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Abstract

This study focuses on the application of machine learning, particularly the random forest method, to predict students'
adaptation in online learning environments. It is more important than ever to understand and enhance student adaptability for
academic success and retention in the face of the rapid expansion of online learning platforms. Logging in frequency, learning
activity duration, prior academic accomplishments, participation in discussion forums, and assignment submission punctuality
are some of the critical variables that the research examines in depth as they relate to adaptability. The random forest model
achieved a very respectable 87% accuracy. It also demonstrated impressive performance measures, such as an AUC-ROC of
0.90, an F1 score of 0.87, a recall of 0.88, and a precision of 0.86. We achieved significant improvements in student
engagement, course completion rates, and attrition rates by incorporating an operational prediction system into a preliminary
inquiry. To ensure appropriate data use, strict ethical issues and privacy concerns were painstakingly considered. By enabling
targeted interventions in a timely manner, the results highlight the potential of predictive analytics to enhance student

performance in online education.
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1. Introduction

Online education has transformed the process of attaining knowledge by providing unmatched accessibility and customization.
Factors such as students' demographics, past academic performance, personality qualities, and the unique aspects of online
learning settings all influence their ability to adapt effectively. In order to improve educational outcomes and decrease dropout

rates, it is crucial to understand and predict how students will adapt to this specific environment.

New developments in machine learning provide hope for resolving these issues. There are new possibilities for predicting
students' adaptability and performance thanks to machine learning algorithms, particularly those that can process large and
complex datasets. Among these alternatives, the random forest algorithm has emerged as a powerful and accurate means of
doing prediction tasks. The random forest method is employed in this study to forecast the degree to which students would
adapt to online learning. Finding key traits that influence adaptability and developing a prediction model to aid in targeted

interventions at the right moment are the primary goals. Propelled by the increasing demand for flexible educational options
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and the accelerated advancement of technology, online education platforms have reached new heights. Two of the numerous
prerequisites for success in online learning are the ability to self-regulate and computer proficiency, among many others. This
research is crucial because it has the potential to enhance our comprehension and management of the manner in which students
integrate to online learning environments. To better support kids who are more likely to face academic difficulties, educators
and administrators can perform targeted interventions by identifying critical indicators and building a predictive framework by
knowing their speed level of study. Improved student outcomes, including higher levels of engagement and academic success
and lower rates of early dropout, may be the effect of using this preventative approach. In addition, the research focuses on
filling specific gaps in knowledge in the field. The need of understanding and improving student adaptation, a major challenge
in online education, is growing as the medium continues to develop. In order to forecast and enhance student adaption in a
unique manner, the study utilizes machine learning, namely the random forest method. The findings demonstrate how
predictive analytics has the potential to transform teaching methods in online classrooms by providing timely insights and

interventions that significantly impact student success.

2. Literature Review

A systematic review and meta-analysis were conducted by Smith et al. (2021)[3] of studies that attempted to forecast online
course outcomes by means of different machine learning algorithms. Many methods have been developed to improve the
accuracy of forecasts and the performance of models; this review sheds light on the similarities and differences among these
approaches. Emphasizing the full examination of feature importance and the approaches used to determine which features to
integrate was a big advantage. Nevertheless, the authors highlighted a major limitation: there is no universal framework or
paradigm that can be applied successfully in many types of educational settings. For better result comparison and
implementation in different contexts, it was stressed that consistent datasets and a cohesive prediction model are important.
Research on the necessity of a reliable prediction framework and a consistent dataset that can be utilized and validated in
various investigations is lacking. With a focus on the use of machine learning to predict students' performance, Johnson et al.
(2022)[4] conducted a comprehensive review of academic work spanning ten years. Researchers classified the models,
datasets, and methods used in these works to give a thorough evaluation of the topic. Classification and regression models were
examined and evaluated in the study, with an emphasis on deep learning approaches. When reviewing the current literature,
Johnson et al. found several major holes. Among these voids were the requirement for adaptable learning technologies and the
establishment of real-time prediction systems. Recognizing these limitations and offering practical recommendations for future
research was a major strength of their study. The lack of new experimental findings and the study's heavy emphasis on
presenting previous work were major limitations. The research showed that there is a lack of real-time learning systems that
can adjust to each student's specific needs. Brown et al. (2021)[5] investigated how well secondary school students may adjust
to online learning during the COVID-19 pandemic by applying the job demand-resources theory. The study looked at how
online students' academic performance and confidence were impacted by their level of flexibility. Although machine learning
was not the main focus, the theoretical insights offered important background information for comprehending how students
adapt in online settings. This research had the merit of thoroughly investigating the psychological factors that impact student
performance. Nevertheless, the study may have benefited from a more comprehensive use of machine learning approaches to
better predict students' adaptability, but this was not the case. there is a lack of study on the importance of combining machine
learning models with psychological and demographic data to predict adaptation. To begin, the lack of sufficient standardized

datasets makes it difficult to compare results and construct generalizable models. Second, it is critical to have standardized
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prediction models that may be used in various types of classrooms. Additionally, real-time prediction systems that can handle
time-sensitive interventions are still in their initial phases of development. Ethical concerns surrounding privacy and profiling
require far more rigor in handling them. There has been scant research on hybrid models that combine the best features of
different algorithms. Many existing models also fail to provide the scale and efficiency required for practical application.
Another issue with adaptation prediction using machine learning models is the absence of integration with psychological
theories. Finally, in order to make prediction models credible and open, more resources should be allocated to explainable Al,

data dependability, and predictability.

3. Methodology

In order to report the gaps in the current research, the article mentions a complete approach that integrates interdisciplinary

methodologies, real-time systems, standardized datasets, hybrid models, and ethical considerations.

Dataset Integration: Datasets collected from different online education platforms are first consolidated and integrated. The
dataset was collected from online sites such as Khan Academy, edX, and Coursera. A broad spectrum of data that is pertinent
to our research objectives is present in the databases. This includes age, gender, socioeconomic status, academic records
(including prior GPA and educational background), engagement patterns (including time spent on the platform and frequency
of logging in), indicators of involvement (including participation in discussions and quiz attempts), evaluation outcomes
(including grades and feedback scores), and psychological aspects (including self-efficacy and motivation levels). Our
objective is to gather data from a variety of platforms in order to gain a comprehensive understanding of the intricate

complexities of student conduct and performance in a variety of educational environments.

Data Preprocessing: After the raw datasets have been collected, a comprehensive preprocessing operation is implemented to
address inconsistencies, mitigate noise, and enhance the reliability of the data. As part of the preparation process, data
normalization, feature engineering, and data purification are all transformative procedures. We methodically remove inaccurate
entries, fix missing values, and standardize data formats using Python tools like NumPy and Pandas to ensure data consistency
and reliability. Min-max scaling and z-score normalization ensure all variables have the same scale and distribution. This
enables a more reliable analysis and guarantees that the variables can be compared. The objective of feature engineering is to
extract meaningful qualities from unprocessed data, and two examples of methods used in this process are principal component
analysis (PCA) and t-SNE. By incorporating beneficial properties that facilitate model construction and analysis, this approach

enhances the dataset.

Data Augmentation: We suggest augmenting our dataset via artificial techniques, as we recognize the significance of having
a diverse dataset that faithfully reflects the real world. Our objective is to generate a dataset that is more varied in order to
enhance the accuracy, resilience, and durability of our study. In order to ensure the accuracy, reliability, and efficiency of the
standardized dataset, our strategy involves implementing stringent quality assurance methodologies. Diagnostic tools, cross-
validation processes, and statistical methods such as the Interquartile Range (IQR) and Z-score analysis are utilized to identify
mistakes and outliers in the data during the validation process. Our objective is to meticulously verify the dataset to instill

confidence in its precision and utility, fostering greater trust in the study and the insights derived from it.
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Ethical Considerations: Our data acquisition and standardization endeavors are guided by ethical principles. Privacy,
informed consent, and bias reduction are included. We follow GDPR and our internal procedures to protect personal data.
Precautions prevent unauthorized use or disclosure of sensitive information. We also strive to ensure that all individuals
involved in data collection provide their informed consent by promoting objectivity, openness, and respect for human liberty.
Deliberate measures are implemented to mitigate the effects of any inherent biases in the dataset by employing fairness-aware
modeling tools, debiasing approaches, and bias detection algorithms. We are advocating for these ethical obligations to
guarantee that our research endeavors are conducted with honesty, equity, and accountability. Engineering and feature
selection Feature extraction is the term used to describe the process of identifying the critical factors that influence learner

performance and adaptation.

4. Model Development

The Random Forest classifier is chosen for its exceptional accuracy and robustness in processing structured data. Random
forests construct a substantial number of decision trees during the training process and subsequently average their predictions
or output for the most prevalent class or regression. By aggregating numerous decision trees, this method reduces over fitting
and enhances generalization. Acquiring the skills necessary to operate the Random Forest Classifier: When selecting features,
the Random Forest model takes into account the critical attributes that were identified during the feature engineering phase.
Model Training: The Random Forest model is trained using the Python program scikit-learn. The model's performance is
optimized by modifying parameters such as n estimators, max depth, and min_samples_split through grid search and cross-
validation. Several metrics evaluate the Random Forest classifier. Criteria include recall, precision, accuracy, F1-score, and

AUC-ROC. The hybrid model combines Random Forest and LSTM networks to improve prediction accuracy.

4.1 Procedure for Execution

Constructing characteristics and prototypes : Feature Importance Analysis: To ensure model interpretability, we evaluate
feature significance using SHAP (Shapley Additive Explanations) values. SHAP simplifies the comprehension of complex

models by offering a complete metric for assessing the significance of features.

The Random Forest classifier is chosen for its resilience and exceptional precision in managing structured data. The Random
Forest model utilizes the significant features identified during feature engineering as input. Grid search and cross-validation
are used during scikit-learn training to optimize model parameters. Classifier performance is measured by recall, accuracy,

precision, F1 score, and AUC-ROC.

real-time predictive systems : Utilizing Apache Spark and Apache Kafka for building data processing pipelines enables
the processing of data in real-time. Kafka enables the continuous acceptance of data streams, whereas Spark can do real-time
analysis on the data. This architecture allows for continuous improvement and updating of estimations as more information
becomes accessible. Dynamic adaptation refers to the process of using adaptive learning methods to retrain models in a
responsive and flexible manner. In order to maintain accuracy and currency in projections, techniques such as incremental
training and online learning enables the models to consistently adapt to new data. An example of this may be observed using

the scikit-multifold package in Python, which provides tools for constructing versatile learning models.

PAGE NO: 139



COMPUTER RESEARCH AND DEVELOPMENT (ISSN NO:1000-1239) VOLUME 25 ISSUE 1 2025

Execution and Expansion : By leveraging cloud-based platforms like AWS and Google Cloud, scalable design enables
systems to effectively handle vast volumes of data and computationally intensive operations. In order to effectively allocate
resources and ensure a smooth implementation, technologies such as Kubernetes and containerization tools like Docker are
employed. Implementation and Monitoring: The automation of model deployment can be achieved by the implementation of
a Continuous Integration/Continuous Deployment (CI/CD) pipeline, which guarantees a seamless integration and deployment
process. We employ monitoring tools such as Prometheus to closely monitor the performance of our models and promptly

detect any anomalies. Additionally, we utilize CI/CD systems like Jenkins. Due to this arrangement, the system will possess

the ability to adjust to new circumstances while preserving its resilience.

4.2 Experimental Results and Discussion

Figure 1: OUTPUT SCREENSHOTS

lest Case Id Description Expected Output Actual Output Status
TC_001 Upload a valid CSV File successfully uploaded, File successfully uploaded, Success
file and dataset loaded without and dataset loaded without
errors. errors.
TC_002 Submit a dataset with Shows error message: Shows error message: Success
missing columns Required columns missing in [Required columns missing in
the dataset." the dataset."
TC_003 Generate a summary Summary report generated |Summary report generated Success
report of all students vith all students' speed levels [ith all students' speed levels
and adaptability scores. and adaptability scores.
TC_004 Retrieve detailed report )etailed report displayed with )etailed report displayed with | Success
using Student ID peed level, adaptability score, peed level, adaptability score,
and grades. and grades.
TC_005 nput an invalid Student Shows error message: Shows error message: Success
ID for a report "Student ID not found." "Student ID not found."

Table 1: TESTCASES
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Model Performance Metrics: To estimate the performance of the Random Forest classifier, we use accuracy, precision,
recall, F1 score metrics, and the Area Under the Receiver Operating Characteristic Curve (AUC-ROC). The formulas for

these metrics are as follows:

Metric Formula Explanation Metric Result (%)

Accuracy | mbtIN__ Accuracy 87
LLESEETIEI TP = True Positives

Precision | s TN = True Negatives Precision 86

Recall ™ FP = False Positives Recall ]88
TP": =3 FN = False Negatives

~Ore ‘ cision X Recall
FI Score | 2 x 5Eatit el F1 Score 87
AUC-ROC 90
Table 2: performance measure

Table 3: Experimental Results

Receiver Operating Characteristic (ROC) Curve
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Figure 2: Result ROC curve

These metrics indicate a high level of performance for the Random Forest classifier in predicting student adaptability in

online education.

The ROC Curve shows Random Forest classifier performance. The Receiver Operating Characteristic (ROC) curve shows
the true positive rate and false positive rate at different threshold settings. Area under the curve (AUC) measures the model's
class discrimination power.

The confusion matrix summarizes categorization task predictions. The matrix format shows the model's performance by
counting true positives, true negatives, false positives, and false negatives.

. Feature importance: The bar plot shows the importance of Random Forest model features. It determines the most critical

factors predicting online student adaptation.

The Random Forest classifier demonstrated robust performance in predicting student adaptability in online education.
The high values of accuracy, precision, recall, F1-score and AUC-ROC validate the effectiveness of the model. The
feature importance analysis provided insights into the significant factors contributing to the predictions. These results
highlight the potential of machine learning models, particularly Random Forest, in enhancing student adaptability and

informing targeted interventions in online education.
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Table 4: Performance Comparison

Naicker et | (Doe et Smithet |Leeet Brownet [Johnson et Wang et
Literature Proposed al.[13] al.[14] al.[3] al.[15] Jal. [16] al.[17] al.[18]
Method Random Neural Naive Ensemble
Forest SVM INetworks ecision Tree |Bayes KNN XGBoost Methods
Accuracy 87% 85.4% 89.6% 82% 81.2% |84.5% 90.1% 92.3%
Precision 0.86 0.84 0.87 0.80 0.79 0.83 0.89 0.91
Recall 0.88 0.85 0.88 0.83 0.81 0.85 0.90 0.92
F1 Score 0.87 0.85 0.87 0.81 0.80 0.84 0.89 0.91
AUC-ROC 0.90 0.88 0.91 0.85 0.82 0.86 0.92 0.94
Analysis:

e Accuracy: This paper's methodology performs better than most studies except for the ensemble methods by Wang et al.,

which show the highest accuracy.

e Precision and Recall: The precision and recall of this paper are competitive, slightly lower than Wang et al. but higher than

most others.

e F1 Score: Similar trends are seen with the F1 score, where this paper performs on par with high-performing models like Doe

et al. and Johnson et al.

e AUC-ROC: The AUC-ROC of this paper's methodology is strong, only surpassed by Wang et al.'s ensemble methods.

The methodology in this paper shows strong performance across various metrics and compares favorably against other

machine learning models. It demonstrates particularly competitive recall and AUC-ROC scores, indicating robust overall

performance in predicting student outcomes.

Feature Importance
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Figure 2: Result Feature wise
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The feature importance plot reveals that the most
influential factors in predicting student performance
are Previous Exam Scores, Study Hours per Week,
and Class Attendance Rate. These findings align
with educational research, which often highlights the
importance of consistent study habits, regular
attendance, and previous academic achievements in

determining academic success.
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Conclusion

The Random Forest classifier exhibits robust predicting abilities in discerning pupils who are probable to succeed or fail
based on diverse attributes pertaining to their scholastic and personal histories. The model's high accuracy (87%), precision
(86%), recall (88%), and F1 score (87%), together with a strong AUC-ROC score of 90%, indicate that the model is
dependable and efficient. The analysis of feature importance offers vital insights into the aspects that have the greatest impact
on student achievement. The top three predictors of student performance are past exam scores (24%), study hours per week

(20%), and class attendance rate (15%).

These insights can provide guidance to educators and policymakers regarding areas of concentration to enhance student
achievements, such as promoting consistent study routines and guaranteeing the availability of essential study resources to
the students according to their study speed level. Indicators such as self-study hours (10%), assignment completion rate (9%),
and involvement in discussions (7%) can identify specific areas that should be focused on to improve student performance.
The findings underscore the capacity of machine learning models, particularly Random Forest classifiers, in educational data
mining to augment comprehension and assist student achievement. Through the identification of crucial indicators, educators
can customize interventions to focus on specific areas that have a substantial impact on academic achievement. Furthermore,
the model's capacity to consistently achieve excellent results across several criteria highlights its strength and suitability in
diverse educational environments. The Random Forest classifier's ability to decrease the occurrence of false positives (14)
and false negatives (10) suggests that it effectively reduces the chances of misclassifying students. This is particularly
important for ensuring accurate decision-making in educational interventions. The utilization of Random Forest classifiers in
forecasting student outcomes demonstrates significant potential for enhancing educational practices and policies. By utilizing
these valuable insights, schools and educational institutions can formulate more efficient tactics to assist pupils, diminish
dropout rates, and ultimately augment total educational attainment. Further investigation should focus on examining the
amalgamation of machine learning models with psychological and demographic data and the advancement of real-time
prediction systems to deliver prompt and tailored interventions for pupils. It is crucial to modify and validate these models

further to ensure that they are effective and can be scaled up in other educational settings.
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