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Abstract 

Student behavior in classrooms is an important parameter to monitor academic success 

of a course. Various parameters like class attendance, participation in class activity and 

response could be used to measure the engagement of a class. The presented study uses 

various AI models like decision trees, support vectors and ensemble methods in order to 

identify trends in class engagement using various scores like accuracy, F1 score, recall 

and precision. The dataset was divided into a split ratio of 80:20 ratio of training and 

split. Random forest model was found to achieve highest performance with accuracy of 

91.8%, precision of 0.91, recall of 0.92 and F1 score of 0.91. These results indicate that 

ML models are highly competent to capture relationships between faculty and students 

in classrooms in order to identify students that are at potential risk. 

The novelty of the proposed framework lies in integrating of prediction of behavior 

based on machine learning pedagogical interpretation. It contributes towards 

development of educational objectives aligned with Industry 4.0 and digital 

transformation. All the data presented in this work was anonymized and handled 

according to ethical guidelines laid out within institutional framework. 

Keywords: Engineering education, Student responses, classroom teaching and 

learning analysis.  

1. Introduction

Learning methods have been widely used to collect data about performance of students 

in order to monitor their behavior in class [1,2]. These methods may be classified as 

follows: 

 Predictive methods- These incudes decision trees, random forecast, support

vectors and k-nearest neighbors [3]. They may be used for tracking performance

and class participation.

 Classification methods: These methods give a general overview of educational

framework and includes neutral networks, decision trees and Naïve Beyes [4].

Advances in Science and Technology Research Journal | ISSN - 2299-8624 | http://journalreofscience.org/

Page No : 1



 Clustering methods: These methods can help to identify at cohort of students 

that are at potential risk based on density, hierarchy and Fuzzy logic [5].  

 Regression methods: These include use of tools like RMSE, MAE, R², and 

MSE [6]. 

 Visualization methods: These methods include histogram and box plots used to 

track scores and attendance [7]. 

 Text mining methods: These includes frequency and harmony analyses of 

words [8]. Various themes like academic relationships could be identified. 

 Ensemble learning methods: These includes boosting, strapping and bagging 

methods that can be used to check reliability [9]. 

 Deep learning methods: These includes use of LMS logs, text responses and 

live stream data to track student response [10]. 

 Statistical methods: This use of T test, ANOVA and Chi Square test, for 

analysis for analysis of learning trends [11]. 

 Relationship methods: These methods are used to investigate dependencies, 

and links [12]. 

 Feature selection methods: it uses tools like Python and WEKA for 

interpretation and optimization of resources [13]. 

Assessment methods discussed above need analysis of large quantity of datasets. 

Consequently, use of Machine learning methods, are able to solve and extract of complex 

relationship with a promising results. In this context, the presented study shows 

application of these methods for prediction of student behaviors. Major objectives 

contributions of this paper can be summarized as follows: 

1. The development of a educational framework using real time classroom data. 

2. Evaluation of various machine learning methods. 

3. Study of  pedagogical impact of these predictions. 

2. Background 

Although significant progress has been made in educational data mining and machine 

learning–based prediction of student performance, several important research gaps still 

remain. Most existing studies primarily focus on improving predictive accuracy using 

machine learning and deep learning algorithms without sufficiently investigating the 

pedagogical implications of these predictions in real classroom environments.  

Jetson Orin Nano platform was used for investigated for application in smart classrooms 

[21].  YOLO based methods were used to identify student behavior [22]. CNNs, DNNs, 

and LSTMs were found to be having accuracy over 90% in this context [23]. Different 

types of learning were analyzed under virtual learning environments [24].  Eigenvalues 

were used to train the regression models using Taylor expansion [25]. Other models like 

like random forest (RF), support vector machine (SVM), logistic regression (LR), and 

neural network (NN) could be used to predict submission of assignments [26]. Learning 

engagement was found to be the most influential factor that effected the student 

performances [27]. BCEP prediction was found to be an effective tool in e-learning [28]. 

Ensemble Model (EM) outperforming other models when used on Open University 

Learning Analytics (OULA) datasets [29]. Voting-Based Dynamic Time Warping 

algorithm (VB-DTW) was used to improve the accuracy of behavior identification 

[30].  YOLOv5 based model was found to show promising accuracy of 76% [31]. The 

Advances in Science and Technology Research Journal | ISSN - 2299-8624 | http://journalreofscience.org/

Page No : 2



linear regression algorithm could be used to predict the student performance with a mean 

absolute error (MAE) of 0.23 [32,33]. Cognitive and motivational factors were studied to 

analyze the learning styles of students in class [34].  

Dropout rates of class were studied using Various Machine Learning (ML) methods [35]. 

Use of LMS data along with CATBoost, XGBoost and AISAR was investigated in order 

to predict student success rates [36,37]. Mini-XCEPTION and the Long Short-Term 

Memory (LSTM) Networks models were used for classroom teaching behavior 

analysis [38].  C2f_Res2block module was is integrated into the YOLOv8 model for 

better detection performance [39]. ML models have been used in EDM to predict 

academic performances of students [40].  

CNN were used to construct a class-room learning behavior dataset named as ActRec-

Classroom [41]. A new approach based on Random Forest, XGBoost and AdaBoost was 

used to increase the accuracy in prediction oof student performance [42]. No single online 

learning behavior had a major effect on the prediction of students' final grades [43,44]. A 

method for representing students’ partial sequence of learning activities was proposed, 

based on a deep neural network [45]. Use of classroom video database has been 

investigated for pedagogy and educational psychology [46]. A set of 62 papers published 

between 2010 to 2020 were analyzed for predictive analytics models developed to 

forecast student learning [47]. Real-time detection of student behavior in classroom 

environments was done by the Classroom Student Behavior YOLO (CSB-YOLO) model 

[48]. Machine learning algorithms were used to predict the final exam grades of 

undergraduate students [49]. 

Real-Time Detection Transformer algorithm was used to predict student behavior in 

classrooms [50]. The performance prediction model based on time-series analysis was 

proposed that could help teachers to individualize education [51]. Machine learning 

algorithms were integrated with clickstream data to predict student performances [52]. 

Potential of hybrid ML techniques was investigated for identifying struggling students 

[53]. She investigated effectiveness and limitations of well-known traditional models 

such as Support Vector Machines (SVMs) and Naïve Bayes [54]. Emotions and postures 

of students to bring classroom learning closer to improved personal learning [55]. 

Bhoote et at. focuses on using educational data mining techniques to estimate students’ 

final grades [56]. A Comprehensive review of hybrid and deep learning models to predict 

students’ performance in online learning environments was presented [57]. Learning 

behavior indicators could reduce the scale of feature set and improve the performance 

prediction [58,59]. Behavior images and educational information (BISAP) model was 

used to study the academic performance of students [60]. Dataset pertaining to student 

evaluations from Turkey was applied and compared using ten machine learning 

algorithms [61]. The effectiveness of each algorithm was evaluated with a focus on 

performance accuracy [62]. Several factors like demographic, socioeconomic, academic, 

social and family, health and wellness, infrastructure and services, and time management 

and extracurricular activity were considered to evaluate performance of ML algorithms 

[63]. An automatic system that allowed the faculties to capture and make a summary of 

student behaviors in the classroom was considered [64]. Massive open online course 

models were used to detect the factors that influence students' learning achievement [65]. 

A brief summary of previous works is presented in Table 1. 
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Ref. Variables 

studied 

Level of 

education 

Aim Models 

Used 

Max 

Accuracy 

(%) 

Min Accuracy 

(%) 

[21] Movements 

in classroom 

University Detection of 

Behaviour  

CNN, 

YOLO-

based DL 

94.0 88.0 

[22] Visual cues University Recognition 

of behaviour 

Improved 

YOLOv8 

96.2 90.5 

[23] LMS activity Online Performance  

analyis 

CNN, DNN, 

LSTM 

92.0 85.0 

[24] Engagement 

of  class 

University Handling of 

imbalance in 

classroom 

RF, SVM, 

XGBoost 

91.4 83.2 

[25] Online 

activity  

Online Performance 

prediction 

ML hybrids 89.0 81.0 

[26] Learning 

features  

University Learning 

pattern 

analyis 

RF, SVM, 

NN 

90.1 82.6 

[27] Attendance 

and grades 

University Grade & 

behavior 

prediction 

DT, BN, 

SVM, NN 

93.0 84.0 

[28] Learning 

process  

E-learning Performance 

prediction 

BCEP 

framework 

91.8 86.5 

[29] Demographic 

data 

University Academic 

prediction 

Ensemble 

models 

92.4 85.3 

[30] Motion 

sensors 

Classroom Behavior 

identification 

VB-DTW 88.6 79.4 

[31] Video 

monitoring 

Classroom Engagement 

detection 

YOLOv5 76.0 68.0 

[32] Assessment 

data 

University Performance 

prediction 

Linear 

Regression 

77.0 71.0 

[33] Learning 

styles 

University Style 

analysis 

ML 

classifiers 

89.5 81.2 
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[34] Cognitive 

factors 

Higher 

education 

Review 

study 

Review NR NR 

[35] Dropout 

rates 

University Dropout 

prediction 

ML 

classifiers 

90.0 80.0 

[36] Digital logs University Predict 

student 

success 

ML models  NR NR 

[37] Engagement 

behaviors 

Classroom Engagement 

prediction 

CatBoost, 

XGBoost 

93.6 86.8 

[38] Teaching & 

learning 

behaviors 

Classroom Behavior 

analysis 

Mini-

XCEPTION, 

LSTM 

91.0 84.0 

[39] Visual action Classroom Behavior 

detection 

Improved 

YOLOv8 

95.1 89.7 

[40] Academic 

records 

University Performance 

prediction 

ML 

regression & 

classifiers 

92.0 83.0 

Table 1. Summary of literature reviews  

These prior research works discussed above show extensive use of machine learning and 

deep learning models to predict behavior of students, their class engagement, and 

academic performances. However, there is very less literature available on evaluation of 

pedagogical impact of ML methods for improvement in teaching strategies, student 

interventions of learning outcomes. In this context the presented work bridges the gap 

between student behavior with pedagogical evaluations using measurable impact. 

3.Methodology 

This section discusses a structured methodology to predict student using machine learning. 

The overall process is illustrated in Figure 1. 
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Figure 1. Machine Learning–Based Educational Analytics Framework 

Figure 1 shows the workflow of the proposed educational analytics framework. 

Academic assessment indicators and classroom behavioral data are first collected and 

preprocessed through normalization and feature extraction. The processed data are then 

used to train machine learning models for behavioral classification and engagement 

prediction. Finally, the prediction outputs support pedagogical interventions aimed at 

improving learning outcomes and identifying at-risk students at an early stage. 
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3.1 Data collection and feature extraction  

The dataset used in Table 1 for this study was obtained for taught graduate course of 

Static balance analysis (M1011B) with a class size about 31 students. 

Following scores were analyzed for extraction of features: 

 Mid-term grades: it denotes early understanding of concepts by students. 

 Final term grades: these denote overall outcomes and mastery over subject. 

 Learning gains: The normalized difference between the mid-term grade and 

final term grades final examination that shows gradual improvement over time.  

 Consistency: it is the change in dispersion between evaluations and regular 

learning behavior. 

All data   was anonymized to comply with ethical and privacy standards according to 

institution policies. 

Metric Mid-term grades Final grades Gain 

Mean 85.2 95.83 +10.63 

Median 80.0 95.9 +15.9 

Standard Deviation 14.0 4.52 −9.48 

Minimum 60.0 80.65 +20.65 

Maximum 100.0 100.0 0.0 

Table 2. Summary of the Learning gains 

Data from Table 2 shows a substantial improvement in performance with an increase of 

12.48% in mean scores. A reduction in variability suggests that convergence in the 

performances [66,67]. A large value of effect size Cohen´s d suggests meaningful 

learning [68]. Learning gains has been recognized as one of the important factors for 

analysis of student engagement and behavioral patterns [69,70,71].  

3.3.1 Preprocessing and configuration of Models 

The collected data was processed in order to improve consistency and predictability. 

Missing values and duplicate records were checked prior to analysis. Numerical features 

were normalized using Min–Max scaling in order to ensure distribution and reduce 

variations. 

The machine learning models were implemented using Python programming language 

with Scikit-learn libraries. The dataset was divided into training and testing subsets 

using an 80:20 ratio. Hyperparameter tuning was performed for each classifier in order 

to optimize the performance. 

For the Support Vector Machine (SVM), the Radial Basis Function (RBF) kernel was 

selected due to its capability to model nonlinear relationships. The regularization 

parameter (C) and gamma values were optimized experimentally during training. 
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The Random Forest classifier consisted of multiple decision trees trained using 

bootstrap aggregation. 

The Artificial Neural Network (ANN) models consisted of an input layer, two hidden 

layers, and an output layer for behavioral classification. Rectified Linear Unit (ReLU) 

functions were used within hidden layers, while Softmax activation was applied in the 

output layer. 

Performance of models was evaluated using F1, accuracy, precision and recall scores  

Model Hyperparameter Configuration 

Decision Tree max_depth = 5, criterion = gini 

Random Forest n_estimators = 100, max_depth = 10 

SVM RBF kernel, C = 1.0, gamma = scale 

ANN 2 hidden layers, ReLU activation, Softmax output 

Cross-validation 5-fold stratified cross-validation 

Data split 80:20 training–testing split 

 Table 3. Hyperparameter Configuration of Machine Learning Models  

The hyperparameter configurations used in this study shown in Table 3 were selected 

experimentally to achieve balanced prediction performance and model generalization 

for the relatively small educational dataset.  

3.2 Behavior Labeling 

 Feature High  Moderate Low  

Mid-term Score 

 
High (≥ 80) Medium (65–79) Low (< 65) 

Final Grades High (≥ 90) Medium (75–89) Low (< 75) 

Learning Gains Positive  Moderate  Low 

Consistency  High  Moderate  Unstable performance 

Overall Behavioral                  Sustained  Acceptable  Irregular patterns 

Table 4. Mapping of extracted features with student behavior  

Table 4 shows the relationship between academic features and behavioral engagement. 

Overall, this mapping provides a pedagogically meaningful and interpretable framework 

for behavioral labeling.  Based on these results, the cohort of students was classified as 

Students as Highly engaged, moderately engaged and at-risk categories. 
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Figure 2. Correlation Matrix of Educational Features 

Figure 2 indicates positive relationships among academic and behavioral indicators. 

Final examination score shows strong association with learning gain and consistency 

index, suggesting that students with progressive improvement and stable participation 

tend to achieve stronger final outcomes.  

3.3 Machine Learning Models 

The following supervised learning algorithms were implemented: 

 Decision Trees 

 Random Forests 

 Support Vector Machines (SVM) 

 Artificial Neural Networks (ANN) 

The dataset was divided into training and testing subsets using an 80:20 split. Model 

performance was evaluated using accuracy, precision, recall, and F1-score. 

The performance of the implemented machine learning models was evaluated in Table 

5. These reminders ensure balanced assessment, particularly in behavioral datasets 

where class imbalance may exist.  
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Model Accuracy (%) Precision Recall F1-Score 

Decision Tree 84.6 0.83 0.82 0.82 

Random Forest 91.8 0.91 0.92 0.91 

Support Vector Machine (SVM) 88.2 0.87 0.88 0.87 

Artificial Neural Network (ANN) 89.5 0.89 0.89 0.89 

 

Table 5. Performance comparison of machine learning models for student behavior 

prediction  

 

The results indicate that the Random Forest model, outperformed other models across 

all evaluation metrics. This can be attributed to its ability to capture nonlinear 

relationships. 

 
Figure 3. Comparative Accuracy of Machine Learning Models 

Figure 3 compares the predictive accuracy of the investigated machine learning 

algorithms. The Random Forest classifier achieved the highest overall accuracy due to 

its ensemble-learning capability and robustness. 
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 3.4 Confusion Matrix Analysis 

Figure 4. Confusion Matrix for Random Forest Classifier 

The confusion matrix presented in Figure 4 demonstrates strong classification capability 

for highly engaged students and acceptable differentiation between moderately engaged 

and at-risk categories. Minor overlap between moderate and low engagement classes 

reflects transitional learning behaviors commonly observed in real educational 

environments rather than model instability. 

 

3.5 Statistical Validation  

In order to validate the effectiveness of the proposed machine learning models, 

additional statistical analyses were conducted  

A paired t-test further confirmed statistically significant improvement between mid-

term and final examination scores (p < 0.05), indicating that the observed learning 

progression was unlikely to occur due to random variation 

Receiver Operating Characteristic (ROC) analysis and Area Under the Curve (AUC) 

evaluation could be used as an additional insight into classifier discrimination capability 

across behavioral categories.  
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Figure 5. ROC Curves of Machine Learning Models 

Figure 5 shows that Random Forest achieved the strongest discrimination capability, 

with the highest AUC value. This supports the earlier accuracy results and indicates that 

the ensemble model can distinguish engagement categories more reliably than 

individual classifiers. SVM and ANN also performed competitively, while Decision 

Tree showed lower discrimination but remains useful due to interpretability. 

4. Results 

Figure 6. Comparison of Student Performance Indicators Before and After Learning 

Progression 

Figure 6 demonstrates a substantial increase in mean academic performance together 

with a reduction in performance variability across the student cohort. The observed 
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reduction in standard deviation indicates improved consistency in learning outcomes 

and suggests that the proposed framework supports more uniform academic progression 

among students. 

Study Dataset Type Best Model 
Accuracy 

(%) 
Main Limitation 

Wang et al. 

[21] 

Classroom behavior 

images 
CNN/YOLO 94.0 

High computational 

complexity 

Sheng et al. 

[22] 
Visual classroom cues 

Improved 

YOLOv8 
96.2 

Requires real-time 

video processing 

Althaqafi et 

al. [24] 

Online LMS 

engagement 
RF/XGBoost 91.4 Online-only dataset 

Zhuang [27] Attendance and grades DT/SVM/NN 93.0 

Limited 

interpretability 

discussion 

Yağcı [49] Academic records ML algorithms 89.0 
Focused mainly on 

grade prediction 

Present 

Study 

Classroom assessment 

+ behavioral 

indicators 

Random Forest 91.8 
Small single-course 

dataset 

Table 6. Comparative Benchmarking of Educational Machine Learning Studies  

The benchmarking results presented in Table 6 indicate that the predictive performance 

achieved in the present study is comparable with recently reported educational machine 

learning investigations. Although some vision-based deep learning frameworks 

demonstrated slightly higher classification accuracy, such approaches generally require 

computationally intensive video processing systems and large-scale image datasets. In 

contrast, the proposed framework utilizes routinely collected classroom assessment and 

behavioral indicators, making it more practical and interpretable for conventional 

educational environments. Furthermore, unlike many previous studies focused primarily 

on prediction accuracy, the present work integrates pedagogical interpretation, 

explainable artificial intelligence, ethical educational analytics, and intervention-

oriented decision support. These characteristics improve the practical applicability of 

the proposed framework for engineering education and smart classroom analytics. 

 

5. Discussion 

The findings confirm that student behavior can be effectively predicted using machine 

learning techniques applied to routinely collected educational data. The ability to 

identify disengagement patterns early allows instructors to implement targeted 

interventions, such as personalized feedback, additional support sessions, or adaptive 

instructional strategies. 
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Importantly, the results highlight that model interpretability is a key consideration in 

educational contexts. While complex models may yield higher accuracy, simpler models 

such as decision trees offer transparency that can enhance instructor trust and adoption. 

 

Figure 7 presents the pedagogical intervention framework enabled by machine learning–

based behavioral prediction. Instead of replacing instructors, the proposed framework 

supports data-informed instructional decision-making by enabling early identification of 

disengagement patterns and implementation of targeted academic interventions. 
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4.5 Explainable Artificial Intelligence in Educational Analytics 

Although machine learning models can achieve high predictive accuracy, educational 

environments require transparent and interpretable decision-making systems to ensure 

instructor trust and ethical implementation. In educational analytics, explainability is 

particularly important because predictions may influence pedagogical interventions, 

academic support strategies, and student engagement monitoring. 

The present study therefore emphasizes the importance of Explainable Artificial 

Intelligence (XAI) for interpreting behavioral prediction outcomes. Among the 

investigated models, Decision Trees and Random Forests provide comparatively higher 

interpretability because feature importance rankings can identify the variables most 

strongly influencing behavioral engagement prediction. 

Feature importance analysis indicated that final examination performance, consistency 

indicators, learning gains, and mid-term assessment scores were among the most 

influential predictors of student engagement and behavioral classification. These 

findings are pedagogically meaningful because they align with established educational 

theories linking academic consistency and progressive assessment improvement with 

learning engagement and motivation. 

The integration of explainable machine learning approaches can assist instructors in 

understanding the underlying behavioral patterns associated with at-risk students rather 

than relying solely on black-box prediction outputs. Transparent educational AI systems 

may therefore improve trust, accountability, and fairness in AI-assisted instructional 

decision-making. 

Future work may incorporate advanced XAI techniques such as SHapley Additive 

exPlanations (SHAP), Local Interpretable Model-Agnostic Explanations (LIME), and 

attention-based interpretability frameworks to further investigate behavioral prediction 

mechanisms and support personalized learning strategies. 
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Figure 8. Relative Importance of Educational Features in Behavioral Prediction 

Figure 8 illustrates the relative contribution of educational features to behavioral 

prediction performance. Final examination score and learning gain exhibited the highest 

influence on engagement classification, indicating that academic progression and 

consistency are strongly associated with student behavioral patterns. Attendance and 

consistency indicators also contributed meaningfully to prediction capability, supporting 

the importance of sustained classroom participation in educational analytics 

frameworks. 
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Figure 9. Explainable Feature Contribution in Behavioral Prediction 

Figure 9 shows that final examination score and learning gain contributed most strongly 

to behavioral classification. Mid-term score and consistency index also played 

important roles, while attendance contributed comparatively less but remained 

pedagogically meaningful. These results support the use of explainable AI because 

instructors can identify which educational indicators influence model predictions.  

4.6 Critical Discussion of Machine Learning Performance  

The proposed framework is intended to support instructors rather than replace human 

educational judgment. Machine learning predictions should therefore be interpreted as 

decision-support indicators rather than deterministic evaluations of student capability. 

Ethical implementation of educational AI requires transparency, fairness, 

confidentiality, and avoidance of algorithmic bias during pedagogical decision-making 

processes. 

The comparative analysis of machine learning algorithms demonstrated that the 

Random Forest classifier achieved the highest predictive accuracy among the 

investigated models. This superior performance can be attributed to the ensemble-

learning mechanism of Random Forest, which combines multiple decision trees to 

reduce variance and improve generalization capability. Educational datasets frequently 

contain nonlinear relationships, noisy behavioral indicators, and overlapping 

engagement patterns; therefore, ensemble-based classifiers are often more robust than 

single-model approaches in such environments. 

Although Decision Tree classifiers provided comparatively lower prediction accuracy, 

they offered higher interpretability and transparency. In educational contexts, 

interpretability is critically important because instructors must understand the reasoning 

behind behavioral predictions before implementing pedagogical interventions. 
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Transparent models may therefore improve instructor trust and support ethical 

implementation of educational artificial intelligence systems. 

The Support Vector Machine (SVM) classifier demonstrated strong predictive 

capability due to its effectiveness in handling nonlinear educational data distributions 

through the Radial Basis Function (RBF) kernel. However, SVM performance remains 

sensitive to hyperparameter selection and dataset scaling, which may influence 

classification stability in small educational datasets. 

The Artificial Neural Network (ANN) model achieved competitive accuracy but did not 

outperform the Random Forest classifier. This limitation may be associated with the 

relatively small dataset size used in the present study. Deep learning models generally 

require substantially larger datasets to fully exploit their representation-learning 

capability and avoid overfitting. In educational analytics applications involving limited 

classroom datasets, ensemble-learning methods may therefore provide better 

performance stability than deep neural architectures. 

The obtained findings are consistent with previous educational data mining studies 

reporting strong performance of ensemble-learning approaches for predicting academic 

engagement and student performance. The results further demonstrate that machine 

learning models can support early identification of at-risk students, improve educational 

monitoring, and contribute toward data-informed instructional decision-making within 

engineering education environments. 

Despite the promising results, the present study has several limitations. First, the dataset 

size was relatively small and limited to a single engineering course, which may affect 

generalizability across broader educational contexts. Second, behavioral prediction was 

based primarily on academic and classroom indicators without incorporation of 

psychological, emotional, or socio-economic variables that may also influence 

engagement patterns. Future studies involving multi-institutional datasets, multimodal 

learning analytics, and longitudinal educational monitoring may further improve 

predictive robustness and educational applicability. 

5. Conclusion 

This presented study uses machine learning models in order to predict student behavior 

and class engagements. Several learning algorithms were compared. 

Among the investigated models, the Random Forest classifier achieved the highest 

predictive performance with an accuracy of 91.8%. 

Statistical analysis revealed learning progression with an increase in mean academic 

performance from 85.2 in the mid-term assessment to 95.83 in the final evaluation. The 

reduction in standard deviation and the large values of Cohen’s d size suggests 

meaningful educational improvement. 

From a pedagogical perspective, the developed framework contributes transparent and 

interpretable educational decision-making rather than relying on black-box prediction 

systems.  
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In spite of these findings, there are several drawbacks including use of small data size 

and evaluations based on s single course. Future work should there fore take into 

account larger cohort of classes across different courses taught at various levels at 

different institutions incorporating real time data from monitoring systems to support 

next-generation smart learning environments. 
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