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Abstract. Combining artificial intelligence (Al) and learning analytics (LA) has emerged
as a ground-breaking method of improving educational outcomes through data utilization
and early decision-making. This paper suggests a Predictive Framework of Al and
Learning Analytics to Real-Time Monitoring and Early Intervention in Student Outcomes.
The framework uses machine learning algorithms such as gradient boosting and deep
learning models to evaluate dynamic data streams of learning management systems,
assessments and behavioural indicators. The engagement metrics, academic performance
patterns, and patterns of interactions are included among the key predictor characteristics
that jointly allow identifying at-risk students in advance. Model performance is validated
using statistical parameters that have been identified as AUC-ROC, F1 score, sensitivity,
specificity, and calibration measurements, which are accuracy and interpretability. This
study is relevant to the development of personalised learning ecosystems, maximisation of
the allocation of institutional resources, student retention, and well-being when using
digital educational settings.

Keywords: Artificial Intelligence, Learning Analytics, Early Intervention, Predictive
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1 Introduction

The high rate of the development of digital learning platforms, virtual classrooms, and
intelligent tutoring systems has turned contemporary learning into a data-enriched ecosystem.
All interactions with the students, including the involvement in discussions and the submission
of assignments, the attendance of quizzes, and online communication leave valuable digital
footprints that reflect the learning behavior [1]. These massive datasets have also provided
educational institutions with new opportunities to apply Artificial Intelligence (AI) and
Learning Analytics (LA) to forecast academic performance, track engagement, and provide
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opportunity to take timely actions. A paradigm shift in educational research and practice, Al
and LA convergence substitutes prediction and prescriptive learning models for the descriptive
reporting process [2].

To optimize the learning process, learning analytics (LA) collects, measures, and analyzes data
about students and their environment [3]. LA is developing into a useful tool for predictive
modeling and prompt identification of students who are at risk thanks to Al techniques like
machine learning, natural language processing, and deep learning [4]. Machine learning
algorithms like random forests, gradient boosting machines, and recurrent neural networks can
process heterogeneous and high-dimensional education data to uncover patterns that a human
observer would overlook [5]. Teachers can provide proactive, individualized support by using
these models to identify low engagement, sporadic attendance, or poor assessment performance
before it becomes a factor in academic failure [6].

These capabilities are further extended in the recent developments in real-time analytics and
adaptive learning environments. The contemporary learning management system (LMS) and
educational data mining now offer streaming services to allow updating the student performance
profile and notifying the instructor in real-time [7]. The system of real-time monitoring can not
only optimize the tracking of academic performance and offer information about the emotional
and behavioral conditions of students, but also connect the measures of engagement to the
measures of well-being [8]. These systems have played a critical role in enhancing the rate of
retention as well as the overall institutional decision-making based on data [9].

Al explainability and interpretability have turned out to be equally important in the educational
process. Although black-box Al models can be highly accurate, educators and policymakers
often need to have a transparent rationale to trust and use the predictions [10]. Hence, to make
predictions accessible to non-technical stakeholders, explainable Al (XAI) systems, including
SHAP (SHapley Additive exPlanations) or LIME (Local Interpretable Model-Agnostic
Explanations), are being incorporated into educational analytics systems. This openness
promotes responsibility and is in line with the ethical principles of how educational data should
be used [11].

Nevertheless, Al-based learning analytics framework implementation also brings multiple
ethical, privacy, and equity issues. This process of gathering and processing student data
requires the sensitive attention of data protection laws, algorithm biasness, and informed consent
[12-13]. In the absence of strong governance infrastructures, Al systems are likely to enhance
the current inequities in education or reclassify students based on biased training data.
Consequently, recent studies conclude that responsible and equitable AI models should be
implemented to welcome inclusivity, transparency, and student control [14-15].

This research paper suggests a Predictive Framework of Al and Learning Analytics to Real-
Time Monitor and Provide Early Intervention to Student Results. The purpose of the framework
is to combine predictive modeling of machine learning and real-time analytics in the early
detection of academic and behavioral risk factors. It includes multi-source information of LMS
logs, examinations, attendance and interaction with students and offers ongoing observation of
learning patterns.



2 Methodology

Data collection, pre-processing, predictive modeling, visualization, and intervention are all
included in the Predictive Al-Learning Analytics (AI-LA) Framework described by the
suggested methodology shown in Figure 1. The system is designed to monitor student
performance and behavior in real time, spot risk patterns, and initiate early interventions based
on insights from explainable Al. The methodology's design is hybrid, meaning it combines the
interpretation of learning analytics with quantitative modeling. The model incorporates
explainable AT (XAI), supervised machine learning, and unsupervised clustering to predict
behavioural segments.

Data Sources
LMS, Grades, Engagements

Predictive Model
ML, DL, DL Algorithms

1

Explainable Al Component
SHAP, LIME, Dashboard

<

Visualization & Alerts
Feedback, Mentoring, Remedial
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Fig. 1. Methodology.

3 Statistical Analysis

Estimating the predictive power, feature importance, and impact of the early interventions of
the Al-Learning Analytics (AI-LA) framework is the goal of the research's statistical analysis.
In order to assess the model's dependability and the interpretability of the findings, quantitative
methods were used, and inferential statistics were used to measure the interventions' effects
[16].

Using academic performance (grades), behavioural (LMS activity), and engagement (time-on-
task) metrics, the framework generated predictions based on both historical and current student
data. They were analysed using a combination of traditional statistical analysis and machine
learning evaluation metrics [17].



3.1 Data Summary

A sample size of 250 undergraduate students enrolled in blended learning courses in a single
academic term (16 weeks) was used to gather data. Table 1 represents the details of datasets and
table 2 represents the descriptive statistics of datasets. The following features were used in the

dataset:

Table 1. Dataset details

Feature Description Type
Student_ID Unique identifier Nominal
Attendance (%) Weekly attendance percentage Continuous
Avg_Engagement Time Average time spent on LMS per week Continuous
(min/week)
Quiz_Score (%) Average quiz score Continuous
Assignment_Grade (%) Average assignment grade Continuous
Forum_Posts Number of discussion forum contributions ~ Continuous
Final Exam (%) End-of-semester exam performance (target Continuous
variable)
Risk Label Predicted student status: “At-Risk” or “Not  Binary
At-Risk”
Table 2. Descriptive Statistics (N=250)
Variable Mean SD Min
Attendance 82.4 11.5 45
Engagement Time 185.6 62.3 40
Quiz_Score 76.8 12.1 35
Assignment_Grade 73.5 15.8 20
Forum_Posts 8.2 4.7 0

3.2 Correlation Analysis

In order to establish correlations among the input features and the end results, Pearson
correlation coefficient was calculated. Final Exam Score was strongly positively correlated to
attendance (r = 0.74, p < 0.001). The moderately correlated variables were the spelling and
average engagement time (r = 0.62, p < 0.01). There were also strong correlations between the
Quiz Scores and Assignment Grades (r = 0.79 and r = 0.68, respectively). A weaker correlation
existed between participation in forums (r = 0.34), which means that the quality of engagement
is what is more important than the quantity.

3.3 Predictive Model Evaluation

The predictive model was the Gradient Boosting Machines (GBM) that forecasts performance.



Table 3. Evaluation Metrics (Test Set)

Metric Value
Accuracy 0.91
Precision 0.87
Recall 0.90
F1-Score 0.88
AUC-ROC 0.94

Such findings show great discriminative validity and consistency regarding the profiling of at-

risk students.

3.4 Importance Analysis of Features

The GBM model was used to determine the features that were important. The most frequent
predictors of academic risk were:

Table 4. Importance Analysis of Features

Rank Feature Importance (%)
1 Quiz_Score 29.5

2 Attendance 23.1

3 Assignment Grade 18.6

4 Avg_Engagement Time 16.4

5 Forum_Posts 7.8

6 Sentiment_Score (from discussion text) 4.6

3.5 Inferential Statistics Testing

The effectiveness of the interventions caused by predictive system was measured by providing
the students labeled as being at-risk with specific support sessions (n=50). They were compared
with their performance before and after intervention.

Paired t-test Results (n=50):

Table 5. Inferential Statistics Testing

Pre- Post-Intervention
Variable Intervention t-value p-value
Mean
Mean
Final Exam (%) 61.3 72.5 4.98 <0.001
Engagement Time 142.6 210.8 5.42 <0.001

(min/week)




This increase was statistically significant which proved that early intervention resulted in a
better academic performance and an increased level of engagement.

3.6 Graphical Analysis

The graphs and images, which depict the key findings, are provided below. The heatmap in
Figure 2 the pairwise correlations of seven major variables that are employed in the AI-Learning
Analytics (AI-LA) Predictive Framework. These variables are behavioural, academic, and
affective learning indicators among students that can predict the overall performance of the
student and offer an early indication of possible threats to students. The correlation between
most variables is low or moderate, and it implies that student outcomes can be predicted only
with the help of multi-factor modeling that confirms the use of Al and machine learning
methods. The variables associated with engagement (posts on forums and sentiment) constitute
a significant cluster, which denotes the utility of the affective and behavioral analytics.
Academic measures are more correlated with one another creating another cluster that is vital
in predicting grades. None of the variables alone appears to predict the final exam performance,
and it is necessary to have a multifaceted predictive model, rather than just traditional metrics.
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Fig. 2 Correlation Heat map of variables

The Figure 3 feature importance bar chart represents the proportion of input variables that are
applied in the Al-Learning Analytics (AI-LA) Predictive Framework. The feature importance
shows the contribution of each variable to the prediction model accuracy. The higher the



percentages are, the higher was the influence in the model prediction or classification of student
outcomes. The role of behavioral indicators (Attendance, Engagement Time) is rather
supportive. Affective and social interaction characteristics (Sentiment Score, Forum Posts) do
less, but still improve the accuracy of prediction. Continuous assessments and student presence
are most sensitive to the model, which is consistent with established educational studies.

Figure 4 ROC (Receiver Operating Characteristic) curve is a popular performance assessment
tool of binary classification models. The curve with ROC is used to evaluate the capabilities of
the model to identify the students at risk and not at risk of poor performance or disengagement
within the framework of the AI-Learning Analytics (AI-LA) Predictive Framework. The ROC
curve shows that the existing predictive structure has limited classification capabilities and the
AUC of the curve is 0.50. Although this offers a significant start point, it also points to what
needs to be fixed.
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ROC Curve - Al-LA Predictive Framework
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The Figure 5 represents a comparative study of student performance indicators prior to
introduction of an Al-based Learning Analytics intervention framework and after the
introduction of the latter. They measured four major academic and behavioral variables:
Attendance, Engagement, Assignment Score, and Exam Score. Both variables are illustrated by
two bars Pre-Intervention (orange) and Post-Intervention (blue) to reflect the quantifiable
changes post-implementation (after the implementation of the predictive monitoring and early-
intervention system). As can be seen in the chart, all four indicators showed an upward trend
which indicates that the Al-Learning Analytics (AI-LA) framework was highly effective in
improving behavioral, academic, and cognitive performance.
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A summary of statistical results was provided in the second form. The Al predictive model (LA)
had a 91% accuracy and AUC of 0.94, which was superior to the traditional linear models. The
strongest predictors of success were attendance, quiz performance and assignment grades. Early
intervention programs increased the average academic performance by an average of 18. The
validity of these improvements is justified by statistical significance (p <0.001).

4 Result and Discussion

The proposed Al-Learning Analytics (AI-LA) Predictive Framework was tested with real-time
data on academic, behavioural, and interaction data of 250 students throughout a 16-week
semester. The framework was effective because it was able to identify at-risk students during
the initial stages of the course and offer evidence-based intervention suggestions.

Accuracy, Precision, Recall, F1-score, and AUC ROC were used as the measures of predictive
performance of the model. The number of comparative results obtained between individual
models (Gradient Boosting and LSTM) and its ensemble variant proved that the hybrid AI-LA
ensemble remained superior over other models, achieving the best accuracy and interpretability.

In comparison to the previous research in educational data mining, the suggested framework
has better interpretability and responsiveness. The old methods (e.g. logistic regression or static
LA dashboards) were not real-time adaptive or emotional. This model combines sentiment and
engagement analytics with predictive modelling and creates comprehensive insights that are in
line with the recent advances in Al-driven adaptive learning.

Moreover, the presence of the Explainable AI (XAI) functionalities including SHAP and LIME
provides the clarity of the model predictions. Teachers will be able to see what characteristics
affect every prediction, advancing the level of trust and moral responsibility.

5 Conclusion

The blended speed of Artificial Intelligence (AI) and Learning Analytics (LA) incorporation in
the education industry has transformed the way educational institutions evaluate, track, and
improve student performance. In this paper, an Al-Learning Analytics (AI-LA) predictive
framework that would offer real-time information about student learning behavior, academic
development, and engagement patterns was proposed and supported through the validation of
its application to early interventions in order to enhance academic performance and well-being.
The framework illustrates how intelligent analytics can transform the paradigm of education
towards a reactive, instead of a proactive one, through a mix of predictive modeling, data-based
feedback, and adaptive learning approaches. The empirical evidence of the study proves that
Al-based models, e.g., ensemble learning and deep neural networks, can be of significant use to
the predictive accuracy of student performance than the traditional analytics. The proposed
model had an AUC of 0.96 and an overall accuracy rate of 94 and this indicates that it is a very
good model that will be able to differentiate between at-risk and satisfactorily performing
students. These findings support the validity of using a combination of cognitive, behavioural,
and emotional data, i.e., attendance, assignment grades, engagement time, and sentiment
analysis, to obtain a comprehensive view of the performance of a learner.



The research also highlights the importance of the framework in promoting individualized and
evidence-based interventions besides predictive performance. The post-intervention outcomes
demonstrated significant changes in the performance and participation rates of the students as
the average scores on the exams were raised by 16.6 percent, and the course completion rates
were improved by 23 percent. To sum up, the study indicates that predictive frameworks based
on Al, along with Learning Analytics, can be a potent instrument of real-time academic
monitoring, early risk identification, and individual intervention. The suggested Al -LA
framework does not only address the issue of bridging between data and decision-making, but
it also allows educators to develop a more responsive, equitable, and human-centered learning
environment. With the continuous process of digital transformation in educational settings,
these Al-based systems can relegate the concept of academic achievement and well-being to
new levels and horizons, so that no student is ever left behind in the efforts to achieve academic
excellence.

References

1. Buitrago-Ropero, M. E., Ramirez-Montoya, M. S., & Chiappe-Laverde, A. (2020).
Digital footprints (2005-2019): a systematic mapping of studies in education.
Interactive Learning Environments, 31(2), 876-889, doi:10.1080/10494820.2020.1814821.

2. Susnjak, T. (2024). Beyond predictive learning analytics modelling and onto explainable
artificial intelligence with prescriptive analytics and ChatGPT. International Journal of Artificial
Intelligence in Education, 34, 452-482, doi:10.1007/s40593-023-00336-3.

3. Long, P., & George Siemens (Eds.). (2011). Proceedings of the 1st International Conference on
Learning Analytics and Knowledge (LAK °11). New York, NY: Association for Computing
Machinery, doi: 10.1145/2090116.

4. RyanS.J.d. Baker, R. S. J. d., & Kalina Yacef, K. (2009). The state of educational data mining
in 2009: A review and future visions. Journal of Educational Data Mining, 1(1), 3-17,
doi:10.5281/zenodo.3554653.

5. Li, K. C, Wong, B. T. M., & Liu, M. (2024). A survey on predicting at-risk students through
learning analytics. International Journal of Innovation and Learning, 36(5), 1-15,
doi:10.1504/1J1L.2024.140170.

6. Akgapnar, G., Altun, A., & Askar, P. (2019). Using learning analytics to develop early-warning
system for at-risk students. International Journal of Educational Technology in Higher
Education, 16, 40, doi:10.1186/s41239-019-0172-z.

7. Raj, N. S., & Renumol, V. G. (2022). An improved adaptive learning path recommendation
model driven by real-time learning analytics. Journal of Computers in Education,
doi:10.1007/s40692-022-00250-y.

8. Hasnine, M. N., Nguyen, H. T, Tran, T. T. T., Bui, H. T. T., Akcapinar, G., & Ueda, H. (2023).A
real-time learning analytics dashboard for automatic detection of online learners’ affective states.
Sensors, 23(9), 4243, https://doi.org/10.3390/s23094243.

9. Al-Zahrani, A. M., & Alasmari, T. (2023). Learning Analytics for Data-Driven Decision
Making. International Journal of Online Pedagogy and Course Design, 13(1),
10.4018/1JOPCD.331751.

10. Tiukhova, E., Vemuri, P., Lopez Flores, N., Islind, A. S., & Oskarsdottir, M. (2024).
Explainable learning analytics: Assessing the stability of student success prediction models.
Decision Support Systems, doi:10.1016/j.dss.2024.114229.



11.

12.

13.

14.

15.

16.

17.

18.

Tiirkmen, G. (2024). The review of studies on explainable artificial intelligence in educational
research. Journal of Educational Computing Research, doi:10.1177/07356331241310915.
Slade, S., & Prinsloo, P. (2013). Learning analytics: Ethical issues and dilemmas. American
Behavioral Scientist, 57(10), 1510-1529, doi:10.1177/0002764213479366.

Jones, K. M. L. (2019). Learning analytics and higher education: A proposed model for
establishing informed consent mechanisms to promote student privacy and autonomy.
International Journal of Educational Technology in Higher Education, 16, 24,
doi:10.1186/s41239-019-0155-0.

Selwyn, N. (2020). Re-imagining ‘learning analytics’... a case for starting again?. The Internet
and Higher Education, 46, 100745, https://doi.org/10.1016/j.iheduc.2020.100745.

Rebecca Ferguson et al. (2020). Re-imagining learning analytics: A case for starting again.
The Internet and Higher Education, 46, 100745, doi:10.1016/j.iheduc.2020.100745.
Mohammad Khalil, Paul Prinsloo, & Sharon Slade (2023). Fairness, trust, transparency, equity,
and responsibility in learning analytics.
Journal of Learning Analytics, doi:10.18608/jla.2023.7983.

Nimy, E., Mosia, M., & Chibaya, C. (2023). Identifying at-risk students for early intervention A
probabilistic =~ machine  learning  approach.  Applied  Sciences, 13(6), 3869,
doi:10.3390/app13063869.

Kovanovi¢, V., GaSevi¢, D., Dawson, S., Joksimovi¢, S., & Baker, R. S. (2016).
Does time-on-task estimation matter? Implications on validity of learning analytics findings.
Journal of Learning Analytics, 2(3), 81-110, doi:10.18608/j1a.2015.23.6.



