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Overview:
The goal of this project is to create an early warning system that uses AI to identify students who may face behavioral or educational issues. The system analyzes student behavior, including attendance, assignment performance, classroom participation, and patterns of digital activity, using actual data from Classera  platform . In order to support students and enhance academic performance, machine learning algorithms identify early indicators of risk and automatically send out alerts to teachers or school counselors. The Final Mark is the target variable (Y). It  will be converted to a binary risk label in order to create an early warning system, with students falling below a predetermined threshold being categorized as at-risk. In order to anticipate this risk level in advance, the model will learn from engagement and behavioral characteristics.










Related Expert Paper:
     
1- Early Student Risk Detection Using CR-NODE: A Completion-Focused Temporal Approach with Explainable AI

While Long Short-Term Memory (LSTM) networks model sequences, they assume discrete time steps and struggle with irregular LMS observation intervals. To address these limitations, we introduce Completion-aware Risk Neural Ordinary Differential Equations (CR-NODE), integrating continuous-time dynamics with completion-focused features for early dropout prediction. CR-NODE employs Neural ODEs to model student behavioral evolution through continuous differential equations, naturally accommodating irregular observation patterns. Additionally, we engineer three completion-focused features: completion rate, early warning score, and engagement variability, derived from root cause analysis. Evaluated on Canvas LMS data from 100,878 enrollments across 89,734 temporal sequences, CR-NODE achieves Macro F1 of 0.8747, significantly outperforming LSTM (0.8123), Extreme Gradient Boosting (XGBoost) (0.8300), and basic Neural ODE (0.8682). 
Cross-dataset validation on the Open University Learning Analytics Dataset (OULAD) demonstrates generalizability, achieving 84.44% accuracy versus state-of-the-art LSTM (83.41%). To support transparent decision-making, SHapley Additive exPlanations (SHAP) analysis reveals completion patterns as the primary prediction drivers.

Bettahi et al, they introduce Completion-aware Risk Neural Ordinary Differential Equations (CR-NODE), integrating continuous-time dynamics with completion-focused features for early dropout prediction. They  compare CR-NODE against six baseline approaches (Logistic Regression, Random Forest, XGBoost, Gradient Boosting, LSTM, and Basic Neural ODE) representing diverse modeling paradigms to establish comprehensive performance benchmarks. The comparison includes both traditional machine learning(TML) methods operating on static aggregated
features and modern temporal deep learning(DL) architectures. Explainable Artificial Intelligence (XAI) was used to understand the prediction of models.



They used dataset of Canvas Learning Management System data collected from a large public university over multiple academic terms comprises comprehensive longitudinal records of student interactions, assignment submissions, communication patterns, and final outcomes across diverse course offerings. It includes 100,878 student enrollments with final grade information, from which we extracted 89,734 valid temporal sequences satisfying minimum observation requirements.

Data preprocessing involved several steps to ensure temporal consistency and data
quality. 
All timestamps were converted to hours elapsed since course start using UTC time zone normalization. They ﬁltered observations to the ﬁrst 10 weeks (1680 h) of each  course, corresponding to the period when early intervention is most effective [16]. Temporal sequences were aggregated into 4 h time buckets to reduce noise while preserving ﬁne-grained behavioral patterns; however, students exhibit activity only in a subset of buckets,resulting in non-uniform intervals between consecutive observations. For students with sequences exceeding 60 observations, they  applied uniform downsampling using linear interpolation to maintain temporal coverage while limiting computational requirements.Sequences with fewer than 3 observations were excluded as insufﬁcient for temporal modeling. The dataset was partitioned into training and test sets using stratiﬁed random sampling with 80-20 split ratio and random seed 42 for reproducibility


They  evaluated CR-NODE against six baseline approaches (Logistic Regression, Random Forest, XGBoost, Gradient Boosting, LSTM, and Basic Neural ODE) on the held-out test set comprising 17,111 student sequences. For  all seven models showing prediction distributions across failure and success classes. CR-NODE achieves the best balance between true-positive and true-negative rates.







2- Course Success Prediction and Early Identification of At-Risk Students Using Explainable Artificial Intelligence

This study employs various machine learning(ML) and deep learning(DL) techniques for predicting students’ success, along with SHapley Additive exPlanations (SHAP) as an Explainable Artificial Intelligence (XAI) technique, to understand the key factors behind success or failure. Unlike traditional statistical methods that explore variable relationships, this AI-driven approach uses advanced deep learning techniques to identify patterns and insights, allowing for a better understanding of the factors influencing student success. Additionally, this study focuses on identifying students at risk of failure using XAI techniques, specifically SHAP, to interpret model outputs by breaking down how specific factors contribute to a student’s success. This method enables targeted interventions to support their success. Results reveal that student engagement and registration timelines are critical factors affecting performance. The customized models achieve up to 94% accuracy for the designed tasks, outperforming traditional approaches. This study contributes to the use of AI in education and offers practical insights not only for educators but also for administrators and policymakers to enhance the quality and effectiveness of online learning. 

Ujkani et al, they proposed model based on a convolutional neural network(CNN) and LSTM and XGBOOST. They used dataset that was collected from the Open University Learning Analytics Dataset. it includes 32,593 students over a 9-month course period from 2014 to 2015. Different pre-processing steps they applied for predicting students’ success :
· Merge and Consolidate: combining relevant tables to achieve a unified presentation.
· Missing Value Handling: filling the missing values with the mode and removing duplicates.
· Feature Engineering: deriving new attributes and encoding categorical variables to enrich the dataset for modeling.
· Data Splitting: splitting the dataset among train, validation, and test sets for model training, optimization, and testing.

different deep learning (DL) and machine learning (ML) models for forecasting students' success. To comprehend the prediction of models, the Random Forest Classifier, Gradient Boosting Classifier, k-Nearest Neighbors (k-NNs), Multi-Layer Perceptron (Neural Network), First Custom Neural Network Architecture, Second Custom Neural Network Architecture, and Explainable Artificial Intelligence (XAI) were employed. LSTM were employed for training and assessment. 

Their findings show that, when compared to models for predicting students' success, their proposed models performed the best accuracy up to 94%. The models' predictions were analyzed using Explainable Artificial Intelligence (XAI), Random Forest Classifier, and Gradient Boosting Classifier.


3- Automated AI-driven System for Early Detection of At-risk Students

This study presents the development of a novel automated system, Rapid Analysis and Detection of At-risk students with Artificial intelligence-based Response (RADAR), that utilizes explainable artificial intelligence (XAI) to identify students who are at risk of falling behind or dropping out of school. The system integrates various features, including learners' personality, previous academic performance, current academic concepts progress, and soft skills. Machine learning algorithms are utilized to analyze the combination of data and identify patterns that predict a student's likelihood of falling behind. The proposed RADAR system employs a multi-modal approach, considering the learner's features. The system is trained on a dataset of students from a school district, where the data is collected and preprocessed accordingly. The feature selection algorithm is applied to identify the most relevant features that can accurately predict students at-risk of falling behind or dropping out. The pilot study establishes the framework of the system and examines the implementation implications.


In order to find patterns and trends in the data that suggest a student is at risk of falling behind or dropping out, Embarak et al.'s proposed RADAR system will employ statistical analysis and machine learning algorithms. The system is trained using a dataset of students from a school district; the data is collected and suitably preprocessed (feature integration, data cleaning, and feature selection).
When developing the suggested RADAR system to identify students who are at risk, PAP is an important component. Setting benchmarks, identifying strengths and weaknesses, spotting early warning signs of a student struggling or falling behind, identifying patterns and trends that suggest a student is at risk of dropping out, and providing focused interventions and support are all possible uses for it. A student's potential for success in higher education can be determined by using PAP to assess their college readiness.

Automation systems to identify and assist at-risk students have become more popular in recent years. Using data analysis, machine learning, feature selection, and predictive modeling, Embarak et al. compare these systems and identify their weaknesses. XAI-based systems are capable of analyzing a variety of data sources and taking additional student risk factors into account. Their suggested RADAR system predicts at-risk students by combining a number of features.
Decision trees and other machine learning algorithms are used to examine data and find trends. The most pertinent features for the prediction are chosen using feature selection techniques such as Correlation-based Feature Selection (CFS). The system predicts students based on predetermined thresholds, selected features, and identified patterns. The prediction results are then used to provide continuous evaluation and individualized interventions.

The study's findings show how the RADAR system can help at-risk students receive better support and direction, which will ultimately help them achieve better academic results.








4- Mining LMS data to develop an “early warning system” for educators: A proof of concept

[4]This paper confirms and extends this proposition by providing data from an international research project investigating which student online activities accurately predict academic achievement. Analysis of LMS tracking data from a Blackboard Vista-supported course identified 15 variables demonstrating a significant simple correlation with student final grade. Regression modelling generated a best-fit predictive model for this course which incorporates key variables such as total number of discussion messages posted, total number of mail messages sent, and total number of assessments completed and which explains more than 30% of the variation in student final grade. Logistic modelling demonstrated the predictive power of this model, which correctly identified 81% of students who achieved a failing grade. Moreover, network analysis of course discussion forums afforded insight into the development of the student learning community by identifying disconnected students, patterns of student-to-student communication, and instructor positioning within the network. This study affirms that pedagogically meaningful information can be extracted from LMS-generated student tracking data, and discusses how these findings are informing the development of a customizable dashboard-like reporting tool for educators that will extract and visualize real-time data on student engagement and likelihood of success.


They used dataset from Learning Management System (LMS tracking data) collected from a Blackboard Vista course at the University of British Columbia (Canada).The dataset consisted of student activity logs extracted from the Blackboard Vista learning management system. It included variables related to student online behaviour such as number of discussion posts, emails sent, assessments completed, login activity, and interaction patterns. These variables were analysed to predict students’ final grades and identify at-risk students.

The data were collected from the Blackboard learning management system and prepared before building the predictive models. The preprocessing stage included extracting student activity data, selecting important variables related to academic performance such as discussion posts, messages, assessments, and logins, and cleaning the dataset by removing incomplete or irrelevant records. The data were then organised and structured to be suitable for statistical analysis and predictive modelling to identify at-risk students and predict final grades.

The study applied regression modelling to build a predictive model for student academic performance based on LMS activity data. A logistic regression model was also used to identify at-risk students and predict the likelihood of failure. In addition, network analysis was used to analyse student interaction patterns within discussion forums and identify disconnected or less-engaged students.

The results showed that LMS activity data can successfully predict student academic performance. The regression model explained more than 30% of the variation in students’ final grades. The logistic regression model correctly identified about 81% of students who were at risk of failure. The study confirmed that analysing LMS data can help in early detection of at-risk students and support timely educational intervention.

5- Early Prediction of At-Risk Students in Secondary Education: A Countrywide K-12 Learning Analytics Initiative in Uruguay


[5]This paper describes in depth the characteristics of the data gathered, the specifics of data preprocessing, and the methodology followed for model generation and bias analysis, together with the architecture developed for the deployment of the predictive models. Among other findings, the results of the paper corroborate the importance given in the literature of using the previous performances of the students in order to predict their future performances.


They used dataset collected from the National Administration of Public Education (ANEP) in Uruguay. The data were collected from nine different educational management systems and included students’ academic trajectories from primary to secondary education between 2015 and 2020.

Although the majority of learning analytics initiatives are normally restricted to smaller datasets related to disciplines, courses, institutions, or case studies, a number of works have also started to explore information related to wider contexts and using educational data covering an entire country or state. Proposed regression models using sociodemographic data from 2045 students from secondary schools. Used data from 15,825 undergraduate students (from the economics program) The authors identified a number of factors associated with students who dropped out, such as the mother’s instruction level, the level of support provided by the school and the teacher, and the amount of friends the student had inside his or her school class.

Data pre-processing was applied in this study, including data cleaning, integration of multiple educational databases, transformation into time-series format, and feature engineering to prepare the dataset for machine learning models.

Queiroga introduces exploratory data analysis (EDA) and feature engineering to build a set of data (variables) that allows the development of automatic models for the early identification of students at risk of dropping out. The methodology applied here is based on the Cross Industry Standard Process for Data Mining.
Different pre-processing steps were applied: 
· Random Forest (RF)
· Decision Tree (DT)
· AdaBoost (ADA)
· Logistic Regression (LR)
· Naïve Bayes (Gaussian NB)
· Neural Network (MLP)
Although RF and MLP performed similarly, Random Forest was selected due to strong performance and better alignment with explainability/auditability requirements (and they used TreeInterpreter for interpretability support).

The results showed that their proposed model produced high-performing models (AUROC > 0.90; F1-Macro > 0.88), and after bias analysis, seven out of eight models were approved for practical use.










6- Visual Data and Pattern Analysis for Smart Education: A Robust DRL-Based Early Warning System for Student Performance Prediction.


[6]This study introduces E-FedCloud, an AI-assisted, adaptive e-learning system that automates personalised recommendations and tracking, thereby enhancing student performance. It employs federated learning-based authentication to ensure secure and private access for both course instructors and students. Intelligent Software Agents (ISAs) evaluate weekly student engagement using the Shannon Entropy method, classifying students into either engaged or not-engaged clusters. E-FedCloud utilises weekly engagement status, demographic information, and an innovative DRL-based early warning system, specifically ID2QN, to predict the performance of not-engaged students. Based on these predictions, the system categorises students into three groups: risk of dropping out, risk of scoring lower in the final exam, and risk of failing the end exam. It employs a multi-disciplinary ontology graph and an attention-based capsule network for automated, personalised recommendations. The system also integrates performance tracking to enhance student engagement. Data are securely stored on a blockchain using the LWEA encryption method.

They used dataset collected from Open University Learning Analytics dataset (OULAD), developed by Kuzilek et al. in 2017 [7], specifically designed for e-learning testing environments. This VLE-based dataset includes a wide array of data, featuring information on 32,593 students across 22 courses, coupled with detailed records of click activities totalling 10,655,280 entries. The OULAD-VLE dataset is extensive, encompassing three distinct types of data: demographics, performance, and learning behaviour.
The dataset features a range of information categories, including course details, student demographics, registration data, assessments, VLE interactions, student results, and student assessment scores. Course information comprises the code name, presentation duration, and semester offering. Demographic details cover student identification numbers, regional locations, and age groups.

Data pre-processing involved preparing and refining multiple types of student data before model training. Including feature extraction, visual data enhancement (brightness adjustment, noise reduction, and image stabilisation), and integration of multi-source data such as behavioural, academic, and demographic information. These steps ensured high-quality input data for the predictive models.
The system then applies clustering and deep reinforcement learning techniques to classify students based on engagement levels and predict those at risk of dropping out, failing, or achieving low final scores. Results demonstrate that integrating comprehensive data preprocessing with AI models improves prediction accuracy and supports personalised recommendations for enhancing student performance.

Bagunaid used several AI and machine learning models, including the Improved Duelling Deep Q Network (ID2QN) for early performance prediction, Majority Voting Multi-Objective Clustering (MV-MOC) for student engagement classification, and an Attention-based Capsule Network (Att-CapsNet) for personalised recommendations. In addition, Threshold-based Shannon Entropy was used for engagement analysis, and Cycle-GAN with federated learning was applied to ensure secure authentication and data privacy.


The results showed that E-FedCloud model achieved high performance with accuracy reaching 97% and F1-score 95%, outperforming existing models in predicting at-risk students and improving student performance through personalised recommendations.



	Ref
	References 
	Models 
	Dataset 
	The best model 
	Result 

	[1]
	Bettahi et al., 2025

	CR-NODE 
Logistic Regression, Random Forest, XGBoost, Gradient Boosting, LSTM, and Basic Neural ODE

	large public university Dataset.
	CR-NODE 

	CR-NODE achieves the best balance

	[2]
	Ujkani et al., 2024
	Random Forest Classifier, Gradient Boosting Classifier, k-Nearest Neighbors (k-NNs), Multi-Layer Perceptron (Neural Network), First Custom Neural Network Architecture, seconed Custom Neural Network Architecture, Explainable Artificial Intelligence (XAI) and LSTM .

	Open University Learning Analytics Dataset
	Custom Neural Network Architecture

	proposed models preformed the  best accuracy up to 94% compared to models for predicting students’ success

	[3]
	Embarak & Hawarna, 2024
	Data analysis, machine learning, feature selection ,XAI, RADAR
	students from a school district Dataset .
	RADAR system
	the RADAR system can help at-risk students receive better support and direction

	[4]
	Macfadyen & Dawson, 2010
	RF, DT, ADA, LR, NB, MLP
	ANEP Uruguay, 9 systems, longitudinal K-12 trajectories (2015–2020), 258,440 students (CES+UTU)
	Random Forest
	AUROC > 0.90, F1-Macro > 0.88; 8 temporal models; bias analysis on gender/zone/welfare; 7/8 models approved

	[5]
	Queiroga et al., 2022
	Improved Duelling Deep Q Network for early warning prediction, Majority Voting Based Multi Objective Clustering, Attention Based Capsule Network
	Open University Learning Analytics Dataset, 32,593 students, 22 courses
	Improved Duelling Deep Q Network
	Achieved 97 % accuracy and 95 percent F1 score. The model outperformed existing methods in predicting at-risk students and improving performance prediction.

	[6]
		



Bagunaid et al., 2024
	Regression model, Logistic regression, Network analysis
	Learning Management System data from Blackboard Vista course, University of British Columbia, student online activity data (posts, messages, logins, assessments)
	Logistic regression
	Explained more than 30% of variation in final grade and correctly identified about 81% of students at risk of failure.
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