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Abstract. An increasing number of educational institutions are using predictive analytics to help with strategic 

decision-making and programs that help students succeed. This paper looks into the most recent improvements in 

using supervised learning models, specifically Random Forest classifiers, to keep an eye on behavioral trends in 

digital learning settings. We focus on studies that use structured data exported from Learning Management Systems 

(LMS), with a concentration on CSV-based processing procedures because they are easy to use and understand. The 

research brings together several uses of predictive logic in schools, looking at how well the algorithms work, how 

easy they are to use, and how they were designed. This review provides a theoretical basis for building smart, user-

friendly educational tools that can adapt to students' activity profiles by establishing consistent modeling patterns 

and ways to make them understandable.  
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Introduction 
An increasing number of educational institutions are using data-driven methods to make decisions and 

improve student results. Learning analytics is at the center of this transition. It is the process of systematically 

gathering, evaluating, and reporting data about learners to improve learning environments and results [1]. When 

students use digital tools like Learning Management Systems (LMS), they leave behind detailed logs of their activity 

and performance, which can be used to get educational insight [2]. 

Learning Management Systems (LMS) are important for delivering courses and keeping track of students. 

They collect a lot of different types of interaction data, like logins, content access, forum posts, and assignment 

activity. These indications from LMS are very helpful for making prediction frameworks that can find students who 

are not engaged or are at danger early on [2],[3]. 
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Supervised machine learning, especially Random Forest classifiers, have been used more and more on these 

datasets because they are robust, can handle high-dimensional data, and have built-in feature importance measures 

[4]. In educational settings, Random Forest models have shown to be quite good at making predictions, such as 

predicting student involvement and academic performance, as well as modeling student satisfaction [5]. More newer 

uses, such interpretable ML employing LMS data, give us even more insight into how students behave [6]. 

The main objective of this study is to systematically synthesize research on Random Forest-based predictive 

models for educational decision support, focusing on methodological consistency and interpretability. 

 

Literature Review 
Recent research has demonstrated a growing interest in predictive analytics for educational management. 

Building upon prior reviews by Romero and Ventura [1], this section outlines key developments in applying 

supervised learning—particularly Random Forest models—to Learning Management System (LMS) data. The focus 

is on methodological robustness, interpretability, and the balance between theoretical rigor and practical 

implementation. 

The necessity for scalable analytics solutions in institutions, along with the availability of data (via CSV or 

exportable LMS logs) and strong classification models, shows how important it is to have simplified, theory-driven 

tools. Studies have suggested frameworks that make it possible to find kids who are at risk using controlled 

workflows, frequently with an accuracy of over 90% [6],[7]. 

Despite this progress, there remains a need for accessible, modular analytics tools that non-technical 

educators and administrators can adopt without extensive infrastructure. Understanding methodological design 

patterns, interpretability strategies, and usability trade-offs is essential to bridge the gap between theoretical insight 

and practical tool deployment [9]. 

This literature review consolidates contemporary empirical and theoretical contributions in the use of 

supervised learning—especially Random Forest models—over structured LMS interaction datasets. By synthesizing 

approaches that prioritize usability, interpretability, and empirical performance, this review furnishes a rigorous 

foundation for the development of user-centered, lightweight analytic tools in educational settings. 

Prior works differ in their scope and methodological rigor: while some emphasize algorithmic performance 

[5], others highlight interpretability and educator usability [10], [29]. This contrast reveals a growing trend toward 

balancing technical sophistication with human-centered design in educational analytics. 

In 2021, Saleem et al. [6] presents a decision-support system that uses ML classifiers (Random Forest, 

AdaBoost, Bagging) on e-learning participation, assignment completion, and interaction logs (Kalboard 360 LMS). 

The system achieves prediction accuracies over 90% and provides teachers with intelligent recommendations for 

interventions. The workflow aligns with real-world scenarios where data is collected from CSV files and used for 

automated decision-making. 

Based on these findings, the next section details the methodological framework adopted in this systematic 

review. 

 

Methodology 
This review follows a structured process for identifying, selecting, and analyzing scholarly works that 

investigate the use of supervised machine learning—particularly Random Forest models—in processing LMS-

derived interaction data. The goal was to gather a representative set of studies covering both methodological and 

applied aspects of predictive analytics in education. 

 

Search strategy 

The literature search was conducted across multiple scholarly databases, including Google Scholar, IEEE 

Xplore, Scopus, SpringerLink, and MDPI Journals. Search strings combined domain-specific terms, model types, 

and data formats. Representative queries included: 

 “Random Forest” AND “Learning Management System” AND “student engagement” 

 “supervised learning” AND “LMS data” AND “predictive analytics” 

 “educational decision support”AND “CSV-based data” 

 “machine learning” AND “academic performance prediction” AND “log data” 

 

Searches were restricted to publications in English, from 2015 to 2025, to ensure coverage of recent 

methodological advances and real-world implementations. 
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Inclusion and exclusion criteria 

Studies were included if they met all the following criteria: 

 Applied supervised machine learning with explicit use of Random Forest or compared it with other 

classifiers. 

 Utilized real interaction data from LMS platforms (e.g., Moodle, Google Classroom, Canvas), preferably in 

CSV or equivalent tabular format. 

 Reported empirical results with evaluation metrics such as accuracy, F1-score, precision, or recall. 

 Were peer-reviewed or published in indexed conference proceedings. 

 

Studies were excluded if they: 

 Focused solely on unsupervised learning or clustering without engagement prediction. 

 Relied exclusively on synthetic datasets unrelated to LMS behavior. 

 Were conceptual papers without implemented models or performance evaluation. 

 

Selection process 
The initial search returned 228 records. After removing duplicates and screening titles and abstracts, 61 

papers were kept for a full-text review. Using the inclusion and exclusion criteria brought this group down to 32 

studies for synthesis. These studies reflect both breadth (covering multiple LMS platforms and educational levels) 

and depth (detailing preprocessing workflows, model tuning, and interpretation techniques). 

 

Data extraction and analysis 

For each study, the following elements were extracted systematically: 

 Educational context (platform used, learner demographics). 

 Dataset properties (source, format, size, features). 

 Preprocessing techniques (encoding, balancing, feature selection). 

 Modeling details (Random Forest parameters, benchmark models). 

 Performance metrics (accuracy, precision, recall, F1-score). 

 Interpretability features (feature importance, explainability methods). 

 Usability aspects (deployment context, user interface, accessibility). 

 

Findings were organized in a narrative synthesis complemented by comparative tables, enabling direct 

observation of trends, methodological patterns, and practical design considerations across the reviewed literature. 

To ensure analytical consistency, the studies were cross-validated against inclusion criteria emphasizing 

both methodological soundness and educational applicability. Random Forest was selected as the focal algorithm due 

to its ensemble nature, interpretability through feature importance, and proven generalization capacity in prior meta-

analyses [4], [21]. 

 

Results and further discussions  
The systematic review identified 32 relevant studies, spanning multiple educational contexts, LMS 

platforms, and predictive modeling strategies. Analysis of these studies revealed recurrent methodological patterns 

and several noteworthy trends. 

 

Prevalence of Random Forest in educational predictive analytics 

Random Forest was the most frequently used classifier across the reviewed literature, cited in more than 

80% of the selected works. Studies reported predictive accuracies generally ranging from 85% to 96%, consistently 

outperforming simpler models such as Decision Trees or Naïve Bayes ([4], [5], [6], [9], [10], [11]). 

For example, Jawad et al. [5] achieved 94.8% accuracy when predicting course completion likelihood from 

LMS logs. Other works, such as Luo et al. [12], combined RF with spatiotemporal features to enhance early risk 

detection, confirming findings from Biau & Scornet [4] regarding the algorithm’s robustness. 

 

Use of CSV-based and exportable LMS data 

A significant proportion of the studies relied on CSV-formatted exports or other tabular datasets derived 

from Moodle, Google Classroom, Canvas, or institutional LMS platforms [1], [5], [6], [7], [9], [10], [11], [13], [14], 
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[15], [16], [17], [18], [19], [20], [21], [22]. This preference reflects the accessibility and interoperability of CSV data, 

especially in institutions with limited IT infrastructure. 

Santos [13] and Chen et al. [14] highlighted that such formats simplify preprocessing workflows (encoding, 

normalization, balancing), while Waheed et al. [20] demonstrated that they enable rapid deployment of prediction 

models without the need for complex database integration. 

 

Feature engineering and importance 

Feature selection emerged as a critical factor in improving both performance and interpretability. The most 

frequently used predictors across the reviewed studies included engagement metrics such as login frequency, 

resource views, and forum activity [1], [14], [17], [23], [24]. Performance indicators like assignment completion 

rates and quiz or exam scores [5], [17], [21], [24] were also commonly employed to measure academic outcomes. In 

addition, several studies incorporated behavioral or qualitative signals—such as teacher feedback, sentiment analysis, 

and peer interaction quality—to capture affective and social aspects of learning [15], [25]. Random Forest’s built-in 

feature importance ranking was often leveraged to identify the most influential variables, as observed in Jiao et al. 

[10] and Nachouki et al. [11], supporting the theoretical insights of Biau & Scornet [4]. 

 

Addressing class imbalance 

Several studies identified the problem of class imbalance, where the number of engaged learners 

significantly exceeded that of disengaged ones [24]. To mitigate this challenge, different resampling and balancing 

strategies were proposed to improve the representativeness of training data. Building on these approaches, Brahim et 

al. [24] demonstrated that the use of resampling techniques can enhance the detection of at-risk or underperforming 

learners, thereby improving model sensitivity and overall educational relevance. 

 

Integration into Decision-Support Systems 

While many studies focused on model performance, fewer explored integration into operational decision-

support tools ([9], [13], [15], [16], [25]). 

Johnston et al. [7] and Angeioplastis et al. [12] demonstrated interpretable dashboards for risk monitoring in 

Moodle. Joarder et al. [29] stressed that a “flexible user interface” increases educator adoption, while Alnasyan et al. 

[25] highlighted that even deep learning-based pipelines benefit from visual explainability features. 

 

Comparative approaches and hybrid models 

Although RF was dominant, some studies compared it with or embedded it into ensemble or hybrid 

approaches ([9], [10], [11], [21]). 

For example, Alyahyan & Düştegör [21] presented systematic reviews where RF appeared consistently 

among the top-performing algorithms. 

 

Best practices and research opportunities 

The synthesis of reviewed literature highlights several best practices that can guide future research and 

implementation. Scholars emphasize the early incorporation of interpretability tools such as SHAP and LIME to 

ensure transparency in predictive models [4], [10], [15]. Continuous or iterative model updates are also 

recommended to adapt to changing learner behaviors and evolving educational environments [6], [13]. Moreover, 

combining quantitative LMS metrics with qualitative feedback—such as sentiment analysis or teacher input—has 

been shown to enrich prediction accuracy and contextual insight [15], [25]. Another recurring recommendation is the 

use of lightweight, CSV-based workflows to enable scalability and ease of deployment in low-resource institutional 

contexts [1], [7], [20]. 

Despite notable progress, research opportunities remain in developing cross-institutional datasets [21], 

improving real-time processing capabilities [13], [25], and integrating predictive models into closed-loop 

intervention systems that provide actionable insights to educators [9]. 

 

Conclusion 
This systematic review examined a corpus of 32 peer-reviewed studies published between 2015 and 2025 

that applied supervised machine learning—particularly Random Forest classifiers—to interaction data derived from 

Learning Management Systems. The analysis revealed that Random Forest consistently delivers strong predictive 

performance, often surpassing alternative models in accuracy, robustness, and feature interpretability. 
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A substantial proportion of the reviewed works demonstrated the practical value of using CSV-formatted or 

other tabular LMS exports, which offer accessibility, interoperability, and low-infrastructure deployment potential. 

The studies also highlighted the importance of feature engineering, class imbalance handling, and the integration of 

interpretability methods to ensure actionable insights for educators and administrators. 

While several implementations successfully bridged predictive modeling and decision-support interfaces, 

broader adoption remains limited by technical deployment challenges and the need for adaptable, cross-institutional 

datasets. Promising directions for future research include incorporating richer qualitative feedback, expanding 

interoperability across diverse LMS platforms, and embedding predictive analytics into closed-loop intervention 

systems that directly support learner success. 

By consolidating methodological patterns, performance benchmarks, and usability considerations, this 

review provides a theoretical and empirical foundation for the design of intelligent, user-oriented educational 

technologies. The synthesis aims to guide both researchers and practitioners in developing scalable, transparent, and 

context-sensitive decision-support solutions that can enhance data-driven educational management in the coming 

years. 
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