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ABSTRACT

Understanding student dropout has become increasingly relevant given the growing
importance of educated people in today’s workforce. Therefore, predicting a student’s
academic achievement (AA), whether he/she passes the academic year or not, can prove
crucial to assisting teachers and competent decision-makers to create measures to help retain
and eventually reduce academic abandonment. To address such issues, this paper utilizes
Machine Learning (ML) models to obtain accurate predictions of essentially every student’s
AA in Portuguese public high schools using data from the Portuguese Ministry of Education
and understand what are the drivers of AA that most affect the predictive abilities of said
models. Our results show that Random Forest and XGBoost have similar levels of accuracy,
however, the latter displayed slightly better predictions. Regarding the most influential AA
drivers, previous retention, gender, and the location of the student’s school were the ones
that showed the greatest effect on the XGBoost model’s ability to accurately predict the
student’s success. Several suggestions are made to educational stakeholders on the results of
this study.
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1. INTRODUCTION

Education has been a topic of discussion since ancient Greece (Griffith, 2015), and its benefits
are evident on both personal and societal levels. Tilak (2002) emphasized that education
broadens understanding, strengthens democratic processes, and promotes sustainable
development through a better understanding of environmental and ecological relationships.
Studies across various countries and periods have shown that education enhances the quality
of life, work opportunities, and professional prospects (Dumciuviene, 2015).

A positive correlation exists between education and earnings, with educated individuals
earning higher wages and experiencing lower unemployment rates. In Portugal, the
unemployment rate for those with only basic education ranges from 7% to 12.8% according
to Pordata. Education also serves as a crucial tool for inclusion (UNESCO, 2008). Marginalized
and vulnerable groups, such as minorities and those in poverty, often face educational
exclusion, which can lead to lower academic performance and early dropout rates if not
addressed promptly (Jahnukainen, 2001). Understanding the factors that affect academic
achievement (AA) is therefore critical.

AA, the measure of a student’s success in achieving certain goals in an academic environment,
is a subject that has inspired much interest from researchers from different backgrounds.
Scholars have approached this matter from a behavioral standpoint (Amrai et al., 2011), and
through a more economic view since education has relevant personal, social, and political
implications. Education impacts more than just the classroom, as it has an immensely positive
role in such aspects as public health, the development of democratic values, culture
enrichment, and the economic fabric of nations, more or less developed (Astakhova et al.,
2016). With the acquisition of knowledge and skills, education paves the way for individuals
to obtain improved career opportunities and quality of life. This leads to a more competitive
labor market. Given the pivotal role education plays, decision-makers must be aware of what
influences students’ performance at school so they can promote the best strategies to
enhance educational performance. Hence, it is important to study and understand AA drivers.

This study is different from previous ones made using Al and Machine Learning models to
predict AA as the data used to train, and test said models include practically every student in
Portugal since the data source is the Ministry of Education.

In this paper, we use a large sample of students who are then scored with ML models, to
guantify how much each AA driver (independent variables) changes the predictive capability
of the models. The objective of the application of these methods is to understand what
impacts a student’s academic success and by how much. The insights achieved with this study
should allow schools and upper policymakers to understand better how to introduce more
effective strategies to lower retention rates and improve AA. By following this approach, this
paper looks to answer the following research questions:

e What are the most accurate ML models to predict AA?



e What are the main drivers for early dropout among high school students in Portugal?
How do they affect the predictive capability of the ML models?

To address this question, this paper is outlined as follows: Section 2 includes a Theoretical
Background; Section 3 addresses the Methodology; Section 4 presents the Results; Section 5
shows a Discussion and the limitations/implications of this work; Section 6 closes with the
conclusions.



2. LITERATURE REVIEW

2.1. EDUCATION AND ACADEMIC ACHIEVEMENT

Academic Achievement (AA), the measure of a student’s academic success, can be measured
by standardized test scores, a student’s grade point average (GPA), and whether the student
fails, or not, to pass the year. When students are provided with proper career education
interventions, a somewhat positive gain in AA has been noticed (Evans & Burck, 1992).
Therefore, understanding AA drivers is fundamental for educational policymakers as these are
the ones who can set measures in place to prevent academic underachievement and ensure
everything is done to reduce dropout rates. However, measuring AA can be challenging as it
is @ combination of socioeconomic, psychological, and environmental factors (Pandey &
Thapa, 2017).

It has been established long ago that an early introduction of children into the educational
scene improves their future AA, and the longer that preliminary exposure to education is, the
better (Fergusson et al., 1994). However, adolescence, the stage of life focused on in this
study, is the most critical period in a person’s life when it comes to developing one's
personality and ideals, strongly influenced by their surroundings (peer groups, adult role
models). It is in the adolescence stage of life that individuals start experiencing autonomy and
begin to make their own decisions (Hernandez Jozefowicz-Simbeni, 2008). There is evidence
of the existence of a link between impatience, self-control problems, drop-out rates, and
overall low AA (Koch et al., 2015). At times, it may be in this period that students start feeling
unsure about future possibilities especially academically, thus educational intervenients need
to be aware of these situations so they can act upon them. Studies like this one aim to help
those responsible for ensuring academic solid success prevent these situations.

Upper-secondary education is mandatory for academic completion in Portugal, but there are
many cases where students abandon school earlier. In 2022, according to INE, the dropout
rate in Portugal was 6.5% whereas the European average was 9.6%. Over the last two decades,
a decreasing tendency in dropout rates is clear. Despite this, the responsible authorities still
need to be active in ensuring these numbers do not increase again.

2.2. PREVIOUSLY RESEARCH ON AA DRIVERS

Academic achievement has long been a subject of discussion within the academic world and
so have the drivers affecting it. The students’ characteristics, in particular, have been a major
focus point in previous literature for understanding AA. Gender is one of those characteristics.
It has been shown that female students present lower levels of academic procrastination,
leading to higher academic performance and satisfaction per Balkis & Duru (2017). According
to these authors, while male students show higher levels of procrastination, this factor does
not strongly influence their academic success. However, they make better use of
concentration and information processing. On the other hand, girls use their attitude,
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motivation, and time management skills more extensively as they show a stronger drive
towards school (Ghazvini & Khajehpour, 2011).

The level of academic adjustment, particularly academic integration, strongly shapes one's
academic success (Rienties et al., 2012). A student’s nationality is an important aspect when
studying AA because certain nationalities have more of an aptitude to develop better social
skills which are strongly correlated with academic performance (Fernandez-Leyva et al., 2021).

Grade retention has also been subject to studies, with some authors concluding that retaining
students may represent a decrease in motivation, and self-esteem and may increase the
probability of absence from classes (Martin, 2011). However, according to Lorence (2006),
who gathered conclusions from other studies, stated that “there is no overwhelming body of
scientifically sound evidence that making academically challenged students repeat a grade is
ineffective or harmful”. In fact, Klapproth et al. (2016) concluded that students who were
retained showed better marks than the rest of their peers and that they achieved better
academic success than if they had continued on the usual path.

Parents have also been the subject of many studies regarding their children’s academic
success. The higher the parents' educational status, the more likely a student is to pass (Crede
et al., 2015). Higher-educated parents can help lead their children to greater academic success
since they have already experienced at least part of the same process. Through their guidance,
parents help mold a child's beliefs and views on education, and overall life (Idris et al., 2020).
The parents make the most relevant educational decisions made pre-university. Decisions
such as whether to attend public or private school or even what area of study the adolescent
will study can be influenced by the parents.

In previous studies, another common finding is that the parent’s income also affects their
children's AA especially when taking into consideration other factors such as education and
parental union status (Chevalier et al., 2013). Parents who are strongly involved in their
children’s lives also tend to lead to higher academic achievement (Machebe et al., 2017). As
parents are the first ones to communicate the importance of education to their children, it is
normal for them to absorb their way of thinking. Schmuck & Cho (2011) found that most
students whose parents help them through tough moments or school problems, live less
stressful lives and become more motivated towards their academic activities.

Given that schools are the learning environment students spend the most time on, it is only
natural that they have been the subject of several studies. Research conducted by Hahn et al.
(2014) in Japan, observed that private school students are more likely to attend university
than public school students. It is important to notice that students are randomly assigned to
any school regardless of its type. This means that the academic abilities or their families’
economic situation is not a factor taken into account, which leads to the conclusion that the
environment and conditions created by private schools are essential for students’ AA.

Another aspect to consider is the school size. Over the last decades, there have been many
studies to uncover whether the size of a school has any effect on students’ success (Lee &
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Smith, 1997). Most reach the same conclusion: larger schools show a negative relation with
AA. Weiss et al. (2010) showed that schools with a range of 600-1000 students are the ones
that show the best student engagement which, as mentioned before, can lead to better AA.
However, smaller schools (below 600 students) have demonstrated worse levels of academic
success (Lee & Smith, 1997).

There is an inverse relationship between class size and AA, meaning the smaller a class is the
higher the success of a student (Ehrenberg et al., 2001). With fewer students to manage per
teacher, these can devote more time and attention to each student. Some particular groups
of students may benefit even more from smaller classes, such as those with disadvantaged
backgrounds, special needs students, and those learning the country’s main language. This
may lead to a heightened sense of self-confidence and belonging which ultimately will help
with academic success (Nye et al., 2000).

2.3. MACHINE LEARNING USED FOR AA

Data Mining and Machine Learning (ML) techniques have, time and time again, proven useful
in analyzing student’s trends and behaviors toward education (GE, 2020). A large number of
studies have been made to predict and analyze AA using ML in the last few years which only
proves the potential these methods present to the education world.

Before this surge of ML in the educational setting, more traditional ways were used to predict
a student’s success or what drives said success. Survey-based studies were performed
regularly (Caison, 2007). However, papers like Delen (2010) have proven that these surveys
are harder to apply to all institutions and may become costly to implement larger surveys. This
is why ML models appear to be the solution as they can handle larger amounts of data and
extract better insights from them (Cruz-Jesus et al., 2020).

The most common ML models used to predict student success are, among others, Neural
Networks (NN), Decision Trees (DT), Random Forests (RF), Support Vector Machines (SVM), K-
nearest neighbors (kNN), Logistic Regression (LR), and XGBoost (XGB). Overall, the best-
performing models seem to be Random Forests (Asif et al., 2017). Decision Trees are also
widely successful, as they are the genesis of Random Forests (Hussain & Khan, 2023). In this
study, we attempted to use some of these models and others to obtain the best possible
prediction of AA.

However, some of these models have limitations such as their practical interpretability (Costa-
Mendes et al., 2021).



Table 1 - Previous use of ML models for AA prediction
Reference Title

(Nunes et al., 2022) Mathematics and Mother Tongue Academic
Achievement: A Machine Learning Approach

(Cruz-Jesus et al., Using artificial intelligence methods to assess
2020) academic achievement in public high schools of a
European Union country

(Costa-Mendes et A machine learning approximation of the 2015
al., 2021) Portuguese high school student grades: A hybrid
approach

(Miguéis et al.,, Early segmentation of students according to their

2018) academic performance: a predictive modeling
approach
(Sen et al., 2012) Predicting and analyzing secondary education

placement-test scores: A data mining approach

(Asif et al., 2017) Analyzing undergraduate students' performance
using
educational data mining

(Costa-Mendes et Academic achievement critical factors and the
al., 2022) bias and variance decomposition: evidence from
high school students’ grades

(Hoffait & Schyns, Early Detection of University Students with

2017) Potential Difficulties

(Marbouti, 2016) Models for early prediction of at-risk students in
a course

using standards-based grading

(Costa, 2017) Evaluating the effectiveness of educational data
mining techniques for early prediction of
students' academic failure in introductory

programming courses

ML methods

NN

NN, DT, ERT,
RF, SVM,
KNN, LR

LR, RF, SVM,
NN, XGB

NB, SVM, DT,
RF, BT, ABT

NN, SVM, DT,
LR
DT, KNN, NB,

NN, RF

NN

LR, NN, DT, RF

LR, SVM, DT,
MLP, NB, KNN

NN, DT, SVM,
NB



3. METHODOLOGY

3.1. Data

This study was part of a project featuring the collaboration between NOVA IMS and the
Directorate-General of Statistics for Education and Science of the Portuguese Ministry of
Education (DGEEC). The dataset used in this study consists of 182.060 public high-school
students attending the four major areas of the secondary school system in Portugal in
2022/23. This amount of data allows us to reach the best conclusions possible since it includes
virtually every high-school student in this system.

Initially, the data was spread across several SQL tables containing information regarding the
student’s personal information, schedules, evaluations, etc. Besides this, it was also comprised
of information about the schools and the teachers. The evaluations extracted were the ones
the students achieved in the prior year (2021/22), while the rest of the information is from
2022/23. This will help the prediction be more accurate. After selecting the relevant data from
numerous tables, a CSV file was created to hold the students’ and school data deemed
important to build the models to predict their AA using Python. In Tables 2,3 & 4, we can see
the original features in the dataset, with numerical, binary, and categorical variables, with the
latter being transformed later in the process.

Table 2 — Original Dataset: Numerical Features

Variable Description

SchoolYear School year the student will be attending

ClassSize Size of the student's class

YearsRetained Number of years the student was previously
retained

RatioFemaleStudentsScool Ratio of female students within the student's
school (0-1)

SchoolCode Code of the student's school

SchoolSize Size of the student's school

RatioPortugueseGuardianSchool Ratio of Portuguese guardians within the student's
school (0-1)

Grade-PointAverage Average of all the student's grades

MathPortugueseAverageGrade Average of the student's Math and Portuguese
grades

PortugueseGrade Student's grade in Portuguese class

HistoryGrade Student's grade in History class

EnglishGrade Student's grade in English class

MathematicsGrade Student's grade in Mathematics class

PhilosophyGrade Student's grade in Philosophy class

PhysicalEducationGrade Student's grade in Physical Education class



Variable
Cycle
GuardianNationality
Class
ASE_Level
City

GuardianEducation

Variables
FemaleStudent
PortugueseGuardian
Internet

Computer

Retention

3.2. TREATMENT OF DATA

Table 3 — Original Dataset: Categorical Features

Description
Cycle of the student (in this case, high school)
Nationality of the student's guardian
Name of the student's class
Level of financial help provided to the student
Name of the student's city

Level of education of the student's guardian

Table 4 — Original Dataset: Binary Features

Description
If the student is female
If the student's guardian is Portuguese

If the student has access to the Internet at home
If the student has access to a computer at home

If the student is retained

3.2.1. DATA TRANSFORMATION

Data transformation is a major step in data analysis since it converts the raw data into relevant
information to help with the analysis. By improving the quality of the data available, the
accuracy of the predictive models will increase as well as the better interpretability of the
results (Ferketich & Verran, 1994). The following variables were the ones that suffered
transformations:

Table 5 — Transformations on original variables
Variables Transformation/Reason
Grades Standardizing the grades to a numeric scale (0-20)
GuardianEducation

Assigning a number to each education level

FinancialSituation Returns “1” if true and “0” if false (Financial_Situation:

“1” if helped)



3.2.2. Feature Engineering

The creation of new variables, a part of feature engineering, is crucial in machine learning as
it can refine models’ efficiency and learning performance (Wang et al., 2022). New variables
can help better capture patterns and relationships between one another and improve the
models’ interpretability in such a way the old ones cannot. In this work, the following variables
were created from the existing ones:

Table 6 — Newly created variables
New Variables Meaning

LargeSchool Whether a school is considered large or small (large > 910
students); 1 if large

GuardiansHigherEduc Whether or not a student’s guardian has Upper-Level
Education (“1” if True)

3.2.3. Descriptive Analysis

As mentioned above, the original dataset from DGEEC contained information from 182060
students in the Portuguese high school system. In Table 7, we can find the descriptive statistics
of some of the variables of the original dataset, after the transformations mentioned in
previous sections:

Table 7 — Summary Statistics
count mean min 25% 50% 75% max
SchoolSize 182060 588.64 1.00 346.00 556.00 782.00 1493.00
PortugueseGrade 152709 10.19 0.00 4.00 11.00 14.00 20.00
ClassSize 178748  23.55 1.00 21.00 24.00 27.00 44.00

PhilosophyGrade 98194 14.11 0.00 12.00 14.00 16.00 20.00

HistoryGrade 86838 7.70 0.00 4.00 5.00 12.00 20.00
Computer 181675  0.57 0.00 0.00 1.00 1.00 1.00
FinancialSituation 182060  0.24 0.00 0.00 0.00 0.00 1.00
FemaleStudent 182060  0.55 0.00 0.00 1.00 1.00 1.00
Mathematics 135990 9.53 0.00 4.00 10.00 14.00 20.00
Grade



Portuguese 182060 0.84 0.00 1.00 1.00 1.00 1.00
Guardian

PhysicalEducation = 151923 12.3 0.00 5.00 15.00 17.00 20.00
Grade

Internet 181818 0.64 0.00 0.00 1.00 1.00 1.00

Grade- 155542  10.64 0.00 4.36 12.17 14.88 20.00
PointAverage

YearsRetained 182060  0.30 -1.00 0.00 0.00 0.00 10.00
EnglishGrade 142245 10.99 0.00 4.00 12.00 16.00 20.00
RatioPortuguese 182060  0.83 0.02 0.79 0.85 0.90 1.00

GuardianSchool

MathPortuguese 154019 10.03 0.00 4.00 11.00 14.00 20.00
AverageGrade

RatioFemale 182060 0.53 0.42 0.51 0.53 0.55 0.69
StudentsSchool

LargeSchool 182060 1.00 0.00 1.00 1.00 1.00 1.00
Retention 182060 0.16 0.00 0.00 0.00 0.00 1.00

Based on this table, several observations can be made. Out of the 182060 students, 55% are
women, 64% have access to the internet at home, but only 57% possess a computer. 24% of
the students require financial help from the state. Finally, in 2022/23, 16% of all students
ended the year retained.

3.2.4. Data Cleaning

Data cleaning is a vital part of the data analysis process since errors and inconsistencies, such
as missing values, can lead to different results when building predictive models and analyzing
feature importance (Ridzuan & Wan Zainon, 2019).

To deal with these inconsistencies, several steps were taken. In the first place, variables with
over 70% missing values were eliminated. This allowed the analysis to proceed with less noise
in the data, which is important due to the large dataset. To handle the remaining missing
values, the K-NN Imputer was used. It has been known to be used in works related to
predicting AA since it captures patterns and relationships to, more effectively, fill the missing
data (Almonteros et al., 2024).
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3.2.5. SMOTE

SMOTE (Synthetic Minority Over-sampling Technique) addresses instances of class imbalance
in datasets. When the minority class is significantly smaller than the majority class, SMOTE
proposes oversampling the minority class by creating synthetic examples to balance the class
distribution (Chawla et al., 2002). These examples are created by generating new instances
between the minority class instance and its nearest minority class neighbors. SMOTE is highly
regarded in ML and data mining since it presents a more balanced training dataset thus leading
to better generalization and more accurate predictions of the minority class.

In the case of this paper’s dataset, a significant discrepancy between the students' approvals
and disapprovals can be found. Only 28674 students out of 182060 available did not succeed
(approximately 16%). This contrast between the two classes can lead to inferior performances
of the predictive models since they might tend to favor the majority class, therefore SMOTE
was implemented.

3.3. FEATURE SELECTION

Feature selection is essential in studies like this since it enhances the accuracy, interpretability,
and efficiency of the predictive models built after. It involves selecting informative and
influential variables, eliminating irrelevant ones, and refining the model's predictive power
(Owusu-Adjei et al., 2023). In high-dimensional data, selecting relevant features reduces
model complexity, managing computational demands and overfitting risks (Pudjihartono et
al., 2022).

Various feature selection methods were used in this study to obtain the best for the models.
These methods were Decision Trees, Feature Correlation, Recursive Feature Elimination, and
Lasso Regression. After analyzing which features were the most relevant for predicting the
target variable for each method, the most important ones were those selected at least three
times.

3.3.1. Decision Trees

A decision tree (Breiman et al., 1984) is a supervised machine-learning algorithm that can
either produce an accurate classifier or uncover the predictive structure of the problem. This
classifier has a tree-like structure where each internal node represents a test on an attribute,
each branch represents an outcome, and each leaf node (terminal node) holds a class label.

11



Figure 1 — Decision Tree

outlook
sunny overcast rain
humidity p windy

high normal true false

The process of using a decision tree to predict a query instance starts by testing the value of
the descriptive feature at the root node of the tree (Kelleher & Mac Namee, 2020). The result
of this test determines which of the root node’s children the process should then descend to.
After that, it repeatedly splits the training data into subsets based on the values of the
attributes, based on a metric such as Entropy or Gini Impurity, until the subset at a node all
has the same value as the target variable, or when splitting no longer adds value to the
predictions.

C
Entropy = Z —pixloga(p) (D)
i=1

Some academic success prediction studies use Decision Trees since it is easier to understand
the results than most models (Costa, 2017; Marbouti, 2016; Strecht et al., 2015).

3.3.2. Correlation-Based Feature Selection

Correlation-based feature selection is used to select highly correlated features with the target
variable to identify the ones that contribute the most to the best predictive model. This
method also finds redundant information, variables that are highly correlated with one or
more other features, which should then be eliminated (Hall, 1999). Besides the
aforementioned advantages of feature selection methods, Correlation-based feature
selection allows for a simpler and easier interpretation of the importance of the features.

3.3.3. Recursive Feature Elimination (RFE)

This method is used to identify the most relevant features when creating a predictive model.
It starts by training a model, ranking the features in terms of importance, and then removing
the least important one. Since this is an iterative process, a subset of variables will ultimately
be selected and will not impact the model’s error if not removed (Ramirez-Hernandez &
Fernandez, 2007). The RFE method is easy to use and improves the model’s predictive
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accuracy (Senan et al.,, 2021). Given that it eliminates less important features, it reduces
overfitting, making the models easier to interpret and understand.

3.3.4. Lasso Regression

LASSO (Least Absolute Shrinkage and Selection Operator) regression is a type of linear
regression that performs feature selection while also acting as a regularization technique to
improve the predictive power of the model it is training by identifying the variable’s regression
coefficients to minimize the error (Ranstam & Cook, 2018).

LASSO introduces a penalty to the linear regression objective function equal to the absolute
value of the magnitude of coefficients which is then multiplied by A (lambda) to regulate the
strength of the penalty.

oY = XBIE
FOY = argmin f(————= + Al (@)

where [IY — XB|I3 = X, — B, 1Bl = f11B;l , andA = 0.
3.4. ML MobDELS

3.4.1. Random Forest

Random Forests (Ho, 1995) is one of many ensemble techniques methods as they combine
differently built decision trees to improve models’ performance. It constructs numerous
decision trees during the training of the model and aggregates their predictions to reach final
decisions.

To ensure more accurate results, and to minimize the correlation between individual trees,
this method, when training each tree with a random subset of data, it only considers a random
combination of features at each node split to grow every tree (Breiman, 2001). The
randomness employed in this method makes it less prone to overfitting when compared with
individual decision trees.

Along with this random feature selection, this model also uses bagging (Bootstrap
Aggregating) which is a technique that draws new training subsets, with replacement, from
the original dataset to then grow trees using randomly selected features.

3.4.2. Neural Networks

Neural networks (NN) employ both Supervised Learning (SL), utilizing labeled datasets for
classification, and Unsupervised Learning (UL), analyzing unlabeled data to uncover patterns
like clusters and associations. In early ideas of NN architectures (Mcculloch & Pitts, 1943),
these did not learn. In the next few years, newer, simpler NNs trained by SL (Widrow & Hoff,
1962; Narendra et al., 1974) and UL (Grossberg, 1969; Kohonen, 1972) were presented.

Standard artificial neural networks (ANNs) consist of interconnected neurons with real-valued

activations, where input neurons are activated by environmental sensors, while connections
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from previously active neurons activate others (Schmidhuber, 2015); if a node's output
surpasses a specified threshold, it activates, forwarding data to the next layer, yet the model's
interpretability is limited due to it being a "black box" of connection weights, and their
development often demands extensive data and time.

Many studies addressing student’s academic performance have used NN techniques to help
predict students’ success (Costa, 2017; Hoffait & Schyns, 2017; Marbouti, 2016).

3.4.3. Naive Bayes Classifier

The naive Bayesian classifier (NBC) provides a simple approach for representing, using, and
learning probabilistic knowledge (John, 1995). This method’s performance goal is to accurately
predict the class of test instances. NBC calculates the probability of an event by multiplying
the probabilities of each independent feature given the class and then multiplying the result
by the prior probability of the class. NBC was built upon the simple probability theorem known
as the Bayes’ theorem:

P(X =x|C = ¢y)

P(C= clX=x)=P(C= c,)* (3)

P(x)
where
eC
P(X=x)= Z PX=x|C=c)*P(C=cy) (4)
k'=1

This specialized form of a Bayesian network relies on two important assumptions: it assumes
that the predictive attributes are independent of one another given the class (as shown in the
image below), hence “naive”; and that it posits that no hidden or latent attributes influence
the prediction process.

Figure 2 — Bayesian Network

Despite having unrealistic assumptions, the resulting classifier known is remarkably successful
in practice, often competing with much more sophisticated techniques (Rish, 2001). It has also
been proven effective in many practical applications, including text classification, medical
diagnosis, and systems performance management (Domingos & Pazzani, 1997; T. Mitchell,
1997). In addition, in previous academic performance studies, NBC has also been tested to
predict students’ success (Costa, 2017; Marbouti, 2016; Romero et al., 2013; Strecht et al.,
2015).
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3.4.4. AdaBoost

AdaBoost is a popular method in machine learning where weak learners are combined to form
a strong model. Introduced by Freund & Schapire (1997), any machine learning algorithm that
accepts weights in the training dataset can be used as the initial weak learner, though decision
trees are commonly chosen.

The core idea of AdaBoost is to assign more weight to difficult-to-classify instances and less
weight to those already well-classified. Each weak learner, in successive iterations, corrects
the errors made by its predecessor. This iterative process focuses on instances misclassified
in previous iterations, leading to improved overall predictive performance.

AdaBoost has found widespread application in computer science, financial, and artificial
intelligence domains (Alfaro et al., 2008; Hu et al., 2008) due to its ability to enhance weak
learners' performance and handle diverse data types. Notably, it excels in handling high-
dimensional data and complex classification tasks. Despite its size, the generated classifier
typically maintains low test errors, showcasing its robustness and generalization capabilities.

3.4.5. XGBoost

XGBoost (eXtreme Gradient Boosting) first appeared in 2016 by Chen & Guestrin. Based on
the Gradient Boosting Decision Tree (GBDT) algorithm, XGBoost operates through an
ensemble learning method, iteratively refining weak learners to enhance predictive accuracy.
It optimizes a loss function by minimizing residuals in each iteration, utilizing techniques like
gradient descent and regularization to prevent overfitting.

There are several benefits of using XGBoost: its scalability allows for efficient handling of large
datasets, while its speed enables faster model training and prediction. Besides Academic
Achievement, this model has also been successfully used in other domains. In finance,
XGBoost has been employed for stock price prediction (Somkunwar et al.,, 2024). In
healthcare, it has facilitated disease diagnosis and prognosis modeling (Jang et al., 2020).

3.4.6. Support Vector Machines

Support Vector Machines (SVM) emerged as a powerful machine learning algorithm in the
1990s, introduced by (Cortes & Vapnik, 1995). SVM is a supervised learning algorithm and is
mainly used for classification tasks.

The goal of SVM is to find the optimal hyperplane that best separates different classes in the
feature space. This hyperplane is chosen to maximize the margin, i.e., the distance between
the hyperplane and the nearest data points from each class, known as support vectors.

One of the key benefits of SVM is their ability to handle high-dimensional data efficiently and
effectively. Furthermore, SVM are resilient against overfitting, especially in cases where the
number of features exceeds the number of samples.
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SVM have been applied across various fields with notable success. In bioinformatics, SVM have
been used for protein structure prediction (Huang et al., 2024). In finance, this model has been
used to foresee financial trends and bankruptcy prediction (Hamdi et al., 2024). Additionally,
SVM have been employed in the creation of climate warning systems to predict future
temperatures (Yang & Li, 2024).
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4. RESULTS

4.1. MODEL RESULTS

This project was designed to create predictive models to identify students at high risk of failing
before the start of the new school year. This paper focuses on the 10%", 11, and 12t grade
students. Each student's grades are relative to their previous year’s grades and were used to
predict if the student is likely to pass in the following year. Other socio-demographic features
were also included in the dataset. This project aims to create a tool that helps teachers and
others properly support the most vulnerable students and help policymakers adjust their
policies considering the characteristics of the students.

In order to obtain the best possible models, the data from DGEEC was treated by converting
every variable existing and created (Table 2-6) into numeric formats for uniformity. After this,
we proceeded to remove the columns with more than 70% of missing data. Additionally,
students with missing grades for all subjects were removed since the models heavily involved
grades to predict the student’s academic success. This led to the removal of 26,744 students.

After the data cleaning, the dataset was split between training and testing sets to then create
the models, resulting in 80% for training data and 20% for testing. To respond to the class
imbalance mentioned before, the dataset used to train the models underwent SMOTE
resulting in a balanced dataset with 107,925 of positive and negative classes.

With the dataset ready after the application of SMOTE, feature selection techniques were
applied to choose the most appropriate variables in terms of positive influence in the
predictive models. The feature selection methods used were Correlation-based selection,
Decision Tree Feature Selection, Lasso Regression, and Recursive Feature Elimination using
Random Forest. The following features in Table 8 were the ones selected by at least 3 of these
methods.

Table 8 — Selected Features

Grade-Point Average
EnglishGrade
YearsRetained
HistoryGrade
MathematicsGrade
PortugueseGrade
City
MathPortugueseAverageGrade
RatioPortugueseGuardianSchool
FemaleStudent

LargeSchool
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Once the most relevant features were chosen, the training data was split into train and
validation datasets (70%/30%). To make sure each feature contributes equally to the models,
a feature scaling mechanism, StandardScaler, was used. Through Z-score normalization, this
process divides the value by its mean and then divides it by the standard deviation for each
feature. This way, every feature is on a comparable scale, allowing for potentially more
reliable models. As mentioned in a previous section, several machine learning models were
contemplated, including traditional and more advanced, ensemble methods: Logistic
Regression (LR), Decision Trees (DT), Naive Bayes Classifier (NB), AdaBoost, Random Forests
(RF), XGBoost, Support Vector Machines (SVM), and Neural Networks (NN). A comprehensive
search for hyperparameters was carried out using a cross-validated grid search. This involved
setting up a grid of hyperparameter values and assessing all possible combinations with cross-
validation on the training data (see Annex).

To guarantee that the best possible results are achieved, a cross-validation method was used
to preserve the models' ability to generalize new, unseen datasets. Stratified K-Fold Cross-
Validation assesses models’ performance by repeatedly training various subsets of data and
then evaluating its performance metrics.

After tuning the models according to the hyperparameters generated by the gridsearch, each
one was evaluated on train, validation, and test datasets. The following metrics were applied
to assess the models' performance: train accuracy, validation accuracy, validation recall, test
accuracy, test recall, and validation misclassification rate. Tables 9 & 10 show the performance
metrics for each model given the best hyperparameters.

Table 9 — Model Results for LR, DT, NB, AdaBoost and RF

LR DT NB AdaBoost RF

Training 0.7347 | 09493 | 05390 | 08543 | 0.9699
Accuracy
Validation

0.7348 | 0.9057 | 05390 | 0.8542 | 0.9280
Accuracy
Validation
R 0.7348 | 0.9057 | 05390 | 0.8542 | 0.9280

Test Accuracy 0.6957 0.8601 0.8710 0.8370 0.8786

Test Recall 0.6957 0.8601 0.8710 0.8370 0.8786

Misclassification

0.2652 0.0943 0.4610 0.1458 0.0720
Rate
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Table 10 — Model Results for XGBoost, SVM and NN

XGBoost SVM NN
Training 0.9622 0.7710 0.8768
Accuracy
Validation 0.9285 0.7708 0.8686
Accuracy
Validation 0.9285 0.7708 0.8686
Recall

Test Accuracy 0.8808 0.7656 0.8599

Test Recall 0.8808 0.7656 0.8599

Misclassification

0.0715 0.2292 0.1314
Rate

The best model was chosen based on its performance of the train, validation, and test sets
according to previously mentioned metrics. Additionally, the model's complexity was weighed
alongside its performance metrics to certify that the most complete model was picked based
on its ability to generalize new data and keep its sophistication.

NB was the worst-performing model compared with the others in this research. NB returned
training and validation accuracies of 53.90% despite showing significantly better results in the
test dataset with 87.10% accuracy. LR displayed better results with 73.47% and 73.48% for
training and validation accuracy, respectively. However, the test accuracy dropped slightly to
69.57%. Given the complex dataset used in this study, NB and LR are not the most appropriate
to use since these are linear models.

SVM showed good results with a training and validation accuracy of approximately 77%, while
slightly dropping to 76.56% in the test sample. Neural Networks and AdaBoost registered
similar test values to those of the better models with 85.99% and 83.70%, respectively.
However, these two models returned underwhelming training values, 85.43% for AdaBoost
and 87.68% for NN.

Decision Trees, Random Forests, and XGBoost proved to be the strongest models for the data
used in this research. DT returned a training and test accuracy of 94.93% and 86.01%, similar
to the other two models. However, DT is a simpler model for straightforward analysis and may
not be as appropriate for this study, therefore RF's and XGBoost’s capacity to capture intricate
patterns and relationships in data, especially with an imbalanced dataset, were the final two
considered. Their results were very similar: training accuracy of around 96%-97%, validation
accuracy of 93%, and test accuracy of 88%.

In order to respond to the class imbalance mentioned before, the dataset used to train the
models underwent SMOTE resulting in a balanced dataset with 107,925 of positive and
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negative classes. In Table 11, we can see SMOTE applied to the selected models. The Random
Forest model returned a training accuracy of 96.99% and a validation accuracy of 92.80%.
While using the data without the SMOTE pre-processing, these values instantly decreased
with 94.34% training accuracy and 88.45% validation accuracy. On the other hand, XGBoost
also registered lower values of accuracy for both training and test without SMOTE (93.94%
and 88.52%). This proves the value of SMOTE as a tool to improve the performance of
predictive models by balancing the class distribution and, given the large and unbalanced
dataset used in this analysis, this method demonstrated its relevance in the Machine Learning
scene.

Table 11: RF and XGBoost model with and without SMOTE treatment

Random Forest | XGBoost With SMOTE Without SMOTE
Training Accuracy 0.9699 | 0.9622  0.9434 | 0,9394
Test Accuracy 0.8786| 0.8808 0.8845 | 0.8852

Despite XGBoost responding slightly better to unseen data, it requires more computational
resources than RF given its complexity which can be intensive and slower to train. Therefore,
further analysis should be conducted to reach a conclusion on which is the best model to
predict AA.

4.2. MoODEL QUALITY

Several methods were developed to evaluate each model’s quality and strength further when
predicting a student’s outcome in terms of AA in the following year. In the first place, in Figure
3, we can see the ROC curve for the Random Forest and XGBoost models. It is a graphical
representation that illustrates how well a binary classifier system, in this case, predicts
academic achievement as its discrimination threshold is adjusted. It plots the true positive
rate (sensitivity), which indicates the proportion of correctly predicted successful students,
against the false positive rate (FRP), representing the proportion of incorrectly predicted high
achievers, across various threshold settings.

Sensitivity — TP TP .
enSlely—TP+FN— B (5)

FP
FRP = ————— = 1 — Specificity (6)

FP+TN

AUC = J TPR(fpr)d(fpr) (7
0

Where: TPR(fpr) represents the Sensitivity as a function of FPR
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Figure 3 —ROC and AUC: Random Forest & XGBoost
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As shown in this graph, the models' AUC (Area Under the Curve) equals 0.84. This means that
if we were to randomly select one student who will fail and one who will pass, both models
have an 84% chance of assigning a higher probability of failing the student who will actually
fail.

In order to assess the model’s effectiveness in ranking and identifying students at risk of
academic failure, a method called Precision at K was deployed. This method measures the
proportion of correctly identified failures among the top K predictions made by the model. In
this case, for the RF model, the precision at 10% is 0.5389, meaning that among the top 10%
of students predicted to fail, approximately 53.9% do end up failing. As for XGBoost, the
precision at 10% is 0.5473. These values suggest both models are fairly good at ranking the
most at-risk students early on, thus helping stakeholders prioritize those who are likely to
require additional support or intervention. In this case, XGBoost has a slight advantage of
around 1 percentage point.

The previous method is dependent on the probability of a student failing, calculated by the
model. Therefore, we must understand how accurate these probabilities are. The Brier score
helps with this purpose. Lower values indicate better calibration, and, in this case, the RF
model returned a Brier score of 0.0892. At the same time, XGBoost displayed a score of
0.0881, demonstrating that both models’ predicted probabilities closely reflect the actual
outcomes, with XGBoost being slightly better given its lower score.

Finally, to confirm the strength of the models selected, cumulative gain and lift charts (Figure
4) provide a visual representation of the effectiveness compared to random selection. Lift
quantifies how much better a model performs compared to a baseline, such as random
selection or no model. As we can see, both models show considerably good Lift values which
means they effectively identify a larger proportion of failures early on.
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Figure 4 — Cumulative Gain and Lift Charts: RF & XGBoost
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After the analysis conducted in this section, we can conclude that the XGBoost model provides
better predictions than the RF model, despite its elevated computational costs. As it is widely
known, educational resources are scarce in comparison to the needs of the students.
Therefore, this analysis ensures that the students who are more likely to fail the following year
are provided with the most appropriate and higher-quality support.

4.3. FEATURE IMPORTANCE

This section examines feature importance using various Al methods to identify the key
features crucial for effectively predicting students’ academic outcome. Multiple feature
selection methods were used to obtain the features used in the models: Correlation-based
Feature Selection, Decision Tree selection, Lasso Regression, and Recursive Feature
Elimination via Random Forest Classifier.

The most influential features were identified based on their overall significance in predicting
the target variable using permutation feature importance (Altmann et al., 2010). Permutation
Feature Importance (PFl) involves shuffling the values of each feature one at a time and
measuring the decrease in model performance, in this case, its accuracy. If shuffling a feature’s
values significantly lowers the model’s performance, the feature is considered important. The
advantage of this method is that it provides a direct measure of the feature's impact on the
model’s predictive performance, making it easier to understand the actual contribution of
each feature in the context of the model’s performance. Unlike the regular Feature
Importance method which is specific to tree-based models, like Decision Trees and Random
Forest, PFl is model-agnostic, meaning it can be applied to any machine learning model (Fisher
et al., 2018). This makes it a versatile tool for feature importance analysis across different
types of models, despite being more expensive, computationally speaking. However, this cost
is often justified by the more reliable and interpretable results. Another advantage of PFl is
that it is more robust to collinearity among features since it takes into account the interactions
between all. This comprehensive approach helped to explain the critical elements that drive
the model's accuracy and effectiveness, highlighting the key contributors to the predictive
performance. In this case, a cross-validated PFI method was used because it provides a robust
and reliable way of evaluating the importance of features in an ML model (Kaneko, 2022).
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Cross-validation ensures that the model's performance is evaluated on multiple train-test
splits, therefore providing a more accurate estimate of the feature importances.

Table 12 shows a ranking of the importance of each feature to the XGBoost model created
using Cross-Validated PFI. The number of years a student has been retained proved to be the
most significant factor. The importance of demographic factors is evident, particularly the
gender of the student and the city they are from. Academic performance indicators such as
the mathematics grade, grade-point average, and the average of mathematics and Portuguese
grades also showed notable importance. Additionally, specific subject grades like English and
History contributed to the model's predictions. Conversely, the size of the school
demonstrated minimal relevance.

Table 12: Cross-Validated Permutation Feature Importance for XGBoost model

Rank Variable PFI
#1  YearsRetained 0.087
#2  FemaleStudent 0.082
#3  City 0.079
#4  MathematicsGrade 0.056
#5  Grade-PointAverage 0.043
#6 | HistoryGrade 0.035
#7  EnglishGrade 0.033

#8  MathPortugueseAverageGrade 0.029
#9  PortugueseGrade 0.026
#10 RatioPortugueseGuardianSchool 0.012

#11  LargeSchool 0.001
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5. DISCUSSION

5.1. DiscussioN OF FINDINGS

This project aimed to develop predictive models to identify students at high risk of failing
before the new school year begins. The study specifically targets the 10th, 11th, and 12th
grade students. Each student's performance, measured by their grades from the previous year
and socio-demographic variables, was used to predict their likelihood of passing in the
upcoming year and to recognize at-risk students. The results from this study confirm the
recent trend of deploying Al and ML models to forecast AA over traditional empirical models
given the predicting power of ML models (Golino et al., 2014; Musso et al., 2020).

In order to demonstrate this superiority, several ML models were trained and tested to see
which one revealed the best accuracy scores for predicting the student’s AA. Two models,
Random Forest and XGBoost, showed superior predictive performance. Both models achieved
high accuracy during training and substantial accuracy in testing. Although Random Forest is
more commonly referred to as the superior model to predict AA (Asif et al., 2017; Miguéis et
al., 2018), XGBoost was ultimately chosen as the optimal model due to its stronger
performance on unseen data and predictions closer to the real values. Unlike the papers
mentioned before, this study not only uses this model but reveals it as the best for predicting
academic success.

It is of the utmost importance to perform an analysis of the accuracy and quality of the models
since it allows the educational stakeholders to better allocate their resources by identifying
the groups of students at higher risk of retention. This can enable a more efficient and targeted
implementation of strategies to combat retention and ultimately prevent high percentages of
high school dropouts.

Following these results of the predictive RF model, the variables used, i.e., drivers of AA, were
ranked in terms of importance to the prediction. The most important driver of AA included in
the development of the XGBoost model is the number of years a student has been previously
retained. The high importance score indicates that altering the retention feature significantly
impacts model accuracy, emphasizing its critical role in predicting the target variable which is
in line with prior research (Cruz-Jesus et al., 2020). This underscores the importance of
implementing early intervention strategies to support students at risk of retention, mainly
those with a similar past (Martin, 2011).

The gender of the students proved to be one of the most influential drivers for the predictive
model. These results clearly contradict studies like Ebenuwa-Okoh (2010) which states that
gender has no significant influence on AA. The current study, however, does not specify which
gender demonstrates higher academic performance. Therefore, it is suggested that further
studies are made to confirm the positions of previous research claims female students
outperform their male counterparts like Sheard (2009). Further analysis could also explore
potential factors that might influence the relationship between gender and academic
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performance, such as socioeconomic background, study habits, and access to resources, to
provide both male and female students with proper academic support.

Previous academic records also showed significant importance in impacting the model's
performance, particularly in mathematics and the overall grade-point average (GPA), play a
crucial role in predicting academic outcomes. This underscores the importance of prior
academic performance as a predictor of student success in the Portuguese educational
context, aligning with previous research findings (Etemadpour et al., 2020; van Rooij et al.,
2018).

The city of residence also demonstrated significant importance in impacting the model's
predictions. This finding underscores the regional differences that influence student outcomes
within the study context, emphasizing the need for localized educational strategies. It has
been found, through previous research, that AA can be different depending on whether a
student attends a school in an urban area or a rural area, with the first registering better
results (Lounkaew, 2013). Further studies could be conducted on the data from this study to
understand how the region of the school impacts AA.

The size of the school also showed some importance in impacting the model's predictions,
although to a lesser extent. This suggests that changes in school size have a minimal impact
on model accuracy, indicating that other factors may have a more significant influence on the
target variable. While not as influential as other variables, such as city or academic
performance metrics, understanding the role of school size contributes to a comprehensive
analysis of factors affecting student outcomes.

5.2. THEORETICAL IMPLICATIONS

This study enhances the current understanding of AA prediction models and offers significant
insights into the elements affecting the academic performance of Portuguese students
transitioning into the 10th, 11th, and 12th grades.

The research performed for this paper confirms the superiority of ML models in predicting AA
given its multiple possibilities for analyzing data and building patterns (Nazir et al., 2023).
Among the various ML models used to predict the outcome of the student's performance,
Random Forest proved one of the most accurate, with results aligning with previous studies
thus confirming its effectiveness in academic performance prediction (Ananna et al., 2023;
Yagci, 2022). However, XGBoost also displayed bright results, even displaying higher quality in
its predicting ability. Therefore, this study highlights XGBoost as a reliable option for obtaining
proper AA predictions.

Previous grade retention has been the subject of many studies mainly due to its negative
influence, both on short- and long-term academic performance for male and female students.
According to Pagani et al. (2001), students’ anxiety and inattentiveness problems not only
persisted but also worsened after grade retention, with stronger effects on boys. Despite
some studies claiming there is no clear relationship between retention and academic success
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(Lorence, 2006), others like Mariano et al. (2024) show no indication that retention benefits
students as dropouts seem to increase as well as retention levels. The results from this paper
are in line with previous ones since grade retention affects the probability of students failing
the following academic year given it compromises the effectiveness of the model.

According to the results from the present study, students' prior grades appear to be one of
the strongest predictors of academic achievement. These findings are sustained by studies like
Casillas et al. (2012) and Brookshire & Palocsay (2005). The latter further suggests that when
mathematics is one of the main features, previous mathematics performance is the strongest
predictor for students’” success. This perfectly aligns with the results of this study since
previous academic performance illustrates the progressive nature of education, highlighting
the lasting influence of earlier learning experiences on subsequent achievements.

Gender is one of the drivers of AA that has been exhaustively studied. However, the findings
from other papers tend to be contradictory (Yu, 2021). According to Dayioglu & Turlt-Asik
(2007), female students outperform their male counterparts in terms of GPA, on average. This
is the common trend observed across various studies. On the other hand, some studies state
that male students have better academic performances than the opposite gender (Joseph et
al., 2015). While definitive conclusions cannot be drawn at this stage, one clear finding from
this study is that gender significantly influences predicting AA.

Regarding school size, preceding literature shows that smaller schools lead to a decline in
student’s achievements, particularly in mathematics (Kuziemko, 2006). There is also evidence
of a stronger negative effect of larger schools in higher grades, just as schools are larger
(Egalite & Kisida, 2016). Further studies should be made to understand this effect given that
this paper suggests a lesser importance of school size in predicting the success of students.

This study examines factors affecting academic success among Portuguese students in the
10th, 11th, and 12th grades, offering detailed insights into this specific group. By aligning
theoretical models with practical data, the research highlights the key predictors of academic
performance and bridges the gap between educational theory and real-world challenges. The
findings not only deepen the understanding of academic achievement but also provide
valuable information for educators, policymakers, and researchers to improve educational
practices and policies in Portugal.

5.3. PRACTICAL IMPLICATIONS

Besides the theoretical implications mentioned above, this study has numerous practical
inferences that are highly significant for stakeholders such as teachers, school boards,
policymakers, and others. By analyzing the many provided drivers of academic achievement,
this research can provide valuable answers that may lead to better support for students in
jeopardy of failing based on their age, gender, previously obtained grades, and guardians’
background, among others. Given its data-driven approach, this work may encourage
educational stakeholders to have a further analytical mindset and use studies like this one to
drive their future interventions. For instance, teachers can adapt strategies aimed at
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answering the needs of a diverse group of students, while school boards can create programs
to address the factors of academic achievement identified through this study. Policymakers
could also use these insights to establish education policies that effectively allocate resources
to the fields with the greatest need.

Previous retention was one of the main AA drivers found. According to DGEEC, in 2021/22,
the retention rate for the four scientific-humanistic courses in Portugal was 8.3%. Despite
these values seeing a continuous decrease over the last few years, more can be done to
prevent students’ failure to succeed academically. By identifying the previously retained
students, and others at higher risk of unsuccess through the use of the created models,
teachers can provide them with additional academic support through tutoring or even
mentorship programs. Moreover, schools can implement personalized plans particularly made
to reach each student’s specific needs and to closely monitor their progress. Oftentimes, grade
retention does not happen solely due to poor reception of the subjects on the part of students.
Therefore, schools could extend the guidance from school counselors to offer emotional and
psychological support to help students overcome other barriers to academic success.

Mathematics and Portuguese were found to be the most relevant subjects for predicting
academic success among high school students. Those with lower grades in these subjects tend
to be flagged as “at-risk”. Besides the proper assistance the teachers can provide them with,
schools can go further with this approach by offering extracurricular activities related to the
student’s overall weaker subjects, such as book and math clubs. This would encourage the
students to develop a deeper interest in these matters, thus potentially helping them achieve
greater academic success. Implementing peer tutoring programs can also create a more
collaborative learning environment since students who excel in certain subjects help their
colleagues achieve better results.

Parental involvement has been deemed essential for the student’s academic success as it
enhances their motivation, engagement, and overall performance. Given that parents are the
first major influence in a child’s perspective of life, they can reinforce the importance of
learning, and create at home a favorable environment for academic achievement. Schools can
cultivate this environment through various strategies like organizing regular parent-teacher
meetings to keep parents up to date on the school’s curriculum and their children’s progress.
Furthermore, teachers can maintain open channels of communication with parents to ensure
they are aware of their children’s regular needs. Beyond the academic aspect, schools can also
invite parents to participate in various extracurricular activities or school events, further
integrating them into the educational community. This involvement not only aids the
students’ learning but also strengthens the relationship between families and schools,
creating a more supportive environment.

By understanding how the drivers of academic achievement evidenced by this study affect the
creation the predictive models and previous ones on the same topic, policymakers can
implement data-driven policies, ensuring that the evolving needs of students are met. Despite
the relative importance of the model created, the size of schools, and consequently the size
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of classes, is a factor to be considered in shaping effective educational environments. Reduced
class sizes lead to more individualized attention from the teachers which may ultimately
improve at-risk students’ chances to succeed. In addition to these measures, diverse
classrooms in terms of gender and previous academic achievement can create more dynamic
learning opportunities. For instance, since female students are proven to achieve better
results than their male counterparts, policymakers can incentivize schools to mix female and
previously retained students to address the various needs of different students and promote
peer learning.

This study provides several relevant insights that can prove to be essential for educators,
school boards, and policymakers in their efforts to reduce retention and dropout rates. Using
the information gathered, stakeholders can fashion interventions to support at-risk students
and create better, and more inclusive learning environments.

5.4. LIMITATIONS AND FUTURE WORK

Despite returning important insights on the factors impacting AA among high school students
in Portugal, several improvements can be made to enhance the quality of this research.
Certain machine learning models used for predicting students’ success in this study require
well-organized and complete data to ensure the effectiveness of said models. One limitation
this study presented was the large amount of missing data, especially in the different grade
variables. Even though imputing techniques like k-NN were used to fill these gaps in the
information, real and updated data will certainly optimize the predictive ability of the ML
models. Furthermore, incorporating qualitative methods, such as interviews, and
guestionnaires, along with quantitative analysis could provide even more insights into the
drivers of academic achievement, since it complements the predictive capabilities of machine
learning models.

Additionally, the quality of data may also be related to the different features presented which
may provide valuable information to help understand drivers of AA. Variables like the parents’
income level and involvement can be added to future studies to analyze their impact on
students’ success. Besides this, in the present study, all Portuguese high school students from
the four main areas of study were used to predict their academic progress, future studies
could enhance accuracy by segmenting each academic area. Exploring the differences
between regions within Portugal could also uncover disparities useful to then tailor effective
strategies to specific contexts.

Given the importance of the school’s typology (public or private) studied in other papers, it
would be relevant to add a variable to confirm or disprove the hypothesis stated above in the
Literature Review section, that private schools tend to display higher levels of academic
success.

Another interesting approach would also be to understand how much each driver actually
affects the outcome. In this paper we only study the effect of each driver on the accuracy of
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the XGBoost model, however, it could be interesting to find out how much the variables
change the student’s outcome.

This paper presents relevant results regarding some of the most important variables that
affect academic achievement among high school students in Portugal, however, more can be
done. By addressing the limitations and possibilities posed above, new studies can
continuously improve the quality of resources provided to help students with a higher chance
of retention.
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6. CONCLUSIONS

This paper gives the academic community key findings regarding the use of ML and Al to
predict academic achievement and improve the quality of the Portuguese education system.
ML models showed their superior predictive power, and, in this study, XGBoost proved to be
the most effective model to predict the student’s AA. This is an uncommon result given the
prior research on predicting AA, thus offering yet another, strong alternative to traditional
methods. Several factors that influence AA were evaluated in this paper with some revealing
interesting findings. Previous retention strongly influences predictions, as students may
experience various psychological and educational effects from repeating school years. Gender
also proved to be one of the most influential drivers of AA. Further research should be
conducted to understand which gender is the most affected and why. Previous academic
records were deemed to be relevant for the chosen model since students may experience
difficulties in specific subjects, which may hurt their probability of successfully passing the
year. Finally, the region where the student attends school was an important variable for
predicting AA as well. More densely populated regions may have access to better
infrastructures, more qualified educators, and better overall conditions which is why these
findings may help overturn this scenario in the long-term. By evaluating these factors,
educators and other stakeholders will be able to adapt previous ways of approaching the
needs of each student and the overall academic society. Ultimately, the objective of this
research is to reduce the dropout rates of high-school students in Portugal.
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APPENDIX A

Hyperparameters tested for each model (XGBoost chosen hyperparameters highlighted)

Model Hyperparameters
LR C
Penalty
DT Max_Depth
min_samples_split
NB -
AdaBoost n_estimators
learning_rate
RF n_estimators
max_depth
min_samples_split
min_samples_leaf
max_features
XGBoost n_estimators
max_depth
learning_rate
SVM C
kernel
NN hidden_layer_sizes
max_iter
activation

Definition

The inverse of regularization strength; smaller
values specify stronger regularization

Specifies the norm of the penalty

The maximum depth of the tree; If None, then
nodes are expanded until all leaves are pure

The minimum number of samples required to split
an internal node

Naive Bayes has no hyperparameters

The maximum number of estimators at which
boosting is terminated

Weight applied to each classifier at each boosting
iteration

The number of trees in the forest.

The maximum depth of the tree; If None, then
nodes are expanded until all leaves are pure

The minimum number of samples required to be at
a leaf node.

The minimum number of samples required to be at
a leaf node

The number of features to consider when looking
for the best split

Number of boosting rounds (the number of trees to
fit)

Maximum depth of each tree in the boosting
process

Step size shrinkage

Regularization parameter. The strength of the
regularization is inversely proportional to C
Specifies the kernel type to be used in the
algorithm.

Size of the hidden layers in the neural network

Maximum number of iterations
Activation function for the hidden layer

Values
Tested
[0.1,1,10]

['11, "12"]
[None, 10,
20]

[2,5, 10]

[50, 100,
200]
[0.01, 0.1,
0.2]

[100, 200,
300]
[None, 10,
15, 20]

[2, 5, 10]

[1,2,4,8]

[‘auto’,
‘sqrt’,
‘log2’]
[100, 200,
300]

[3,6,9]

[0.01, 0.1,
0.2]
[0.1, 1, 10]

['linear’,
'rbf']
[(50,50),
(100,100)]
[500, 1000]
['relu’,
'tanh']
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