
ICCK Transactions on Educational Data Mining
http://dx.doi.org/10.62762/TEDM.2026.716076

RESEARCH ARTICLE

K-Means Clustering-Based Feature Generation for
Student Performance Prediction

Meiting Wu 1,*

1College of Computer Science and Technology, Huaqiao University, Xiamen 361021, China

Abstract
With the development of educational technology
and the accumulation of big data, student
performance prediction has become a hot topic
in the field of education. However, traditional
manual statistical methods have limitations in
dealing with complex data and are difficult to
achieve high-precision prediction. To address
this gap, this study proposes a clustering-based
feature generation framework to enhance
prediction performance. Firstly, the multilayer
perceptron (MLP) model is employed to evaluate
the effectiveness of the clustering algorithms
(K-Means, DBSCAN, and hierarchical clustering)
for feature generation. Then, the best clustering
algorithm (K-Means) is applied to generate
features that are subsequently integrated
with original features to construct augmented
datasets. Subsequently, grid search is adopted
to optimize model hyperparameters, and six
machine learning models, including MLP, support
vector machine, random forest, Bagging, XGBoost,
and CatBoost, are trained and evaluated on
datasets with and without clustering-generated
features. Experimental results demonstrate that
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K-Means-based feature generation can effectively
improve prediction performance under certain
conditions. However, the performance gains
are influenced by data characteristics, feature
distributions, and model structures. The findings
also reveal that clustering-derived features do
not universally enhance all machine learning
algorithms, highlighting the necessity of selecting
appropriate model–feature integration strategies in
practical applications.
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1 Introduction
With the rapid development of educational
technology and the continuous accumulation
of educational big data, student performance
prediction has attracted increasing attention from both
academia and educational institutions. Academic
performance is a key indicator for evaluating students’
learning outcomes and plays an essential role in
supporting educational decision-making and resource
allocation [1]. Therefore, improving the accuracy
and reliability of performance prediction models has
become a critical research topic in educational data
mining and learning analytics. Traditional statistical
analysis methods can provide basic insights into
students’ learning status. However, as educational
data become increasingly complex, high-dimensional,

Citation
Wu, M. (2026). K-Means Clustering-Based Feature Generation for
Student Performance Prediction. ICCK Transactions on Educational
Data Mining, 2(1), 14–28.
© 2026 ICCK (Institute of Central Computation and Knowledge)

14

http://dx.doi.org/10.62762/TEDM.2026.716076
http://crossmark.crossref.org/dialog/?doi=10.62762/TEDM.2026.716076&domain=pdf
https://orcid.org/0009-0000-8629-3673
http://dx.doi.org/10.62762/TEDM.2026.716076
mailto:1416609104@qq.com


ICCK Transactions on Educational Data Mining

and heterogeneous, these methods often fail to capture
nonlinear relationships among learning variables,
resulting in limited prediction accuracy. In recent
years, machine learning and data mining techniques
have demonstrated strong capabilities in extracting
valuable knowledge from large-scale datasets and
have been widely applied to student performance
prediction tasks [2]. Among these techniques,
clustering analysis has shown effectiveness in
discovering hidden data structures and grouping
similar samples, making it a widely used tool in data
mining processes [3].

Despite these advancements, existing performance
prediction models still face several limitations.
Many studies rely primarily on original feature
representations and lack targeted processing strategies
for heterogeneous student samples, which may reduce
model accuracy and robustness [4, 5]. Moreover,
clustering techniques are often used solely for student
grouping or classification, while their potential for
feature generation and representation enhancement
remains insufficiently explored.

To address these challenges, this study proposes a
student performance prediction framework based
on clustering-driven feature generation. Specifically,
clustering algorithms are employed to generate cluster
labels that capture latent structural information within
the data. These clustering-derived features are then
integratedwith original features to construct enhanced
datasets for training and evaluating multiple machine
learning models. The effectiveness of the proposed
framework is validated using multiple evaluation
metrics to examine whether clustering-based feature
augmentation can improve prediction performance.

From a practical perspective, improving prediction
accuracy is closely related to enhancing educational
quality, which remains a fundamental goal of modern
education systems [6]. Student academic performance
serves as an important indicator of educational quality
and provides valuable feedback for teaching and
learning improvement [7]. This study proposes the
topic of "Research on Learning Performance Prediction
Based on Cluster Feature Generation", which has
extensive practical applications and academic value
for teachers, students and the academic community.
The proposed framework offers practical benefits for
multiple stakeholders. For educators, clustering-based
feature extraction can reveal representative learning
patterns and support early teaching intervention [8].
For students, predictive insights can help identify key

factors influencing academic outcomes and promote
learning motivation. From a research perspective,
this study explores the integration of clustering-based
feature generation with machine learning prediction
models, providing new insights into hybrid feature
learning strategies in educational data mining.

2 Related Work
Research on student performance prediction has
attracted considerable attention and achieved
significant progress in recent years. Early prediction
models mainly relied on traditional academic
indicators, such as exam scores and course
grades. However, as student characteristics become
increasingly diverse and learning environments
grow more complex, relying solely on academic
performance data is often insufficient for accurate
prediction. Studies have shown that multiple factors,
including learning interests, behavioral patterns,
and social interactions, also play important roles
in influencing student performance. Consequently,
researchers have increasingly focused on extracting
multidimensional student features and developing
advanced predictive models using data mining and
machine learning techniques.
Several studies have applied traditional machine
learning approaches to student performance
prediction. For example, Pandey et al. [9]
employed decision tree algorithms to construct
classification rules for student performance prediction,
demonstrating their effectiveness in supporting
teaching strategy optimization. Xu et al. [10]
proposed an incremental learning random forest
model that improves prediction accuracy while
maintaining model stability during updates, enabling
long-term monitoring of student learning behavior.
This algorithm not only improves the prediction
accuracy but also solves the stability problem after
model updates, which is conducive to model iteration
optimization and long-term tracking of students’
learning behaviors. Yang et al. [11] utilized multiple
linear regression to predict graduation performance
based on first-year academic results, providing
valuable guidance for teaching plan adjustments.
With the development of intelligent optimization and
deep learning technologies, more advanced prediction
models have been proposed. Waheed et al. [12]
combined genetic algorithms with backpropagation
neural networks to improve prediction accuracy and
reduce error rates. Salah et al. [13] introduced an
attention-based long short-term memory network
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(Att-LSTM) and a stacking ensemble model to capture
temporal and knowledge-based feature information,
significantly enhancing prediction performance. Fan
et al. [14] developed a classification enhancement
model based on dual particle swarm optimization,
achieving improvements in accuracy, recall, and
model stability. Compared with other algorithms, this
model has better accuracy, recall rate, F1 value, and
better stability. Ali et al. [15] incorporated K-Means
clustering into student performance prediction,
demonstrating that grouping similar samples can
improve prediction accuracy. Sun et al. [16] proposed
a multi-layer feature fusion framework integrating
LSTM and attention mechanisms to extract temporal
and course-level features simultaneously, achieving
superior performance compared with baseline
methods. Using the flexible combination of LSTM and
the attention mechanism, extract the characteristics
of the performance sequence information in both
the course and time dimensions synchronously, and
construct a calculation method for similar students
based on time co-occurrence frequency to fuse the
information of similar students to achieve information
complementarity. Compared with other baseline
methods, this model shows higher performance in
terms of accuracy, stability, and timeliness.

In addition, researchers also attach great importance
to the prediction research of students’ grades [17].
Zaffar et al. [18] proposed a clustering-based
feature selection method combining artificial fish
swarm optimization, cuckoo search optimization,
and non-negative matrix factorization clustering,
which significantly improved classification accuracy.
Mashagba et al. [19] compared several gradient
boosting algorithms, including XGBoost, LightGBM,
CatBoost, and NGBoost, with traditional models such
as decision trees and random forests, showing that
gradient boosting models generally achieved higher
prediction accuracy and computational efficiency,
with CatBoost demonstrating superior performance.
Ani and Khor [20] developed multiple machine
learning models, including linear regression and
logistic regression, to predict student grades and
classify performance levels. Pires et al. [21] conducted
a systematic review of student performance prediction
methods in higher education, highlighting the
growing importance of machine learning approaches.
Angeioplastis et al. [22] used learning management
system data to predict academic performance using
multiple machine learning algorithms and found that
incorporating strongly correlated course information

significantly improves prediction accuracy. Tapio [23]
compared multiple linear regression and random
forest regression models, demonstrating the superior
nonlinear modeling capability of random forests.
Johora et al. [24] proposed a stacked ensemble
learning framework integrating SMOTE data
balancing techniques and interpretable artificial
intelligence methods, such as SHAP and LIME, to
improve prediction accuracy and model transparency.

3 Methodology
3.1 Clustering Algorithm
3.1.1 K-Means Clustering Algorithm
The K-Means algorithm is a partition-based clustering
method and a classical unsupervised learning
technique[25, 26]. Due to its computational efficiency,
conceptual simplicity, and strong scalability, K-Means
has beenwidely applied in various domains, including
system monitoring[27], image segmentation[28],
etc. The algorithm partitions data samples into k
clusters by minimizing the intra-cluster variance
while maximizing inter-cluster separation. The core
idea of K-Means is as follows. First, k samples are
randomly selected from the dataset as initial cluster
centroids Ci (1 ≤ i ≤ k). Then, each data sample x is
assigned to the nearest cluster centroid according to a
distance metric, typically the Euclidean distance. After
assigning all samples, cluster centroids are updated
by calculating the mean of all samples belonging to
each cluster. This iterative process continues until the
cluster centroids stabilize or the predefined maximum
number of iterations is reached[29, 30]. The formula
for calculating the Euclidean distance between a data
sample x and a clustering center Ck is as follows:

d(x,Ck) =

√√√√ n∑
i=1

(xi − Cki)2 (1)

where x is the data sample, Ck is the k-th clustering
center, n is the data dimension, and xi, Cki are the i-th
attribute values of the data sample x and the clustering
center Ck, respectively.

3.1.2 DBSCAN Clustering Algorithm
Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) is a density-based clustering
algorithm designed to identify clusters with arbitrary
shapes and detect noise in complex datasets [31].
Clusters are formed by iteratively connecting
density-reachable core points and their neighboring
samples. Points that do not belong to any cluster are
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treated as noise [32]. The selection of parameter ε
is commonly determined using a k-distance graph
derived from the k-nearest neighbor method. The
optimal ε value is typically located at the inflection
point of the curve. If ε is too small, most samples
will remain unclustered; conversely, if ε is too large,
multiple clusters may merge into a single cluster. In
addition, the determination of MinPts follows the
guiding principle that MinPts ≥ dim+1, where dim is
the dimension of the dataset [33, 34].

3.1.3 Hierarchical Clustering Algorithm
Hierarchical clustering is a widely used clustering
approach due to its interpretability and deterministic
clustering structure. It constructs a hierarchical tree
(dendrogram) representing nested clustering
relationships among samples. Hierarchical
clustering methods can be broadly categorized into
agglomerative and divisive strategies. Agglomerative
hierarchical clustering begins by treating each data
sample as an independent cluster and iteratively
merges the two closest clusters until all samples are
grouped into a single cluster. In contrast, divisive
hierarchical clustering starts with all samples in a
single cluster and recursively partitions them into
smaller clusters. A key characteristic of hierarchical
clustering is the use of linkage criteria to measure
inter-cluster proximity during the merging or splitting
process. Common linkage methods include single
linkage, complete linkage, average linkage, and
centroid linkage [35]. These linkage strategies
influence cluster formation and can affect clustering
performance depending on data distribution
characteristics.

3.2 Machine Learning Models
This section introduces the machine learning models
employed in this study for student performance
prediction. Six representative models are selected,
including multilayer perceptron (MLP), support
vector machine (SVM), random forest (RF), Bootstrap
Aggregating (Bagging), Extreme Gradient Boosting
(XGBoost), and Category Boosting (CatBoost).
These models cover neural network-based learning,
kernel-based learning, and ensemble learning
paradigms, providing a comprehensive evaluation of
clustering-based feature enhancement strategies.

3.2.1 MLP Model
TheMLP is a feedforward artificial neural network that
simulates the information processing mechanism of
biological neural systems. MLP is capable of learning

complex nonlinear relationships in data and has been
widely applied in prediction tasks [36]. A typical MLP
consists of three types of layers: an input layer, one
or more hidden layers, and an output layer. Neurons
between adjacent layers are fully connected, allowing
the network to model complex feature interactions.
During forward propagation, each neuron receives
weighted inputs from the previous layer and processes
them using an activation function. The network
parameters are optimized using backpropagation and
gradient-based optimization algorithms to minimize
prediction error.

3.2.2 SVMModel
The SVM is a supervised learning algorithm widely
used for classification and regression tasks [37]. When
applied to regression problems, SVM is referred to as
Support Vector Regression (SVR). The objective of SVR
is to determine a regression function that approximates
training data within a specified error tolerance while
maintaining model simplicity. The SVR optimization
objective is defined as:

min
w,b,ξi,ξ∗i

1

2
‖w‖2 + C

n∑
i=1

(ξi + ξ∗i ) (2)

subject to

yi − (w · xi + b) ≤ ε+ ξi, (3)
(w · xi + b)− yi ≤ ε+ ξ∗i , (4)

ξi, ξ
∗
i ≥ 0, ∀i (5)

where w is the weight vector, b is the bias, xi is the
feature vector of the i-th sample, yi is the target value
of the i-th sample, C is the regularization parameter
that controls the penalty degree of the error term, ξi
and ξ∗i are slack variables that allow some data points
to violate the prediction of the model within the ε
range, and ε is the tolerance that defines the maximum
deviation allowed between the predicted value and the
actual value.

3.2.3 RF Model
The RF is an ensemble learning method that constructs
multiple decision trees and aggregates their prediction
results to improve model performance [38]. Each
decision tree is trained using bootstrap sampling
and random feature selection, which enhances model
diversity and reduces overfitting. For regression tasks,
RF determines optimal splitting rules by minimizing
the mean squared error (MSE) within each tree
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node. The final prediction is obtained by averaging
the outputs of all decision trees, which improves
prediction stability and generalization capability.

3.2.4 Bagging Model
The Bagging is an ensemble learning technique
designed to improve prediction accuracy and model
robustness. Bagging generates multiple training
subsets through random sampling with replacement
from the original dataset. Independent base learners
are trained on these subsets, and their outputs are
aggregated to produce the final prediction. The
primary advantage of Bagging is its ability to
reduce model variance and improve stability. Model
performance can be further optimized by adjusting
parameters such as the number of base learners,
sampling size, and base model configuration.

3.2.5 XGBoost Model
The XGBoost is an advanced ensemble learning
algorithm based on Gradient Boosting Decision
Trees (GBDT). Compared with traditional GBDT,
XGBoost improves computational efficiency through
parallel processing and incorporates regularization
mechanisms to reduce overfitting [39]. XGBoost
optimizes model performance by expanding the
objective function using second-order Taylor
approximation, which improves gradient convergence
speed and enhances prediction accuracy. Due to
its efficiency and strong generalization capability,
XGBoost has demonstrated excellent performance in
various regression and classification tasks.

3.2.6 CatBoost Model
The CatBoost is a gradient boosting algorithm
specifically designed to handle categorical features
efficiently [40]. CatBoost employs ordered boosting
techniques and specialized encoding methods to
reduce prediction bias and prevent overfitting.
Additionally, CatBoost utilizes symmetric tree
structures to improve training stability and
computational efficiency. The algorithm supports
multi-threaded and distributed training, making it
suitable for large-scale datasets. Due to its strong
capability in handling categorical and heterogeneous
data, CatBoost has been widely applied in regression,
classification, and recommendation systems.

3.3 The proposed method
This study proposes a clustering-driven feature
generation framework to enhance student performance
prediction. The core idea is to extract latent structural

information from student data using clustering
algorithms and integrate the obtained clustering
labels with original features to improve prediction
performance. The overall workflow of the proposed
method consists of four main stages:

1. Data Preprocessing. The original datasets are
first processed through data shuffling, categorical
feature encoding, and dataset partitioning. These
steps ensure data quality and improve model
training stability.

2. Clustering-Based Feature Generation. Clustering
algorithms are applied to the original feature
space to group similar samples. Each sample
is assigned a clustering label representing its
cluster membership. The clustering label is then
appended as a new feature to the original dataset.

3. Model Training and Parameter Optimization.
Multiple machine learning models are
trained using datasets with and without
clustering-generated features. Hyperparameters
are optimized using grid search and early
stopping strategies to improve generalization
performance.

4. Performance Evaluation and Comparative
Analysis. The predictive performance of each
model is evaluated using multiple regression
metrics. Comparative experiments are conducted
to analyze the effectiveness of clustering-based
feature enhancement across different models and
datasets.

To determine the most suitable clustering method,
three clustering algorithms, including K-Means,
DBSCAN, and hierarchical clustering, are initially
evaluated using the MLP model as a baseline
predictor. Experimental results indicate that K-Means
consistently achieves superior prediction performance.
Therefore, K-Means is selected as the primary
clustering method for subsequent experiments.

4 Experiments
4.1 Evaluation Metrics
To evaluate model prediction accuracy and stability,
three widely used regression evaluation metrics
are adopted: Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and Coefficient of
Determination (R2). MAE measures the average
absolute difference between predicted and actual
values.
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MAE =
1

n

n∑
i=1

|yi − ŷi| (6)

where n is the number of samples, yi is the actual
observed value, and ŷi is the predicted value of the
model.
RMSEmeasures the square root of the average squared
prediction error:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (7)

The coefficient of determination evaluates the
goodness of fit of the regression model.

R2 = 1−
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2

(8)

4.2 Experimental Data
Two publicly available educational datasets are used
to evaluate the proposed framework. Dataset
1 is obtained from the Roycekimmons dataset
repository. It contains performance records of
1,000 students, including mathematics, reading, and
writing scores. The dataset also includes five
categorical attributes describing student demographic
and educational background information, including
gender, race/ethnicity, parental education level, lunch
type, and test preparation course participation. More
detailed information can be found from 1.
Dataset 2 is collected from Portuguese secondary
school students and is available from the UCI Machine
Learning Repository. It contains detailed student
information, including demographic characteristics,
family background, learning behavior, and academic
history. The dataset includes three performance
indicators: G1, G2, and G3, representing first-period,
second-period, and final grades, respectively. Strong
correlations among these variables make the dataset
suitable for sequential performance prediction analysis.
Compared with Dataset 1, Dataset 2 contains richer
behavioral and contextual information and represents
a complex multivariate educational dataset. More
detailed information can be found from 2.

1http://roycekimmons.com/tools/generated_data/exams
2https://archive.ics.uci.edu/dataset/320/student+performance

4.3 Parameter Optimization
For the MLP, the key hyperparameters include the
learning rate and hidden layer structure. The search
space includes learning rates [0.001, 0.01, and 0.1]
and hidden layer configurations (50,), (100,), (100,
100), (100, 50), and (100, 50, 50). For the SVM, kernel
options include linear, polynomial, and radial basis
function (RBF). The regularization parameter C is
selected from [0.05, 0.1, 1, 10, 30, 50] are specifically
defined for the SVMmodel. By using the grid search
method to find the optimal combination of parameters,
the performance of the SVM model on a specific
dataset can be significantly improved[41]. For the RF,
the number of trees and tree depth are tuned. The
number of trees is selected from [50, 100, 200, 400],
and maximum tree depth is selected from [None, 10,
20]. For the Bagging, the number of base learners is
optimized using candidate values [50, 100, 200, 400,
900]. For the XGBoost, the learning rate [0.001, 0.01,
and 0.1] and number of estimators [50, 100, 150, and
200] are optimized. The CatBoost uses the same search
space as XGBoost, including learning rate and number
of estimators. The optimal parameters for each model
are obtained using the grid search method [42].

4.4 Clustering Algorithm Selection

Table 1. Prediction Results of math score of Dataset 1 using
different clustering algorithms.

Method MAE RMSE R2

K-Means 10.7106 13.2205 0.2173
DBSCAN 10.8245 13.3815 0.1953
Hierarchical 10.7814 13.2979 0.2083
Without Clustering 10.7429 13.2836 0.2102

Clustering-based feature generation is implemented
by assigning cluster labels to each sample using
clustering algorithms. These labels serve as additional
features reflecting similarity structures in the data.
To determine the most effective clustering approach,
K-Means, DBSCAN, and hierarchical clustering are
compared using the MLP model. The clustering
hyperparameters are set as follows: the number of
clusters for K-Means is set to 3; the ε is set to 0.5 and
MinPts is set to 7 for DBSCAN; the number of clusters
for hierarchical clustering is set to 3. Experimental
results for mathematics score prediction on Dataset
1 are summarized in Table 1 (The result with best
performance is highlighted in bold). As shown in
Table 1, the K-Means clustering algorithm has better
performance than the other two clustering algorithms.
Therefore, this study selects the K-Means clustering
algorithm for subsequent research.
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4.5 Experimental Results and Analysis of Dataset 1
Based on the clustering selection results in Section
4.4, K-Means was adopted for clustering-based feature
generation. For each model, hyperparameters
were optimized using grid search combined with
cross-validation. Experiments were conducted for
mathematics, reading, and writing score prediction.
Table 2. Prediction Results of math score of Dataset 1 on the

Full Feature Set.
Method MAE RMSE R2

MLP 10.7429 13.2836 0.2102
MLP + K-Means 10.7106 13.2205 0.2173

SVM 10.8037 13.3152 0.2147
SVM+ K-Means 10.8255 13.3262 0.2029

RF 12.0245 14.9112 -0.0028
RF + K-Means 11.9847 14.8729 0.0022

Bagging 12.1587 15.0759 -0.0253
Bagging+ K-Means 12.1403 15.0699 -0.0244

XGBoost 11.3227 14.0304 0.1191
XGBoost+ K-Means 11.3259 14.0215 0.1198

CatBoost 11.0211 13.6181 0.1703
CatBoost + K-Means 11.0570 13.6310 0.1681

Table 2 presents the prediction results for mathematics
scores using the full feature set. The introduction of
K-Means clustering improves the performance of MLP,
RF, Bagging, and XGBoost models. Among these
models, MLP achieves the best overall performance,
with MAE and RMSE reduced to 10.7106 and 13.2205,
respectively, and R2 increased to 0.2173. However,
SVM and CatBoost experience slight performance
degradation after incorporating clustering features.
This indicates that clustering-based feature
enhancement does not universally benefit all
prediction models and may depend on the interaction
between model structure and data distribution.
The experimental results for reading score prediction
are shown in Table 3. After introducing K-Means
clustering, the MLP, RF, and Bagging models
demonstrate improved prediction accuracy. MLP
again achieves the best performance, with reduced
MAE and RMSE and improved R2 values. Conversely,
SVM, XGBoost, andCatBoost showmarginal decreases
in performance after incorporating clustering labels.
These results suggest that clustering-based feature
augmentation may provide limited benefits for models
that already capture feature interactions effectively.
Table 4 summarizes thewriting score prediction results.
After introducing K-Means clustering, the MLP, SVM,
RF, and CatBoost models achieve improved prediction

Table 3. Prediction results of the reading score of Dataset 1
on the full set of features.

Method MAE RMSE R2

MLP 10.5799 12.9232 0.2003
MLP + K-Means 10.5195 12.8620 0.2092

SVM 10.5988 12.9758 0.1933
SVM+ K-Means 10.6069 12.9789 0.1930

RF 11.7204 14.3595 0.0159
RF + K-Means 11.7057 14.3390 0.0188

Bagging 11.8429 14.5025 -0.0038
Bagging+ K-Means 11.8361 14.4984 -0.0031

XGBoost 11.0322 13.5668 0.1236
XGBoost+ K-Means 11.0339 13.5739 0.1226

CatBoost 10.7551 13.2262 0.1652
CatBoost + K-Means 10.7803 13.2316 0.1643

Table 4. Prediction Results of the writing score of Dataset 1
on the full set of features.

Method MAE RMSE R2

MLP 10.2117 12.5327 0.3145
MLP + K-Means 10.0951 12.4272 0.3259

SVM 10.2587 12.6065 0.3063
SVM+ K-Means 10.2096 12.5273 0.3140

RF 11.3006 13.9697 0.1502
RF + K-Means 11.2955 13.9613 0.1513

Bagging 11.4173 14.1083 0.1330
Bagging+ K-Means 11.4193 14.1099 0.1329

XGBoost 10.7418 13.2095 0.2414
XGBoost+ K-Means 10.7664 13.2039 0.2388

CatBoost 10.4834 12.8972 0.2748
CatBoost + K-Means 10.4191 12.8595 0.2796

performance. MLP demonstrates the most significant
improvement, with MAE reduced to 10.0951 and
R2 increased to 0.3259. In contrast, Bagging and
XGBoost show slight performance reductions, further
confirming that clustering feature effectiveness varies
across models and prediction tasks.
Figures 1, 2, 3, 4, 5 and 6 illustrate the performance
comparison of six models before and after
clustering-based feature enhancement. Overall,
the MLP and RF benefit most consistently from
K-Means clustering across the three subjects. Other
models demonstrate partial improvements depending
on the prediction task. The improvements achieved by
clustering can be attributed to its ability to reveal latent
group structures among students. By introducing the
clustering feature as an additional feature, the models
can better capture student similarity patterns and
improve prediction accuracy. Nevertheless, clustering
does not guarantee performance improvement in all
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Figure 1. Performance comparison of the MLP model on Dataset 1 before and after optimization.

Figure 2. Performance comparison of the SVM model on Dataset 1 before and after optimization.

cases.

4.6 Experimental Results and Analysis of Dataset 2
Dataset 2 includes sequential academic performance
indicators (G1, G2, and G3), allowing further
evaluation of clustering-based feature enhancement
under more complex data conditions. Table 5
presents prediction results for G1 using the full
feature set excluding G1 and G2. After introducing
K-Means clustering, all six models demonstrate
performance improvement. In particular, the Bagging
and RF achieve the best performance, indicating that
clustering effectively captures latent student learning
patterns at early performance stages.

Table 6 presents prediction results forG2 using features
including G1 but excluding G2. The results show
that the SVM, Bagging, and XGBoost benefit from
clustering-based feature enhancement. However, the
MLP, RF, and CatBoost experience slight performance
decreases after incorporating clustering features. This
suggests that when strong predictive indicators such as
G1 are available, somemodels can already capture data
patterns effectively, reducing the additional benefit
provided by clustering.

Table 7 summarizes prediction results for G3 using
features including G1 and G2. Clustering improves
the performance of SVM, Bagging, XGBoost, and
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Figure 3. Performance comparison of the RF model on Dataset 1 before and after optimization.

Figure 4. Performance comparison of the Bagging model before and after optimization on Dataset 1.

Figure 5. Performance comparison of the XGBoost model before and after optimization on Dataset 1.
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Figure 6. Performance comparison of the CatBoost model before and after optimization on Dataset 1.

Figure 7. Performance comparison of MLP model before and after optimization on Dataset 2.

Figure 8. Performance comparison of SVM model before and after optimization on Dataset 2.

CatBoost models. However, the MLP and RF show
slight performance degradation, indicating that their
inherent nonlinear modeling capability may already
sufficiently capture feature interactions.

Figures 7, 8, 9, 10, 11 and 12 illustrate performance
comparisons across six models before and after
clustering enhancement. Overall, the SVM, Bagging,
and XGBoost consistently benefit from clustering
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Figure 9. Performance comparison of RF model before and after optimization on Dataset 2.

Figure 10. Performance comparison of the Bagging model before and after optimization on Dataset 2.

Figure 11. Performance comparison of the XGBoost model before and after optimization on Dataset 2.

features across the three prediction tasks in dataset
2. The MLP, RF, and CatBoost demonstrate
improvements in selected tasks but show performance

declines in others. The results confirm that
clustering-based feature generation can effectively
enhancemodel sensitivity to data distribution patterns.
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Figure 12. Performance comparison of the CatBoost model before and after optimization on Dataset 2.

Table 5. Prediction Results of G1 in Dataset 2 on the Full
Feature Set (excluding G1 and G2).
Method MAE RMSE R2

MLP 2.6461 3.1951 0.0883
MLP + K-Means 2.6410 3.1922 0.0890

SVM 2.6688 3.2359 0.0707
SVM+ K-Means 2.6045 3.2265 0.0715

RF 2.5856 3.1397 0.1186
RF + K-Means 2.5758 3.1353 0.1201

Bagging 2.5677 3.1137 0.1327
Bagging+ K-Means 2.5621 3.1121 0.1335

XGBoost 2.7366 3.2792 0.0434
XGBoost+ K-Means 2.7332 3.2750 0.0462

CatBoost 2.6000 3.1418 0.1185
CatBoost + K-Means 2.5725 3.1351 0.1234

Table 6. Prediction Results of G2 in Dataset 2 on the Full
Feature Set (including G1 but excluding G2).

Method MAE RMSE R2

MLP 1.6163 2.2267 0.6506
MLP + K-Means 1.7953 2.3729 0.6015

SVM 1.5004 2.2717 0.6419
SVM+ K-Means 1.4949 2.2732 0.6420

RF 1.4558 2.1569 0.6774
RF + K-Means 1.4617 2.1662 0.6744

Bagging 1.4561 2.1572 0.6774
Bagging+ K-Means 1.4568 2.1557 0.6778

XGBoost 1.5769 2.2912 0.6349
XGBoost+ K-Means 1.5654 2.2811 0.6388

CatBoost 1.7017 2.4339 0.5944
CatBoost + K-Means 1.7437 2.4614 0.5845

By revealing latent student group characteristics,
clustering improves model generalization ability,
particularly in early-stage performance prediction.

Table 7. Prediction results of G3 in dataset 2 on the full
feature set (including G1 and G2).

Method MAE RMSE R2

MLP 1.4894 2.0826 0.7985
MLP + K-Means 1.5998 2.1624 0.7813

SVM 1.4146 2.3380 0.7479
SVM+ K-Means 1.4134 2.3275 0.7501

RF 1.2608 1.9990 0.8136
RF + K-Means 1.2657 2.0036 0.8129

Bagging 1.2679 2.0139 0.8111
Bagging+ K-Means 1.2676 2.0135 0.8114

XGBoost 1.3324 2.1018 0.7980
XGBoost+ K-Means 1.3331 2.0917 0.8004

CatBoost 1.5788 2.2462 0.7669
CatBoost + K-Means 1.5186 2.1176 0.7910

However, similar to Dataset 1, the effectiveness of
clustering exhibits strong task and model dependency.
Models with strong nonlinear modeling capabilities
or datasets containing highly informative sequential
features may obtain limited benefits from clustering
enhancement.

5 Conclusion
This study proposed a clustering-based feature
generation model to improve student performance
prediction. After data preprocessing, three clustering
algorithms (K-Means, DBSCAN, and hierarchical
clustering) were employed to generate additional
feature representations. Based on comparative
experiments using the MLP model, K-Means was
selected and further integrated into six machine
learning models, including MLP, SVM, RF, Bagging,
XGBoost, and CatBoost, and evaluated on two
educational datasets. Experimental results showed
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that incorporating K-Means-generated features
improved the performance of most models,
as evidenced by reduced MAE and RMSE and
increased R2 values. These findings demonstrate
that clustering-derived structural information can
effectively enhance prediction accuracy. However, the
improvement is influenced by data characteristics and
model types, indicating that clustering-based feature
augmentation should be applied selectively.
In future work, more advanced clustering techniques,
such as density-adaptive clustering or fuzzy clustering,
can be investigated to capture more complex data
structures and improve feature representation quality.
Second, dynamic or adaptive clustering strategies
can be developed to automatically determine optimal
cluster numbers and structures, reducing dependence
on manual parameter tuning.
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