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Abstract

In recent years, the proliferation of e-learning systems has provided an unprecedented
opportunity to collect and analyze vast amounts of data concerning student learning
behaviors. This research aims to use data mining techniques to identify common learning
patterns of at-risk students across various disciplines. Unlike previous studies that have
predominantly focused on individual disciplines or subject areas, this study integrates data
from multiple disciplines to offer a comprehensive analysis. We utilized big data sourced
from log files of an online e-learning system called Blackboard, supplemented by
performance data from individual assessment components. The dataset included all students
from 240 subjects across four academic divisions, resulting in a total of 1.7 million rows of
records. Our findings show that at-risk students often exhibit low click rates on the e-learning
system, delay starting assignments until close to deadlines, and consistently low participation
in online activities. Additionally, the study found a high correlation between students'
performances in in-class exercises and tests with their overall subject performance. This
suggests that regular engagement and participation in formative assessments are strong
indicators of academic success. These insights are critical as they will enable educators to
develop targeted interventions aimed at improving student performance and retention rates.
By understanding the distinctive learning behaviors of at-risk students, educators can provide
timely support and resources to help these students succeed. This research not only highlights
the importance of using data-driven approaches in education but also underscores the
potential of interdisciplinary analysis in enhancing educational outcomes.

Keywords: cross-disciplinary analysis, data mining, at-risk students, e-learning systems,
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Introduction

The proliferation of digital technologies and the accelerated adoption of e-learning systems in
higher education have fundamentally transformed teaching, learning, and the assessment of
student performance (Siemens & Long, 2011). In the wake of the COVID-19 pandemic,
institutions worldwide rapidly transitioned to online and blended modalities, resulting in a
dramatic increase in the generation of rich educational data (Dhawan, 2020). Learning
management systems (LMS) now underpin much of the student learning experience,
capturing detailed activity logs that chronicle patterns of engagement, resource access, and
participation (Romero & Ventura, 2020). These digital footprints present an unprecedented
opportunity for educational researchers and practitioners to apply advanced data analytics and
artificial intelligence (AI) to support students more effectively, particularly those at risk of
academic failure (Baker & Inventado, 2014).

The advent of learning analytics holds significant promise for both educators and learners by
enabling the analysis of LMS activity logs in conjunction with assessment records. Such
analytical approaches empower educational institutions to transcend generic interventions,
facilitating the development of individualized support mechanisms, real-time feedback
systems, and targeted mentorship initiatives (Siemens & Long, 2011). Through detailed
examination of activity logs within e-learning environments, it becomes possible to identify a
range of critical issues, including curriculum planning, monitoring students’ learning
progress, analyzing learning behavioral patterns, and early identification of at-risk students.

Traditional approaches to identifying at-risk students have relied primarily on lagging
indicators, such as grades, attendance records, or subjective educator observations, that often
fail to capture the complex, dynamic, and multifaceted nature of student engagement and risk
(Arnold & Pistilli, 2012). Such methods may miss subtle early warning signs, resulting in
delayed intervention and missed opportunities to prevent academic struggles or attrition
(Jayaprakash et al., 2014). Recognizing these limitations, there has been a growing movement
toward leveraging educational data mining, machine learning, and predictive analytics to
enable early, proactive, and data-driven identification of students who may be at risk across
diverse academic contexts (Slater et al., 2017). For example, machine learning can be used to
discover patterns from massive student activity data to create a recommendation system for
development of generic competencies (So et al., 2023; Wong et al., 2024).

However, the deployment of such systems is not without its challenges. Data quality and
integration, ethical and privacy concerns, the imbalance of at-risk versus non-at-risk cases in
real-world datasets, and the generalizability of predictive models across subjects and
disciplines all pose significant hurdles to the effective and equitable use of Al in education
(Baker & Inventado, 2014; Slater et al., 2017). Prior research in the field has often been
limited in scope, focusing on single disciplines or individual courses, and utilizing narrowly
defined datasets (Jayaprakash et al., 2014). These subject-specific models, while sometimes
highly accurate in their own right, frequently lack the capacity to generalize to different
contexts where instructional design, assessment structure, and student demographics may
vary widely (Romero & Ventura, 2020). As such, there is a pressing need to develop robust,
scalable, and interpretable models that can operate effectively across the diversity of modern
higher education (Dhawan, 2020).

This research responds to that need by presenting a comprehensive, cross-disciplinary
analysis of learning behaviors among at-risk students, utilizing extensive data from the LMS
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and assessment records at a higher education institution. By analyzing activity logs and
assessment records spanning 240 subjects across four academic divisions, we aim to uncover
both universal and context-specific indicators of risk to improve comparability and predictive
accuracy across heterogeneous subjects. Critically, the methodology is designed to respect
student privacy by excluding sensitive demographic data, focusing solely on behavioral and
academic performance metrics available to instructors.

Literature Review

The application of data mining and learning analytics in educational contexts has grown
rapidly over the past decade, offering innovative pathways to identify, support, and retain at-
risk students (Baker & Inventado, 2014; Romero & Ventura, 2020). Data mining, a subfield
of Al, encompasses a broad array of supervised and unsupervised learning algorithms
designed to extract meaningful patterns from large, complex datasets (Baker & Inventado,
2014). In educational settings, these methods are increasingly harnessed to analyze students’
digital footprints within LMS, digital assessments, and other online platforms (Siemens &
Long, 2011). Historically, efforts to identify at-risk students have relied primarily on
discipline-specific or course-level models that leverage easily accessible indicators such as
prior grades, attendance, assignment submission patterns, and participation in discussion
forums (Arnold & Pistilli, 2012; Jayaprakash et al., 2014). These studies often employ
classification algorithms to predict student risk based on features tailored to the unique
structure of a given course or subject (Arnold & Pistilli, 2012).

Abu-Naser et al. (2015) developed an artificial neural network (ANN) model to predict first-
year engineering students' cumulative grade point average (CGPA). Their approach
incorporated variables such as academic background, high school characteristics and location,
gender, and other demographic data, achieving a prediction accuracy of 84.60%. Similarly,
Adekitan and Salau (2019) utilized an ANN model to forecast the academic achievement of
engineering students by using the GPA from the first three years to predict the graduation
GPA after completing a five-year curriculum, resulting in an accuracy of 89.15%. A recent
study demonstrated that utilizing only LMS log data and assessment results can effectively
enable the early identification of at-risk students in a computer programming course (Chiu et
al., 2023). This approach achieved an accuracy rate of around 85% to 91% in detecting at-risk
students in different stages in a semester, as early as the availability of the first assignment's
results.

Beyond academic history and prior GPA, additional research has examined the influence of
family factors and living environment on student success. For instance, Rivas et al. (2021)
considered students’ living regions and neighborhood crime rates as predictive variables,
while Xu and Chen (2018) included birth dates, number of books borrowed, and internet
usage within their models. Hamoud and Humadi (2019) collected data encompassing
students’ health and sports participation, family and household status, parental circumstances,
and social life. Likewise, Rodriguez-Hernandez et al. (2021) integrated academic records
with socioeconomic status, home characteristics, household information, and employment
status to predict student performance. The resulting model accuracies ranging from 78.20% to
87%.

Focusing on learning-specific factors, Saputra et al. (2020) developed a prediction model that

achieved a notably high accuracy of 98.20%. Their study aimed to predict student success in
an e-learning course, relying primarily on system activity log files for input variables, such as
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training sessions, forum participation, chat interactions, discussion contributions, upload
assistance, messaging, quiz attempts, and total logins, using gender as the only personal
demographic variable.

The literature mentioned above, while effective in producing high accuracy within a
constrained context, is inherently limited in generalizability (Jayaprakash et al., 2014).
Models trained on data from a single course or discipline may fail to transfer their predictive
power to other academic domains with different pedagogical styles, assessment formats, or
student populations (Romero & Ventura, 2020). Furthermore, the feature sets selected for
these models are often closely tied to the instructional design of specific courses, rendering
them less suitable for broader, institution-wide identification of at-risk students (Dhawan,
2020).

There is a pressing need for research that not only integrates diverse sources of behavioral
and performance data but also rigorously addresses privacy and ethical considerations,
ensuring interpretability and fairness in model deployment (Baker & Inventado, 2014;
Dhawan, 2020). This study addresses this gap by employing a comprehensive, cross-
disciplinary data mining approach to uncover universal factors among at-risk students. By
applying advanced data-driven techniques to a heterogeneous dataset spanning hundreds of
subjects and multiple academic divisions, the research advances the field toward scalable,
generalizable, and actionable early warning systems in higher education.

Methodology

This research is conducted within the School of Professional Education and Executive
Development (SPEED) at The Hong Kong Polytechnic University (PolyU), an institution that
provides professional education. PolyU SPEED offers various top-up degree and taught
postgraduate programmes across four academic divisions: the Division of Business and
Hospitality Management (BHM), the Division of Languages and Communication (LC), the
Division of Science, Engineering and Health Studies (SEHS), and the Division of Social
Sciences, Humanities and Design (SSHD). There are two main semesters per academic year,
each has 13 weeks for teaching and learning activities.

PolyU SPEED uses Blackboard as its LMS for course administration, content distribution,
and student engagement. Blackboard allows instructors to develop course sites where
students have access to educational resources such as lecture materials and assignments. The
system also provides tools for online discussions, assignment submissions, and real-time
quizzes to support various teaching practices.

Data Collection

A comprehensive data collection initiative was conducted during the second semester of the
2023-2024 academic year, involving 240 top-up degree subjects across four divisions. This
coordinated effort ensured robust representation of the institute’s diverse academic programs.
Student behavioral data related to learning activities were extracted from the Blackboard,
resulting in the compilation of student activity log files, teacher activity log files, and learning
component log files. Collectively, these files contained over 1.7 million rows of records
documenting various aspects of students’ learning behaviors.
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Furthermore, comprehensive assessment records for all students were collected and organized
by subject within marksheets to support performance analysis. The marksheets contain scores
from continuous assessment components and final subject grades for each subject, resulting
in over 20,000 assessment records. Figure 1 illustrates the distribution of students across
various grades. In this study, at-risk students are defined as those with grades of C- or lower,
comprising approximately 5% of the dataset.

Figure 1
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The Blackboard log files were systematically summarized, with student activities organized
on a weekly basis to accurately reflect learning behaviors over the 13 teaching weeks. Data
filtering procedures were applied to ensure reliability. Specifically, subjects with comparable
assessment components were selected for detailed analysis. These components included
individual assignments, group projects, and tests. Selected subjects encompassed both those
with and without final examinations.

This large volume of data not only underscores the scale of the study, but also provides a rich
foundation for conducting nuanced analyses that span disciplinary boundaries. The
integration of behavioral and assessment datasets supports the development of scalable
models for identifying at-risk students, while also enabling the exploration of generalizable
factors influencing academic success within a heterogeneous educational environment.

Findings and Discussion

Analysis of the comprehensive dataset revealed a nuanced relationship between student
assessment outcomes and their patterns of engagement on the Blackboard e-learning
platform. We first analyzed the correlation between assessment components and overall
subject grades across the four divisions. Then, the log files extracted from Blackboard are
analyzed with the overall subject grades, evaluating the relationship between engagement
pattern and academic performance.
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Influence of Assessment Components on Academic Performance

Figures 2-7 demonstrate the results of the correlation analysis, where IA and GP stand for
individual assignment and group project, respectively. Due to the practical nature of the LC
and SSHD, these subjects in Figure 6 and Figure 7 usually do not have examinations.

The correlation results reveal that, as expected, the examination component consistently
demonstrates the strongest correlation with overall subject grades among all subjects that
incorporate an examination across the four divisions. When the examination component is
excluded, which may not be suitable for early detection since it is typically administered at
the conclusion of the semester, the test component emerges as the most predictive assessment
element, with correlation coefficients frequently surpassing 0.7. Notably, the lowest
correlation between the test component and the overall subject grade is observed in BHM
subjects that include an examination, as illustrated in Figure 2, where the value registers at
0.59. Nevertheless, this value still represents the highest correlation among all non-
examination assessment components under consideration in Figure 2, emphasizing the central
role of tests in determining final academic outcomes.

Figure 2
Correlation Analysis of BHM Subjects With Examination
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Figure 3
Correlation Analysis of BHM Subjects Without Examination
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Figure 4
Correlation Analysis of SEHS Subjects With Examination
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Figure 5
Correlation Analysis of SEHS Subjects Without Examination
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Figure 6
Correlation Analysis of LC Subjects Without Examination
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Figure 7
Correlation Analysis of SSHD Subjects Without Examination
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Comparable in nature to tests, typically administered during class time under controlled
conditions, in-class exercises similarly require students to complete specific tasks within a
predetermined period. To provide a comprehensive analysis, the correlation between in-class
exercise performance and overall subject grades was examined wherever such data were
available. The findings, however, varied considerably across divisions.

For BHM subjects, as depicted in Figure 2 and Figure 3, the correlation coefficients are
notably low, with values of 0.34 and 0.071 for subjects with and without examinations,
respectively. These represent the lowest correlations among all assessed components within
this division. In contrast, for SEHS subjects, in-class exercises are only present in subjects
that do not include an examination. The correlation observed is relatively strong, with a
coefficient of 0.58 as shown in Figure 5, a value on par with those for individual assignments
and group projects. LC subjects do not incorporate in-class exercises within their assessment
frameworks. For SSHD subjects in Figure 7, the correlation between in-class exercise
performance and overall grade is measured at 0.57, surpassing the corresponding values for
both individual assignments and group projects.

These results carry significant implications for both instructional design and student support
mechanisms within multi-disciplinary educational environments. Foremost, the analysis
underscores the pivotal role of tests as the strongest predictors of overall academic
performance, particularly in subjects where examinations are either central or absent.
Consistently high correlation coefficients between test results and final grades highlight that
well-constructed tests are not merely evaluative tools but also crucial indicators of student
understanding and mastery. The findings also suggest the strategic importance of
administering early tests in the semester. Early testing provides instructors with timely and
actionable data, enabling them to quickly identify students who may be struggling. This early
detection facilitates targeted interventions, tailored support, and adaptive teaching strategies,
increasing the likelihood of improved outcomes for at-risk students. By leveraging test results
early in the learning cycle, educators can shift from reactive to proactive support, fostering a
more equitable and effective academic environment.
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In-class exercises, while not universally predictive of final grades, present a more nuanced
impact depending on the subject division. For some divisions such as SEHS and SSHD, in-
class exercises display moderately strong correlations with academic performance, suggesting
these activities can reinforce learning and provide ongoing feedback. However, in other
divisions like BHM, the correlation is notably weaker, indicating that the design and
integration of in-class tasks may need to be more closely aligned with learning objectives to
maximize their impact. The findings also emphasize the importance of context-sensitive use
of in-class exercises, which, when effectively incorporated, can supplement formal
assessments and enhance the learning process.

Relationship Between LMS Engagement and Academic Performance

While assessment results serve as valuable performance indicators, students’ interactions
within the LMS can also yield important insights. Through data mining of Blackboard log
files, key engagement indicators have been identified, including login frequency and
duration, session count, number of clicks, as well as the mean and standard deviation of these
metrics. These features demonstrate correlation with academic performance and may
facilitate early identification of at-risk students.

Table 1 presents the correlation between key engagement indicators and overall subject
grades across the four academic divisions. In contrast to the earlier analysis of assessment
components, the examination of Blackboard interaction metrics does not reveal a strong,
consistent correlation when all subjects and students are considered collectively. The
aggregate relationship between students’ assessment outcomes and their digital engagement
within the Blackboard platform remains generally weak. This attenuated correlation is largely
attributable to the considerable heterogeneity inherent in the pedagogical frameworks and
course designs encompassed by the study. Each discipline imposes its own unique
expectations regarding online engagement, assignment configuration, and the integration of
technology into the learning experience. Such variability substantially diminishes the
predictive value of any singular behavioral indicator when generalized across a broad and
diverse educational landscape.

Table 1
Correlation Between Engagement Indicators and Overall Subject Grade

BHM SEHS LC SSHD
Days 0.203 0.185 0.142 0.175
Sessions 0.169 0.160 0.116 0.158
Total Time 0.075 0.123 0.189 0.114
Avg Total_Time 0.090 0.089 0.154 0.122
Std_Total Time 0.100 0.118 0.200 0.114
Total Clicks -0.064 0.077 0.088 0.030
Avg Total Clicks -0.075 0.036 -0.076 0.077
Std_Total Clicks -0.071 0.052 -0.042 0.055
Avg Time_Per_ Day 0.008 0.020 0.108 0.034
Avg Clicks Per Day -0.213 -0.125 -0.056 -0.192
Avg Time Per Session -0.008 0.003 0.099 0.018
Avg_ Clicks_Per_ Session -0.231 -0.151 -0.081 -0.221
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It is particularly noteworthy that the correlation coefficients observed between digital
engagement metrics and academic performance in this study are markedly lower than those
frequently reported in the existing literature. Previous research, which often focuses on
individual courses or homogeneous subject cohorts, has tended to demonstrate moderate to
strong associations. The discrepancy observed here is primarily attributable to the
unprecedented scale and diversity of the present analysis, which spans 240 distinct subjects,
each characterized by individualized instructional approaches, assessment schemes, and
activity requirements. The expectations surrounding student engagement with Blackboard
vary significantly from one subject to another. For example, dedicating ten hours to activities
on the platform may be excessive for a course that emphasizes in-person interaction, yet it
might be insufficient for a fully online subject that demands sustained digital participation.
Consequently, aggregated measures of engagement lose much of their interpretive power
when applied indiscriminately across a highly heterogeneous set of subjects.

Figure 8
Average Students’ Engagement on Blackboard With Grades
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Despite this overarching limitation, a closer examination of student subgroups reveals a
consistent trend. Students with high academic performance, regardless of subject area, tend to
exhibit more robust engagement with Blackboard. Figure 8 presents the average students’
engagement measures on Blackboard with their overall subject grades. Specifically, good
students are characterized by higher click rates on course resources, longer total durations of
platform access, and greater login frequency across the teaching weeks under study. These
patterns suggest that, while absolute metrics of technology use may not universally predict
achievement, proactive and sustained engagement with available digital resources remains a
hallmark of successful learners.
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Figure 9
Weekly Number of Login Days per Subject
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Figure 10
Weekly Number of Login Sessions per Subject
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Figure 11
Weekly Login Duration (in Hours) per Subject
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Figure 12
Weekly Number of Clicks per Subject
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A more detailed examination of student learning behavior was conducted by analyzing
weekly engagement patterns across each subject throughout the 13-week teaching period. As
illustrated in Figures 9-12, these patterns were evaluated based on several key metrics:
number of days logged in (Figure 9), frequency of login sessions (Figure 10), total login
duration per week (Figure 11), and the number of clicks (Figure 12) registered within the
subject on a weekly basis.
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The findings reveal a general upward trajectory in all engagement metrics among students of
varying achievement levels as the academic term progresses. Notably, a consistent and
discernible trend emerges: students who attain higher overall grades demonstrate
substantially greater engagement with Blackboard. This is evident through their more
frequent and sustained interactions, reflected in higher login rates, increased session counts,
extended periods of platform access, and a greater number of resources accesses or clicks.

These observations reinforce the notion that, despite the variability in instructional modes and
course design, proactive and sustained digital engagement is a characteristic feature of
academically successful learners. Such pattern suggests that, while absolute metrics of
platform activity may not serve as universal predictors of performance across all contexts,
they nonetheless offer valuable insight into the behavioral attributes that distinguish high-
achieving students.

Limitations and Future Directions

While the present study draws on a comprehensive and rigorously processed set of digital
engagement and assessment data, several limitations must be acknowledged that may shape
the interpretation of its findings and inform avenues for future investigation.

First, a fundamental constraint lies in the study's exclusive reliance on data generated within
the Blackboard e-learning environment. Although digital behavioral metrics such as login
frequency, access duration, and click rates provide valuable windows into patterns of
engagement, they inherently omit the substantive domain of students’ offline learning
behaviors. For instance, after a student opens a file on Blackboard, the dataset cannot discern
whether they are actively reading, taking notes, or simply leaving the document open while
disengaged. This ambiguity complicates the interpretation of online activity as a direct proxy
for cognitive engagement or learning effort. Consequently, some students may appear highly
active based on clickstream data, while in reality their true learning may unfold
predominantly offline and unobserved by the platform's analytics.

Second, the study does not account for the granularity of assessment design across subjects
and instructors. In particular, variations exist in how educators structure and distribute
evaluative tasks: some may divide a major assessment into a sequence of smaller quizzes to
facilitate continuous monitoring and formative feedback, while others may concentrate
evaluation in a single summative exercise. The marksheets collected for this study reflect
only the aggregated assessment outcomes and lack wvisibility into these underlying
pedagogical choices and the frequency or sequence of testing events. This omission may
obscure nuanced relationships between engagement patterns and achievement, especially
where on-going, low-stakes assessments foster more regular student interaction.

These limitations highlight the need for future research to incorporate complementary data
sources and methodological innovations. Integrating observational data, self-reported study
logs, or in-person classroom analytics could help capture the fuller spectrum of student
learning, bridging the gap between online traces and offline effort. Moreover, access to
detailed assessment blueprints, including item-level breakdowns and temporal patterns of
assignment release, would enable a more precise mapping between instructional design,
engagement rthythms, and academic outcomes.
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Looking ahead, refining early warning systems and risk identification models will require
context-aware analytics that synthesize both digital and offline domains, as well as a deeper
appreciation of pedagogical diversity. Expanding partnerships between educators, learning
scientists, and data analysts may yield richer, multidimensional datasets, ultimately
supporting more equitable and effective interventions for at-risk learners across diverse
educational landscapes.

Conclusion

This study underscores the transformative potential of a multidisciplinary, data-driven
approach to understanding student learning in contemporary educational environments. By
integrating methodologies and insights from educational data mining and learning analytics,
the research offers a nuanced examination of how digital engagement and assessment
structures collectively shape academic outcomes.

Two principal findings emerge from this analysis. First, the composition and sequencing of
assessment components exerts a significant influence on subject performance. Courses that
incorporate early-stage tests and well-structured in-class exercises are better positioned to
identify students who may be at risk, thereby enabling timely and targeted interventions. Such
formative assessment strategies not only provide valuable feedback for learners but also
foster more continuous and meaningful engagement with course material. Second, the study
reveals a robust and consistent relationship between students' engagement with the Learning
Management System (LMS) and their overall academic success. High-achieving students
exhibit markedly greater frequency and depth of interaction with the LMS, as reflected in
higher login rates, longer access durations, and more resource interactions. This pattern
highlights the importance of promoting regular and active use of digital learning platforms as
a vehicle for reinforcing academic habits and supporting sustained achievement.

The implications of these findings are multifaceted. Educational practitioners are encouraged
to embed early diagnostic assessments and scaffolded in-class activities within their curricula,
not only to enhance learning outcomes but also to create mechanisms for early risk detection.
Simultaneously, fostering a culture of frequent and purposeful engagement with the LMS can
serve as a catalyst for improved student performance. Future initiatives should continue to
bridge disciplinary boundaries, leveraging the combined strengths of technology, pedagogy,
and analytics to support more personalized, equitable, and effective learning experiences for
all students.
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