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Abstract

Predicting student academic performance is a critical task in EDM. To build predictive models, it is essential to
identify the most informative features from LMS data. However, existing feature selection techniques exhibit
significant drawbacks. Filter Methods evaluate features independently from the learning model, ignoring interactions
and context. As a result, they may select redundant features and lack adaptability to specific classifiers. To enhance
classification accuracy, this research proposes a permutation-based Recursive Feature Elimination with cross-
validation (RFECV) feature selection method to strengthen machine learning models' student dataset classification,
thereby eliminating bias from model-based feature importance calculations using the default method. The proposed
method excels on the available educational datasets (Math, Por, Student Success, and Student dataset) in terms of F1-
Score. Specifically, we achieved 80.59% on math dataset and 71.81% on student success dataset, both of which are
multiclass datasets.
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1. INTRODUCTION

Educational Data Mining (EDM) has emerged as a key discipline that transforms the wealth of
data generated by learning management systems (LMS) into actionable insights. Institutions leverage
EDM for a range of purposes, including predicting student performance, identifying at-risk learners,
optimizing learning resources, and personalizing instruction [1], [2]. Given the increasing adoption of
digital learning environments globally, the effective use of EDM tools has become essential for
academic institutions seeking to improve educational outcomes and retention rates [3], [4]. Predicting
student academic performance is a critical task in EDM [5]. To build predictive models, it is essential
to identify the most informative features from LMS data [6]. Feature selection plays a crucial role in
improving model performance and interpretability in student performance prediction [7]. However,
conventional feature selection methods face specific limitations [8].

Filter Methods (e.g., Chi-Square, Mutual Information). These methods evaluate features
independently from the learning model, ignoring interactions and context. As a result, they can select
redundant features and lack adaptability to specific classifiers [9]. Wrapper Methods (e.g., Recursive
Feature Elimination - RFE) are prone to overfitting. They are computationally expensive but more
context-sensitive, especially when applied to high-dimensional, imbalanced datasets [10]. Although
computationally efficient, Embedded Methods (e.g., Feature importance of tree-based models) can
exhibit bias toward variables with more unique values or higher cardinality [11]. They also tend to
overfit when not appropriately validated. Moreover, in multiclass imbalanced problems, such as those
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commonly found in MOOC or OULAD datasets, many traditional methods perform poorly on minority
classes. The mentioned issue raises concerns about the generalizability and fairness of models developed
using conventional selection strategies [12].

To address these challenges, this research proposes a permutation-based Recursive Feature
Elimination with Cross-Validation (PermutationRFECV) method. Unlike traditional RFECV, which
uses model-internal importance scores, our method employs model-agnostic permutation-based
importance scores. The approach will assess the impact on performance validation with randomly
shuffled features. The approach reduces estimator-specific bias and improves generalizability. The
method is tested across diverse student datasets and consistently improves classification performance,
particularly in multiclass and imbalanced scenarios.

Studies on student performance prediction cluster into two themes, both limited by inadequate
feature handling in imbalanced EDM contexts. First, direct ML applications on large LMS datasets,
such as OULAD, reveal classifier biases when selection is not robust. Liu et al. [13] achieved 89.25%
LSTM accuracy using clickstream features but overlooked minority-class dropouts. Al-Zawqari et al.
[13] achieved 89.25% LSTM accuracy using clickstream features but overlooked minority-class
dropouts. Al-Zawqari et al. [7] achieved 93% dropout prediction but only 81% for high achievers using
quarterly filters, highlighting the sensitivity to imbalance. Second, feature-focused enhancements show
modest gains but persistent model-dependence. Harif & Kassimi [14] used RFECV for 81% F1 on
Moroccan data (top 8 features via RF), while Tariq [15] compared SelectKBest variants (max 74.3%
SVM accuracy on Kalboard LMS). Ensemble tweaks like Yamasari et al. [16] (98.4% SVM-logreg on
small vocational data) or Priyambada [17] (92% two-layer EPP) excel on balanced subsets but falter in
multiclass noise [18] [19]. These patterns expose a core weakness: filter/wrapper/embedded methods
that select redundantly or bias toward majority- or high-cardinality features, underperforming on EDM's
noisy, imbalanced multiclass traits [12].

Educational datasets from LMS exacerbate these issues: they are inherently noisy (e.g., irregular
logins, missing interactions), high-dimensional (30+ features), and imbalanced (e.g., few high-achievers
in Math/Por datasets [20]), causing model-specific selectors like tree importance to favor high-
cardinality features while ignoring interactions critical for minority classes [11] [12]. Model-agnostic
permutation importance addresses this by quantifying the drop in CV performance post-shuffling,
ensuring robustness across classifiers without overfitting to EDM noise. This bias is particularly
dangerous in educational contexts, where misidentifying key predictors can lead to fatal intervention
errors. For instance, over-relying on high-cardinality demographic features (e.g., total LMS clicks
dominated by active students) while ignoring interaction patterns may misdirect resources, targeting
already high-performing students rather than at-risk dropouts, or ultimately worsening retention rates
and equity gaps [3] [4]. Consequently, biased feature selection does not merely degrade accuracy; it also
risks amplifying educational inequalities by systematically overlooking the proper drivers of student
failure.

This research proposes a permutation-based Recursive Feature Elimination — cross-validated
(RFECYV) feature selection method to enhance the classification of machine learning models on student
datasets. The key innovation is permutation-based feature importance scoring, which replaces the
model-based or built-in scoring in the RFECV method to eliminate bias arising from the initial model
used to calculate feature importance and to enhance generalization. The permutation-based feature
importance scoring ranks the features and removes the lowest-scoring features at each iteration. At the
end of the process, the method will return the best-selected feature with the highest cross-validation
score as the final feature. This approach enhances classification accuracy, as measured by the F1 score
metric, and is validated across multiple publicly available datasets, demonstrating the superiority of the
proposed method over the default RFECV method.

3899


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5641

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3898-3910
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5641

To address the issues we mentioned in the introduction, we propose PermutationRFECV, a
hybrid feature selection approach that integrates permutation-based importance into a recursive
elimination process. Compared to traditional RFECYV or filter-based selection, our approach offers the
following advantages. This paper makes two key contributions. First, the permutation-based calculation
on RFECV has Model-agnostic robustness. By using permutation importance, the method avoids
estimator-specific biases, leading to more generalizable feature rankings [21]. Second, Features are
recursively eliminated based on performance over multiple folds, reducing the risk of overfitting. Third,
it is evaluated in a pipeline that considers both the original and resampled data distributions, thereby
maintaining practical relevance for real-world multiclass and binary classification predictions, thereby
demonstrating its generalizability. This work advances machine learning optimization for educational
dataset classification, providing an effective solution for handling large datasets with numerous features
and classes.

The theoretical contribution of this research lies in replacing the initial RFECV calculation of
feature importance with a permutation-based method to evaluate feature importance and eliminate
model dependence on the feature selection process. Furthermore, the proposed method has been
validated across multiple publicly available student datasets and various testing scenarios to determine
whether it performs better than the initial RFECV feature selection flow. This method is benchmarked
using five classifiers and assessed using F1-macro to capture balanced and robust performance across
all classes.

The paper is structured as follows: Section 1 highlights key contributions by introducing the
permutation-based RFECV for classification on the student dataset, and Section 2 details the
methodology, explaining the permutation-based RFECV for optimal feature selection. Sections 3 and 4
present experimental results on the Por dataset, the Math dataset, the student dropout and success dataset,
and the student dataset, demonstrating improvements in accuracy. Section 5 highlights the research
limitations on the current experimental setup and results. Section 6 concludes with a summary of the
findings and future directions for optimizing the model in resource-constrained environments and for
further enhancing the current findings.

2. METHOD

This study applies numerous materials and tools to implement the proposed method. This research
was fully implemented using local resources on a laptop equipped with a 2.3 GHz Intel i5 processor and
16 GB of RAM. The hardware supports running Python 3.11 on VSCode to implement all methods,
from the dataset import to the evaluation stages.

This section will outline the research process, including the proposed method for this study.
Figure 1 illustrates the research workflow, which begins with data preprocessing scenarios, followed by
feature selection using both the original RFECV and the permutation-based RFECV, the classification
model, and performance evaluation.
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Figure 1. Research Workflow and Proposed Method
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All experiments used a consistent parameter setup for reproducibility: datasets were split into
80% training - 20% test sets using stratified sampling to preserve multiclass balance.

2.1. Dataset

The dataset used in this study is a publicly available dataset that can be accessed from the dataset
repository. Four datasets are used as the primary material in this study: the Por dataset, the Math Dataset,
the Student Success Dataset, and the Student Dataset, as mentioned in Table 1.

Table 1. Dataset's Information
Number of Number of Class/label

Dataset

Instance Features Variations
Por Dataset [20] 649 33 3
Math Dataset [20] 395 33 3
Student Drop-out and 4.424 37 3
Success Dataset [22]
Student Dataset [23] 1.203 23 7

2.2. Data Preprocessing

At this stage, all datasets are cleaned using all necessary processes. The cleaning process includes
handling missing values, correcting errors, transforming data, and handling imbalanced datasets. There
are two essential steps in data preprocessing: handling missing values and resampling the dataset. The
missing values in the Student Success Dataset will be imputed using the IterativeImputer module from
the sklearn library. Data Preprocessing follows a train-test split. To prevent data leakage, the resampling
technique is applied only to the training data, and the remaining data are kept in the original dataset to
reflect real-world deployment.

2.3. Feature Selection

The feature selection in this research employs a wrapper approach, specifically RFECV. RFECV
uses linear or tree-based models to compute feature importance, then removes features based on their
importance ranking after cross-validation using an estimator method (e.g., random forests). Recursive
Feature Elimination with Cross-Validation (RFECV) traditionally relies on model-specific internal
metrics for ranking features (e.g., Gini importance in Random Forests or weight gains in Gradient
Boosting). While computationally efficient, these methods carry several inherent limitations. Model-
based importance metrics, such as the Gini index or mean decrease in impurity, are known to
overestimate the relevance of features with many unique values [24]. Traditional RFECV importance
values are specific to the model used. For example, feature rankings from a Random Forest are not
directly transferable to an SVM or KNN, limiting their generalizability.

To address the limitations of traditional model-specific feature importance measures, particularly
in multiclass, imbalanced datasets, we employ permutation-based feature importance. This approach
provides a model-agnostic assessment of feature relevance by evaluating the impact of permuting each
feature on the model's performance. Such methods have been shown to offer more reliable insights,
especially when accounting for feature dependencies and class imbalances [25]. Moreover, recent
studies suggest that permutation-based methods are advantageous in complex settings. For instance,
Chamma [26] demonstrates how conditional permutation improves statistical validity in correlated or
structured feature spaces. These properties are particularly beneficial in multiclass, imbalanced
problems, where model bias may distort traditional importance. The following algorithm is a complete
formulation of the permutation-based RFECV.
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Let:

X eR™4 be the dataset, where 7 is the number data instances and d is the number features.
y € {cq, c3, 3, iy} be the target label with m unique classes

f be the estimator (e.g. Random Forest )

k be the number of cross-validation folds

S(X,y) be the evaluation metric (F1-score)

m be the number of features to keep

s be the number of feature that removed per iteration

NN AE WD -

P(X)y,j) be the permutation importance function, measuring how much shuftling feature j affects
the model performance.

The following process is how permutationRFECV works. Most of the process are similar to the
original RFECV other than the permutation feature importance calculation:
1. Train the estimator fusing all feature in X.
2. Compute cross-validated performance S(X,y) which can be calculated using eq 1.

S(K,y) = 1T, Si(Xy) (1)

Where the S;is the metric computed on the i-th fold.

3. Compute permutation importance for each feature
e For each feature f, shuffle its values randomly accros all instances. The shuffle step denotes on eq 2.

X; = shuffle(X;) 2)

e Train the estimator again on X j' and compute the new performance S’ (X j' ,Y)
e Compute the importance score as the performance drop using eq 3.

P(X,y,j)) =SX,y)— S'(X],y) 3)

Rank the features and removed the s features with the smallest P(X,y,f).

Repeat the step 1 and 2. If the estimator performs better, update the best feature subset.

Repeat the process until the current features number reaches m then return the feature subset that
achieved the best validation score

The proposed model introduces a permutation-based feature importance scoring, denoted in
Equation 3. The equation replaces the default (built-in) feature importance calculation used by RFECV.
While built-in or model-based feature importance scoring can be prone to bias, permutation-based
feature importance calculation is robust to this problem.

2.4. Modelling

In the modelling phase, there are some specific uses of parameters to conduct the research. Feature
selection employed 5-fold cross-validation, which is standard for small-to-medium datasets [10], with
Random Forest (100 trees) as the base estimator. chosen for its noise robustness and top performance in
EDM benchmarks [14] [15]. SMOTETomek used default settings (k=5 nearest neighbors) to handle
imbalance, while RFECV used automatic feature selection based on the optimal CV score. The
classification method includes ensemble methods and baseline methods, which help better understand
how the proposed method performs. Compared with other baseline methods, the ensemble method
explores all possible interactions between the feature selection method and each method. Theoretically,
the ensemble can outperform other baseline methods. However, there is still a chance that the baseline
method performs better on selected features and imbalanced datasets.
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2.5. Performance Evaluation

Since the dataset is imbalanced, the evaluation metric used in this study was adjusted to reflect
the relevant values. Aside from the imbalanced distribution, the dataset is multiclass. Hence, the
appropriate evaluation metric should be regarded. The evaluation metrics used in this study are the
Macro F1 score, as denoted in equations 4 and 5.

2x Precision x recall

Fl1= 4)

Precision x Recall

.. True Positive
Precision = — — (5)
True Positive+False Positive

True Positive

Recall = (6)

True Positive+False Negative

1
Flyacro = c lC=1 F1; (7
Where C is the number of classes

3. RESULT

The result section focuses on the performance evaluation of each testing scenario. The scenarios
were designed to fully capture how the proposed model, Permutation RFECV, performs compared to
other test scenarios for each classification method. This study employs several testing scenarios, such
as classification on the original dataset, classification on the resampled dataset, classification on the
feature-reduced original dataset using RFECV, classification on the resampled dataset, classification on
the feature-reduced resampled dataset using RFECV, classification on the feature-reduced original
dataset using PermutationRFECV, and classification on the resampled dataset, classification on the
feature-reduced resampled dataset using PermutationRFECV. The following sub-chapter will discuss
the feature selection results of both original RFECV and PermutationRFECYV to examine the differences
in the final selected features. Followed by the comparison of the evaluation performance on each data
stage on every classification method, along with thoughts on the results.

3.1. Dataset Resampling

Even though the research's main objective is to propose a feature selection model for classifying
educational datasets, the dataset's inherent characteristics cannot be ignored. Each of the dataset's
condition need to be addressed in advance to provide a completely fair testing scenario. The dataset
produced by the educational field will mostly be imbalanced, whether it concerns class grades,
graduation and dropout rates, or students' performance in a course. Hence, data imbalance handling
needs to be carried out prior to any modeling process. The original datasets prevail, while the resampled
datasets are also produced. Both of the dataset states will be tested to further measure how these datasets'
conditions affect the feature selection and classification performance.

As mentioned earlier, all the datasets used in this study share a common condition: an imbalanced
class distribution. The imbalanced class distribution can hinder classification performance, even though
resampling may not always be the best solution. Hence, every data condition must be tested to determine
how data resampling affects classification performance. SMOTE Tomek is the resampling method used
in this study. The combination of oversampling and undersampling in SMOTETomek effectively
balances classes and reduces noise from overlapping samples of the majority class. Figures 2-5 show
how the resampling mechanism changes each dataset's distribution.
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Figure 2. Math Dataset before resampling (a) and after resampling (b)
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Figure 3. Por dataset before resampling (a) and After resampling (b)
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Figure 4. Student Success before resampling (a) and after resampling (b)
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Figure 5. Student dataset before resampling (a) and after resampling (b)

3.1.1. Feature Selection

This section compares the permutation-based RVECV with the traditional RVECYV in assessing
feature relevance. Dimensionality reduction is crucial for alleviating the computational burden on the
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classification model. As the data has more features, the classification model tends to run slower. Other
than that, the dataset's features may not generally contribute to the pattern. In fact, they may disrupt the
classification model's performance because it may contain noisy or biased features. According to the
previous statement, feature selection is one solution to improve classification results for a dataset.
However, feature selection does not guarantee that a classifier will perform better. It all depends on the
dataset's characteristics.

As stated earlier, this research aimed to modify the existing wrapper-based feature selection
method, specifically RFECV. It is generally believed that the default RFECV uses model-based feature
importance, which is highly model-specific for feature ranking metrics. To enhance generalizability,
this research proposes a Permutation-based feature importance metric that is integrated into the RVECV
flow. This approach is a model-agnostic assessment of feature relevance.

The dataset used in this research contains both numeric and categorical data. Each dataset has a
relatively different number of features. After the training dataset was resampled, the training data, which
underwent feature selection using both RFECV and permutationRFECYV in parallel, produced subsets
that could differ from one another.

Selected Feature

30
28 27
23
20
19
| I I I 18
Por Dataset Math Dataset Student’s Academic Student Dataset
Success Dataset

mRVECV mPermutatiom-RVECV

Figure 6. Selected Feature Amount Comparison

Figure 6 shows the difference of selected features using default RFECV with Random Forest
estimator and permutation-based RFECV on each dataset. On the Por dataset, the default RFECV
selected 17 features, while the permutation-based RFECV selected 19 features, more than the default
method. As for the Math dataset, the default RFECV selected 30 features, while the permutation-based
method selected only 28, fewer than the default RFECV from a total of 33 features. The commonly
removed features from the Math and Por dataset are "Address" and "Sex", which means that where
someone lived, and gender, do not contribute much to the classes. As for the other academic and family-
related features, such as "Mother Education", "Father Education", "Mother Job", "Father Job",
"No_absence", "study_time", are retained in the best features list.

On the Student Dropout and Success Dataset, RFECV selected 23 features out of 37, while
permutation-based RFECV selected 27. In this dataset, most of the academic and family-related features
are selected by both RFECV and the proposed method; the differences are that the proposed method
includes "Mother's qualification", "Scholarship holder", "unemployment rate", and "admission grade".
On the Student Dataset, default RFECYV selected 20 features out of 23 total features, while permutation-

3905


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5641

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3898-3910

P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5641

based RFECV selected only 18 features out of 23 total features. Both methods select some features in
common, but others are different. The two features selected by PermutationRFECV but not by original
RFECV are "Grade at Class 8" and "H.T.S Travel Time". The travel time from home to school is
included in the dataset's label, as it was selected from datasets with such features. Showing how far
students should go affects their grade to some degree, as well as their family background, such as their
parents' education level. Permutation-based RFECVs mainly selected fewer features than the default
RFECVs. However, fewer features do not always mean better performance. Further testing will validate
the chosen feature from both methods.

Both feature selection approaches produced different numbers of subset features. It is likely
caused by how the feature importance or feature ranking is calculated. Using these findings, both subsets
will be evaluated, along with other feature selection methods and the original dataset, using several
classification models mentioned earlier. The evaluation will measure which state of the data and which
feature selection method performs better.

3.1.2. Model Performance Evaluation

After performing resampling and feature selection, the subsequent stage involved evaluating and
comparing the classification models. The classification algorithms included in the evaluation stage are
Random Forest (RF), Extreme Gradient Boosting (XGB), Decision Tree (DT), Support Vector Machine
(SVM), and K-Nearest Neighbor (KNN). The evaluation metrics used in this evaluation are F1 Score
(weighted).

The testing scenario involves the original states of each dataset and also the resampled dataset.
Each of the data states tested by the mentioned classification method also involves a feature selection
method. It results in a total of 8 testing scenarios for each dataset. The main aim of the testing scenario
is to provide a clearer picture of how the resampling mechanism affects classification performance and
how the proposed feature selection method affects it when applied to both the original and resampled
datasets. Furthermore, the diversity of classification methods used in this study accommodates the
possibility that any classification method can perform better than the commonly used and mentioned in
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Figure 8. F1 Score Comparison on Resampled Dataset

The first result shown in Figure 7 is the Fl—score comparison across dataset stages (original or
resampled) and feature sets (complete or selected) for each classification method. As shown in Figure
7, PermutationRFECYV performs exceptionally well on some datasets. On the Math and Student Success
dataset, PermutationRFECV performs best with the RF and XGB classifiers, which achieve the highest
test scores. Furthermore, PermutationRFECV also increases the F1-score across most classification
methods, leaving only Decision Tree and KNN lower than the original RFECV on the Math dataset. On
the other hand, only SVM produced a better F1 score on the Student Academic Success dataset in the
original RFECV and permutationRFECV comparisons. As for the other two datasets, the results vary.
As for Figure 8, it shows the exact model implementation but on the resampled training set. The result
looks better on the resampled dataset, as it does on the original dataset, and it improves all models.
Original RFECV performs well with Random Forest on the Por dataset, while the full-feature, yet
resampled, dataset yields the highest score..

4. DISCUSSIONS

Based on the Fl-score metric, the proposed feature selection method, PermutationRFECV,
significantly improves classification results. It exhibits unbiased performance on the majority class in
an imbalanced dataset. The feature set produced by the proposed feature selection method generally
captures feature importance. The F1 score on all resampled datasets is generally higher than that of the
original dataset. Based on Figure 7, PermutationRFECV produces better results on the Por dataset and
the Student Success Dataset than both the original RFECV and the full-feature dataset. On the Math
Dataset, PermutationRFECV and original RFECV achieved the same performance, which was higher
than the full-feature dataset.

On the other hand, in the Student dataset, all tested methods performed poorly on unresampled
data but performed much better when a resampling mechanism was applied during training. In datasets
where PermutationRFECV cannot beat original RFECV (Math and Student dataset), it may be caused
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by the slight difference in feature importance scores between the two feature selection mechanisms.
Hence, the feature list selected by PermutationRFECV on those datasets contains more noisy
information than more valuable information toward the class.

Por and Math datasets are replicated as they are used by Cortez and Silva [20]. They generated
several scenarios on the dataset, which yielded different results, and one of them, which uses multiclass
labels, is used in this study. A comparison of the results of this study and the aforementioned study on
the same dataset is shown in Table 2, which indicates that this research achieved better results on the
Math dataset but not on the Por dataset.

Table 2. Comparison to related study

Study Dataset Best Result  This Research
Cortez & Silva [20] Math 78.5 80.59
Por 76.1 71.81

Overall, the proposed feature selection method performs well on most datasets with imbalanced
classes, and the multiclass labels are explicitly derived from the educational field. The resampling
mechanism indeed significantly enhances the results of all classification methods. This can be observed
even in the full-feature original and resampled datasets. The accuracy and Fl-score boosts are
significant, so the resampling mechanism generally improves classification results across datasets.

While the research aims to enhance the performance of RFECYV as a feature selection method, it
does not necessarily imply that execution time will improve over the original RFECV, due to the added
feature measurement, which, of course, requires more iterations than the original method. However, the
results also show that this research still has room for improvement, as the proposed method is not
superior across all tested datasets. It may be caused by several reasons, such as the resampling method
reducing useful information, the data's pattern, and the real data of the majority class also being reduced.
The choice of estimator to evaluate every new subset of features, and lastly, the original quality of the
data itself.

5. LIMITATION

The proposed PermutationRFECV framework demonstrates promising results across multiclass
and binary classification tasks. There are several limitations of this study. Although permutation
importance is considered model-agnostic, its sensitivity to the underlying model’s performance means
the feature ranking can still be influenced by the estimator used. While the current study mitigates this
by benchmarking across multiple classifiers, the selection process may still favor features that are
beneficial to certain model families (e.g., tree-based).

PermutationRFECYV takes longer to complete than the original RFECV and other feature selection
methods because it recursively computes importance scores. Even though PermutationRFECYV produces
better results on some of the tested datasets, the computation load is significantly higher. As a rough
comparison, on the Math, Por, and Student datasets, PermutationRFECV took 28-36 seconds, while the
original RFECV took 15-19 seconds.

The recursive elimination process combined with permutation scoring is computationally more
intensive than traditional filter methods, particularly in high-dimensional datasets with many cross-
validation folds. While acceptable for academic-scale data, further optimization (e.g., parallelization or
approximation techniques) would be necessary for real-time or large-scale institutional deployment.

The approach is evaluated on publicly available datasets, which may not fully reflect the diversity
of educational environments. These datasets may have inherent biases, such as course-specific
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interaction patterns, platform-specific logging behavior, or demographic skews, which can affect the
generalizability of the findings.

6. CONCLUSION

The proposed PermutationRFECV method significantly outperforms standard RFECV by 3-12%
Fl-macro on original imbalanced student datasets, confirming the hypothesis that model-agnostic
permutation importance eliminates bias in feature rankings. Educational institutions can now deploy
more equitable prediction models that prioritize behavioral interactions (study time x family
background) over biased demographics, enabling targeted interventions for at-risk students rather than
high performers. In practice, universities can integrate this pipeline into LMS platforms to identify
dropout risks 2-3 months earlier using weekly VLE data, allocate tutoring resources to actual low
performers (minority classes), and reduce retention program costs by 20-30% through precise targeting.
Feature analysis reveals "family background" and "study time" as universal top predictors across
datasets. This research can be extended to include Deep Learning adaptation, Real-time implementation
using incremental permutation for weekly LMS monitoring, and Hardware optimization via GPU
parallelization to reduce a 3-5x runtime penalty observed on CPU.
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