as a
practical contribution to real-world educational contexts.
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4.1. Data Understanding and Preparation

As previously mentioned, the data used to train and test the
ML models were collected through psychometric questionnaires
designed to assess students’ emotional states, cognitive behaviors,
and academic routines, along with diagnostic tests measuring profi-
ciency in fundamental skills (Portuguese and Logical Reasoning).
These instruments were administered to incoming students at Anima
Educacao institutions, as illustrated in Figure 2.

Questionnaires

1
v v

(Psychometric

—

Questionnaires) (Diagnostic Tests)

—»] Social Intelligence M»|Portuguese Language

Social Responsibility Mathematical Logical

> and Diversity g Reasoning
—»| Life and Career
Ly Self-Regulation of

Learning

Figure 2: Questionnaire Flowchart

It is important to note that the aforementioned data were pro-
cessed in accordance with Brazil’s General Data Protection Law (Lei
Geral de Protecdo de Dados Pessoais — LGPD), which safeguards
privacy and ensures information security. Participation in the study
was limited to students who provided full consent, reinforcing ethi-
cal research practices and legal compliance established by Anima
Educacio institutions. Although participation was voluntary, several
measures were taken to mitigate self-report bias and preserve the di-
versity and representativeness of the sample. These included the use
of validated psychometric instruments with clear, neutrally worded
items; the assurance of anonymity and confidentiality to reduce
social desirability effects; the incorporation of consistency checks
across similar items; and the inclusion of control questions to iden-
tify inattentive responses. Moreover, behavioral frequency-based
questions were prioritized over abstract self-assessments. Prior to
responding, students were clearly informed about the purpose of the
study and were encouraged to answer honestly

All data collected in this study were securely stored on AWS
infrastructure, through an account managed by Anima. Access
to both the source code and the MongoDB database was strictly
limited to the project team, in compliance with privacy and data
protection requirements. The application and database are hosted
on an EC2 instance, ensuring controlled and secure access aligned
with industry-standard data security practices.

The psychometric questionnaires were constructed using the
Likert Scale, discussed in Section 3.1, and subjected to a statistical
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Data Collection Data Pre-processing

Psychometric Missing Data e Categorical Feature
Questionnaires " Encoding Selection
Removal (MinMaxScaler) (OneHotEncoder) (RFE)

Diagnostic Tests
(Portuguese &
Math)

Data Splitting

Model Training Model Evaluation

Accuracy, Precision,
Recall, F1-score, AUC
(Classification)

Hyperparameter [ CatBoost/RF (Binary) ]
Tuning
(GridSearchCV +

K-Fold CV)

(Train/Test)

[ XGBoost/DT (Multi-class) |

RMSE, MSE, MAE, R?
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Figure 3: ML Workflow

analysis to aim to validate their effectiveness in mapping the correct
profiles based on population analysis. The diagnostics were devel-
oped by the specialized professionals in pedagogical intervention.

4.2. Modeling

Figure 3 provides an overview of the ML workflow designed
for this study. This modeling framework encapsulates the main
stages of the process, from the collection of psychometric and di-
agnostic data to the training and evaluation of predictive models.
This representation provides a clear and systematic overview of the
process, enhancing methodological transparency and supporting the
reproducibility of the study.

4.2.1. Data Pre-processing

The preliminary processing of data is of the utmost importance
for the construction of predictive models, as it ensures the quality
of the information. To this end, we employed data derived from
questionnaires described in Section 4.1. To ensure data standardiza-
tion and compatibility, we implemented variable normalization and
coding techniques.

We applied the numerical data to undergo MinMaxScaler nor-
malization, which scales the values between 0 and 1. This normal-
ization enhances model stability by mitigating distortions caused
by features with varying scales and units, such as the number of
clicks on VLE activities compared to assessment scores [42]. By
standardizing the numerical data, the model can more effectively
learn relevant patterns without being disproportionately influenced
by any single feature.

For categorical variables, the OneHotEncoder method was used,
converting each category into binary representations. This approach
ensures that the model does not assign any hierarchical or ordinal
relationships between categories, treating each one independently
and without bias [42]. By encoding variables such as different VLE
activities (e.g., forums, resources) separately, the model can better
capture the impact of each activity on student engagement. These
preprocessing techniques enhance the quality of the data and im-
prove the ability of the ML models to accurately predict student
engagement.

4.2.2. Used Models

A comparative analysis was conducted to evaluate the efficacy
of several models to predict student’s performance in this study.
The analysis revealed that XGBoost exhibited superior performance
in terms of efficiency in decision trees and the capacity to process
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substantial volumes of data. CatBoost also demonstrated satisfac-
tory results, particularly in scenarios involving disorganized data.
Additionally, simple decision trees were utilized for comparative
purposes, along with Random Forest, which was noteworthy for its
stability and predictive capacity. For complex data, SVM was used,
as it performs well on many variables [43].

4.2.3. Parameter Adjustment and Validation

The models were adjusted using the method GridSearchCV, an
exhaustive search of various combinations of adjustments, with the
aim of identifying the best option for prediction. To prevent the
model from learning too much from the training data alone, k-fold
cross-validation was used, ensuring a good forecast on new data.
Studies demonstrate that this practice improves the prediction of
academic performance by reducing statistical errors [44].

4.2.4. Evaluation Metrics

Accuracy is a widely used metric for evaluating the performance
of a specific model, reflecting the ratio of correct predictions to total
observations [45]. This metric can be used to further evaluate a
model by measuring the ratio of correctly predicted positive cases
to total predicted positive cases. This metric is advantageous in
situations with high costs of false positive results [46].

The classification and regression methods were assessed using
various methodologies, enabling a more comprehensive analysis
[47]. Accuracy, which represents "hits,” performs optimally with
balanced data, while the area under the ROC curve (AUC) is more
suitable for unbalanced data [45]. Additionally, the accuracy of
positive predictions and the hit rate on positives were evaluated,
which are fundamental in academic settings [46]. In the context of
regression models, the mean squared error (MSE) was employed as
a simplification, prioritizing significant errors while making predic-
tions in a linear fashion [48]. The root mean squared error (RMSE)
is the average error of the model expressed in the variable.

5. Case Study

This section details the case study developed to test the validity
of the proposed methodologies, contextualizing the study and its
results. The study involved 41,296 incoming students from various
Anima Educacio institutions. The primary objective was to assist
students in overcoming their challenges from the very beginning of
their higher education journey, thereby optimizing their academic
trajectory right from the outset. To achieve this, the selection of the
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student sample for the algorithms was based on the availability of
complete individual data. Specifically, only students with compre-
hensive information from all the applied tests were included in the
sample.

The distribution of binary classes reveals a significant imbalance
in both Portuguese and Math scores. In both subjects, the vast ma-
jority of students scored below the classification threshold, while a
considerably smaller fraction achieved or exceeded this mark. This
class imbalance demands attention in the development of predic-
tive models, as it can negatively impact model performance and
generalization capabilities (Figure 4).

Portuguese Binary Class Distribution
3999 students

Math Binary Class Distribution

4000 2740 students.

2500
3500

3000 2000
1851 students

2500

1500
2000

Number of Students
Number of Students

1500 1000

1065 students
1000

500
500

Low Performance High Performance
Performance Level

High Performance Low Performance
Performance Level

Figure 4: Class distribution Binary Classification

Furthermore, the distribution of learning taxonomies presents in-
teresting patterns. In Portuguese, the "Beginner” category shows the
highest concentration of students, while the ”Advanced” category is
the least represented. In Math, a similar pattern is observed, with
the "Beginner” category predominating and ”Advanced” being the
least common. This uneven distribution among learning categories
suggests a need for differentiated pedagogical approaches to address
the specific needs of each group (Figure 5).

Distribution of Portuguese Taxonomies

3075 stgonts

1935 susonts

‘‘‘‘‘‘‘‘‘‘

Figure 5: Class distribution Multi-class Classification

This approach was essential, as the supervised learning algo-
rithms used in the study require a full set of labeled data to effec-
tively learn and make accurate predictions. Incomplete data could
lead to biased models or reduced prediction accuracy, making it
crucial to ensure that only students with complete data were consid-
ered. By focusing on students with full datasets, the study aimed to
maximize the reliability and validity of the predictions generated by
the ML algorithms.
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5.1. Experiments

To carry out the experiments, a process was structured that in-
volved analyzing the students’ answers to a series of questions, with
the aim of measuring different aspects of learning. From these
answers, a consolidated data set was generated in a CSV file, con-
taining the features shown in Table 1. The implementation of the
AILA algorithm was carried out in the Visual Studio Code envi-
ronment, using the Jupyter extension to facilitate interactive code
execution. The language chosen was Python, due to its wide range
of specialized ML libraries.

Table 1: Features and Outputs

Feature Output
Modality Logical/Math Reasoning Tax.
Knowledge Area Portuguese Lang. Tax.

Tax. Learning Score Logical/Math Reasoning
Tax. Soc. Intell. Score Portuguese Lang.

Tax. Life/Career -

Tax. Emot. Mgmt. -
Tax. Soc. Resp. -
Score Learning -
Score Soc. Intell. -
Score Life/Career -
Score Emot. Mgmt. | -
Score Soc. Resp. -

Initially, the data was subjected to a preparation pipeline, which
included removing missing values and transforming the variables.
To avoid bias in the models, incomplete entries were eliminated,
resulting in 4,499 lines. Subsequently, the numerical attributes were
normalized using MinMaxScaler, ensuring that all the variables were
on the same scale, in the O to 1 range. OneHotEncoder was used to
transform categorical variables into numerical representations suit-
able for machine learning algorithms. The least relevant variables,
based on their predictive importance, were gradually removed by
Recursive Feature Elimination (RFE), reducing the dimensionality
of the data set and improving the performance of the models.

This study used the approach of splitting the data into training
and test sets with the help of scikit-learn’s train-test-split function.
This technique makes it possible to split the data randomly, so that
a fraction of it is used to train the model, while the other fraction is
used to evaluate its performance.

After preparing the data, the model’s hyperparameters were
optimized using GridSearchCV, a method that systematically goes
through a grid of predefined values to find the best combination of
parameters. In the experiment, cross-validation was applied with
three divisions (cv=3), and the accuracy metric was used as the
evaluation criterion. The optimized set of hyperparameters was then
selected, and the final model was adjusted based on this configura-
tion, ensuring better predictive performance.

5.2. Results

The experiments were carried out with the aim of predicting the
academic performance of the university’s students and showed that
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the models based on boosted decision trees (Boosting) and Random
Forest obtained the best results, especially in binary classification.
The selection of attributes included variables related to the dimen-
sions of learning, social intelligence, emotional management, and
other socio-emotional skills, as well as the teaching method and
area of knowledge of the students.

The study also highlighted the influence of teaching methods and
students’ subject knowledge on academic performance. Certain ped-
agogical strategies appeared to promote better learning outcomes,
while discipline-specific factors also played a role in shaping stu-
dents’ outcomes. These findings suggest that personalized interven-
tions, tailored to students’ academic and socio-emotional profiles,
could be instrumental in improving educational outcomes. Future
research could explore the impact of these interventions and further
refine predictive models to support data-driven decision-making in
educational settings.

5.2.1. Binary Classification

The CatBoostClassifier and RandomForestClassifier models
performed better in predicting students’ proficiency in Portuguese
and logical and mathematical reasoning. In predicting Portuguese,
the CatBoost model obtained the best results, while for logical and
mathematical reasoning, the RandomForest model performed better,
as shown in Table 2.

In addition, it was observed that the models showed high metrics
for class 0, which encompasses the students with the greatest diffi-
culty in the subjects assessed. This result is particularly relevant, as
it indicates that the models are able to more accurately identify the
students who need the most attention and pedagogical support. The
high precision and recall for class 0 reinforce the ability of these ap-
proaches to correctly discriminate between students with difficulties,
making them useful tools for targeted educational interventions.

The joint analysis of the confusion matrices from the CatBoost-
Classifier, shown in Figure 6, complements these findings. For
Portuguese Language, there is a good performance in identifying
students in class 0, but lower accuracy in identifying those in class
1. In the case of Logical and Mathematical Reasoning, the model
produced more balanced results between the classes. This combined
visualization highlights the models’ focus on correctly identifying
students with low performance, which is the central objective of this
study.

Confusion Matrix - CatBoostClassifier

Portuguese Language Logical and Mathematical Reasoning

89 ° 265 216

Predicted Predicted

Figure 6: Confusion Matrix - CatBoostClassifier

The superior performance of the Boosting and Random Forest
models can be justified by the fact that these techniques employ
ensemble learning, reducing bias and variance [49]. CatBoost, in
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particular, uses effective processing of categorical variables and re-
duces the impact of overfitting, while Random Forest benefits from
the aggregation of multiple decision trees, promoting robustness to
the model [38].

Table 2: Binary Classification Results. PT = Portuguese language; LR = Logical and
Mathematical Reasoning. Acc = Accuracy; Prec 0 = Precision for class 0; Prec 1 =
Precision for class 1; F1 = F1-Score (weighted).

Model Type | Acc | Prec0 | Prec1 | F1
CatBoost PT | 0,74 | 0,80 0,30 | 0,22
XGB PT | 0,71 0,80 0,26 | 0,22
DecisionTree PT 0,53 0,82 0,25 0,35
RandomForest PT 0,71 0,80 0,26 0,28
SvC PT | 0,53 | 0,82 0,25 | 0,35
CatBoost LR | 055 | 0,57 0,52 | 0,53
XGB LR | 052 | 0,55 0,50 | 0,51
DecisionTree LR | 0,56 0,57 0,54 0,53
RandomForest | LR | 0,56 0,57 0,54 0,53
SvC LR | 055 | 0,56 0,53 | 0,51

5.2.2. Multi-class Classification

With regard to multi-class classification, the XGBoost and Deci-
sionTreeClassifier models showed the best results for Portuguese
language and logical and mathematical reasoning, respectively (Ta-
ble 3). These results suggest that although Boosting models remain
effective, the complexity of predicting multiple classes may have
affected overall accuracy.

Table 3: Multi-class Classification Results. PT = Portuguese language; LR = Logical
and Mathematical Reasoning. Acc = Accuracy; Prec = Macro-averaged Precision;
F1 = Macro-averaged F1-Score.

Model Type | Acc | Prec | F1

CatBoost PT | 047 | 048 | 0,47
XGB PT | 0,56 | 0,48 | 0,49
DecisionTree PT 0,56 | 0,49 | 0,51
RandomForest PT 0,43 | 0,48 | 0,45
SvC PT | 0,35 | 0,47 | 0,38
CatBoost LR | 0,37 | 0,36 | 0,36
XGB LR | 0,40 | 0,38 | 0,38
DecisionTree LR | 0,42 | 0,40 | 0,39
RandomForest LR 0,37 | 0,37 | 0,37
SvC LR | 0,35 | 0,37 | 0,35

As shown in Figure 5, the used dataset has a much larger number
of students with low performance than students with high perfor-
mance. This can bias the model’s learning, especially when it
involves multi-class classification, and make it difficult to identify
different levels among the students. For this reason the multi-class
models found a low accuracy, as shown in Table 3.

Despite these limitations, the multi-class classification models
still provide complementary insights regarding the distribution of
student performance levels. The scarcity of examples in interme-
diate and high-performance classes hinders the models’ ability to
learn discriminative patterns for these categories, contributing to the
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overall lower accuracy. For the model to better classify student per-
formance levels through the multi-class approach, more data would
be needed in the other classes. However, since the critical task of
identifying students with unsatisfactory performance is handled by
the binary classification model—more robust and less affected by
class imbalance—the limitations of the multi-class model do not
compromise the practical objectives of this study. Thus, multi-class
results should be viewed as a secondary analytical tool, useful for
exploratory interpretation, while pedagogical decision-making is
grounded on the binary model’s outputs.

5.2.3. Regression

Although the CatBoostRegressor and XGBRegressor achieved
the best results for Portuguese, and the RandomForestRegressor for
logical and mathematical reasoning (Table 4), the regression models
generally exhibited low predictive power. This limitation may be
related to the fact that the domain scores used as predictors are not
necessarily strong indicators of performance in another domain, as
each one assesses distinct cognitive skills. Therefore, attempting
to predict performance in a specific area based on performance in
others may fail to adequately capture the unique characteristics of
each evaluated competency.

Table 4: Regression Model Performance. PT = Portuguese language; LR = Logical
and Mathematical Reasoning. RMSE = Root Mean Squared Error; MSE = Mean
Squared Error; MAE = Mean Absolute Error; R? = Coeflicient of Determination.

Model Type | RMSE | MSE | MAE R2

CatBoost PT 0.16 0.03 0.13 | 0.05
XGB PT 0.16 0.03 0.14 | 0.04
DecisionTree PT 0.17 0.03 0.14 | -0.02
RandomForest | PT 0.16 0.03 0.14 | 0.04
SVR PT 0.17 0.03 0.13 | 0.03
CatBoost LR 0.25 0.06 | 0.22 | 0.01
XGB LR 0.25 0.06 | 0.22 | 0.00
DecisionTree LR 0.25 0.06 0.22 | -0.04
RandomForest | LR 0.25 0.06 0.22 0.01
SVR LR 0.25 0.06 | 0.22 | -0.02

5.3. Discussion of the Results

The results obtained confirm that the Boosting and Random
Forest models are highly effective for binary classification problems,
corroborating previous studies that highlight their ability to capture
complex patterns and reduce overfitting through regularization [50]
[37].

The analysis of variable importance in the CatBoost model, used
to predict students’ performance in the Portuguese language, reveals
which features had the greatest influence on the predictions. Figure
7 presents a bar chart ranking the most relevant features based on
their importance values.

It is observed that scores related to life and career and learning
had the greatest impact, followed by social intelligence and emo-
tional management. These results suggest that socioemotional skills
play a crucial role in students’ performance, not only in content
mastery but also in their ability to apply such knowledge in the
exam.
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Additionally, categorical variables such as the field of study (Hu-
manities, Biological and Health Sciences, among others) and the
mode of instruction (in-person or not) also showed some influence,
although to a lesser extent, in predicting the results. This analysis
reinforces the need for educational policies that consider not only
technical knowledge but also interpersonal and emotional skills,
which directly impact students’ academic success in the Portuguese
language exam.

CatBoost Feature Importance

score_life_career
score_learning
score_social_intelligence

score_emotional_management

score_social_responsibility

area_Biological_Health_Sciences
taxonomy_social_responsibility_Learner

faxonomy_social_intelligence_Leamer

Feature

taxonomy_emotional_management_Learner
taxonomy_learning_Learner

CAT_Presential
area_Agricultural_Environmental_Sciences
taxonomy_life_career_Beginner
area_Humanities

area_Business_Management

10
Importance

Figure 7: Feature Importances — CatBoost Model

However, multiclass prediction proved to be more challenging,
possibly due to the imbalance in the data, which can guide the mod-
els learning to a good accuracy in one class but not in the others.
Regarding regression, the relatively low R? values suggest that other
factors, such as individual aspects of the students and unmeasured
external factors, may have influenced academic performance.

5.4. Practical application of the recommendation

AILA employs the responses of students to psychometric ques-
tionnaires and diagnostic tests to categorize them according to a
taxonomy comprising four levels: The designation of Naive, Begin-
ner, Apprentice or Advanced is utilized to categorize individuals
based on their level of expertise or proficiency in a particular do-
main. In accordance with the classification that has been presented,
the platform provides recommendations that are customized to align
with each student’s unique profile.

Figure § presents a simulated example of the AILA’s recommen-
dation interface, which displays content suggestions categorized
by dimension (e.g., logical reasoning, social intelligence, life and
career). The recommendations presented are based on the student’s

10
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level in each domain, with the objective of strengthening specific
skills.

The practical implementation in question establishes a connec-
tion between psychometric assessment and pedagogical guidance,
promoting a more student-centered learning experience.

Figure 8: Simulated interface displaying personalized recommendations generated
by AILA based on psychometric classification

6. Conclusion

This work explored ML models to university students perfor-
mance in basic skills such as Portuguese language and Logical Rea-
soning. The study has been applied in a real case involving more
than 40, 000 students at several institutions of Anima Educacio, an
educational group in Brazil.

The results reinforce the effectiveness of using ML to predict
the academic performance of higher education students and show
that the models implemented are effective for predicting student per-
formance in basic skills, especially for predicting students who will
have difficulty, which is the main objective of this study. The high
accuracy in class zero, in the case of binary classification, reinforces
this point and can provide support to intervention actions on the part
of the university. Similarly, the regression models demonstrated
effectiveness in predicting the student’s score and can also serve as
an important method for this purpose.

As for the multi-class classification task, the models presented
a low accuracy and showed that the proposed models are still not
sufficient to find several levels among the students satisfactory. This
is justified by the imbalance of data in the used dataset and the low
amount of data in classes that represent high student performance,
that is, the low number of students with high performance in basic
skills in the research carried out. This confirms that data balance is
crucial for this type of task.

In addition, the models proved to be effective in finding a cor-
relation between psychometric profile and performance in basic
subjects, which suggests that emotional and psychosocial factors
can influence the learning process of students. For future work, it
will be important to conduct new tests with more advanced students
in order to improve the performance of the multi-class model, thus
generating advances in the learning of the model for these cases.

However, a central limitation of this study lies in the pronounced
imbalance in class distribution, particularly in the context of multi-
class classification. The scarcity of students with high performance
in both Portuguese Language and Logical-Mathematical Reasoning
restricted the models’ ability to learn representative patterns across
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all performance levels. This imbalance contributed to the lower
accuracy observed in the multi-class models and compromised the
regression results by reducing the diversity and richness of the
training data. Moreover, the reliance on correlated data, such as
psychometric profiles based on self-reported responses, may intro-
duce potential bias, as subjective answers can reflect inconsistent or
distorted perceptions. Future work should address these limitations
through the collection of more balanced datasets, the application
of techniques to mitigate self-report bias, and the use of data aug-
mentation and resampling methods, aiming to improve the models’
generalization capacity and robustness.
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