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ABSTRACT The accelerated growth of online education in recent decades has made it a trendy educational
option. Despite this, significant challenges persist regarding student retention and academic performance in
these courses. Addressing these challenges requires active student participation, although understanding
it effectively is complex. This study focuses on student engagement in online education environments,
exploring its relationship with retention and academic performance. Data was collected across multiple
semesters to analyze student engagement in online educational environments. Participation patterns,
temporal trends, and crucial factors affecting participation were examined using exploratory analysis and
forecasting models, such as ARIMA and Prophet. The results revealed several patterns, including an initial
increase in activity at the course’s beginning and a gradual decrease over time. Factors such as course length
and peer interaction influenced participation significantly. These findings underscore the importance of
developing specific pedagogical strategies for online education, simultaneously addressing students’ unique
challenges in this environment. In summary, this study contributes to knowledge in online education by
providing essential information to understand and improve student engagement.

INDEX TERMS Student participation, academic retention, online courses.

I. INTRODUCTION
The exponential increase in online education in recent
decades has made it an increasingly popular and accessible
educational option. Although traditional institutions are
expanding their digital offerings and specialized online
universities are emerging, online education faces unique
challenges, especially in student retention and academic per-
formance [1]. Active and meaningful student participation is
critical to success in any educational environment. In face-to-
face classrooms, instructors can assess participation through
direct interactions and discussions, but in the online environ-
ment, where there is no physical presence, evaluating and
encouraging participation be-comes a complex challenge [2].
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The importance of student engagement in online education
cannot be overstated. Engaged students tend to have higher
motivation levels, exhibit better time management skills, and
are likelier to persist and succeed in their courses. Conversely,
a lack of engagement can lower retention rates, academic
performance, and dropout risk. Therefore, understanding
and improving student engagement in online classes have
become critical objectives for educational institutions and
researchers [3].

This work explores the landscape of student engagement
in online education and its intimate connection to student
retention and academic performance. It aims to unravel the
factors influencing student engagement in the online learning
environment, exploring how course length, peer interaction,
and engagement patterns impact a student’s educational
journey. To achieve these goals, the basis of the analysis will
be comprehensive data collected from a system designed to
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track student participation in an online academic environment
over multiple semesters [4].

For this, two years of student participation in an online
computer science program, which is part of the under-
graduate educational offering of a recognized university,
were analyzed. This official program offers a degree in
Computer Science and is designed for students with prior
knowledge in mathematics and programming. The goal is to
provide a comprehensive and rigorous education, preparing
students for professional challenges in the technological
field. The diversity of students’ academic backgrounds and
previous online learning experiences enriches the analysis,
allowing us to explore how different educational trajectories
impact participation and engagement in a virtual learning
environment.

The methodology used in this research combines
exploratory analysis with the application of forecasting
models. These models, including autoregressive integrated
moving average (ARIMA), Prophet, and clustering tech-
niques such as DBSCAN and K-means, are leveraged to
decipher participation patterns, temporal trends, and critical
determinants of student engagement. In doing so, we aim
to provide valuable insights into the dynamics of student
engagement in online courses and ultimately shed light on
how institutions can improve the online learning experience
for their students [5]. Additionally, these methods allow for
identifying trends, seasonality, and grouping of students with
similar behaviors, facilitating detailed understanding and
accurate predictions of student engagement over time.

Online education poses unique challenges compared to
traditional in-person instruction. Students in virtual class-
rooms often face distractions in their home environments,
work commitments, personal demands, and the need to
maintain high levels of motivation and self-discipline. These
external factors can significantly influence your participation
in course material, class discussions, and assignments. There-
fore, understanding the interplay between these challenges
and student engagement is vital to improving the quality and
effectiveness of online education.

One of the critical contributions of this study lies in
its evaluation of forecasting models, specifically ARIMA
and Prophet, for predicting student engagement in online
courses [6]. These models are evaluated for their ability
to anticipate student engagement, allowing educational
institutions to identify students at risk of low concentration
early in the system [7]. Early identification will enable
institutions to intervene proactively, providing targeted
support to struggling students and improving their learning
experience. The application of forecasting models in the
context of online education represents a promising avenue for
improving retention rates and student out-comes [8].
Additionally, this research contributes to the broader body

of knowledge on online education and tracking student
engagement. It aligns with ongoing efforts to improve the
quality and inclusion of online education, ensuring that it
continues to meet the academic expectations and needs of a

diverse and dynamic student population. As the educational
landscape evolves, particularly considering recent global
events, adapting and innovating educational strategies is
imperative to foster meaningful and compelling learning
experiences.

II. MATERIALS AND METHODS
This work presents a detailed study of the implementation and
evaluation landscape of the student participation monitoring
system in the online educational environment. The virtual
platform and its specific configuration, the activity recording
tools used to capture student data, advanced data analysis,
and machine learning techniques were analyzed for this.
In addition, a personalized recommendation system has been
implemented to improve collaboration between students.
This approach allows for a complete understanding of the
underlying methodology of the study.

Due to confidentiality restrictions and privacy agreements
with the participating institution, we are not authorized
to reveal specific information such as the name of the
institution, the countries where the courses are offered, the
country of origin of the participants, or the degrees involved.
These restrictions protect the privacy of participants and the
integrity of the institution.

A. REVIEW OF SIMILAR WORKS
The choice of journals and articles cited in the introduction
and review of previous studies was based on a selective and
strategic approach. We sought to identify work that would
provide a solid and relevant foundation for the research
presented in this article. Selection criteria included direct
relevance to the topic of student engagement in online
learning environments, as well as the quality and authority of
the sources. Studies and publications that offered empirical
evidence, recent research, and significant results in online
education were prioritized.

Student engagement in online learning environments has
been the subject of research for several decades. As online
education has grown in importance, it has become essential to
understand how students interact and participate in these envi-
ronments. The literature review reveals that while significant
progress has been made, most studies still face challenges
quantifying and improving student engagement [9].

Recent research has highlighted the critical role of active
student participation as a crucial factor for success in online
education [10]. Studies have shown that students who actively
participate in online discussions, collaborate on group
projects, and participate in interactive activities are more
likely to achieve satisfactory academic performance [11].
Additionally, it has been argued that student engagement may
be a key indicator of student satisfaction and retention in
online courses [12].
Learning analytics has developed significantly over the last

decade and has contributed substantially to understanding
online student engagement [13], [14]. Researchers have
employed data analytics and machine learning techniques to
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examine patterns of student engagement and performance
in virtual environments [15]. An exciting advance has
been the development of recommendation systems based
on learning analytics, which use advanced algorithms to
analyze students’ browsing and participation behaviors,
offering personalized recommendations for resources and
activities [16].
Despite these advances in the literature, it has been recog-

nized that the practical implementation of these technologies
in educational settings remains limited [17]. This study
addresses such limitations through the practical application
of a tracking system in an academic environment, illustrating
how integrating activity recording tools, data analysis, and
recommendation systems can significantly improve student
participation and the quality of the online learning experi-
ence [18], [19]. By comparing the findings of our study with
the existing literature, we highlight the unique contributions
of our research, especially in terms of practical applicability
and technological improvements in monitoring and analyzing
student participation [20].

B. CONCEPTS USED
Several concepts have been employed to develop the
methodology contributing to this study and each applicable
aspect of the application environment. These concepts are
utilized in this study to provide a clearer understanding of
the technologies and strategies involved:

• Student engagement is central in online education,
encompassing how students interact and actively engage
in the learning processes within a virtual environment.
This entails participation in discussion forums, collab-
oration on group projects, submission of homework,
and the degree of involvement with course content.
Student engagement is an essential indicator of students’
interaction and engagement levels with the learning
materials [21].

• Machine learning, a branch of AI, focuses on devel-
oping algorithms that enable computers to learn and
enhance their performance in specific tasks through
experience and data. This study employs machine
learning techniques to analyze student engagement data
and forecast behavioral patterns. This facilitates the
provision of personalized recommendations to students
and educators.

• A recommender system utilizes algorithms to analyze
user behavior and preferences, delivering personalized
recommendations. In the context of online education,
these systems can propose learning resources, supple-
mentary activities, or discussion groups based on student
behavior. This study implements a recommender system
to enhance participation and learning experience [22].

• An e-learning platform denotes an online environ-
ment that empowers educators to create, manage, and
deliver online courses. Students can access educational
content through these platforms, engage with peers,

and complete assignments. This study harnesses the
institution’s virtual platform to implement online student
participation monitoring technologies [23].

C. IDENTIFICATION OF THE PROBLEM
Active student engagement is critical to academic success
and retention in online education. However, students’ lack of
engagement or passive participation in virtual learning envi-
ronments remains a significant concern. Educators frequently
face the challenge of identifying and supporting students with
low levels of engagement, which can negatively impact their
learning experience and academic performance.

Our central challenge is understanding and improving
student engagement in our online learning environment.
Implementing advanced analytical systems, such as ARIMA
and Prophet models for time series analysis and DBSCAN
and K-means clustering techniques, is essential to decipher
complex patterns of student behavior. These approaches
allow trends and groups of students to be accurately
identified, providing a solid foundation for effective and
personalized intervention strategies [24].

D. METHOD
Using a student participation tracking system, it was
decided to collect data continuously and non-intrusively over
time [25]. This approach is justified based on the need
to capture the dynamics of student participation in online
environments without interfering with their normal learning
activities. Additionally, an automated tracking system allows
data to be collected from multiple cohorts of students over
various semesters, providing us with a representative sample
and longitudinal data for trend analysis [26], [27].

For this, it was chosen to apply forecasting models,
specifically ARIMA and Prophet; the selection was based on
their demonstrated ability to analyze time series and forecast
patterns of student participation over time [28]. These models
have been widely used in forecasting research, particularly
in the educational context, to forecast trends in student
engagement and performance [29]. Given their recognized
effectiveness in time series analysis, we chose to integrate
the ARIMA and Prophet models; ARIMA was applied to
model and predict student participation, taking advantage of
its ability to capture seasonal trends and patterns inherent
in historical participation data [30]. This model allows us
to identify repetitive cycles and long-term trends, which
is essential to anticipate periods of low participation that
could indicate attrition risks. On the other hand, Prophet
complements ARIMA analysis, especially for its robustness
against atypical changes in trends and its ability to handle data
with multiple stations [31]. Combining these models into our
system gave us a more holistic and dynamic view of student
engagement, allowing teachers to proactively intervene and
support at-risk students.

Regarding the clustering analysis, DBSCAN and K-means
were selected to segment the students into groups based on
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participation patterns. DBSCANwas chosen for its efficiency
in identifying clusters of variable density and its ability to
detect outliers, which is crucial to recognizing students with
atypical participation patterns. This information is vital to
develop specific support strategies. For its part, K-means
was used to divide the student population into homogeneous
participation groups, thus facilitating the identification of
clear categories of student engagement [32], [33]. Implement-
ing these methods allows for a comprehensive classification
of the student base, highlighting significant differences in
participation that could indicate different educational needs.
The synergy between DBSCAN and K-means enriches our
monitoring system, enabling more targeted and effective
educational interventions.

Furthermore, the system offers detailed reports and visu-
alizations to both educators and students. Educators gain
access to information summarizing their students’ level of
engagement, enabling them to identify those whomay require
additional support. On the other hand, students receive
personalized recommendations based on their engagement
behavior, enhancing their learning experience by guiding
them toward relevant activities and resources. A flowchart
illustrating how the student engagement tracking system
operates is presented in Figure 1.

E. DESCRIPTION OF THE VIRTUAL PLATFORM
We have used Moodle as the online learning platform in our
work. Moodle is recognized for its ability to generate detailed
records of user interactions, facilitating comprehensive
tracking of student engagement. Our tracking system was
integrated with Moodle, allowing us to capture and analyze
accurate data on student participation in the online computing
program. This integration wasmade to complementMoodle’s
existing analytics tools, providing deeper analysis and
predictions on student engagement. In this way, the tracking
system not only leveraged Moodle’s logging functionalities
but also added a layer of predictive analytics and data
visualization, resulting in a richer understanding and more
effective intervention in the tracking process of student
learning. The institution’s platform encompasses a wide
range of features, including:

• Access to more than 100 online courses covering various
academic disciplines.

• A catalog of educational resources, from reading
materials to videos and interactive simulations.

• Dedicated discussion forums for each course that facili-
tate student interaction and collaboration on projects.

• Access to online lectures and live streams of master
classes led by renowned instructors.

• Students can submit assignments and projects, receive
feedback, and complete online assessments.

• This platform provides students with a rich online
learning experience, making it a suitable environment to
implement the student engagement tracking system.

Its intuitive user interface characterizes the platform,
making navigation and educational resource access easy.
This intuitive design contributes to a more efficient learning
experience for students.

F. DESCRIPTION OF THE SAMPLE AND PARTICIPANTS
The sample was collected from two cohorts of online
computer science programs in 2021 and 2022. In 2021,
148 students participated in the online computer science
program. Students in this group had diverse academic
backgrounds and previous experiences with online courses.
For example, some students had prior experience in online
courses before the pandemic, while others were new to this
format. In 2022, 153 students were enrolled in the online
computer science program. As in the previous cohort, this
cohort also presented several earlier experiences with online
courses and different academic trajectories.

To ensure the integrity of the data and the validity
of the results obtained in this study, procedures were
implemented to select participants from the 2021 and
2022 cohorts. A protocol was established to verify the prior
non-participation of the students selected for the 2022 cohort
in the tests carried out in 2021. This process included
the review of academic records and the confirmation of
registrations for each corresponding academic period. In this
way, we sought to minimize the possibility of overlapping
participants between the cohorts and ensure that the data
accurately reflected the characteristics and behaviors of
different groups in each academic year. In cases where
specific measures were not implemented for this purpose,
the independence of the samples was considered to be given
by the nature of enrollment in new courses and academic
programs offered in different years, assuming that changes in
curricular design and population Studentmovements between
academic years provide a natural separation between cohorts.

The teachers who participated in the study came from
various computing disciplines and had various previous
experiences with online teaching. Some teachers had expe-
rience teaching online before the pandemic, while others
were driven to adapt to this modality due to the global
situation. Their academic background and experience in
online teaching brought a diverse perspective to the study and
enriched the final observations and conclusions.

G. IMPLEMENTATION OF ACTIVITY LOGGING TOOLS
Implementing activity logging tools to track student engage-
ment on your institution’s online learning platform and
capture student interactions in real-time is essential. These
tools allow for collecting detailed data on student behavior
within the forums, which are evaluated to identify unusual
participation patterns or students who need additional sup-
port [35]. Figure 2 outlines the activity logging tools used and
out-lines the implementation process.

To record student activity, a logging system has been
implemented that captures various actions; for example,
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FIGURE 1. Flowchart of the operation of the student participation tracking system.

FIGURE 2. Implementation of activity logging tools.

every time a student accesses the system, views study
materials, or downloads resources, the action is recorded
along with a timestamp. All interactions, such as creating
posts, replying to existing posts, and following threads, are
recorded and linked to the respective student. Actions such
as attending an online course or viewing lecture recordings
are recorded. Each time a student makes an appointment or
completes an assessment, the date and time of the action is
recorded [36], [37].

The activity logging tools integrate with the institution’s
platform to ensure comprehensive and accurate data collec-
tion, authentically representing student online participation.

During the implementation of the student participation
tracking system, special attention was paid to ensuring that
unusual participation patterns and students requiring addi-
tional assistance were identified and effectively supported.
This process uses a set of criteria and data analysis algorithms
to evaluate student participation in real-time.

Unusual participation patterns are defined by several
criteria, including, but not limited to:

• There is a significant decrease in the frequency of
participation in course activities, such as participating
in forums, submitting assignments, and attending virtual
classes.

• Abrupt changes in the pattern of interactions, such as
going from active participation to total absence without
prior explanations.

• Consistently low task completion rates compared to the
group average.

• These criteria are based on comparing each student’s
participation trends against the averages of their group
and their participation baseline established in the first
weeks of the course.

Regarding students who require additional support, we are
not limited to just those with recognized disabilities, although
they are also part of this group. Identification encompasses
any student who, according to our analysis, may be facing
challenges that affect their participation and performance,
including, but not limited to, personal problems, lack of
adequate access to technological resources, or difficulties
adapting to the learning environment in line. Identifying
these patterns and students is accomplished through data
analysis tools that continually evaluate student engagement.
We use predictive models and machine learning techniques to
analyze engagement data and flag significant deviations from
standard patterns. Once a situation that requires attention is
detected, an intervention protocol is activated that includes
the following:

• Immediate notification will be sent to the teaching and
student support team for personalized follow-up.

• Wellness surveys and interviews with affected students
to understand their needs and challenges.
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TABLE 1. Analysis and treatment of outliers in student participation.

• Development of a personalized action plan may
include additional tutoring sessions, academic support
resources, adjustments to participation requirements,
or referrals to psychological support services.

This process ensures that we identify our students’
challenges and take concrete steps to support them in their
learning actively.

Furthermore, several statistical methods were applied
to the interaction data collected through the implemented
activity recording tools to determine the criteria that define an
active student on our platform. We used ANOVA to compare
participation means between different groups of students
and establish significant differences in activity levels. This
method allowed us to validate the established thresholds for
active participation.

In addition, we use Pearson Correlation to evaluate the
relationship between the intensity of students’ activity and
their academic results. This analysis provided a basis for
understanding how more frequent interactions may correlate
with better academic performance.

Finally, we implemented Logistic Regression Analysis to
predict the probability of student retention based on observed
activity levels. This model helped us identify key patterns
that indicate effective engagement in the online learning
environment, allowing for more targeted interventions to
foster student retention. These methods will enable you to
develop a deep understanding of how activity on the platform
relates to indicators of student success.

H. DATA ANALYSIS AND MACHINE LEARNING
The data analytics and machine learning system processes
and makes decisions about student participation in online
learning environments, collecting real-time data on student
interactions such as accessing courses, participating in
forums, viewing lectures, and delivering assignments. Data
cleaning is crucial to remove inconsistencies, using statistical
techniques such as interquartile range (IQR) and z-score
to address or remove outliers that deviate from the normal
distribution.

The specific outliers identified in our analysis are pre-
sented in Table 1, which summarizes the cases detected,
the detection methods used, and the actions taken for their
correction:

In the analysis of the discussion forums, anomalies were
identified, such as a student showing an abnormally high
number of posts in a week. Applying Z-score analysis, this
behavior was determined to be atypical, which led to the
correction of duplicate entries. For assignment submissions,
patterns were observed where students submitted activities
at all day hours for several consecutive days. The IQR
method identified this behavior as atypical, and erroneous
entries were removed to ensure data precision. Finally,
inconsistencies were detected in the class attendance record
that was adjusted based on the average session times to reflect
student participation accurately.

Challenges such as noise and outliers were encountered in
processing large volumes of student engagement data, which
could impact the precision of the analysis. These problems
were identified and corrected using statistical methods, thus
ensuring the reliability and validity of the results obtained in
the study of online student participation.

• In one case, we observed that a student displayed an
abnormally high number of forum posts during a specific
week, significantly above the group average. When
applying z-scoring, we identified this behavior as an
outlier, as it deviatedmore than three standard deviations
from the mean. After a detailed review, we discovered
that this was an error caused by a technical problem
on the platform that duplicated entries. This outlier was
corrected by merging duplicate entries to reflect the
student’s participation accurately.

• We detected another outlier in the assignment submis-
sion data, where a student had assignment submissions
recorded at all hours of the day and night for several
consecutive days. The IQR method noted this pattern as
atypical. Upon investigation, it was concluded that this
pattern did not reflect student activity but rather a failure
in the recording system. In this case, we decided to
deal with this outlier by removing the erroneous entries
after confirming the actual submission activity with the
student.

• A third example involved attendance in virtual classes,
where some students showed a complete attendance
record in minutes, which was impossible given the
format of the classes. By applying the IQRmethod, these
entries were identified as outliers. The investigation
revealed that an error in the attendance tracking system
had caused incorrect records. We adjusted attendance
records for these cases based on average class session
times, ensuring that the data accurately estimated
student participation.

By appropriately identifying and addressing these values,
we ensured that our conclusions were based on accurate
data representative of student engagement in the online
learning environment. In cases where data were missing for
specific observations, imputation techniques were used to
estimate missing values—this involved imputation of means
based on regression models or more advanced techniques.
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Additionally, accidental duplicates within the data sets were
identified and removed to avoid distortions in the analysis.
Typographical or entry errors in the data, potentially resulting
from human error, were diligently searched for and corrected.

Normalizing and standardizing the data ensured that all
variables shared the same scale, which is crucial when using
machine learning algorithms sensitive to feature scales. The
records were identified and managed appropriately since
suspicions arose about duplicate or repeated records due
to errors in data collection. Likewise, logical checks were
implemented to ensure the data complied with predefined
rules or constraints. For example, for affected variables,
such as student age, it was standardized using the Z-scoring
technique, subtracting the average from the age of all students
and dividing the result by the standard deviation. This
allowed the students’ ages to be compared regarding standard
deviations from the average.

Given the large variability in the number of students’
contributions to the forums, this data was normalized by
applying the Min-Max transformation to scale the values
from 0 to 1. This helpedmitigate the impact of extremely high
or low values in subsequent analyses.

Hours of connection to the platform: This variable was
normalized to reflect the total connection time to the online
learning platform on a comparable scale, facilitating its
analysis in conjunction with other variables. Additionally,
we face the challenge of missing values in several variables,
which affects the validity of the analyses if not adequately
addressed.

To solve these problems, techniques were applied, such as
imputation using the mean for continuous data; this is applied
when detecting missing values in variables such as ‘‘age
of the student’’ or ‘‘hours of connection to the platform,’’
where the imputation by the group means to maintain data
consistency. For categorical variables with missing values,
such as course type, mode imputation was applied, assigning
the most frequent value within the variable to the missing
cases.

After imputation, we performed sensitivity analyses to
ensure that the imputed values did not introduce significant
bias into our results. These normalization, standardization,
and handling of missing values were essential to adequately
prepare our data for machine learning analyses, allowing us to
extract valuable and reliable insights into student engagement
in online education environments.

Data cleaning involves techniques to ensure data qual-
ity and consistency before continuing with analysis. The
choice of each method depends on the nature of the data
and the study’s objectives. This research applies machine
learning algorithms to extract insights from engagement
data. To achieve this, various algorithms such as clustering,
K-Means, and DBSCAN were used; these play a crucial
role in the analysis by classifying students based on their
participation patterns. This facilitates the identification of
different segments of students who exhibit similar behaviors,

including highly participatory, moderately participatory, and
minimally participatory students [38], [39].

Time series models, specifically ARIMA and Prophet, are
used to analyze the evolution of student engagement over
time. This analysis allows us to identify trends, seasonal
patterns, and changes in participation levels during the
different phases of the course.

Another fundamental aspect is the implementation of
feedback and corrective actions based on the analysis’s find-
ings. For example, tailored corrective measures were imple-
mented when unusual participation patterns or students who
needed additional support were identified. These measures
encompass directly communicating with students to obtain
information about their challenges. Provide supplemental
resources tailored to your needs and collaborate with tutors
or mentors to offer individualized guidance and support.

I. PERSONALIZED RECOMMENDATION SYSTEM
The system offers students personalized recommendations
for group activities and resources, leveraging their shared
behavior and interests [40]. Collecting comprehensive data
on student interactions within the online learning platform is
essential to providing these personalized suggestions. These
data cover participation in discussion forums. Access to
learning resources and study materials, previous involvement
in group activities and a record of evaluations and grades.

The data collected is critical to understanding individual
student preferences and interests. Furthermore, the personal-
ized recommendation system employs collaborative filtering
algorithms as a vital component [41]. These algorithms delve
into the behavior of numerous students to identify compa-
rable interaction patterns. Two main approaches are used.
One is user-based collaborative filtering, which identifies
students with similar behaviors and recommends activities or
resources based on what students with similar profiles have
found beneficial.

The other approach is item-based collaborative filtering;
in this scenario, the system suggests activities or resources
such as those a student has previously participated in. This
suggestion is based on the preferences and behaviors of other
students participating in analog activities.

The personalized recommendation system is seamlessly
integrated with the online learning platform, ensuring rec-
ommendations are readily accessible to students as they
navigate courses and resources [42]. These recommendations
are generated in real time and adapted based on the student’s
current behavior.

Pilot tests were conducted to gauge the recommender
system’s effectiveness, and valuable feedback was collected
from students. This feedback is invaluable for fine-tuning
the algorithms and enhancing the precision of the recom-
mendations. Additionally, the system’s impact on online
participation was assessed by monitoring participation rates
and student engagement [43].
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After necessary adjustments, the personalized recommen-
dation system provides students with relevant recommen-
dations, increasing the likelihood of active participation
in group activities and additional resources, ultimately
improving their overall engagement. Students benefit from
a personalized learning approach, resulting in greater satis-
faction and engagement with course content. Quick access to
relevant resources and activities translates into time savings
and greater learning efficiency. Personalization and active
participation can also significantly improve student retention
in online courses.

J. EVALUATION ENVIRONMENT
To assess the effectiveness of the student participation
monitoring system, an evaluation framework was estab-
lished to measure the impact of interventions on student
participation and performance. This framework comprises
several crucial stages and detailed definitions of variables
and hyperparameters. Before the system’s implementation,
transparent and objective metrics were defined to gauge the
success of the intervention.

These metrics encompass:

• Participation Rate (P): This metric quantifies the
proportion of students actively engaged in discussion
forums, group activities, and other interactive course
components. It is computed as the number of actively
participating students divided by the total number of
enrolled students.

• Academic Performance (AR): Academic performance is
assessed based on students’ grades and overall success
in course assessments, assignments, and exams. It is
represented as the average grade students achieve on a
scale of 0 to 10.

• Student Retention (RE): Student retention measures the
extent to which students remain enrolled and actively
participate in the course over time. It is calculated as
the percentage of students who complete the system
compared to the total number of students initially
registered.

It is essential to highlight that uniformity in learning
and performance evaluation was maintained across all
training modalities and academic activities available on the
platform. A rating scale of 0 to 10 was adopted for all
training, evaluations, and exercises to ensure consistency and
comparability in evaluation metrics. On this scale, a ‘‘0’’
indicates the lowest possible score, reflecting insufficient
performance or understanding of the learning objectives
assessed. On the other hand, a ‘‘10’’ represents the maximum
score, indicating excellent understanding and application of
the required knowledge and skills.

This methodological decision was applied to:

• Training: Each module or session on the platform
evaluates student participation and understanding.

• Course Assessments: Including exams, quizzes, and
other forms of summative assessment that measure
student learning at the end of a course or unit.

• Activities and Assignments: Assignments assigned
throughout the course to assess students’ continued
progress and understanding of course material.

Applying this unified grading scale allows for equitable
and transparent assessment of student performance, facilitat-
ing the identification of areas of strength and opportunities for
development. Furthermore, this consistency in the assessment
scale supports the comparability of performance data across
different courses and training, which is essential for the
aggregate analysis and conclusions derived from our study.
In addition to these metrics, critical hyperparameters are
defined for evaluation:

• Minimum Participation Threshold (MPU): This hyper-
parameter establishes the minimum level of activity
required for a student to be categorized as ‘‘active.’’
The reference value is 30% interaction in forums and
activities but may vary based on the course’s context.

• Time Intervals (TI): They are predefined periods that
allow us to observe and measure student activity in
a structured way. Specific time intervals have been
delineated for data collection and analysis. Weekly
intervals enable the assessment of participation trends
and academic performance throughout the course.

The MPU with a reference value of 30% was chosen as a
starting point to define ‘‘active’’ participation, representing a
balanced proportion of interaction that indicates meaningful
engagement with the course material and the learning
community; however, due to the diversity of the courses
and the variability in the interaction needs of our students.
Therefore, this reference value is not rigid; Adjustment is
allowed and encouraged based on the specific context of each
course.

In courses where interaction and collaborative work are
essential to achieving learning objectives, the MPU can be
increased to reflect the importance of these activities. For
example, in a team software development course, active
participation in discussion forums and collaborative activities
could be essential for success, justifying a higher threshold,
such as 40% or 50%. On the other hand, in courses
that emphasize more autonomous learning or have a solid
individual study component, the MPU could be reduced
to accommodate different learning styles and levels of
interaction. In these cases, a value such as 20%might bemore
appropriate to reflect active participation.

MPU adjustment is made at the beginning of each
course based on the course structure, learning objectives,
and feedback from previous course iterations. This process
involves consultation with the teaching team and, sometimes,
direct feedback from students to ensure that the established
threshold is fair, achievable, and aligned with learning
expectations.
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Once the metrics and hyperparameters are defined, the
student participation monitoring system is integrated into
the institution’s platform. The system actively records and
analyzes student behavior in real time. Following the
implementation, data concerning student engagement and
performance is systematically collected. This data encom-
passes various aspects such as forum interactions, resource
access, participation in group activities, and assessment
scores. Subsequently, post-implementation data is meticu-
lously compared to baseline data using appropriate statistical
tests [44]. This rigorous analysis enables the evaluation of the
system’s impact on participation, academic performance, and
student retention.

The evaluation results are comprehensively examined, and
any necessary adjustments are made to enhance the system’s
effectiveness. Moreover, valuable feedback is solicited from
both students and educators to gain deeper insights into their
experiences and requirements. The evaluation framework
provides a robust foundation for measuring the impact of
interventions, ensuring that all variables and hyperparameters
are unambiguously defined, thus facilitating rigorous and
reproducible assessments.

To effectively measure the impact of the student engage-
ment monitoring system, metrics that reflect student engage-
ment, academic performance, and retention are included.
The Participation Rate (P) is calculated using the formula 1
which allows quantifying the percentage of students actively
involved in the course.

P =
Number of active students

Total number of enrolled students
× 100 (1)

To evaluate Academic Performance (AR), we apply
formula 2, which provides a weighted average of the grades
obtained by students on a scale from 0 to 10

AR =
Sum of all grades

Total number of assessments
(2)

Student Retention (RE) is measured by 3, offering insight
into the percentage of students who remain in the course until
completion.

RE =
Number of students who complete the course
Total number of students initially registered

× 100

(3)

These equations allow not only the precise definition of
the evaluation criteria but also a quantitative analysis of the
impact of the interventions carried out in the educational
system, thus ensuring an objective and transparent assessment
of the implemented system.

III. RESULTS
A. ENVIRONMENT AND DATA VOLUME
During the study period, the participating population con-
sisted of students from the 2021 and 2022 cohorts of an online
computer science program at a higher education institute. The
2021 cohort included 148 students, while the 2022 cohort
included 153 participants. These students represented a

diverse group with different academic backgrounds and
previous experiences in online education. Throughout the
course, the student engagement tracking system recorded a
variety of student activities and behaviors, including:

• Access to courses and learning resources (six accesses
per week):We determined this average by analyzing stu-
dents’ historical behavior on our platform. We observed
that, on average, students access courses and learning
resources at least once a day on weekdays, which led us
to set the average at six accesses per week.

• Active participation in discussion forums (three weekly
posts): This value is based on recommendations for best
pedagogical practices to foster rich and sustained discus-
sion in online learning environments.We set this average
to promote regular and meaningful student interaction,
which is essential for a practical collaborative learning
experience.

• Online Masterclasses (two views per week): This
average reflects the balance between providing rich
instructional content and maintaining manageable stu-
dent engagement. Considering the typical length of our
courses and the total workload expected for students,
two viewings per week were an average that allowed for
effective digestion of the content without overloading
students.

• Assignments and assessments (two weekly presenta-
tions): This number was based on a balance between
ensuring constant practice and application of learned
concepts and keeping the overall workload reasonable.
Requiring, on average, two assignments or assessments
per week was sufficient to keep students engaged and
allow for the continuous evaluation of learning without
causing burnout.

Precision in measuring student engagement is essential.
Therefore, it was identified that not all interactions recorded
on the online learning platform amount to meaningful or
active participation. Repeated clicks on the same item may
not reflect a genuine intention to engage or learn. To address
this complexity, a process was implemented to evaluate
student participation, differentiating between meaningful
interaction and behaviors that could be considered non-
productive.

The tracking system is equipped with algorithms capable
of identifying patterns of repetitive clicks or similar actions
performed in a short time interval. This allows us to
distinguish between deliberate participation and possible
navigation errors or technical problems. The system analyzes
how actions occur to ensure a fair and accurate evaluation of
participation. Repeat clicks, for example, are considered in
conjunctionwith the student’s other activities on the platform.
This ensures that interactions contributing to learning and
engagement with the course are appropriately valued.

Student participation is evaluated based on a broad spec-
trum of activities, including, but not limited to, participation
in discussion forums, assignment submissions, and use of
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TABLE 2. Characteristics of study participants.

TABLE 3. Comparison of academic performance and retention rates
between active and non-active students.

learning materials. This holistic approach captures a more
complete picture of the student’s engagement with the course.

These metrics provide valuable information about stu-
dent interactions within the online learning environment.
The student engagement tracking system recorded various
student activities and behaviors across the two academic
terms. Significant data was collected during these periods,
amounting to a total volume of two terabytes of information.
This data collection underscores the depth and breadth of
student interactions captured and analyzed, providing a solid
foundation for our analysis of the evolution of student
engagement in the digital educational environment.

Table 2 provides an overview of the diversity in partic-
ipating student characteristics, including age, gender, and
previous experience with online courses. This information
is relevant to understanding the sample composition and
how these characteristics may influence student engagement
and performance in online courses. Two cohorts, 2021 and
2022, are included in the table, along with information about
their age range, gender, and previous experience with online
courses before and after the pandemic. This provides a more
accurate representation of the diversity in the characteristics
of the participating students. For example, the 2022 cohort
has more excellent prior experience in online courses after
the pandemic compared to the 2021 cohort. Different age
ranges and genders are included, reflecting the variety of
study participants. These details are relevant to understanding
how these characteristics can influence student engagement
and performance in online courses.

The statistical analysis results revealed that students
classified as active according to predefined criteria showed
superior academic performance and higher retention rates
compared to their less active peers. Table 3 summarizes the
results obtained.

The analysis of variance confirmed that the differences
in performance and retention between the groups are
statistically significant (p < 0.01), indicating that the criteria
used to define active participation are robust and predictive
of academic results. The Pearson correlation between student
activity and academic results was positive and significant (r
= 0.76, p < 0.01), suggesting a strong association between
more excellent activity and better performance.

These findings validate the application of our activity
criteria and highlight the importance of encouraging active
and engaged participation in online learning environments.
These results also support the use of the tracking system to
intervene proactively and help students at risk of dropping out
by early identifying those who show low levels of activity.

B. STUDENT PARTICIPATION
The assessment of active student engagement was based on
predetermined criteria designed to capture the diverse ways
students can interact and engage with course content and
their peers in the online learning environment. These criteria
allowed us to quantify participation and establish a threshold
to identify actively participating students.

Active student participation was evaluated considering
multiple dimensions of interaction within the course plat-
form, including:

• Participation in discussion forums: 15 forums were
available during the course. The average participation
in these forums was seven posts per student, which is
considered active when a student made at least five
contributions (posts or responses) per week.

• Delivery of tasks and activities: 12 tasks were assigned,
with an average delivery rate of 85% by students.
Students were considered actively participating if they
completed at least 90% of the functions within the
established deadlines.

• Attendance at virtual sessions: 3 main exams were car-
ried out during the course, with an average participation
of 95%. Attendance and participation in live virtual
sessions or viewing recordings of these sessions were
recorded, with attendance or viewing of at least 80% of
available sessions qualifying as active participation.

• Interactions with learning materials: Access and inter-
action with learning resources provided on the platform
(e.g., readings and educational videos) were also consid-
ered. Students who interacted with more than 75% of the
available materials were identified as active participants.

To be classified as an actively engaged student, an individ-
ual had to meet at least three of the four criteria mentioned
during the study period. This combination of criteria ensures
that we consider active and meaningful participation that
reflects a comprehensive commitment to the course beyond
simple presence or sporadic activities. These thresholds were
established based on a literature review on participation in
online learning environments [13], [34] and were adapted
to reflect our courses’ specific expectations and structure.
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TABLE 4. Comparison of student participation rates before and after
implementation (2021-2022).

Combining these criteria offers a robust measure of active
participation, allowing us to identify those students who
demonstrate a sustained and deep commitment to the learning
process.

The monitoring system recorded various student activities,
measuring their level of participation within the educational
platform. Each academic year within the study was assessed
independently, allowing us to capture and compare the impact
of the tracking system implementation within the same
annual framework. For 2021 and 2022, we evaluated student
participation before and after implementing the system,
reflecting ongoing enhancements and adjustments.

Table 4 presents the results and shows the evolution
of student participation over two academic periods. The
data separately reflects the average monthly participation
of students before and after the tracking system’s imple-
mentation for each year. These values represent the average
monthly participation percentages, highlighting a significant
improvement in student engagement after implementing the
system in both cohorts. This increase indicates a more active
and consistent use of the platform, not limited to a specific
activity but encompassing the student’s general interaction
with the available educational resources. This table does not
focus on particular activities. Still, it reflects the students’
general and active participation on the platform, offering
a global view of the tracking system’s impact on student
interaction with all course resources.

The data presented shows a significant increase in student
engagement after implementing the tracking system. In addi-
tion to the trend analysis, average participation rates in two
cohorts before and after system performance are compared.
2021 Cohort:

• Before Implementation: Average participation rate: 35%
• After Implementation: Average participation rate: 72%

2022 Cohort:

• Before Implementation: Average participation rate: 35%

TABLE 5. Classification of student participation using DBSCAN.

TABLE 6. Cohort enrollment, completion and retention rates (2021-2022).

• After Implementation: Average participation rate: 72%

Results consistently demonstrate a significant increase in
online student engagement across all groups following the
implementation of the student engagement tracking system.
This increase signifies the system’s positive and sustained
impact in promoting active student participation, ultimately
encouraging greater participation and adherence to course
activities across all groups.

It is essential to note that the experiment was not part of a
specific course taught by the researcher-author. Instead, it was
conducted within an online computer science program at a
higher education institution. The platform was designed and
developed by a dedicated technical teamwithin the institution
to support the delivery of online courses.

After examining general trends in student engagement,
it is crucial to delve deeper into the specific nature of
these interactions to understand student behavior patterns
in the online learning environment fully. To achieve this,
we employ density-based clustering analysis, DBSCAN,
which allows us to identify distinct student participation
groups effectively. This highlights overall activity levels and
reveals the underlying dynamics of active, intermittent, and
low involvement.

Table 5 presents the results of the DBSCAN analysis,
in which we identified three main clusters that represent
different levels of student participation in our online learning
platform. The first cluster, ‘‘Active Participation,’’ comprises
students who interact with course components more than
15 times per week, indicating a high level of engagement and
activity. This group includes 134 students, demonstrating a
solid presence and consistency in using available educational
resources.

The second cluster, called ‘‘Low participation,’’ groups
students whose interactions do not exceed five times per
week. With 67 students in this cluster, a more limited level
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FIGURE 3. GPA graph before and after implementation.

of engagement with the learning environment is reflected,
possibly indicating barriers or challenges these individuals
face in their educational journey.

The third cluster, ‘‘Intermittent Participation,’’ comprises
100 students with activity patterns varying between 5 and
15 times per week. This group represents a dynamic of
fluctuating engagement, where participation does not reach
the highest levels of continuous activity but exceeds minimal
participation, suggesting sporadic or varied interaction with
the courses.

C. RETENTION RATE
The retention rate is calculated by dividing the number
of students who completed the course by those who were
enrolled. In this context, we present the retention rates before
and after the implementation of the system. The results
indicate a substantial increase in retention rates following the
performance of the student engagement tracking system in
both cohorts. Specifically, in the 2021 cohort, the retention
rate increased from 65% to 80%, while in the 2022 cohort,
it rose from 62% to 87%. The data presented in 6 strongly
suggests that the system’s implementation has positively
impacted student retention within the online Computer
Science program.

D. ACADEMIC PERFORMANCE
Student academic performance is crucial to evaluating the
impact of the student participation monitoring system.
Figure 3 illustrates the results of this analysis, including the
grade point average (GPA) and assessment success rate.

Before the implementation of the student participation
monitoring system, the average grade of students remained
within the range of 75 to 85 points, as indicated by the
pre-implementation average rate. During this period, there
was no clear trend of increase or decrease in GPA. However,
as time progressed, a gradual and slight up-ward trend in GPA
became noticeable.

FIGURE 4. Success rate in evaluations before and after implementation.

After the implementation of the student participation
monitoring system, a significant and positive change was
observed in the student’s academic performance. The GPA
showed a steady and noticeable increase in each subsequent
month. This increase was most prominent in the first months
after the system was implemented and continued steadily,
resulting in substantially higher values than the previous
period. Two academic periods after the implementation of the
system, the GPA increased from 84 to 94 points.

This analysis indicates that implementing the student
participation tracking system benefited students’ academic
performance. The data underscores that the system played
a pivotal role in sustaining and enhancing the grade
point average. This can be attributed to increased student
engagement and monitoring of educational activities in the
online learning environment.

The assessment success rate is a vital indicator of students’
academic performance online. This metric signifies the
proportion of students who successfully pass assessments
and exams compared to the total number of students
enrolled in the course. Within the context of this study,
we scrutinize how this success rate fluctuated before and
after the implementation of the student participation tracking
system. The primary objective is to assess whether this
tool’s implementation positively impacted student evaluation
performance.

Before the system’s implementation, the assessment suc-
cess rate ranged from 69% to 78% over the 12-month study
period. These figures indicate that, on average, approximately
69% to 78% of students successfully passed the monthly
assessments. However, significant improvements in this
metric became evident after the system’s implementation.
The success rate in evaluations gradually increased in the
subsequent months, reaching between 79% and 89%. These
outcomes suggest that implementing the student participation
tracking system positively impacted academic performance.
This enhancement can be attributed to various factors,
including heightened student engagement in course activities,
early identification of potential participation issues, and
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TABLE 7. Hyperparameters of used models.

personalized support provided by the system. As illustrated in
Figure 4, these findings substantiate the effectiveness of the
student participation tracking system in enhancing students’
academic performance in an online environment.

E. EVALUATION OF EFFECTIVENESS
Evaluating the effectiveness of any educational system is
crucial for comprehending its impact on student’s learning
experiences and academic performance. Figure 5 showcases
word clouds containing feedback from students and teachers
who participated in the study, shedding light on their
experiences with the student participation tracking system
and how it influenced their engagement and performance.

Student feedback plays a pivotal role in assessing the effi-
cacy of any educational tool. Throughout the study, surveys
and interviews were conducted with students who utilized
the tracking system. Students shared their perspectives on the
system’s utility in maintaining their engagement in course
activities. Furthermore, their insights into how the system
contributed to their academic success and influenced their
sense of online community were explored. These comments
offer valuable insights into students’ perceptions and overall
experiences.

Conversely, feedback was collected from teachers who
employed the tracking system to monitor and support student
participation. Teachers provided their observations regarding
how the tool-assisted them in identifying students requiring
additional support and how it enabled them to tailor their
teaching approaches. Additionally, changes in interaction and
communication between teachers and students in the online
environment were investigated.

The feedback from both students and teachers furnishes
a comprehensive perspective on how the student engage-
ment tracking system impacted the student community and
educators. This information is instrumental in evaluating the
system’s effectiveness and making future improvements. The
comments and opinions shared by study participants yield
a deeper understanding of how this tool can significantly
enhance student engagement and performance in an online
environment.

F. SETTINGS MADE
The student participation tracking system underwent specific
adjustments to enhance its effectiveness throughout its
development. These modifications were informed by user
feedback from students and teachers and data analysis

collected during implementation. The primary changes made,
along with the figures illustrating their impact, are as follows:

• Optimization of Participation Detection Algorithms:
Initially, the system utilized algorithms that required
refinements. After optimization, there was a noticeable
improvement in the precision of detecting student
engagement, resulting in a 15% increase in detecting
relevant activities such as discussion contributions and
assignment submissions.

• Improved User Interface: Significant improvements
were made to the user interface regarding design and
navigation. This led to a 20% reduction in platform
abandonment rates, as users found the new interface
more intuitive and user-friendly.

• Personalized Feedback: Implementing a personalized
feedback system yielded a 25% increase in active
student participation. Data-driven feedback provided
students with specific information about their perfor-
mance, motivating them to enhance their engagement.

• Training and Support: Additional training sessions for
teachers and students contributed to a 30% increase in
system adoption. The availability of support resources
and technical assistance effectively reduced barriers to
usage.

• Greater Flexibility in Configuration: Enhanced flexibil-
ity in system configuration empowered teachers to tailor
metrics, resulting in an 18% improvement in adapting
the system to specific pedagogical objectives.

• Notification Integration: The integration of automated
notifications led to a 40% increase in student retention
by reminding students of the importance of their
participation and providing regular updates on their
progress. Course completion rates also experienced a
notable 22% increase.

These adjustments had ameasurable impact on the tracking
system’s effectiveness, demonstrating that the implemented
improvements positively affected student engagement, reten-
tion, and the overall quality of online teaching.

G. MODEL EVALUATION METHODOLOGY
The selection and performance evaluation of the models
followed a rigorous approach, which included the careful
selection of machine learning models. We identified suitable
machine learning models aligned with the analysis objec-
tives, encompassing ARIMA, Prophet, K-Means, DBSCAN,
and a personalized recommendation system. Each model
was chosen based on its compatibility with the type of
data and the characteristics of student engagement under
analysis.

The student participation dataset was divided into two
groups for the evaluation process: training and testing,
following an 80-20 percent split. This division allowed
us to assess the models’ performance on unseen data
accurately. The chosen split ratio was well-defined to ensure
a meaningful evaluation of the models’ capabilities.
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FIGURE 5. Word cloud for student and teacher comments and trends.

1) HYPERPARAMETER TUNING
Table 7 provides an overview of the machine learning models
considered in the analysis, the specific hyperparameters
that were assessed, and their corresponding values. For the
ARIMA model, we explored hyperparameters associated
with the order of differentiation (d), the size of the temporal
window, and the parameters p, d, and q. In K-Means’
case, the number of clusters (K) varied from 2 to 8.
Regarding DBSCAN, we adjusted the epsilon value (ϵ)
and the minimum number of samples (min_samples) in
three different configurations. Additionally, for the Prophet,
including holidays as a hyperparameter was considered.
These adjustments and variations in hyperparameters allowed
for a comprehensive assessment of the models’ performance
and their capacity to capture patterns and trends within the
student participation data.

2) CROSS VALIDATION
To ensure a comprehensive and representative evaluation of
the machine learning models used, we implemented a 8-fold
cross-validation procedure. This method randomly divided
the data set into eight equal subsets or folds. Each fold was
used once as a test set, while the remaining nine were used as
a training set. This process was repeated three times for each
model to guarantee the stability and reliability of the results
obtained. This validation technique allows each data point
to be used in training and testing, thus providing a complete
evaluation of the predictive ability and generalization of the
models.

In analyzing student engagement, K-means and DBSCAN
clustering algorithms were used to identify distinctive
patterns in the student interaction data with the educational
platform. Each algorithm was configured and applied to
maximize the relevance and accuracy of the insights gen-
erated. We determine the optimal number of clusters using
the elbow method for the K-means algorithm, evaluating the
inertia of clusters formed with different numbers of clusters
(k). A value of k was selected to minimize inertia while
maintaining a marginal decrease. Clusters were subsequently
analyzed to ensure meaningful and useful segmentation of
types of student engagement, using the silhouette score

to assess cohesion and separation between clusters. This
measure helped confirm that the clusters were distinct and
relevant to differences in students’ behavioral patterns.

The DBSCAN algorithm was configured by selecting an
epsilon (eps) and a minimum number of points (minutes)
based on the density of the data set, which allows for
the identification of high-density regions separated by low-
density regions. This approach is beneficial for identifying
groups of atypical or extreme behavior that do not fit the
patterns of the majority. The quality of the clusters formed
by DBSCAN was evaluated using connected component
analysis, ensuring that each cluster is internally coherent and
differentiated from other clusters.

For these algorithms, the clusters were validated by
reviewing the dominant characteristics and activities in each
cluster and comparing them with the theoretical expectations
and objectives of the study. Additionally, variance analysis
was performed within and between clusters to confirm that
the observed differences were statistically significant, thus
providing a solid basis for interpretations and conclusions
derived from the clustering patterns.

TheK-Meansmodel achieved a remarkable precision score
of 0.75, indicating its proficiency in classifying students with
similar participation profiles. Additionally, K-Means demon-
strated a completeness score of 0.82, signifying its capacity to
capture a large portion of students within each group. The F1
score, which combines precision and completeness, reached
a value of 0.78 for K-Means, indicating a well-balanced
performance across both metrics. On the other hand, the
DBSCAN model also displayed respectable performance,
boasting a precision of 0.63, a completeness score of
0.70, and an F1 score of 0.66. DBSCAN proved effective
in identifying groups of students with less conventional
participation patterns.

Concerning the time series models, ARIMA achieved an
average Mean Square Error (MSE) of 120 and an average
Mean Absolute Error (MAE) of 9, illustrating its ability
to predict short-term engagement trends accurately. On the
other hand, Prophet obtained an average MSE of 80 and
an average MAE of 6.5, highlighting its proficiency in
forecasting long-term patterns and seasonal variations.
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H. MODEL EVALUATION
The evaluation of the models entails an examination of their
performance in specific scenarios, for which various metrics
have been identified to determine the effectiveness of the
results and their implications for addressing the phenomenon
under study.

1) CLUSTERING
In the initial phase, the K-Means model was employed to
segment students into groups with comparable participation
profiles. An extensive analysis was conducted using metrics
like inertia and silhouette to assess the quality of the generated
clusters. Inertia quantifies the sum of squared distances
from each point to its nearest centroid. An evaluation was
performed to ascertain the optimal number of groups (K),
observing how inertia changes as the number of clusters
increases.

• K = 3: Inertia = 1600
• K =4: Inertia = 1300
• K =5: Inertia = 1200
• K =6: Inertia = 1100
The results demonstrate that the inertia decreases as the

number of clusters increases, reaching its minimum value at
K = 6. Nevertheless, lower inertia doesn’t necessarily equate
to better segmentation, so it’s important to consider other
metrics. The silhouette score is another significant metric
that measures how close points within one cluster are to
issues in different groups. To assess segmentation quality, the
silhouette score was computed for various values of K. Here
are some results from this evaluation:

• K =3: Silhouette = 0.62
• K =4: Silhouette = 0.65
• K =5: Silhouette = 0.68
• K =6: Silhouette = 0.63
The silhouette score reaches its maximum value at K

= 5, indicating a robust segmentation. This suggests that,
in this context, K = 5 is an appropriate number of clusters to
represent students’ participation profiles effectively. By con-
sidering both the reduction in inertia and the maximization
of the silhouette score, we conclude that K = 5 is the
optimal configuration for the K-Means model in this case.
This leads to the successful segmentation of students into
groups with similar participation profiles, which enhances the
effectiveness of the student participation tracking system.

In a different scenario, the DBSCAN algorithm was
employed to identify groups of students with irregular shapes
and varying sizes in their participation patterns. This aimed to
assess its capability to identify less conventional participation
patterns.

DBSCAN demonstrated high effectiveness in identifying
student groups that didn’t adhere to traditional group
structures. In the evaluation, DBSCAN detected five distinct
groups with unique and not necessarily homogeneous partic-
ipation profiles. This is crucial in online environments, where
student participation can exhibit significant variation andmay

not follow predefined patterns. The identified groups are:
Group 1 - Constant active participation

• This group exhibits consistent and sustained active
participation throughout the study period.

• Students in this group demonstrate a high level of
engagement in course activities.

• They consistently maintain a high level of participation
each month during the study period.

• This persistent level of participation may suggest a
strong interest in the content and a steadfast commitment
to learning.

Group 2 - Start with low participation, gradual increase.
• Students in this group show low initial participation in
the first months.

• However, as time progresses, your participation gradu-
ally increases.

• This pattern may indicate that these students must
adapt to the online environment before engaging more
actively.

Group 3 - High initial participation, progressive decrease
• This group presents an opposite pattern to Group 2, with
high participation in the first months.

• As time passes, their participation progressively
decreases.

• This could indicate that these students were initially
highly motivated but lost interest.

Group 4 - Intermittent participation
• Students in this group have an intermittent pattern of
participation.

• They may participate actively for a few months and then
have periods of less participation.

• This behavior suggests variability in motivation or other
factors that affect participation.

Group 5 - Irregular and sporadic participation
• Group 5 is characterized by its irregular and sporadic
participation.

• They do not follow a consistent pattern of participation
over time.

• This may indicate that these students are having
difficulty maintaining engagement in the online environ-
ment.

DBSCAN identified groups of students with various
participation patterns, reflecting the diversity of behaviors in
an online educational environment. These groups represent
different participation profiles, from highly engaged students
to those with more fluctuating participation patterns. This
information is valuable for designing specific support and
engagement strategies that address the individual needs
of each group, thus improving the online educational
experience.

One of the main strengths of DBSCAN is its flexibility to
adapt to situations where the shape and density of groups vary
widely. In the analysis, we found that some groups had a high
density of students while others were more dispersed. This
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FIGURE 6. Two-year trend of student engagement in online learning.

variability reflects the diversity of student behaviors in virtual
environments.

Figure 6 illustrates the clustering of student engagement
based on interaction frequency using density-based clustering
analysis such as DBSCAN. This analysis helps categorize
students into groups that represent different levels of partici-
pation, such as ‘‘Active Participation,’’ ‘‘Low Participation,’’
and ‘‘Intermittent Participation,’’ as detailed in Table 5 of the
document. These groups help identify participation patterns
and allow for the development of personalized interventions
and support for different student needs in an online learning
environment.

2) EVALUATION OF TIME SERIES MODELS
In evaluating time series models, we applied the ARIMA
model to understand and predict student engagement. The
ARIMA model was explicitly calibrated for our data, where
we determined the optimal parameters (p, d, q) through
autocorrelation analysis and iterative testing. For example, for
the 2021 data set, we found that an ARIMA(2, 1, 2) model
provided the best fit, indicating two lags in the autoregressive
component (p = 2), a difference to make the time series
stationary ( d = 1), and two lags in the moving average
component (q = 2).

This specific model effectively captured the trend and
seasonality of student participation, reflecting both regular
fluctuations throughout the academic year and more subtle
week-to-week variations. Furthermore, we use the Prophet
model to complement and contrast the results obtained
with ARIMA. Prophet was especially helpful in identifying
and modeling trend changes and seasonal patterns in our

TABLE 8. Model performance metrics of time series models.

TABLE 9. Model performance metrics of ARIMA.

engagement data. With Prophet, we fit the model to
the time series of student participation, where the trend
and seasonality components were automatically detected,
adapting the model to the intrinsic variations of the data.

The effectiveness of these models was evaluated using
metrics such as Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). In the analysis, the ARIMA(2, 1, 2)
model demonstrated high precision with an MAE of 0.5 and
an RMSE of 0.7, indicating predictive solid ability for student
engagement behavior; Table 8 presents the results.

These results indicate that ARIMA predictions accurately
fit students’ short-term engagement patterns, with a low error
level in both theMSE andMAE. This demonstrates ARIMA’s
ability to model and predict online student engagement
data trends. In the second case, the Prophet was used.
This model stood out for predicting long-term trends and
detecting seasonal patterns. By evaluating their predictions,
the following results were identified. Table 9 shows the
evaluation metrics for Prophet’s predictions. This provided
accurate and stable predictions of student engagement over
time, effectively capturing seasonal variations and long-term
trends. Furthermore, its predictions fit well with variations
in student engagement data, resulting in long-term solid
prediction performance.

Figure 7 illustrates the trend of student engagement over
two years on the online learning platform, using the Prophet
forecasting model, which is effective, as evidenced by the low
MSE andMAE values. The light blue line represents the daily
recorded engagement instances, while the red line shows the
seven-day moving average, smoothing out the daily variance
to reveal the underlying trend.

Each ‘‘engagement day’’ is defined as a single login
by a student to interact with any course material within
24 hours. Therefore, the cumulative count on the y-axis
denotes the total number of such interactions recorded
for all students on the platform. To ensure clarity, each
interaction is counted separately for each day a student
engages with the material; thus, a single student participating
in multiple activities would still contribute as an instance to
the total count for that day. It is essential to consider that
students enrolled for various years are counted in the annual
participation count. Their daily interactions are recorded for
each year they remain active, which could contribute to the
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FIGURE 7. Two-year trend of student engagement in online learning.

TABLE 10. Model performance and recommendation system.

apparent increase in engagement from year to year. We have
carefully distinguished between continued long-term student
engagement and genuine overall platform user engagement
increases.

The increase from 45 daily interactions in December
2020 to 200 in December 2022 corresponds to student
retention across multiple terms and the overall increase in the
user base due to new enrollments. The pattern of seasonality,
indicated by peaks and valleys, corresponds to the rhythm
of the academic calendar, with notable decreases during
vacation periods and increases around testing periods or other
significant academic events. Participation trends are essential
to inform the educational institution’s resource planning and
intervention strategies. They signal periods of high demand
on the online system and help identify optimal times to
schedule maintenance or introduce new functionality.

3) MODEL EVALUATION
To evaluate the performance of the models used in the
student participation monitoring system, key metrics such
as precision, completeness, and F1-score were employed to
analyze their effectiveness in detecting patterns of student
participation. The results are presented in Table 10.

From the data obtained, it has been identified that the
ARIMA model demonstrated solid performance in terms
of precision, with a value of 0.85. This means that the
predictions made by ARIMA coincided with the observed
data in 85% of the cases. Furthermore, the model showed
good recall capacity (0.78) and an F1-score of 0.81, indicating
that it effectively identified short-term participation patterns.
ARIMA excelled at modeling short-term participation trends,
which is crucial for immediate decision-making.

TABLE 11. Comparison of student participation before and after
implementation of the monitoring system.

On the other hand, the Prophet model achieved exceptional
performance in all metrics. With a precision of 0.92,
a recall of 0.88, and an F1-score of 0.90, this model proved
highly effective in predicting long-term trends and detecting
seasonal patterns. Its predictions fit well with variations in
student engagement data, supporting its ability to provide
reliable and accurate information for long-term decision-
making.

In K-Means’ case, reasonable performance is observed
with a precision of 0.72, a recall of 0.68, and an F1-score
of 0.70. K-Means was used to segment students into groups
with similar participation profiles. Although the results
are acceptable, the precision of the segmentation could be
improved.

DBSCAN proved effective in identifying groups of
students with unconventional participation profiles. However,
its performance is reflected in a precision of 0.65, a recall of
0.75, and an F1-score of 0.70. These values suggest that while
DBSCAN can identify exciting clusters, there may be some
overlap or noise in the results.

In addition to the time series and clustering models,
a recommendation system was implemented to personalize
the student experience. The recommendation system showed
a precision of 0.88, a completeness (recall) of 0.90, and an
F1-score of 0.89. This indicates that the recommender sys-
tem effectively provides relevant suggestions and improves
student engagement.

Model evaluation reveals that Prophet is best at long-term
prediction and seasonal pattern detection, while ARIMA is
effective at short-term trendmodeling. Clusteringmodels like
K-Means and DBSCAN have room for improved segmenta-
tion precision. Furthermore, the personalized recommenda-
tion system shows strong performance in improving student
engagement.

4) RESULTS AND SYSTEM IMPACT ANALYSIS
To effectively evaluate the impact of the student participation
monitoring system, statistical analyses were performed using
data collected from 100 students Table 11, divided into two
groups: an experimental group, which used the monitoring
system, and a control group, which he didn’t. Two keymetrics
were analyzed before and after the implementation of the
system: Participation (P) and Academic Performance (AR).
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FIGURE 8. Comparison of student participation before and after
implementation of the monitoring system.

Participation was measured as the percentage of activities
completed in the course, while Academic Performance was
evaluated from the average scores on the assessments. A t-test
was carried out to compare the means of participation in the
experimental group before and after the implementation of
the system.

The t-test results showed a statistically significant dif-
ference in student participation, with a statistical value of
−3.16 and a p-value of approximately 0.0021. This result
indicates a substantial increase in student participation in
the experimental group after implementing the monitoring
system.

Figure 8 compares mean participation before and after
implementation in the experimental group. An increase
in average participation is observed, which supports the
effectiveness of the implemented system in improving student
participation. These findings suggest that the monitoring sys-
tem positively and significantly impacts student participation
in course-related activities.

The results indicate that the student participation monitor-
ing system is an effective tool to improve student participation
and academic performance, supporting its implementation
in educational settings to enhance student participation and
success.

IV. DISCUSSION
The transition from traditional in-person education to virtual
environments presents unique challenges impacting student
engagement. Factors such as distractions at home, work and
family responsibilities, and the need for self-management and
motivation emerge as critical elements influencing students’
engagement with course material and learning activities.
Our study recognizes the importance of these external
factors and focuses on measuring their impact on student
engagement by analyzing data collected in the tracking
system. By correlating engagement patterns with these
factors, we seek to understand how pedagogical strategies and
practices in online education can be improved to address these
challenges and enhance student learning effectively.

This data analysis has uncovered substantial variability
in student engagement over time, which resonates with
earlier studies [45] that documented similar patterns. The
observed decline in engagement during vacation periods is
worth noting, aligning with existing literature suggesting that
students tend to disengage during academic breaks [46].

The pivotal aspect of our results lies in evaluating fore-
casting models, including ARIMA and Prophet, concerning
their effectiveness in predicting student engagement. These
findings echo previous research assessing the applicability
of such techniques within educational contexts [47], [48].
By doing so, our study sheds light on the utility of these
models as invaluable tools for anticipating student engage-
ment, which, in turn, can inform strategic decision-making
in educational institutions to enhance student retention and
academic performance.

This work contributes to the broader knowledge of tracking
online student engagement and reinforces many established
findings. For instance, the documented variability in student
engagement over time corroborates the validity of our data
and analyses, consistent with prior research [49]. Similarly,
the results regarding the effectiveness of forecasting models
align with previous studies that have evaluated the suitability
of these techniques in educational settings. However, our
study goes beyond mere replication; it makes several notable
contributions to online education and student engagement
tracking [50], [51].

One of the most noteworthy contributions is our study’s
potential to enhance student retention and academic per-
formance in online learning environments. Institutions can
proactively identify and assist at-risk students by recog-
nizing participation patterns and impacting their learning
journey [33]. This research serves as a solid foundation for
future investigations in online education. Identified areas,
such as applying forecast models and understanding seasonal
participation patterns, could be subjects of more in-depth and
specific research endeavors [52], [53].

In evaluating the machine learning models used to
monitor student engagement, key metrics such as accuracy,
completeness, and F1 score were applied to analyze their
effectiveness in detecting patterns of student engagement. It is
essential to specify that the precision reported here is of the
macro type, which considers equality of conditions for each
class of student participation, regardless of its frequency in
the data set.

The choice to use macro rather than micro precision
is based on our study’s goal of treating all types of
student engagement with equal importance. This is crucial
to the educational goal of providing equitable support
to all students. This decision aligns with the study’s
objectives of ensuring an inclusive and representative
assessment of student participation in the online learning
platform.

Additionally, our accuracy metrics were compared with
similar studies in the field of online education, which
generally report accuracies in a similar range. This validates
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the appropriateness of our precision levels in relation to
industry regulations and reinforces the relevance of our
findings in the broader context of educational research.

It is essential to recognize the limitations of our study.
First, the data are derived from a single online educa-
tional institution, which may affect the generalizability of
the results. Future research should attempt to replicate
this study in multiple online educational environments
to address this limitation and validate the findings more
comprehensively [54]. Additionally, while we evaluated the
effectiveness of various forecasting models, we may not have
considered all available techniques.

Through the participation tracking system, our study
delves into the comments and opinions shared by stu-
dents and educators. These qualitative insights enrich our
understanding of participants’ experiences and illuminate
the system’s effectiveness in promoting engagement and
improving academic performance. Qualitative analysis of
this feedback revealed several key themes and observations.
Study participants provided valuable feedback on the useful-
ness of the system and its influence on their participation in
online courses. Observations highlighted the system’s ability
to foster more profound interaction with course content
and facilitate progress tracking. Some students expressed
that personalized feedback helped them identify areas for
improvement and adjust their study habits. In contrast, others
noted that the system reminded them of the importance of
active participation.

Educators who used the system shared their observations of
its ability to identify students who require additional support.
They also noted that real-time student engagement tracking
allowed them to adapt their teaching approach and provide
personalized guidance when necessary. Several educators
praised the system’s seamless integration into their workflow
and its effectiveness in improving student communication.

V. CONCLUSION
This work has provided a clear view of student engagement
in the online educational environment, supported by data
analysis and evaluation of forecasting models. The results
identified seasonal patterns and trends in student engage-
ment, shedding light on the unique dynamics of online
education.

The developed method allows for the documentation of
significant variability in student participation throughout
the different stages of the academic year. This includes
identifying seasonal patterns, such as lower participation
during holiday periods. These findings support the validity
and consistency of our data and corroborate previous
research suggesting that students may disengage during
academic breaks. This direct correlation between our data
and previously documented trends underscores the findings’
relevance and applicability in real educational contexts.

This work has evaluated the effectiveness of forecasting
models, such as ARIMA and Prophet, in accurately predict-
ing student engagement. The results confirm the usefulness

of these tools in educational contexts, allowing institutions to
anticipate participation trends and take proactive measures.
The accuracy of these models, detailed in Section IV, shows
how statistical analyses support these models’ application in
academic and administrative planning.

Educational institutions can use the insights generated by
this study to make informed decisions and improve student
retention and academic performance in online environments.
By implementing forecasting models and understanding
engagement patterns, institutions can more effectively sup-
port their students, which, in turn, fosters academic success.
The results show how variations in the implementation of
teaching strategies can directly influence participation and
retention rates.

The results obtained lay a solid foundation for future
research on online education and monitoring student par-
ticipation. Areas of interest have been identified, such as
exploring new forecasting methodologies and approaches
and a deeper understanding of student engagement patterns.
These areas may be the focus of more detailed and specific
future research.

Our findings suggest that future research could explore
additional forecasting models to monitor online student
engagement. For example, the applicability of more advanced
machine learning models could be investigated to improve
prediction accuracy. This reflects an opportunity to integrate
innovative approaches that directly address the changing
dynamics of online education.

Another research topic that can be addressed is the
analysis of retention factors. For this reason, the impor-
tance of investigating factors influencing student reten-
tion in online educational environments has been high-
lighted. This could include analysis of additional variables,
such as the quality of course content, student-instructor
interaction, and other factors that may influence student
engagement.
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