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Abstract
In educational data mining, accurate prediction of
student performance is important for supporting
timely intervention for at-risk students. However,
educational datasets often include irrelevant
or redundant features that could reduce the
performance of prediction models. To tackle this
issue, this study proposes a gradient boosting-based
feature selection framework that can automatically
identify and obtain the most important features
for student performance prediction. The proposed
framework leverages the gradient boostingmodel to
calculate feature importance and refine the feature
subset, aiming to achieve comparable or superior
prediction performance using fewer but important
input features. To ensure a robust evaluation of the
results, we apply a 10-fold cross-validation strategy
with 10 repetitions. Experimental results on the
Mathematics and Portuguese Language course
datasets demonstrate that the proposed framework
is able to consistently outperform the baseline
models in terms of the evaluation metrics used.
These findings highlight the effectiveness of the
proposed feature selection for student performance,
which makes it a reliable tool for data-driven
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1 Introduction
In the big data era, with the fast development of digital
learning environments, large amounts of educational
data can be continuously collected from the learning
management systems [1], online assessments [2], and
student interaction platforms [3]. Such abundance of
data has brought new opportunities for Educational
Data Mining (EDM), which applies data-driven
analytical methods to discover patterns of learning
behaviors, understand educational processes, and
improve learning outcomes from educational data
[4–6]. One of the most important applications in EDM
is student performance prediction and it has become
particularly important for supporting early-warning
systems [7], dropout prevention [8], and the design
of adaptive learning interventions [9]. For example,
accurate prediction of student performance is able
to allow educators to identify at-risk students early,
provide themwith personalized support, and optimize
teaching strategies to boost engagement and academic
achievement [10, 11].

To accurately predict student performance, a wide
range ofmachine learningmodels have been employed.
For the single regressors/models, the Multi-Layer
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Perceptrons (MLP) and Support Vector Machines
(SVM) have demonstrated strong predictive capability
for student performance prediction [12]. For ensemble
models, the Random Forest (RF) and eXtreme
Gradient Boosting (XGBoost) often achieve higher
generalization performance across diverse educational
datasets [13, 14]. However, educational data often
consist of mixed-type features (numerical, categorical,
and other types) that can reduce the performance of
the abovemachine learningmodels. In this context, the
Categorical Boosting (CatBoost) has gained increasing
attention due to its ability to process categorical
features. Early studies showed that CatBoost is able
to outperform the traditional models such as the
MLP, SVM, RF, and XGBoost in student performance
prediction using the tested educational datasets [15].
However, feature redundancy and irrelevance remain
persistent challenges in educational datasets, as such
features may reduce the performance of the prediction
models [16]. For example, many student-related
features, such as demographic or social features are
collected into the educational datasets while irrelevant
or redundant features may increase training time
and obscure model interpretability issues especially
when analyzing complex, multi-source educational
data [26]. Therefore, an effective feature selection
method is essential to identify the most important
features and improve the model performance in
student performance prediction.

Among the feature selection methods, they can be
roughly divided into three types: filters, wrappers, and
embedded methods [17]. Compared with filter and
wrappermethods, embedded feature selection exhibits
distinct advantages for stronger interaction with the
underlying model and more efficient computation.
Among the embeddedmethods, the tree-basedmodels
are widely employed for feature selection [18]. For
example, Zhou et al. [19] enhanced a decision tree
for this purpose, and their results demonstrated that
the proposed model achieved superior performance
in terms of accuracy, recall, and F1-score. Similarly,
Fan et al. [20] utilized the RF for feature selection
and showed that it improved the prediction of student
performance.

Given that the CatBoost is a tree-based ensemble
model and exhibits strong efficacy in handling
categorical features, such features are common
in educational datasets, this study proposes a
gradient boosting-based feature selection framework
for student performance prediction. The proposed
framework leverages the CatBoost’s inherent gradient

boosting strategy to quantify and rank feature
importance, thereby enabling the automatic selection
and iterative refinement of themost relevant predictive
features using the threshold. For robust evaluation,
a 10-fold cross-validation strategy with multiple
repetitions is implemented across the educational
datasets.

The main contributions of this study are summarized
as follows:

(1) We propose a gradient boosting-based feature
selection framework for student performance
prediction.

(2) The framework automatically identifies and
retains the most informative features.

(3) A comprehensive experimental evaluation is
conducted on the benchmark educational datasets
using repeated 10-fold cross-validation. The
results demonstrate that the proposed framework
achieves superior prediction performance
compared to baseline models.

(4) This study provides insights into the impact of
feature selection on educational datamining tasks,
offering an approach that supports more reliable
and data-driven student performance prediction.

2 Methods
In this section, we first introduce the CatBoost and
its feature importance mechanism, followed by the
proposed feature selection framework for student
performance prediction.

2.1 CatBoost
The CatBoost is a gradient boosting algorithm
developed to address common limitations of
traditional boosting methods in handling categorical
features [21]. Unlike the conventional boosting
models, the CatBoost uses an ordered boosting
strategy: this strategy mitigates the prediction drift
by ensuring that each model iteration is trained
exclusively using target statistics derived from
preceding data samples. By using this design, the
model generalization is enhanced while effectively
reducing overfitting.

Given a dataset D = (xi, yi)
N
i=1, where xi =

[xi1, xi2, . . . , xim] is an m-dimensional feature vector
and yi is the corresponding target feature, the CatBoost
constructs an additive model by sequentially fitting
weak base estimators using the decision trees to the
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residuals of previous models. The prediction function
after T iterations can be expressed as:

ŷi =

T∑
t=1

ηft(xi), (1)

where ft(·) denotes the decision tree at iteration t, and
η is the learning rate controlling the contribution of
each tree.

For each iteration, the CatBoost minimizes a
differentiable loss function L(yi, ŷi) by updating the
model according to the negative gradient of the loss
with respect to the prediction:

g
(t)
i = −

∂L(yi, ŷ
(t−1)
i )

∂ŷ
(t−1)
i

. (2)

The new tree ft(·) is trained to approximate the
gradient g(t)i for correcting the residual errors of
prediction results from the previous iterations. This
iterative refinement enable the CatBoost to capture
complex nonlinear relationships between the input
features and target feature.

2.2 Feature selection using the CatBoost
The aim of the proposed CatBoost-based feature
selection framework is to improve prediction
performance of baseline models for student
performance prediction. The framework comprises
three main steps: (1) extracting feature importance
using the CatBoost, (2) selecting feature subsets based
on a threshold, and (3) evaluating the model via
10-fold cross-validation with 10 repeated experiments.

Specifically, a CatBoost model is first trained on the
educational dataset to compute feature importance
scores. These features are then ranked by their
importance values, and their cumulative contribution
to the model is quantified. Only features whose
cumulative importance meets or exceeds a predefined
threshold are retained in the final subset. Finally,
this reduced feature subset is used as input to the
baseline models, including MLP, SVM, RF, XGBoost,
and CatBoost for performance comparison. To
ensure result robustness and mitigate the impact of
randomness in data partitioning, each baseline model
is evaluated using repeated 10-fold cross-validation.

For the calculation of feature importance, the
importance score for feature j is computed as the total
reduction in the loss function achieved by the splits

across decision trees involving that feature, averaged
over all decision trees:

Ij =
1

T

T∑
t=1

∑
s∈St,j

∆Ls,t, (3)

where T is the number of decision trees, St,j is the set
of splits on feature j in tree t, and∆Ls,t is the reduction
in the loss function contributed by split s in tree t.

Subsequently, to ensure the sum of all feature
importance scores equals 100% for facilitating intuitive
interpretation of relative importance, the initially
computed feature importance scores are normalized
using the following formula:

Ij =
Ij∑m
k=1 Ik

, (4)

ensuring that
∑m

j=1 Ij = 100%.

To select the most relevant subset of features, we
adopt a cumulative importance thresholding approach.
Specifically, features are first sorted in descending
order based on their normalized importance scores.
The cumulative importance of the top-k features is
then calculated as:

Ck =
k∑

j=1

I∗j . (5)

Features are retained in the final subset as long as the
cumulative importance does not exceed a predefined
threshold τ . In this study, the threshold is set to
τ = 0.95, meaning that only the top features whose
combined importance accounts for 95% of the total are
selected:

Fselected = {fj | Cj ≤ 0.95}. (6)

where Fselected is the final selected features that are
used to train the base models for student performance
prediction.

This feature selection strategy ensures the retention of
the most influential features while eliminating those
that contribute marginally to prediction accuracy.

In addition, the feature importance derived from
the Mathematics and Portuguese Language course
datasets is presented in Figures 1 and 2, respectively.
The data descriptions can be found in Table 1. The
values are all based on the percentage, meaning the
total of all feature importance scores sum up to 100%.
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Figure 1. Feature importance based on the Mathematics course dataset.

The analysis of feature importance, together with the
statistical characteristics of the educational datasets,
underscores the crucial role of feature selection. The
important attributes such as previous grades (G1 and
G2) and school absences exhibit dominant influence in
predicting final grades. Notably, as shown in Figure 1,
the feature of the second-period grade (G2) achieves

a very high importance score of 51.07%, aligning
well with the dataset’s logic that final grades largely
reflect cumulative learning progress. Similarly, G1
(which indicates prior performance) and the number
of absences (which indicates class participation)
also contribute substantially to the prediction. In
contrast, features such as school type, address, and
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Figure 2. Feature importance based on the Portuguese Language course dataset

sex demonstrate minimal relevance. For example,
the importance of school is only 0.04%, suggesting
negligible differences between the two schools, while
sex has an importance of 0.17%, indicating that gender
plays a limited role in determining academic outcomes
for these courses.

2.3 The proposed framework for student
performance prediction

The proposed framework consists of three main stages:

(1) Feature importance extraction: Train the CatBoost
model to compute and normalize feature
importance scores.
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(2) Cumulative threshold-based feature selection:
Select features whose cumulative importance
accounts for up to τ (95% is used in this paper) of
the total.

(3) Model Evaluation with repeated 10-fold
cross-validation: Assess the prediction
performance of baseline models using 10-fold
cross-validation repeated 10 times to ensure
robustness and generalization.

Details of the CatBoost-based feature selection
framework with repeated 10-fold cross-validation can
also be found in Algorithm 1.

3 Experimental results and analysis
This section details the experimental setup to evaluate
the effectiveness of the proposed CatBoost-based
feature selection framework. First, we describe the
educational datasets used in the experiments and
the evaluation metrics adopted to quantify model
performance. Subsequently, we present a detailed
analysis of the experimental outcomes to validate the
proposed framework.

3.1 Data description
To evaluate the performance of the proposed
framework for student performance prediction,
two benchmark educational datasets were sourced
from the UCI Machine Learning Repository [22].
These datasets specifically capture student academic
achievements in two distinct courses: Mathematics
and Portuguese Language. The Mathematics course
dataset includes 395 student samples, while the
Portuguese Language dataset consists of 649 samples.
Both datasets contain 32 input attributes representing
various student-related factors and one output
variable corresponding to the final exam grade. A
comprehensive statistical summary of the attributes
is presented in Table 1. Note that numeric features
represented by codes (e.g., Medu and Failures) are
explicitly defined to facilitate clear interpretation of
their values. For binary and nominal features, discrete
categories are separated using semicolons to ensure
consistent formatting.

3.2 Evaluation metrics
The student performance prediction is assessed using
four evaluation metrics, namely the Mean Absolute
Error (MAE), Standard Deviation of prediction
errors (SD), Root Mean Squared Error (RMSE),
and Robustness (MAC) [23]. The objective of

Algorithm 1: CatBoost-based feature selection
framework with repeated 10-fold cross-validation
Input: Educational dataset D = {(xi, yi)}Ni=1;
Cumulative importance threshold τ = 0.95;
Baseline models
M = {MLP, SVM,RF,XGBoost,CatBoost};
Number of foldsK = 10;
Number of repetitions R = 10.
Output: Selected feature subset Fselected;
Evaluation metrics of each model.
Step 1: Feature importance extraction
Train the CatBoost on D to compute the raw
feature importance scores {Ij}mj=1 for each
feature fj ;
Normalize feature importance so that all the
feature importance scores are added up to 100%.
Step 2: Cumulative threshold-based feature
selection
Sort all features {fj} in descending order;
Compute cumulative importance until the selected
features satisfying Ck ≤ τ .
Step 3: Repeated 10-fold cross-validation
evaluation
foreachM ∈M do

for r = 1 to R do
Randomly shuffle D;
Partition D into 10 folds {D1,D2, . . . ,D10};
for k = 1 to 10 do

Training set Dtrain = D \ Dk;
Test set Dtest = Dk;
TrainM using Fselected on Dtrain;
Predict ŷ on Dtest;
Compute evaluation metrics.

end
end
Average the evaluation metrics for the given
prediction model;

end
return Fselected and the final averaged metrics for
eachM

the evaluation is to minimize MAE, SD, and
RMSE, while maximizingMAC, which measures the
alignment between the true and predicted outcomes.
The mathematical definitions of these metrics are as
follows:

MAE =
1

n

n∑
i=1

|ŷi − yi| , (7)
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Table 1. Statistical properties of the student performance dataset.

Feature Symbol Type Values

School School Binary Gabriel Pereira; Mousinho da Silveira
Sex Sex Binary Female; Male
Age Age Numeric 15–22 (in years)
Address Address Binary Urban; Rural
Family Size Famsize Binary ≤ 3 (small); > 3 (large)
Parent Status Pstatus Binary Living together; Living apart
Mother’s Education Medu Numeric 0 (none) – 4 (higher education)
Father’s Education Fedu Numeric 0 (none) – 4 (higher education)
Father’s Job Fjob Nominal Teacher; Health care; Civil services (e.g.,

administrative, police); At home; Other
Mother’s Job Mjob Nominal Teacher; Health care; Civil services (e.g.,

administrative, police); At home; Other
School Choice Reason Reason Nominal Close to home; School reputation; Course preference;

Other
Guardian Guardian Nominal Mother; Father; Other
Travel Time Traveltime Numeric 1 (< 15 min); 2 (15–30 min); 3 (30 min–1 hour); 4

(> 1 hour)
Study Time Studytime Numeric 1 (< 2 hours); 2 (2–5 hours); 3 (5–10 hours); 4 (> 10

hours)
Past Failures Failures Numeric 0 (no failures); 1 (1 failure); 2 (2 failures); 4 (≥ 3

failures)
School Support Schoolsup Binary Yes; No
Family Support Famsup Binary Yes; No
Paid Extra Classes Paid Binary Yes; No
Extracurricular Activities Activities Binary Yes; No
Nursery Attendance Nursery Binary Yes; No
Pursue Higher Education Higher Binary Yes; No
Home Internet Access Internet Binary Yes; No
Romantic Relationship Romantic Binary Yes; No
Family Relationship Quality Famrel Numeric 1 (very bad) – 5 (excellent)
Post-School Free Time Freetime Numeric 1 (very low) – 5 (very high)
Socializing with Friends Goout Numeric 1 (very low) – 5 (very high)
Weekday Alcohol Consumption Dalc Numeric 1 (very low) – 5 (very high)
Weekend Alcohol Consumption Walc Numeric 1 (very low) – 5 (very high)
Current Health Status Health Numeric 1 (very bad) – 5 (very good)
School Absences Absences Numeric 0–93 (number of days)
First-Period Grade G1 Numeric 0–20 (grading scale: 0 = lowest, 20 = highest)
Second-Period Grade G2 Numeric 0–20 (grading scale: 0 = lowest, 20 = highest)
Final Grade (Target) G3 Numeric 0–20 (grading scale: 0 = lowest, 20 = highest)

Table 2. Experimental results for the prediction of Mathematics course in the final exam using the MLP, SVM, RF,
XGBoost, CatBoost, and their feature selection-based variants.

Model MAE SD RMSE MAC

MLP 1.1666 1.6804 1.7070 0.9764
FS-MLP 1.1173 1.6569 1.6751 0.9770
SVM 1.1997 1.9412 1.9881 0.9673

FS-SVM 1.1865 1.9233 1.9642 0.9685
RF 0.9655 1.5279 1.5498 0.9800

FS-RF 0.9525 1.5086 1.5284 0.9808
XGBoost 1.0357 1.6577 1.6781 0.9767
FS-XGBoost 1.0076 1.6404 1.6661 0.9766
CatBoost 1.0790 1.5857 1.6073 0.9792
FS-CatBoost 1.0444 1.5366 1.5594 0.9804
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Table 3. Experimental results for the prediction of Portuguese Language course in the final exam using the MLP, SVM, RF,
XGBoost, CatBoost, and their feature selection-based variants.

Model MAE SD RMSE MAC

MLP 0.8174 1.2387 1.2520 0.9890
FS-MLP 0.8089 1.2312 1.2434 0.9893
SVM 0.8208 1.3529 1.3658 0.9869

FS-SVM 0.8185 1.3587 1.3731 0.9867
RF 0.8338 1.2889 1.2988 0.9884

FS-RF 0.8265 1.2710 1.2814 0.9886
XGBoost 0.8893 1.4006 1.4131 0.9863
FS-XGBoost 0.8957 1.3878 1.3960 0.9866
CatBoost 0.8327 1.2895 1.3006 0.9882
FS-CatBoost 0.8332 1.3035 1.3124 0.9881

SD =

√√√√ 1

n

n∑
i=1

(ei − ē)2, (8)

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)2, (9)

MAC =

(
yT ŷ

)2
(yTy) (ŷT ŷ)

, (10)

where n denotes the number of test samples, yi
represents the true value of the i-th sample, ŷi
denotes its predicted value, ei = ŷi − yi is the
corresponding prediction error, and ē = 1

n

∑n
i=1 ei is

the average prediction error. Lower values ofMAE,
SD, and RMSE indicate higher prediction accuracy
and stability, while higherMAC values imply stronger
robustness.

For model parameterization, all baseline and
proposed models were configured using their
default hyper-parameters (consistent with standard
implementation practices to avoid bias from arbitrary
tuning). The threshold for feature selection was set to
95%, indicating that only the top features contributing
to 95% of the total cumulative importance were
retained. To ensure the reliability and generalizability
of results, all experiments were repeated 10 times with
10-fold cross-validation [24].

3.3 Experimental results
Table 2 presents the results for the prediction of
final exam in Mathematics course using the baseline
models (MLP, SVM, RF, XGBoost, CatBoost) and
their feature selection-enhanced variants (FS-MLP,
FS-SVM, FS-RF, FS-XGBoost, FS-CatBoost). The best

results between with and without the use of FS are
highlighted in bold. As we can see from the table, the
proposed CatBoost-based feature selection framework
consistently improves the prediction performance
across all baseline models except the XGBoost in
terms of MAC with comparative results (0.9767
and 0.9766). Lower values of MAE, RMSE, and
SD indicate higher accuracy and stability, while
higher MAC values confirm stronger prediction
robustness. For example, the FS-CatBoost achieves
lower MAE (1.0444) and RMSE (1.5594) than the
baseline CatBoost (1.0790 and 1.6073, respectively).
Similarly, the FS-RF yields the best results overall
(MAE = 0.9525 and RMSE = 1.5284), highlighting
the effectiveness of feature selection when combined
with ensemble learning. Among all the results, the
FS-RF has the best performance in terms of MAE,
RMSE, SD, and MAC, with the values of 0.9525,
1.5086, 1.5284, and 0.9808, respectively.

Table 3 shows the prediction performance for the
Portuguese Language course using baseline models
and their feature selection-enhanced variants. Best
results between models with and without feature
selection are highlighted in bold. The results show that
the feature selection framework generally improves
the prediction performance of baseline models in most
cases. For example, the MLP and RF are improved in
terms of all metrics used. In addition, the XGBoost
is also improved in terms of SD, RMSE, andMAC.
Although SVM and CatBoost do not improve, their
performance remains comparable to the baseline. This
indicates that with fewer features, the models can still
achieve high prediction performance.

Furthermore, Figures 3 and 4 visualize the
experimental results reported in Tables 2 and 3,
respectively. Each figure presents the comparison
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Figure 3. Experimental results based on the results in Table 2.
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Figure 4. Experimental results based on the results in Table 3.

of the baseline models (MLP, SVM, RF, XGBoost,
CatBoost) and their feature selection-enhanced
variants (FS-MLP, FS-SVM, FS-RF, FS-XGBoost,
FS-CatBoost) across four metrics (MAE, SD, RMSE,
andMAC).

4 Conclusion
This study presented a CatBoost-based feature
selection framework for student performance
prediction. This framework utilized the gradient
boosting with feature importance analysis to
automatically identify the most influential features for

student performance prediction. Through extensive
experiments on two benchmark educational datasets
(Mathematics and Portuguese Language courses),
in most cases, the proposed approach demonstrated
superior prediction performance compared to baseline
models. The results confirmed that the selective
inclusion of high-importance features is effective to
enhance student performance prediction.

Nevertheless, the proposed framework has some
limitations. First, it focuses primarily on tabular data
and does not consider video or audio data. Second,
while the feature selection process is effective, it
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relies exclusively on CatBoost’s internal importance
metrics. Future research will address these limitations
and extend the framework in three key directions.
First, we will collect and incorporate diverse types
of educational datasets (e.g., video and voice data)
to improve the student performance models. Second,
we will explore additional feature selection methods
to enhance the feature subset quality. Finally,
we will investigate the integration of explainable
artificial intelligence techniques [25] to boost model
transparency.
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