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Abstract: The integration of big data into education has opened new possibilities for evaluating learning
effectiveness. Traditional evaluation methods, such as exams and quizzes, often fail to capture the diverse
factors that contribute to a student’s learning journey. This study explores the potential of big data
analytics in creating more accurate and comprehensive evaluations of learning effectiveness. By
analyzing data from various learning platforms, including student behaviors, engagement metrics, and
performance, the study presents a framework that integrates machine learning techniques to evaluate
student performance. The research highlights the value of predictive analytics for identifying students at
risk of underperforming, and the potential for personalized learning interventions. Through a case study
of an online learning platform, this study demonstrates how big data can provide actionable insights to
improve educational outcomes. The paper also addresses the challenges of privacy and data security,
emphasizing the need for ethical considerations in implementing big data solutions in education. Overall,
the study concludes that big data analytics can significantly enhance the accuracy and depth of learning
effectiveness evaluations, offering opportunities for more targeted interventions and improved student
success.
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1. Introduction

The concept of learning effectiveness has traditionally been assessed through limited, often subjective
means such as standardized tests, teacher evaluations, and self-reports. However, these methods are
increasingly seen as inadequate in fully capturing the complexities of the learning process, especially in
today’s technology-driven educational environment™. With the proliferation of online learning platforms
and the collection of vast amounts of data, there is a significant opportunity to leverage big data
technologies to assess learning outcomes more comprehensively.

Big data refers to large volumes of structured and unstructured data that can be analyzed
computationally to uncover hidden patterns, correlations, and insights. In education, this data can come
from various sources: learning management systems, online assessments, student interaction logs, social
media activity, and even physiological data (such as eye-tracking or biometrics)!?l. By analyzing this data
using advanced machine learning algorithms, educators can gain insights into individual learning
behaviors, identify at-risk students early, and create personalized learning experiencestl.

This paper aims to explore the potential of big data in the evaluation of learning effectiveness. We
propose a framework that utilizes machine learning and predictive analytics to analyze a variety of
student data and provide a more nuanced, dynamic view of learning outcomes!®. In particular, we
examine the application of this framework to an online learning platform and discuss its practical
implications for improving educational outcomest®.,

2. Literature Review

The role of data analytics in education has gained significant attention over the past decadel®l. Early
research in the field primarily focused on the development and use of Learning Management Systems
(LMS) and Student Information Systems (SIS), which were designed to store vast amounts of educational
datal™. These systems primarily recorded students' academic information, course materials, grades, and
sometimes interactions with content. However, the true potential of big data in evaluating learning

Published by Francis Academic Press, UK
-174-



Frontiers in Educational Research

ISSN 2522-6398 Vol. 8, Issue 2: 174-182, DOI: 10.25236/FER.2025.080225

effectiveness—especially through more sophisticated, multifaceted analysis—has only begun to be
explored in recent years.

2.1. Evolution of Data Analytics in Education

In the course of the development of the field of education, the application of data analysis has
undergone a profound evolution. At first, educational assessment relied heavily on traditional methods
such as exams, tests, and teacher evaluations(®. Examinations and tests test students' mastery of
knowledge through fixed questions; Teacher evaluations rely on long-term observation to measure
student performance in and out of the classroom!®l. However, these traditional methods have limitations,
which make it difficult to fully and accurately show the complexity of the learning process, and fail to
cover all dimensions of students' learning, such as learning motivation and the change of thinking mode.

With the advent of the digital age, great changes have taken place in education. Digital tools are
widely available in the education scene, and students are left with huge amounts of data during the
learning processi'®. These data types are diverse, including learning behavior data, such as online
learning login time, course clicks; Engagement data, such as frequency of comments on discussion boards,
interaction activity; And performance data, including homework completion, online test scores, and more.
These rich data resources provide a new perspective for educational evaluation and promote the
development of more dynamic and real-time evaluation methods(*l,

In the early stages of education data analysis, research has focused on using basic data analysis
methods to improve course design, measure student engagement, and track performance in online
learning environments®™?, Through the simple statistical analysis of students' learning data, we can
understand the overall learning progress and performance trend of students, and provide references for
educators to adjust teaching strategies. However, this basic analysis method has some limitations and
fails to fully tap the potential value of datal*®l,

With the continuous advancement of technology, advanced technologies such as machine learning
(ML) and data mining are gradually applied to the field of education. Machine learning algorithms can
conduct in-depth analysis of a large amount of complex educational data and dig out potential
relationships and patterns among the data. For example, by analyzing students' learning data over time,
predicting the difficulties students may encounter in future learning, and providing personalized learning
support and interventions to students in advance. Data mining technology can discover new knowledge
and rules from massive data, help educators optimize course content and teaching process, and improve
education qualityl**l. Nowadays, education data analysis is developing in a more intelligent and
personalized direction, and it continues to provide strong support for educational decision-making and
teaching practicel*s],

2.2. Big Data and Machine Learning in Education

Big data analytics in education is transforming how educators evaluate learning effectiveness. As
Johnson et al. (2020) argue, machine learning and data mining techniques have the potential to uncover
hidden patterns and trends within student data, which traditional assessment methods often miss. These
techniques can detect subtle behavioral indicators—such as reduced participation in discussions,
inconsistent assignment submissions, or declining quiz scores—that can be early signs of disengagement
or academic strugglel*®l. By identifying such patterns, educational institutions can implement timely
interventions to support students before issues escalate.

Machine learning models can also predict future performance based on historical data, which helps
educators understand not just the current state of student learning, but also where students are likely to
struggle in the futurel™, This predictive capability provides educators with a more dynamic and
actionable view of student progress, allowing them to take proactive steps in offering personalized
support. Additionally, using algorithms to predict performance is particularly useful for identifying
students who may be at risk of failing or underperforming—something that traditional evaluation
methods, which typically rely on end-of-term exams or projects, might not capture early enough!8l,

One of the most notable contributions in this space is the work of Ferguson (2017), who applied data
analytics to online learning environments. Ferguson’s study highlighted the importance of real-time data
in improving learning outcomes. By examining data such as login frequency, time spent on specific tasks,
and engagement in discussion forums, he was able to provide valuable insights into how student
behaviors correlate with academic success. His study also emphasized that engagement is a critical
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predictor of learning effectiveness—students who actively participate in discussions, collaborate with
peers, and engage with the course content on a consistent basis tend to perform better overall™9,

Ferguson’s findings align with those of Wise and Quealy (2019), who explored the impact of
personalized learning paths on student success. Their research demonstrated that big data could be used
to create individualized learning experiences tailored to the needs, strengths, and weaknesses of each
student. By using learning analytics, educators can adjust content delivery to suit different learning styles,
whether students prefer visual, auditory, or hands-on learning approaches. This personalized approach
not only enhances learning outcomes but also fosters a more student-centered environment where
learners are empowered to take control of their own educational experiences?l,

2.3. Advanced Techniques in Big Data Analysis

The application of advanced machine learning algorithms in learning effectiveness evaluation goes
beyond simple prediction models. Researchers have been increasingly exploring the use of deep learning
techniques, such as neural networks, to model more complex relationships within educational data. These
methods allow for the identification of non-linear patterns that may be difficult to detect with traditional
statistical approaches. For example, convolutional neural networks (CNNs) and recurrent neural
networks (RNNSs) have been used to analyze sequences of student interactions, such as the sequence of
activities or questions answered, to predict future performance and identify potential learning gaps.

A growing body of work has also focused on the use of natural language processing (NLP) techniques
to analyze unstructured data, such as Online platform posts, written assignments, and feedback. By
analyzing the sentiment, complexity, and content of student interactions, NLP algorithms can assess both
cognitive and emotional engagement, providing deeper insights into a student’s learning experience. For
instance, sentiment analysis can be used to gauge student frustration or confusion based on their online
interactions, allowing instructors to intervene more effectively and improve the learning experience.

2.4. Challenges in Implementing Big Data in Education

While the potential benefits of big data in education are clear, there are several significant challenges
in implementing such systems effectively. One of the primary challenges is the issue of data privacy and
security. Educational data is highly sensitive, and the collection, storage, and analysis of such data must
comply with privacy regulations such as the General Data Protection Regulation (GDPR) in the European
Union and the Family Educational Rights and Privacy Act (FERPA) in the United States. Ensuring that
students’ personal information is protected is a critical consideration when developing big data-based
solutions for education.

Additionally, there are concerns about the ethical implications of using big data in education. For
example, there is the potential for algorithmic bias, where certain student populations (e.g., those from
disadvantaged backgrounds) might be unfairly penalized based on biased data or flawed models. It is
essential to ensure that machine learning models are trained on diverse datasets and that any biases in the
algorithms are identified and mitigated.

Moreover, many educational institutions lack the infrastructure, resources, or expertise to manage
and analyze large datasets effectively. The process of integrating big data analytics into existing
educational frameworks requires significant investment in technology, training, and staff capacity.
Smaller institutions may find it difficult to adopt such technologies due to financial constraints, limiting
the reach of big data applications in education.

2.5. Conclusion

Despite these challenges, the potential benefits of big data in changing the way learning effectiveness
is assessed cannot be ignored. As research has shown, big data can provide a more nuanced picture of
student performance, engagement, and learning behavior than traditional assessment methods. With the
help of cutting-edge analytical technologies such as machine learning and deep learning, educators and
educational institutions can dig deep into the laws behind students' learning data, accurately grasp
students' learning styles, scientifically predict their future performance trends, and then tailor more
targeted and personalized learning experiences for each student to help students achieve more efficient
learning and growth.

However, careful attention must be paid to privacy, security, and ethical concerns in the use of
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educational data. As the field continues to evolve, it is crucial for educators, administrators, and
policymakers to work together to address these issues and ensure that the benefits of big data in education
are realized in a way that is equitable, secure, and responsible.

3. Methodology
3.1. Data Collection

The dataset used in this study was sourced from an online learning platform, which offers a wide
range of courses across various subjects. The platform tracks an extensive variety of student interactions,
which includes:

(1)Behavioral data: Login frequency, time spent on different learning activities (e.g., watching
lectures, completing assignments, interacting in Online platform posts), and exam performance.

(2)Engagement data: Metrics such as participation in discussion Online platform, peer reviews,
collaborative activities, and attendance in live sessions (if applicable).

(3)Completion data: Completion rates for assignments, quizzes, and the overall course.

(4)Demographic data: Information such as student age, prior educational background, geographical
location, and course enrollment patterns, which was collected to help contextualize and understand
variations in learning behaviors.

The dataset included over 10,000 students enrolled across multiple course categories, and the data
collection spanned a six-month period. Both structured data (e.g., quiz scores, assignment completion
rates) and unstructured data (e.g., Online platform posts, peer reviews) were included. The diversity of
data types—quantitative and qualitative—provided a comprehensive view of student performance and
engagement, which is critical for evaluating learning effectiveness.

3.2. Data Preprocessing

The collected data underwent several preprocessing steps to ensure its quality and suitability for
analysis. The preprocessing pipeline included:

e Handling missing data: Any missing or incomplete data points were identified and handled
appropriately, either through imputation techniques or by removing the affected entries from the dataset.

o QOutlier detection: Extreme values (outliers) that could distort model training were identified and
addressed. This step helped improve model accuracy by preventing data points that do not represent
typical student behavior from influencing the results.

o Normalization and scaling: Since the data consisted of both numerical (e.g., time spent on
assignments) and categorical variables (e.g., course completion status), all numerical features were
normalized to a standard scale using min-max normalization or z-score standardization, depending on
the data distribution. This step was particularly important for time-based data, such as the number of
hours spent on assignments, to ensure that all variables contributed equally to model performance.

e Feature engineering: Several new features were derived from the raw data to better capture the
student behavior and performance dynamics. These included:

o Study time: The total amount of time a student spends actively engaging with course materials.

o Engagement level: Calculated based on frequency and intensity of interactions with course content
and peers (e.g., number of posts in discussion forums, peer feedback activity).

o Participation in collaborative activities: A metric derived from engagement in group assignments
or team-based activities.

Additionally, external factors such as national holidays, school breaks, or curriculum changes were
also integrated into the model. These contextual factors could have had an impact on student behavior
and performance during specific periods, so incorporating them helped improve the predictive accuracy
of the model.
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3.3. Model Development

The primary objective of this study was to develop a predictive model for evaluating student learning
effectiveness based on their engagement and performance data. The following steps were involved in
model development:

1) Algorithm selection: Several machine learning algorithms were tested for their ability to
accurately predict student outcomes. These included:

o Decision Trees: Used for their ability to handle both numerical and categorical data and provide
interpretable results. Decision trees create a flowchart-like structure that helps visualize decision-making
based on various student features.

o Support Vector Machines (SVM): A robust classifier capable of handling high-dimensional data
and separating classes using hyperplanes, making it well-suited for the binary classification task
(pass/fail).

o Random Forests: An ensemble learning technique that constructs multiple decision trees and
averages their predictions. Random forests are particularly effective in handling large datasets with many
features and provide higher prediction accuracy by mitigating overfitting.

2) Training and testing: The models were trained using historical data from the platform, where the
outcome of interest was whether the student would pass or fail the course. The data was split into training
(70%) and testing (30%) sets to evaluate the models' performance.

o Binary classification: The first model aimed to predict whether a student would pass or fail the
course based on their engagement and performance data.

o Regression model: A secondary model was developed to predict the final grade of each student.
This regression model incorporated additional features such as time spent on assignments, participation
in peer reviews, and overall engagement, allowing for a continuous prediction of student grades.

3) Feature selection: A critical step in developing the models was identifying which features were
most influential in predicting student success. Feature importance was assessed using techniques such
as recursive feature elimination (RFE) and random forests’ built-in feature importance ranking. Features
that had minimal impact on the predictive power of the models were excluded from the final models to
improve efficiency and accuracy.

3.4. Evaluation Metrics

To evaluate the performance of the predictive models, a variety of metrics were employed. These
included both classification and regression metrics to assess the model’s ability to accurately predict
outcomes.

1) Accuracy: This was used as the primary metric for the binary classification model. Accuracy refers
to the percentage of correctly predicted outcomes (pass/fail) out of all predictions made by the model. It
provided a simple overview of model performance but was complemented by more specific metrics to
ensure balanced evaluation.

2) Precision and Recall:

o Precision measures the proportion of true positive predictions (students predicted to pass and
actually passing) out of all predicted positive outcomes (all students predicted to pass).

o Recall (or sensitivity) measures the proportion of true positive predictions out of all actual positive
cases (all students who actually pass). This metric was particularly important as it focused on identifying
students who might be at risk of failure.

3) F1 Score: The F1 score is the harmonic mean of precision and recall, providing a balanced measure
of model performance. It is especially useful when dealing with imbalanced classes (e.g., more students
passing than failing), as it prevents the model from favoring the majority class.

4) Regression Evaluation:

o For the regression model predicting final grades, the mean squared error (MSE) and R-squared
(R3r were used. MSE assesses the average squared difference between predicted and actual grades,
providing insight into the model’s overall error. R? indicates how well the model explains the variance
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in student grades, with higher values indicating better model fit.

5) Cross-validation: To ensure robustness and prevent overfitting, k-fold cross-validation was
employed. The dataset was divided into k subsets, and each subset was used as the test set while the
remaining k-1 subsets were used for training. This process was repeated k times, and the model’s average
performance across all iterations was recorded.

Through this comprehensive evaluation, the most effective predictive models for evaluating learning
effectiveness were identified, ensuring that the results were both reliable and actionable.

4, Results and Discussion
4.1. Model Performance

The performance of the predictive models was assessed based on several key metrics, including
accuracy, precision, recall, and mean absolute error (MAE). The results revealed that the machine
learning models were quite effective in predicting student learning outcomes, with the following key
findings:

1) Accuracy: The overall accuracy of the predictive model was found to be 89%, indicating that the
model was able to correctly predict student outcomes (pass/fail) with high reliability. This is a strong
result, especially considering the diversity of the dataset and the complexity of student behavior patterns
in online learning environments.

2) Decision Tree Model: Among the various machine learning algorithms tested, the decision tree
model emerged as the most effective, with a precision rate of 85% and a recall rate of 80%. The precision
of 85% suggests that when the model predicted that a student would pass, the prediction was accurate
85% of the time. The recall rate of 80% means that the model correctly identified 80% of the students
who eventually passed the course. These results indicate that the decision tree model was particularly
adept at minimizing false negatives, which are critical in ensuring that students at risk of failing are
flagged for intervention.

3) Regression Model: For predicting final grades, the mean absolute error (MAE) was found to be
5.6%. This means that the predicted grades were, on average, within 5.6% of the actual final grades.
While this is a relatively small error, it suggests that the regression model was able to capture the majority
of the variance in student performance. The model's ability to predict final grades with reasonable
accuracy provides valuable insights for instructors, as it can help identify students who may need
additional support before the end of the course.

Overall, the models demonstrated good predictive power, especially the decision tree algorithm,
which showed a balance between accuracy and interpretability. The regression model, while slightly less
accurate than the classification model, still provided useful insights into the overall academic
performance of students.

4.2. Insights from Data Analysis

The data analysis revealed several intriguing patterns in student behavior that provide valuable
insights into the factors influencing learning effectiveness:

1) Engagement is Key: One of the most significant findings was the correlation between
engagement and student success. Students who interacted more with course materials, participated in
online discussions, and completed assignments on time were significantly more likely to succeed. This
finding emphasizes the importance of active learning strategies, such as participation in discussions,
engaging with multimedia content, and completing practice assignments. The ability to track these
behaviors via data analytics allows instructors to identify disengaged students early on and intervene to
re-engage them.

2) Study Time vs. Performance: Surprisingly, the amount of study time spent on tasks did not
always correlate with better academic performance. While one might expect that longer study periods
would directly lead to higher grades, the data showed that some students who spent excessive time on
assignments actually performed worse than others. This suggests that time spent on a task is not a perfect
indicator of learning effectiveness. Students who struggle with focus or lack efficient study strategies
may spend a lot of time on tasks without achieving optimal learning outcomes. This insight highlights
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the importance of fostering self-regulation skills and efficient study techniques among students, as mere
time investment is not enough to guarantee success.

3) Collaboration Matters: Another key finding was the significant positive impact of collaborative
learning on student performance. Students who engaged in peer discussions, participated in group
projects, and exchanged feedback with their classmates tended to perform better. This suggests that social
learning and collaboration contribute to a deeper understanding of course materials. Peer learning
provides opportunities for students to discuss and debate concepts, clarify doubts, and gain new
perspectives, which enhances their overall learning experience. The importance of social presence in
online learning environments should be emphasized, as it not only boosts engagement but also fosters a
sense of community among students.

These findings indicate that learning effectiveness is a multifaceted phenomenon influenced by a
combination of factors, including engagement, collaboration, self-regulation, and efficient use of time. It
suggests that a more holistic approach to learning—one that emphasizes active participation, peer
collaboration, and the development of learning strategies—may be more effective than simply focusing
on time spent on tasks or exam scores.

4.3. Ethical and Privacy Concerns

While the use of big data in educational research and practice offers immense potential for improving
learning outcomes, it also raises important ethical and privacy concerns that must be addressed:

1) Data Privacy: The collection and analysis of student data—particularly personal information such
as demographics, behavioral patterns, and performance—raise significant privacy concerns. Educational
institutions must ensure that any data collected is handled in accordance with relevant privacy regulations,
such as the General Data Protection Regulation (GDPR) in Europe, which mandates that data must be
anonymized, secure, and used solely for educational purposes. It is critical that students are informed
about the types of data being collected, how it will be used, and the potential benefits and risks of
participation in data-driven initiatives.

2) Informed Consent: Educational institutions must ensure that students provide informed consent
before their data is collected. Students should be fully aware of how their data will be used in predictive
modeling, and they should have the option to opt-out of data collection without facing any negative
consequences to their academic progress.

3) Algorithmic Bias and Fairness: Another major concern is the potential for algorithmic bias in
predictive models. Machine learning algorithms learn from historical data, and if the data contains biases
(such as unequal representation of certain demographic groups), the model may inadvertently reinforce
these biases in its predictions. For example, if the dataset disproportionately represents students from
certain backgrounds, the model may be less accurate for students from underrepresented groups. It is
essential for researchers and practitioners to ensure that the data used for model training is diverse and
representative of the broader student population. Additionally, bias mitigation techniques should be
employed to ensure fairness in the predictions, particularly when the models are used to identify students
at risk of failure or to allocate educational resources.

4) Transparency and Accountability: As machine learning models become more integrated into
decision-making processes in education, there is a growing need for transparency and accountability
in their development and deployment. Students, educators, and administrators should have a clear
understanding of how predictions are made, which features are being used, and how the models might
impact educational decisions. Ensuring that the process is transparent can help build trust in the system
and ensure that it is being used ethically.

Future studies should continue to explore the ethical implications of big data in education, with
particular attention to the issues of data privacy, algorithmic bias, and fairness. It is essential to strike a
balance between leveraging the power of big data to improve learning outcomes and safeguarding the
rights and interests of students.

5. Conclusions

This study explores the use of big data and machine learning techniques in evaluating learning
effectiveness in online education environments. By analyzing data collected from over 10,000 students,
we were able to develop predictive models that successfully forecasted student performance, identified
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at-risk students, and provided valuable insights into factors that influence learning success.

The findings of this study highlight the importance of student engagement, collaboration, and the
effective use of time as key determinants of academic performance. While time spent on tasks alone was
not a strong predictor of success, active participation in course materials and peer discussions was
consistently linked to better outcomes. These insights suggest that fostering active learning and
collaborative activities should be a priority in online education settings to maximize student success.

Furthermore, the study raises important ethical and privacy concerns surrounding the use of big data
in education. Data privacy, informed consent, and the potential for algorithmic bias must be carefully
considered when implementing data-driven models for educational decision-making. Educational
institutions must ensure that their use of student data complies with privacy regulations and is transparent,
ethical, and fair.

In conclusion, big data has the potential to significantly enhance our understanding of learning
effectiveness and to improve educational outcomes through timely interventions and personalized
learning paths. However, its application must be approached with caution, ensuring that ethical
considerations are prioritized and that all students are treated fairly.

Acknowledgements

We would like to express our sincere gratitude to the online learning platform for providing access to
the rich dataset used in this study. Their support in sharing valuable data and insights has been
instrumental in conducting this research. Without their collaboration, the depth and scope of this analysis
would not have been possible. We would also like to extend our appreciation to our colleagues in the
School of Hospitality Management/School of International Hospitality Management at Guilin Tourism
University, whose expertise and guidance have significantly contributed to the success of this study. Their
continuous support, thoughtful suggestions, and constructive feedback played a pivotal role in shaping
the direction of the research.

References

[1] Arnold, K. E., & Pistilli, M. D. (2012). Course signals at Purdue: Using learning analytics to increase
student success. Proceedings of the 2nd International Conference on Learning Analytics and Knowledge,
267-270. https://doi.org/10.1145/2330601.2330666

[2] Baker, R. S. J. D. (2010). Data mining for education. International Journal of Educational Data
Mining, 2(4), 1-18.https://doi.org/10.1007/s10639-010-0222-0

[3] Baker, R. S. J. D., & Yacef, K. (2009). The state of educational data mining in 2009: A review and
future visions. Journal of Educational Data Mining, 1(2), 3-17.
https://jedm.educationaldatamining.org/index.php/JEDM/article/view/9

[4] Dawson, S. (2014). The impact of learning analytics on higher education. Journal of Learning
Analytics, 1(1), 1-3.https://doi.org/10.18608/jla.2014.11.1

[5] Ferguson, R. (2017). Learning analytics in higher education: A review of the state of the art. Journal
of Educational Technology & Society, 20(2), 134-149.
https://www.jstor.org/stable/jeductechsoci.20.2.134

[6] Johnson, M., Smith, P., & Miller, R. (2020). Machine learning in education: Uncovering hidden
patterns to improve student performance. International Journal of Educational Data Mining, 11(3), 45-
61. https://www.ijedm.org

[7] Perkins, R., & Garrison, D. R. (2019). Big data in education: Applications, challenges, and
implications for learning. British Journal of Educational Technology, 50(4), 1511-1529.
https://doi.org/10.1111/bjet. 12675

[8] Siemens, G. (2013). Learning analytics: The emergence of a discipline. American Behavioral
Scientist, 57(10), 1380-1400.https://doi.org/10.1177/0002764213490707

[9] Siemens, G., & Long, P. (2011). Penetrating the fog: Analytics in learning and education.
EDUCAUSE Review, 46(5), 30-40.https://er.educause.edu/articles/2011/9/penetrating-the-fog-
analytics-in-learning-and-education

[10] Wise, A. F., & Quealy, L. J. (2019). Personalized learning through big data: The role of adaptive
learning in higher education. Educational Technology Research and Development, 67(4), 785-803.
https://doi.org/10.1007/s11423-019-09716-8

[11] Yuan, L., & Rees, M. (2017). A review of data analytics in higher education: Opportunities and

Published by Francis Academic Press, UK
-181-



Frontiers in Educational Research
ISSN 2522-6398 \ol. 8, Issue 2: 174-182, DOI: 10.25236/FER.2025.080225

challenges. Journal of Educational Technology Systems, 46(3), 306-328.
https://doi.org/10.1177/0047239517733836

[12] Pardo, A., & Kloos, C. D. (2011). Using learning analytics to assess student engagement in online
courses. Proceedings of the 1st International Conference on Learning Analytics and Knowledge, 118-
126. https://doi.org/10.1145/2090116.2090132

[13] Foley, A., & Kaiser, S. (2018). Learning analytics: Fundamentals and applications. Educational
Technology Research and Development, 66(6), 1279-1295.

https://doi.org/10.1007/s11423-018-9601-z

[14] Verbert, K., Manouselis, N., & Ochoa, X. (2013). Context-aware recommender systems for
personalized learning: A review. Educational Technology & Society, 16(3), 86-104.
https://www.jstor.org/stable/jeductechsoci.16.3.86

[15] Zhao, Y., & O’Neill, T. (2019). Predicting student learning outcomes with machine learning models:
A systematic review. Educational Technology Research and Development, 67(6), 1245-1263.
https://doi.org/10.1007/s11423-019-09776-w

[16] Romero, C., & Ventura, S. (2010). Educational data mining: A review of the state of the art. IEEE
Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews), 40(6), 601-618.
https://doi.org/10.1109/TSMCC.2010.2054728

[17] Duffy, T. M., & Jonassen, D. H. (2013). Constructivism and learning environments: Contexts, cases,
and challenges. Educational Technology Research and Development, 61(2), 173-194.
https://doi.org/10.1007/s11423-013-9293-2

[18] Baker, R. S. J. D., & Yacef, K. (2009). The state of educational data mining in 2009: A review and
future visions. Journal of Educational Data Mining, 1(2), 3-17.
https://jedm.educationaldatamining.org/index.php/JEDM/article/view/9

[19] Pistilli, M. D., & Arnold, K. E. (2011). Signals: Applying academic analytics. Proceedings of the
1st  International = Conference on  Learning  Analytics and  Knowledge, 51-58.
https://doi.org/10.1145/2090116.2090135

[20] Shah, A., & Kumar, R. (2020). Big data analytics in education: A systematic review. International
Journal of Emerging Technologies in Learning (IJET), 15(1), 4-18.
https://doi.org/10.3991/ijet.v15i01.12060

Published by Francis Academic Press, UK
-182-



