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Abstract—This research work aims to design a machine learn-
ing model for predicting the learning effect of students based
on a large dataset of 14,000 entries with 25 multidimensional
variables of information literacy skills, such as information
access competence, information processing capacity, learning
literacy features, knowledge of information skills, information
behavior, information ethics, and information technology use. The
response variable, Learning_Effect, is classified into five levels of
performance, creating a multi-class classification task. The model
was built in Google Colab with Python and scikit-learn libraries,
splitting the dataset by stratified sampling (80% for training and
20% for testing). A baseline Random Forest classifier was created
and then optimized by adjusting the number of estimators,
maximum depth, and class balancing methods. An XGBoost
classifier with regularization and early stopping was also created
to improve generalization and avoid overfitting.Robustness of
the models was tested using 10-fold stratified cross-validation,
and feature importance analysis was conducted to determine the
most important predictors of learning outcomes. The ensemble
models were optimized to obtain about 98.5% accuracy with high
agreement metrics, indicating that sophisticated machine learning
methods are very effective for predicting learning performance
of students.

Index Terms—Machine Learning, Learning Effect Prediction,
Random Forest, XGBoost, Educational Data Mining, Learning
Analytics

1. INTRODUCTION

In recent years, the integration of digital technology in
higher education has transformed the teaching and learning
process, and information literacy has become an essential
skill for college students. Information literacy involves not
only technical skills but also information access, evaluation,
processing, ethical awareness, and the effective use of digital
technology. With the growing availability of large-scale edu-
cational data, Educational Data Mining (EDM) has become a
prominent area of research, which aims to identify patterns in
the learning behavior of students. The foundational literature
reviews by Baker and Yacef [1], Romero and Ventura [2], and
Pen™a-Ayala [3] highlight that machine learning methods are
effective in predicting academic performance and improving
education.

Theoretical frameworks of machine learning and data min-
ing have been proven to be strong predictive tools in education.
Traditional literature such as Mitchell’s guidelines for machine
learning [4] and Han et al.’s overall framework for data mining
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[5] laid the groundwork for classification, pattern recognition,
and knowledge discovery. Upon these foundations, recent liter-
ature has utilized algorithms such as Support Vector Machines,
Gradient Boosting models, and ensemble methods to forecast
student performance and behavioral patterns [6]—[9]. Literature
on information literacy evaluation also indicates that multi-
dimensional criteria can predict learning efficacy [10], [11].

However, despite these improvements, modeling learning
effects in students still proves to be a challenge because of
the complexity and high dimensionality of educational data.
Most of the previous works have been based on limited
features or single-model strategies, which can be restrictive
in terms of predictive robustness and generalization. Thus,
ensuring valid predictive validation and comparative analysis
for ensemble methods becomes a crucial task for implemen-
tation. In this regard, this work proposes a holistic machine
learning approach that utilizes multidimensional information
literacy features and ensemble classifiers to enhance predictive
accuracy and validity, thereby promoting intelligent and data-
driven educational decision-making systems [12], [13].

II. RELATED WORK

The use of machine learning algorithms in the analysis of
student behavior and prediction of academic outcomes has
been widely explored in the field of Educational Data Mining
(EDM). Baker Yacef (2009) highlighted the revolutionary
potential of data mining in enhancing learning design [1],
while Romero Ventura (2010) pointed to classification and
prediction as key approaches in the modeling of academic per-
formance [2]. Pen"a-Ayala (2014) also illustrated the utility of
data mining algorithms in the discovery of patterns associated
with achievement and engagement [3].

More recent studies have targeted the application of machine
learning models to predict the effectiveness of learning. Shi
et al. (2023) identified the characteristics of learning behav-
iors to predict the performance of information literacy skills
among students, emphasizing the role of behavioral factors
[10]. Likewise, Sun et al. (2022) demonstrated that ensemble
learning improves the accuracy of predictions in utilizing
diverse student information [6].

In the context of higher education, Pei (2022) proposed
a machine learning model to assess teaching effectiveness,
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proving the applicability of algorithmic methods to estimate
course outcomes [9]. These studies prove that sophisticated
classification models can be useful in educational assessment
and decision-making tasks.

Further research has also been carried out on algorithmic
optimization and engagement modeling methods. Xu (2022)
proposed a hybrid GBDT-LR model to improve the accuracy
of the prediction task [7], and Jia and Wang (2021) employed
an optimized SVM to explore information-related anxiety [8].
Hussain et al. (2018) linked the prediction of engagement to
the accomplishment of course assessment [13], and AlSham-
mari et al. (2013) verified the overall impact of data mining
on learning outcomes [12]. In conclusion, the above research
works provide a solid foundation for the development of
effective ensemble models for predicting the learning impact
of students.

III. METHODOLOGY

The proposed methodology is based on a comprehensive and
well-organized machine learning framework that uses multi-
dimensional information literacy data obtained from 14,000
students with varying academic disciplines and levels of per-
formance. The process starts with data preprocessing, which
involves data cleaning, normalization, and missing value treat-
ment, followed by significant feature selection to identify the
most informative features. Several ensemble learning models
are then trained to identify nonlinear patterns in the data.
Stratified cross-validation is used to ensure that the class
distribution is balanced during the training and testing process,
which helps to ensure a fair assessment of model perfor-
mance. This well-organized methodology helps to improve
the generalization ability of the model, prevents overfitting,
and provides reliable predictions regarding the overall learning
efficiency of the students.
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Fig. 1. System Architecture of the Proposed Model
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A. Dataset Description

The proposed methodology is based on a well-structured
and organized machine learning approach that utilizes multidi-
mensional information literacy data collected from 14,000 stu-
dents [14] with varying backgrounds. The proposed method-
ology includes data preprocessing, feature selection, training,
and evaluation tasks. Ensemble learning methods are em-
ployed to address complex relationships between features, and
stratified cross-validation is employed to preserve the class
distribution. The proposed methodology is well-structured to
prevent overfitting and make accurate predictions about the
overall learning effectiveness of students.

Count

Learning Effect Class

Fig. 2. Class Distribution Before SMOTE

Fig.2 presents the original class distribution of the Learning
Effect variable before applying any balancing technique [14].
Class 3 contains the majority of samples, while Classes 1 and 5
have very few, showing a clear imbalance in the dataset. This
imbalance can affect the model’s performance by making it
biased toward the dominant class, highlighting the need for
balancing methods.

B. Data Preprocessing

Data Preprocessing Data preprocessing is an important step
in the machine learning process that involves the transforma-
tion of raw data into a clean and organized format that is
ready for use in training models. Data preprocessing involves
dealing with missing values, eliminating duplicates, encoding
categorical variables, scaling numerical variables, and address-
ing class imbalance.

1) Class Imbalance Handling: Class imbalance occurs
when certain classes contain significantly more samples than
others, which can bias the model toward majority classes.
In this study, class imbalance was addressed using cost-
sensitive learning through the class weight parameter in the
Random Forest model. In addition, the Synthetic Minority
Over-sampling Technique (SMOTE) was applied to generate
synthetic samples for minority classes. These techniques im-
prove model fairness and enhance classification performance
across all classes. Furthermore, balancing the dataset reduces
the misclassification of minority classes and improves the
overall generalization ability of the predictive model.
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Fig. 3. Class Distribution After Applying SMOTE

Fig. 3 illustrates the class distribution after applying the
Synthetic Minority Over-sampling Technique (SMOTE) [9].
It can be observed that all five Learning Effect classes now
contain an equal number of samples (5180 instances each).
This balanced distribution improves the fairness, robustness,
and stability of the classification process.

Class imbalance: This is a problem that arises when there
are unequal distributions of classes in datasets, which may
cause biased results towards the majority classes [1], [3]. To
counter this problem, cost-sensitive learning was employed
usingclass weight="balanced" inthe Random Forest
model [4].
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Fig. 4. Class Distribution Balancing

The above figure represents the class distribution without
using any kind of balancing method.The number of samples
in Class 3 is the highest, while Classes 1 and 5 have very
few samples. Classes 2 and 4 have moderate sample distribu-
tions. The above class distribution shows that there is class
imbalance in the dataset.

2) Stratified Sampling: Stratified sampling maintains the
distribution of classes while splitting the data for training
and testing, as well as during cross-validation, which helps
in unbiased learning and accurate evaluation in multi-class
educational prediction problems [2]-[5]. Stratified sampling
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helps in improving the stability of the model, as it removes
biases in sampling, and also helps in ensuring that all cate-
gories of learning outcomes are properly represented in the
data for training and validation.
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Fig. 5. Stratified Sampling Distribution

The above figure represents the stratified sampling distri-
bution without a train-test split. The stratified sample has
almost equal proportions for all five Learning Effect classes,
as compared to the original dataset.This verifies that stratified
sampling preserves the class distribution successfully.

3) Train—Test Split: Train-test split is a basic approach to
test the performance of machine learning models on unseen
data [4], [5]. In the proposed work, the dataset was split into
80% for training and 20% for testing purposes to avoid over-
fitting [2]. The training dataset was utilized for developing the
model, and the testing dataset was used to test the performance
of the model.

4) Label Transformation: Label transformation is the pro-
cess of transforming class labels into a form that is ma-
chine learning algorithm compatible, especially in multi-class
classification problems [4], [5]. In this research, the labels
were changed from 1-5 to 0-4 to comply with the indexing
requirement of XGBoost and were later changed back to their
original scale after prediction [2].

Add 1
XGBoost Model Final Prediction
(0-4 Indexed) [1,2,3,4,5]

Fig. 6. Stratified Label Transformation

Subtract 1
(Label Encoding)

The above figure represents the process of label transfor-
mation for the XGBoost model. As XGBoost needs the class
labels to be indexed from 0, the original labels [1, 2, 3, 4, 5]
are transformed by subtracting 1 to get the labels [0, 1, 2, 3, 4].
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Finally, after prediction, 1 is added to the predicted values to
get the original labels.

C. Model Implementation

1) Random Forest Algorithm: Random Forest is a type of
ensemble learning algorithm that builds many decision trees
using a technique called bootstrap sampling and choosing
randomly at each split [4], [5]. Each decision tree is trained
on a randomly selected subset of the training data, and at
each node, a random subset of features is chosen. For a
classification problem, the output is generated by majority
votes among all decision trees, which improves the robustness
of the model.

The final prediction of the Random Forest classifier is
defined as:

y" = mode{hdx)}" ,_; (D

where ht(x) represents the prediction of the t-th decision
tree and T denotes the total number of trees.
Algorithm Steps:
1) Draw T bootstrap samples from the original training data
set.
2) For each of the T bootstrap samples, grow a decision
tree as follows:
- Randomly choose a set of features for each node.
- Use the best feature to split the node based on an
impurity measure, such as the Gini index.

3) To build T independent trees.

4) Combine the predictions of all trees using majority

voting to produce the final classification result.

2) XGBoost Algorithm: XGBoost (Extreme Gradient
Boosting) is an efficient ensemble learning algorithm that
uses the gradient boosting concept to construct decision trees
sequentially in order to reduce the prediction error [4], [S].
Unlike bagging techniques, XGBoost enhances the predictive
model by adding new trees that can correct the residual errors
of the previous trees. XGBoost uses regularization terms to
handle model complexity and avoid overfitting, which makes
it a very effective technique for multi-class classification tasks
in educational data mining [6], [10].

The objective function of XGBoost is given by:

L(¢) = Q(fk)

=1 k=1

Iy,y )+ @

1 1

where I(y;, y”i) represents the loss function measuring the
difference between the true label y; and predicted value y~,
and Q(fk) is the regularization term that penalizes model
complexity.
Algorithm Steps:
1) Set initial predictions to a constant.
2) Calculate the gradient (residual error) using the loss
function.
3) Train a new decision tree to approximate the residual
error.
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4) Add the weighted prediction of the new tree to the
original prediction.

5) Regularize to control tree size.

6) Repeat the steps until the maximum number of trees is
reached.

3) Cross-Validation: Cross-validation is a model evaluation
method used to determine the generalization capability of a
machine learning model. In this research, 10-fold stratified
cross-validation was employed, where the data was split into
ten equal portions while maintaining the class proportion. The
model was trained on nine portions and tested on the other
portion, and this was repeated ten times. The average accuracy
over all ten portions was calculated to provide a more accurate
and robust result.

Ten-Fold Cross-Validation Accuracy
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99.0 4

Accuracy (%)

98.5 +

98.0 1

T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
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Fig. 7. Stratified 10-Fold Cross-Validation

The above Stratified 10-Fold Cross-Validation illustrates the
process where one fold is used for validation and the remain-
ing nine for training, repeated ten times. Stratified sampling
preserves the class distribution in each fold, reducing bias and
improving the reliability, robustness, and generalization of the
prediction model.

As shown in Figure 1, The system starts with the Data
Layer, where 14,000 student data with 25 information literacy
features are read from Google Drive. The Preprocessing
Layer carries out data preprocessing, label encoding for
XGBoost (1-5 to 0-4), class weight handling for imbalanced
classes using class_weight="balanced" argument, and
stratified train-test split to preserve class distribution.

The Modeling Layer uses two ensemble machine learning
models: Random Forest and XGBoost with hyperparameter
tuning, regularization, and early stopping. The Evaluation
Layer evaluates the models using accuracy, precision, recall,
F1-score, confusion matrix, Cohen’s Kappa, and 10-fold strat-
ified cross-validation.

Finally, the Output Layer generates the predicted learning
categories and feature importance analysis. Fig. 1 shows the
entire flow of the proposed predictive model.

Page No:51



Journal of Interdisciplinary Cycle Research ISSN NO: 0022-1945

IV. RESULTS AND DISCUSSION A. Comparison Table

From the experimental results, it is clear that the proposed
machine learning method based on the ensemble approach is TABLE III
able to provide accurate predictions for the learning effec- PERFORMANCE COMPARISON
tiveness of students. The performance of both the Random Model Acc (%) | Prec Rec Fi Kappa
Forest and the XGBoost models was excellent when stratified Baseline RF 92.50 0846 | 0948 | 0.894 | 0.859
cross-validation was employed, and the best model was able Improved RF 93.96 0.941 | 0.940 | 0.935 | 0.907
to provide an accuracy of around 98.5% on average. The XGBoost 98.50 0985 | 0985 | 0.985 | 0.977
analysis of the confusion matrix shows that there is a balanced
prediction for all categories of learning effectiveness, which A comparative analysis of the Baseline Random Forest,

proves the effectiveness of the strategy adopted to handle the ~Improved Random Forest, and Regularized XGBoost models
class imbalance problem. Moreover, the analysis of the feature i presented in Table III. The baseline Random Forest achieved
importance shows that the most important information literacy = an accuracy of 92.50(Kappa = 0.859). After hyperparameter
and behavioral factors have a significant impact on learning tuning and class balancing, the Improved Random Forest
effectiveness. increased the accuracy to 93.96 (Kappa = 0.907).

The above results prove the effectiveness and generalization The Regularized XGBoost model achieved the best perfor-
ability of the proposed framework. The proposed ensemble mance, with an accuracy of 98.50, precision, recall, and F1-

approach improves the stability of predictions for multiple score of 0.985, and a Kappa value of 0.977. These results
validation iterations. indicate that the proposed XGBoost model provides superior

predictive performance and stronger agreement compared to
TABLE I the Random Forest variants.
PERFORMANCE METRICS OF THE IMPROVED RANDOM FOREST MODEL Overall, the results suggest that optimized ensemble learn-
Niodel Accuracy (%) Precision  Recall Fi-Score Cohew’s Kappa ing strategies contribute to improved classification perfor-
Random Forest (mproved) %9 094 050 093 0907 mance and robustness in large-scale educational datasets.

The performance metrics of the Improved Random Forest
model are shown in Table I. The model has an accuracy of 100
93.96% with a Cohen’s Kappa value of 0.907, which is an 96.50%
indication of strong agreement beyond that of chance. The
precision value of 0.941, recall value of 0.940, and F1-score of
0.935 are an indication of well-balanced results for all classes.

Accuracy ()

TABLE II
PERFORMANCE METRICS OF THE PROPOSED MODEL

Model Accuracy (%) Precision Recall F1-Score Cohen’s Kappa
XGBoost (Regularized) 98.5 0.985 0.985 0.985 0.977

The performance evaluation of the proposed Regularized e o \mp‘om““ @Egdama\
XGBoost model is presented in Table II. The model achieved oot
an overall accuracy of 98.5 with a Cohen’s Kappa value
of 0.977, indicating near-perfect agreement beyond chance.
In addition to accuracy, the model obtained a weighted

precision of 0.985, weighted recall of 0.985, and an F1- A comparison of the accuracy of the models is shown in
score of 0.985, demonstrating highly balanced classification Fig. 8. The regularized XGBoost model has the best accuracy
performance across all five learning effect categories. The  an( significantly outperforms both the baseline Random Forest
confusion matrix analysis further confirms the effectiveness configuration and the improved Random Forest method. This
of the model, with the majority of instances correctly clas-  jmprovement highlights the effectiveness of regularization and
sified along the diagonal. For example, Class 2 recorded poosting in handling complex patterns. It also demonstrates
1279 correct predictions, while Classes 1 and 3 achieved petter generalization and reduced overfitting compared to
696 and 698 correct classifications, respectively, with only  ensemble-based approaches. The results further indicate that
minor misclassifications between adjacent performance levels.  advanced boosting techniques can capture intricate feature
The 10-fold stratified cross-validation also yielded consistently  jnteractions more effectively. This makes the model more suit-

high accuracy values, reinforcing the stability and robustness  ,pe for high-dimensional and complex educational datasets.
of the proposed approach. Overall, the results validate the

strong generalization capability of the Regularized XGBoost B Confusion Matrix
model and demonstrate its suitability for large-scale multi- The confusion matrix represents the classification accuracy
class learning effect prediction tasks. of the proposed model.

me""("

Models

Fig. 8. Visual Comparison of Model Accuracy

Volume 18, Issue 05, May/2026 Page No0:52



Journal of Interdisciplinary Cycle Research

1200
o - 38 ] (] 0 0
1000
- 0 0 0
800
©
B o 0 0 0
g - 600
m- Q 0 4 0 - 400
- 200
L o] [} 0 (4] 47
l 1 i i I =]
0 1 ] 7 4

Predicted
Fig. 9. Confusion Matrix

The confusion matrix of the Regularized XGBoost model
shows that most instances are correctly classified, as indicated
by the dominant diagonal elements.

Classes 0 and 4 have perfect classification, while Classes
1, 2, and 3 achieve high correct predictions with only minor
misclassifications, mainly between adjacent classes.

These results indicate that the model effectively captures
class boundaries and minimizes classification errors. The lim-
ited confusion between neighboring classes suggests slight
overlap in feature distributions. Overall, the results confirm
the strong classification performance and balanced prediction
capability of the model across all learning effect categories.

V. CONCLUSION

This paper introduced an improved machine learning ap-
proach for the prediction of students’ learning efficiency based
on behavioral and academic features. Compared to the baseline
Random Forest configuration, which showed a Random Forest
accuracy of 92.50%, the Improved Random Forest approach
showed a higher accuracy of 93.96% with a Kappa value
of 0.907, which is more consistent and reliable. In addition,
the Regularized XGBoost approach showed a significant im-
provement over all other approaches, with an accuracy of
98.5%, precision of 0.985, recall of 0.985, Fl-score of 0.985,
and a Kappa value of 0.977. The experimental results have
confirmed that proper regularization and parameter tuning of
advanced ensemble learning methods can lead to a significant
improvement in the prediction accuracy. The high Kappa value
also confirms that the results are not due to chance, which
further supports the validity of the proposed approach.

The proposed model can be effectively applied in real-
world educational systems for early identification of student
performance levels. It can assist educators in making data-
driven decisions to improve learning outcomes. Future re-
search directions could include the development of hybrid
ensemble learning models, deep learning models, and multi-
institutional datasets.
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VI. FEATURE SCOPE

The feature scope of this research is determined by the set of
behavioral, academic, and engagement-related indicators that
affect students’ learning outcomes. The features considered
for this research are academic performance features (like
attendance, score, and assignment submission), behavioral
engagement features (like study time, frequency, and resource
usage), and cognitive interaction features derived from learn-
ing activities.Feature selection was done to consider only
the most important predictors that influence the classification
performance. Correlation analysis and importance assessment
were used to remove redundant and less important features.
The final set of features was then used to train the Improved
Random Forest and Regularized XGBoost models, which
improved the predictive accuracy and generalization perfor-
mance. The feature scope defined in this research ensures that
the prediction model is able to identify significant learning
behaviors while being computationally efficient.
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