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Abstract: The high dropout rate in Information Technologies courses is a relevant problem in
many countries, mainly because of the increasing demand for professionals in this sector.
Usually, high dropout rates in these courses are related to difficulties in algorithms and
programming subjects. Content recommendation systems are proposed to mitigate this problem,
employing adaptive learning environments that facilitate the learning process. This study presents
a content recommendation system that uses learning paths to group students and provide
personalized recommendations based on peers' progress. The work follows the many efforts of
group-based recommendation systems reported in the literature. The system uses intelligent
agents and clustering algorithms to implement the recommendation system and was evaluated by
submitting the simulation results to the judgment of human experts who significantly agreed with
them. This initiative could make programming teaching more adaptive, using the groups'
knowledge. Facilitating learning is one of the key issues to reduce dropout rates and resolve the
shortage of labor in the technological area in Portuguese-speaking countries.
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1 Introduction

A growing shortage of Information Technology (IT) professionals poses a significant
challenge in Brazil. Over the next five years, approximately 800,000 new jobs are
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expected to be generated, while only nearly 53,000 professionals are graduating
annually, resulting in a staggering job deficit of 532,000 [Kochhann, 21; INEP, 20;
MEC-IBGE, 20; G1-JN, 22; Muraro, 23]. On the other hand, around 150,000 new
students enroll annually in computer science courses offered by Brazilian universities
[MEC-IBGE, 20], pointing to a significant dropout rate. Researchers indicate that one
of the main reasons for this evasion is the difficulty found in the initial logic and
programming disciplines [Noschang, 14; Kori, 15; Lobo, 17; Hoed, 18]. These
difficulties can make advanced disciplines even more challenging and demotivating,
ultimately leading to students dropping out.

To address this issue, the Portugol Studio (PS) platform was developed at LITE-
UNIVALI [Noschang, 14; Esteves, 19]. With nearly one million downloads, PS is
widely used to teach logic and programming in Brazil and Portuguese-speaking
countries. Its popularity can be attributed to its user-friendly interface and easy syntax,
enabling users to write algorithms and programs simply and intuitively using
commands and receiving error messages in Portuguese. The most frequent requests
from the PS user community are: (i) enabling students to choose their preferred content
more flexibly, and (ii) providing anywhere access to the platform by the student (the
current version must be installed on a desktop computer). The research results presented
in this paper address the community’s requests.

The PS users' community asks for more flexible content management, which can
be provided by including PS IDE, a Learning Management System (LMS) specifically
designed for programming beginners. The platform's remote access is also solved by
refactoring PS in the web environment. The LMS proposed is named Learning Path
Platform (LPP) and includes: (i) a content manager that teachers can operate and (i) an
adaptive recommendation (or recommender) system that provides personalized
recommendations based on the characteristics, preferences, and learning paths [Xu, 23]
of the students.

Based on the NFL Theorem [Wolpert, 96; Wolpert, 97], which shows that no
learning algorithm is superior, the platform allows different algorithms to search for the
best response. In this work, the Latent Dirichlet Allocation (LDA) algorithm [Blei, 02]
was chosen to group the students. This algorithm is also commonly adopted by the
research community in recommendation systems.

The recommendation system has been designed to operate within an LMS, assisting
beginners in their learning paths by offering tailored content recommendations. Unlike
previous studies [Raj, 22], focused on providing recommendations based on individual
student progress within a specific subject, this article presents an approach that takes
advantage of shared learning interests between groups of students. In this sense, instead
of relying solely on interests and hobbies, the proposed strategy incorporates learning
paths to group students, enabling the system to provide content recommendations that
align with the topics already studied by their peers.

The research methodology is hypothetical-deductive, involving the specification of
the domain problem, a hypothesis for solving the problem, the creation of an empirical
application, a data collection step, and the analysis of results. Simulations demonstrate
the effectiveness of using clustering to create groups of students and generate
personalized suggestions aligned with shared learning interests. To evaluate the
proposed approach, the recommendation algorithm’s results were submitted to experts
who significantly agreed with them (Figure 6). Results matched predicted
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recommendations, strengthening the rationale that group preferences enrich
recommendations better than those based on standard trajectories.

2 Background

This section provides an overview of the resources involved in the proposed solution,
including a brief description of PS and how the LDA algorithm works.

2.1  Portugol Studio

Portugol Studio is a beginner-oriented programming Integrated Development
Environment (IDE) with significant recognition in logic and programming teaching
[Noschang, 14; Esteves, 19]. Developed at LITE-UNIVALL, this open-source platform
has been downloaded more than 800k times and is widely adopted for teaching logic
and programming in Brazil and Portuguese-speaking countries. PS's popularity can be
attributed to its user-friendly interface and straightforward syntax, allowing users to
write algorithms and programs effortlessly. Notably, PS stands out for its unique feature
of providing error feedback in Portuguese, thus improving students' experience.

PS was developed to contribute to efforts to combat dropout in logic and
programming disciplines in Brazilian universities. It abstracts away necessary
complexities found in programming languages, such as syntax, layout, and language,
while providing features to simplify the debugging process with more understandable
error messages. PS also offers a variety of resources for IDEs, including an interpreter,
debugger, examples, libraries, help, tutorials, and support videos.

Statistical data have shown alarming dropout rates in the first stages of computer
science courses. Professionals in teaching programming have identified several
possible causes for this phenomenon [Noschang, 14]. These causes include () the use
of English syntax and graphical interfaces, which can be a barrier for non-native
English speakers; (ii) overwhelming graphical interfaces with numerous elements such
as menus, settings, and windows, which can intimidate users; (iii) error messages that
are difficult to understand; (iv) the complexity of using and configuring debuggers; and
(v) the intricate syntax of programming languages [Esteves, 19].

2.2 LDA algorithm

LDA is a three-level hierarchical Bayesian model introduced by [Blei, 02]. It is a
generative statistical model used to analyze collections of discrete data, mainly text
corpora. LDA represents each item in the group as a mixture of topics along with their
probabilities. It is a powerful tool for uncovering hidden thematic structures within a
collection of documents [Griffiths, 07]. By estimating the topic probabilities for each
document, LDA allows one to envision the underlying themes and relationships among
different pieces of text [Wei, 06]. This information can be valuable for many
applications, including document clustering, topic modeling [Steyvers, 04],
information retrieval, and clustering for recommendation [Apaza, 14; Erkens, 16; Lin,
21].

Efficient approximate inference techniques, such as variational methods and the
expectation-maximization (EM) algorithm, are commonly used to estimate the
parameters of the Bayesian model. These techniques enable the estimation of the topic
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distributions and topic-word distributions, which capture the relationships between
topics and words in the corpus.

LDA has been applied in many domains, including document modeling, text
classification, and collaborative filtering. Researchers have compared LDA with other
models to evaluate performance across different scenarios: (i) [Papadia, 15] compared
LDA, Non-negative Matrix Factorization (NMF), Neural LDA, and Correlated Topic
Model for summarizing key topics from large datasets in the context of call center
conversations; (ii) [Egger, 22] evaluated LDA, NMF, Top2Vec, and BERTopic for
topic modeling; and (iiij) [Chen, 17] compared Latent Semantic Analysis (LSA),
Probabilistic LSA, and LDA in the context of semantic modeling for discovering latent
document topics.

3 Related works

The related works are analyzed under three points of view: (i) the existence of IDE in
Portuguese for programming beginners, (ii) adaptive recommendation systems in the
educational context, and (7ii) the group-based approaches for recommendation systems.

3.1 Portuguese Programming IDEs for Beginners

The literature presents several environments focused on teaching programming
[Cooper, 00; Resnick, 09; Wolber, 11; Paiva, 16; Romagosa, 19]. However, the
available options (e.g., [Resnick, 09; Cabada, 18; Romagosa, 19]) are complex for
beginners and unintuitive, leading to long learning curves. Furthermore, the option to
offer error and debug messages only in English makes it difficult to use for beginners
in programming who speak Portuguese.

Next, two approaches are discussed that, like PS, also adopt the Portuguese
language: Egua Programming Language (LEP) [Neves, 20] and Portugol WebStudio
[Silva, 22].

LEP is an open-source environment for teaching Mathematics and Natural Sciences
using computational models. LEP applies a socio-constructivist approach that enables
learners to observe algorithm execution and engage with arithmetic operations. LEP's
strengths are its ability to boost engagement and comprehension for beginners learning
core programming concepts and applying them to math and science. It promotes more
interest, deeper understanding, and critical analysis and reflection.

Portugol WebStudio is a platform developed over the source code of PS, invoked
from a TypeScript code. Portugol WebStudio does not require installation since its code
is executed locally in the user's browser. This characteristic was achieved by refactoring
the PS code into JavaScript.

3.2 Adaptive recommendation systems

Adaptive Intelligent Tutorial Systems (AITS) are educational resources that aim to
reduce difficulties in specific courses by providing personalized guidance. AITS
considers each student's characteristics while supporting their learning paths. These
systems create learning environments that store and view relevant student information
to offer tailored advice [Lemke, 14; Kataris, 21]. The software is based on student needs
and Artificial Intelligence to support learning and teaching. Common strategies include
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navigating tailored learning paths, adapting learning objects, offering helpful tips, and
providing personalized recommendations. The content recommendation algorithm
steers students toward optimal learning paths matching their profiles and needs.

Adaptive e-Learning Systems (AES) focus on personalized learning [El-Sabagh,
21; Algahtani, 21; Alshammari, 19]. An AES aims to individualize the learning process
using student-centered instruction tailored to their unique characteristics and
preferences. It is an up-and-coming model compared to commonly used reactive e-
learning systems [Algahtani, 21]. AES offers personalized teaching, learning content
adapted to different circumstances, and customized recommendations.

The approach presented by [Diao, 22] involves: (i) generating concept maps for
different types of students considering the degree of mastery of a set of students over
the concepts involved; (ii) generating a set of weak concept learning paths using a
classification procedure; (iii) apply an LSTM+attention mechanism to predict the effect
of these weak concepts and (7v) to select weak concept paths as personalized
recommendations. The method's effectiveness is evaluated by comparing its results in
an experimental database with recommendations based on grouping, content, and
student.

3.3 Recommendation systems based on group knowledge

Group-based recommendation systems are a research field with many applications and
approaches. [Uta, 24] argues that knowledge-based group recommendation systems
[Pessemier, 17; Felfernig, 24] are typically built on one of the following approaches:
(i) aggregated predictions or (ij) aggregated models. In the case of aggregated
predictions, recommendations for individual group members are consolidated, whereas
aggregated models merge the preferences of individual group members, forming a
cohesive group preference model used for determining recommendations. In the
context of aggregated models, as adopted in this work, the preferences of group
members are used to build a group preference model, which is then used to determine
recommendations.

Group recommendation systems facilitate the collective determination of
recommendations for entire groups rather than individual users. These systems employ
fundamental recommendation techniques to ensure that recommendations align with
the preferences of all, or at least a subset, of group members. For instance, the average
user rating per item can be seen as a collective item rating provided by the entire group.

When a recommendation system is built on aggregated models, individual user
preferences must be mixed into a group model, which is then employed for
recommendation purposes. It is worth noting that employing aggregate models may
lead to a situation where it is impossible to obtain an exact match between the group
model's attribute settings and the learning items' corresponding properties. However, in
such cases, the applied similarity functions will suggest items that closely resemble the
preferences stored in the group model.

This work relies on aggregated recommendation models for the educational
context, which have motivated many research efforts [Borges, 18; Dwivedi, 15; Srba,
15; Krouska, 20; Ramos, 21; Diao, 22]. [Diao, 22], is of particular interest to this work
due to the superior results it obtained compared to its predecessors using groups created
with the k-means algorithm.
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3.4  Application of LDA for creating similarities in groups

LDA has gained considerable attention for its ability to identify similarities and extract
meaningful topics from large datasets across various educational contexts. [Apaza, 14]
applied LDA to discover the primary issues of courses in an online course
recommendation system, specifically for Massive Open Online Courses (MOOCs). The
recommendation system can suggest relevant MOOCs by analyzing students' grades
and comparing their topic preferences to those discovered by LDA.

The Grouping and Representing Tool (GRT), introduced by [Erkens 16], enables
collaborative learning by identifying heterogeneous student groups that allow a sharing
process of experiences. GRT combines text mining and LDA to analyze texts written
by students throughout their academic journey. By surfacing student similarities and
differences, LDA helps form heterogeneous course groups expected to provide
impactful collaborative experiences.

Applying Al techniques, [Lin, 21] proposed personalized educational resources
based on students’ needs, hobbies, and interests. The LDA has been incorporated into
a three-tiered Bayesian model and assesses student preferences and requirements by
evaluating online course performance (grades and duration).

4 Proposal

This proposal adopts learning objects (LO), a primarily used structure for representing

contents in virtual learning systems [Tarouco, 03; Tarouco, 14; Alarcén, 15]. LO refers

to educational content designed and organized in small, self-contained sets to enhance
learning. It represents comprehensive educational units that can be reused and adapted
for many learning purposes. They may have diverse media components, including text,
images, audio, and video.

PS is currently under a transition from a desktop to a web-based version. Its IDE
has been enhanced by including an LMS, which offers the following features:

— A robust and user-friendly platform for managing and delivering learning materials
and resources.

— Enhanced collaboration: the web version of PS facilitates collaboration among
users by enabling features such as discussion forums, project sharing, and real-time
collaboration on coding tasks.

— Allows the teacher to manage content (e.g., courses and themes) and the students
to choose the learning objects that best suit their interests.

— Empowering students to personalize their learning experience suggests learning
content based on their preferences, allowing them to select materials and create
tailored learning paths.

—  Yet, the user can choose a standard structured curriculum instead of an adaptive
recommendation in a more flexible learning experience.

The LMS (Figure 1) includes the following models: (i) Content Management
Model, which handles and organizes learning materials; (ii)) Recommendation Model,
which provides personalized recommendations and guides students through tailored
learning paths; and (iij) Interaction Model, which facilitates engagement procedures
like chats and forums.
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The recommendation model is the core component and primary focus of this work.
Its main objective is to enhance the learning experience for PS users. However,
considering the relationship of the recommendation model to the entire architecture, an
overview of the elements of the LMS architecture is needed.

Content Management Recommendation
Model Model

Recommender

Tracker Grouper

jE—
LA

Content Manager

soJoeR 4

®

Interface Interactor

o2l

Interaction Model

Figure 1: LMS generic architecture

The LMS architecture involves a set of software agents responsible for
collaborating and sharing services to provide an adaptive, engaging, and dynamic
learning experience. Below, these agents are presented along with some of the tasks for
which they are responsible for:

(i) Content Manager: responsible for content management, covering the creation
and storage of courses, learning units, themes, and LO. It uses three types of
databases: a relational database for entity information, a document-oriented
(NoSQL) database for LO, and a graph-oriented database for storing students'
learning paths.

(i) Tracker: carries out follow-up procedures for student actions, including the
learning paths taken and objects consumed, the time spent on each activity, and
pending and completed assessments.

(iii) Grouper: responsible for dynamically creating and updating similarity groups,
considering the progress in their learning paths, profiles, age, and so on.

(iv) Recommender: responsible for recommending LO by considering the student
learning level (applying Bloom Taxonomy) and the most frequent peer choices
(using similarity groups).

(v) Interface: facilitates interaction among the actors, collects student attributes,
displays recommended or consumed LO, creates and presents dashboards,
facilitates peer interaction in forums and chats, and performs exercises in a specific
domain.

The recommendation proposal involves the following methodological procedures:
(i) Collecting Data, (ii) Running the Grouping and Recommendation Algorithms, (iii)
Results Analysis, and (7v) Evaluation.
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4.1 Collecting Data

4.1.1  Creating a course and populating a repository with related LO

A hypothetical course of Introduction to Programming, containing five integrated
learning units (LU), topics, and a set of LOs, was created to simulate a real-world
scenario. Figure 2 illustrates the content structure defined for this simulation. The
collection of LOs needs to be included for simplicity, as it is unnecessary to understand
the proposal.

Introductory Programming Course

LU1 I Types and Variables I [ Input/Output ]
LU2 I Arithmetic Operations I [ Functions ]
LuU3 I Conditional Operations I I Logical Operations ]

LU Loops I [ Arrays ]

g

LU [ Libraries ]

Figure 2: Structure of the Introductory Programming Course

Table 1 presents the LO attributes: (i) Name - a self-explanatory field;
(ii) Description - a summary of what the LO represents or accomplishes; (iii) Learning
Unit and Topic - are foreign keys that indicate the LO's association with a specific
learning unit and topic; (iv) Exercise - specifies whether the LO is used in evaluation
processes; (v) Taxonomy - indicates the level of Bloom taxonomy the LO belongs to;
and (vi) Tags - themes related to the LO, chosen from the following set (limited to 5
themes):

{animals, animation, biology, books, cars, cartoons, comedy, culture, food,
games, geography, history, image, international, language, marvel, math,
memes, monsters, movies, music, myths, pets, science, sports, superheroes,
technology, toys, YouTube}

Label | Random string
Description | Random string
Leaning Unit (LU) | Value between 1 and 5
Topic | Value between 15 topics
Exercise | ‘True’ or ‘False’
Taxonomy | Value between 1 and 6 (BT levels)
Tags | A value from a list of themes

Table 1: Variables used at dummy LO creation



Haendchen Filho A., Esteves A.M.S., do Prado H.A., Ferneda E., Raabe A.L.A. ... 1653

4.1.2  Creating students and populating a repository

Students must register and provide their profiles, including zip code, date of birth,
gender, and general preferences to use the system. This information can be obtained
automatically by integrating the LMS with an academic information system. A student
repository was populated by randomly generating 200 student profiles with attributes
outlined in Table 2. However, students may access the exact LO multiple times; in
practice, the simulation considered single activations to simplify modeling. The
attribute Tag contains three to five preferences extracted from the set of themes.

Name | Random string
Password | Random string
Gender | Male, Female, ...
Age | Value between 12 and 42
Scholar grade | Middle School, High School, College
Tags | A value from a list of themes
Path | A list with the consumed LO

Table 2: Student attributes considered in the simulation.

The first five attributes are self-explanatory. For Age attribute, the range of ages
was considered from 12 to 42 years for simulation purposes. The three remaining
attributes have the following meaning: (i) Scholar grade denotes the grade in which the
student is currently enrolled; it enables the system to determine the level of logical-
mathematical knowledge held by the student and can influence the difficulty level at
which problems are presented; (i) Tags comprises the list of different interests the
student has selected within the system; it identifies students with similar interests and
retrieves content that encompasses topics of interest to the student; and (iii) Path
encompasses all the LO that the student has used in his learning path, allowing for the
identification of his current knowledge; it also enables the system to discern differences
in the paths taken by students within the same group, thereby facilitating new
recommendations.

4.2  Running the Grouping and Recommendation Algorithms

The student grouping and recommendation algorithms are executed in this step. In
practice, this process shall be performed daily to accommodate new students and
reassign students who have advanced to higher levels.

The LDA algorithm determined student similarity groups by its proven ability to
cluster documents into topics [Blei, 02]. Student attributes were encoded into
document-like structures to enable LDA-based grouping, with each feature represented
as a string. Specifically, learning paths were transformed from ordered lists into lines
by concatenating all LO names, preserving the respective positions in the list. The LDA
parameter k was set to create groups averaging ten students, with a minimum of two
groups, dividing the total student count by ten and rounding up.

Using LDA, these groups generated by the Grouper agent were based on specific
attributes weighted according to their importance for the similarity calculation. The
Path attribute was heavily weighted (5x) if students in a group would likely share OA.
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Preferences also received significant weights (3x), while Education and Date of Birth
received lower weights (1x). With these groups of students tuned in, personalized
recommendations can be generated using the procedures described next.

The initial recommendation for new students is based on your profile and
preferences. For regular students, the recommendation considers their profile,
preferences, and learning trajectories. This allows students to select the LO that best
fits their interests. Furthermore, these LOs are organized based on the student's level in
Bloom's Taxonomy (BT) [Bloom, 84; Athanassiou, 03].

The Recommender agent manages the recommendation algorithm and works as
follows:

For each group:

1. Analyze the learning paths of each student, identifying the LO they have
already studied at which levels of BT, and build a list of learning gaps
(taxonomy level and LO) for each student.

2. Create a LO ranking of recommendations with the respective frequency.

3. Match student gaps with the most recommended LO and create a list of LO
candidates for each student.

4. Classify the LO candidates based on the student’s preferences, prioritize those
that best suit their interests, and add them to the recommendations list.

5. Determine which LO the student still needs to consume to allow them to
complete the lowest levels of BT. This prevents the student from receiving
content recommendations for levels higher than the ones he didn’t achieve. If
no content is available to complete, the next level's content is recommended.

6. Assign ratings to the LO in the recommendation list: (i) content with the
recommended taxonomy receives a 10-point rating, (i) content with tags that
match the student's preferences earns one point each, and (iii) the content that
other students in the group have on their learning paths earns one point for each
student. To allow greater flexibility for the student, the entire set of LOs chosen
by their peers but not part of their learning path is included in the list of
recommendations with a low rating as information on the possibilities of
choice.

7. Sort the list of recommended LO based on the inverse score.

As the student consumes more LO, the importance of the path attribute in the
scoring for grouping increases. In real-time, the top 10 contents from this list are then
forwarded to the Interface Agent, which takes them to display on the student's
dashboard.

4.3  Results analysis

The following values were obtained from the simulation for the adopted metrics:

—  Group relevance: This metric assesses the extent to which the recommended
content matches individuals' and groups' preferences and learning paths.

—  Best content: The best recommendation is based on the highest number of matches
with the student’s preferences.

—  Recommendations relevance: this metric represents the overall average relevance
of each recommendation. A recommendation is considered relevant when it serves
the most significant number of students within each group, considering their
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preferences and learning paths. This metric expresses the calculated
recommendation precision to the expected recommendation.

Figures 4, 5, and 6 present the calculated metrics for the number of students
interacting with the system across the three setups (100, 200, and 500 LO).

To assess the alignment between a recommendation and the student's interests, as
indicated by their preferences and learning paths, a specific LO (Clean DB Search) was
taken into consideration. The results of this evaluation are presented in Figure 5.

The analysis begins by examining the student's learning path and identifying the
topics they must cover. The LO is then filtered based on these topics and arranged in
descending order of the number of tags that match the student's requirements. The
system ensures these LOs align closely with the student's BT learning level.

Instances of repeated recommendations within the topics were observed. This
phenomenon occurs when a student, despite receiving a recommendation for a
particular LO, chooses to select a different LO instead of the recommended one.
Consequently, the system recommends the previous content as it remains the most
suitable option.

The superior performance of the 200 LO setup can be attributed primarily to the
more significant number of preference options available for students to choose from the
set of themes. This highlights the need for more LOs, exceeding 100, to better cater to
the student's requirements. However, with a group relevance index of 35% (Figure 4),
it is ensured that the recommendation will satisfy at least one of the student's
preferences.

Figure 6 displays the relevance of the recommendations. The relevance of each
recommendation was calculated individually, and the average of these values
determined the relevance of the overall recommendations.

The recommendation algorithm considers the objects consumed in the group's
learning trajectory, as described in steps two and three of the recommendation
algorithm. For new students who still need a learning path, preferences are considered
for recommendations. It is important to note that the algorithm generates a list of the
ten most consumed LO per group. This list selects LOs based on their alignment with
student preferences and learning paths. The resulting value is then converted into a

percentage to indicate the relevance of the recommended content to the student.
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4.4 Evaluation

The group relevance metric is determined by #/10, where n represents the average of
students who have matched the group's most common tags (maximum of 10 matches).
For example, consider a group of three students with 2, 4, and 3 games, respectively.
The average is calculated as 3, resulting in a group relevance score of 0.3 (Figure 4).
For this simulation, a relevance score ranging from 0.25 to 0.35 is reasonable since each
student was allowed to choose only one preference instead of the 3-5 possibilities. In
real-world scenarios, it is reasonable to find higher adherence rates. For example, a
student who likes Marvel is probably also interested in superheroes, which causes many
students to display both preferences on their profiles. Such correlations are not possible
with the randomly generated students. The majority of recommendations (88%) issued
in the best case (500 LO) were certified by the experts (Figure 6).
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5 Discussion and Conclusions

This paper presents an approach for a personalized recommendation system integrated
into a virtual learning platform. A simulation validated the algorithm’s ability to align
recommendations with individual interests based on collective group knowledge. The
algorithm’s results were submitted to and certified by experts to evaluate the approach.

The system leverages knowledge derived from clusters of students to effectively
adapt to dynamic learning needs, surpassing reliance on predetermined patterns. By
analyzing the clusters’ data, the algorithm can expand the pool of recommended LO as
students’ knowledge progresses. In other words, the process takes advantage of
knowledge from students’ learning trajectories in each cluster, allowing for more
diverse and enriched suggestions instead of simply following a standard trajectory.
Moreover, this work underscores the potential of adaptive, group-based
recommendations for improving logic and programming learning and engagement.

Portugol Studio, which has over 856,000 users, was chosen as the target platform.
The recommendation approach used agent-based technology to deal with the
complexity of this context. Software agents manage content, form groups, and make
recommendations, ensuring flexibility and scalability.

The contributions presented in this work are: (i) a cluster-based recommendation
approach that uses knowledge obtained in learning paths and students’ interests to
create similarity groups and (7i) an adaptive recommendation system integrated into a
learning environment to optimize engagement. Although the adoption of an IDE is
available in Portuguese to validate the proposal, it is adaptable to other languages in
countries that face the same problem of evasion in Information Technology and other
related courses.

The simulation is done by generating random content data. The source code to
empirically reproduce the experiment is available in the following GitHub repository:
https.//github.com/AdsonEsteves/SACIP/tree/experiments

The generation of random data occurs in the DBConnection class. Within this
class, a static main function generates 500 contents within the topics, types, and tags
defined in the dummydata function. These generated contents are recorded in the
database. The source code for this class can be found at:
https.//github.com/AdsonEsteves/SACIP/blob/experiments/src/main/java/sacip/sti/com
ponents/DBConnection.java

From the created contents, it's possible to simulate a recommendation system with
students entering and leaving, requesting recommendations according to their
preferences. The recommendation is implemented in the RecommenderAgent class,
specifically in the getConteudosRecomendados function:
https.//github.com/AdsonEsteves/SACIP/blob/experiments/src/main/java/sacip/sti/age
nts/RecommenderAgent.java

The user clustering system is implemented in the GrouperAgent class:
https.//github.com/AdsonEsteves/SACIP/blob/experiments/src/main/java/sacip/sti/age
nts/GrouperAgent.java
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