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Abstract – Students Performance prediction using data
mining techniques has become an essential approach for
analyzing large-scale datasets and extracting meaningful
insights for decision-making. This study presents a
Student Performance Prediction using Data Mining
Techniques (SPPDMT) model that integrates feature
selection and classification algorithms to improve
prediction accuracy. The proposed system utilizes
Dynamic Feature Ensemble Evolution (DE-FS) to identify
the most relevant features by combining multiple
statistical methods such as correlation analysis,
information gain, and chi-square techniques. These
selected features are then used to train classification
models such as Decision Tree (DT) and Support Vector
Machine (SVM). The hybrid SPPDMT model (DE-FS)
enhances prediction performance by reducing
dimensionality and improving model generalization.
Experimental results demonstrate that the proposed
method outperforms traditional models in terms of
accuracy, precision, recall, and F1-score. The system
provides efficient prediction results and supports better
decision-making in performance evaluation systems.
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1. INTRODUCTION
In today's data-driven society, the ability to derive
meaningful conclusions from vast amounts of data has
become essential in many different sectors. Businesses,
companies, and educational institutions consistently
generate large amounts of data. When properly analyzed,
this data can reveal hidden trends and support informed
decision-making. One significant use of this research is
performance prediction, which uses previous data to try
and predict outcomes like staff productivity, system
efficiency, or student success. Data mining tools, which
transform raw data into insightful knowledge, enable such
forecasts.

Data mining refers to the process of discovering patterns,
correlations, and trends from large datasets using
statistical, machine learning, and computational methods.
These techniques allow analysts to identify relationships
between variables that may not be immediately apparent
through traditional analysis. In the context of performance
prediction, data mining can be used to evaluate past
behaviors and characteristics to predict future performance
outcomes with a reasonable degree of accuracy.
Students Performance prediction using data mining
techniques has gained considerable attention, particularly
in the field of education. By analyzing factors such as
attendance, assignment scores, participation, and socio-
demographic attributes, institutions can predict student
performance and identify those at risk of
underachievement. This enables early intervention
strategies, personalized learning approaches, and improved
academic planning. Similarly, in business environments,
performance prediction models help organizations forecast
employee productivity, customer behavior, and operational
efficiency, ultimately supporting strategic planning and
resource optimization.
Various data mining techniques are commonly used for
Students performance prediction, including classification,
regression, clustering, and association rule mining.
Classification algorithms such as decision trees, support
vector machines, and neural networks are widely
employed to categorize data and predict outcomes.
Regression techniques are used to estimate continuous
performance values, while clustering helps in grouping
similar data points for pattern recognition. The choice of
technique depends on the nature of the dataset and the
specific prediction goals.
Despite its advantages, performance prediction using data
mining also presents challenges, such as data quality
issues, privacy concerns, and the need for appropriate
model selection. Ensuring accurate and reliable predictions
requires careful preprocessing of data, feature selection,
and validation of models. Additionally, ethical
considerations must be addressed, especially when dealing
with sensitive personal data.
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2. Existing Methodology
1. Zhang et al. (2021) conducted a comprehensive review
of educational data mining techniques for student
performance prediction, focusing on machine learning and
data mining approaches. The study proposed a structured
framework consisting of five stages: data collection,
problem formulation, model development, prediction, and
application. Various techniques such as decision trees,
neural networks, regression models, and deep learning
were analyzed and experimentally evaluated using both
institutional and public datasets. The results demonstrated
that different models perform variably depending on data
characteristics, with advanced techniques like matrix
factorization and deep learning showing promising
improvements. However, the study highlighted limitations
such as data quality issues and lack of standardized
evaluation methods, suggesting the need for better data
integration and more interpretable models for real-world
educational applications.
2.Lou and Colvin (2025) proposed a comparative
performance prediction model using educational data
mining techniques and traditional statistical approaches.
The study applied generalized linear regression (GLR),
decision tree (DT), and random forest (RF) models to
predict students’ exam performance using a large-scale
high school dataset. The experimental setup involved
splitting the dataset into training and testing sets and
evaluating models using R-square, RMSE, MAE, and
MSE metrics. The results indicated that GLR
outperformed DT and RF in predictive accuracy and error
minimization. However, the study noted that model
performance may vary depending on dataset complexity
and highlighted the need for further research in selecting
appropriate models for educational prediction tasks.
3. Kord et al. (2025) proposed a multi-modal framework
for student performance prediction and course
recommendation using a combination of machine learning
and deep learning techniques. The study evaluated eleven
ML algorithms, including SVM, KNN, DT, RF, and
XGBoost, along with deep learning models such as
DANN, GRU, and LSTM. The experimental setup used a
real-world dataset from Mansoura University, with
validation through cross-validation and performance
metrics such as accuracy and F1-score. The results showed
that the Support Vector Classification (SVC) model
achieved the highest accuracy of 78.04%, outperforming
other models. The study concluded that combining
predictive modeling with recommendation systems can
significantly improve student academic planning, although
computational complexity and data dependency remain
challenges.
4.Malik et al. (2025) proposed a novel feature selection
method called Dynamic Feature Ensemble Evolution (DE-
FS) to enhance student performance prediction accuracy.
The method integrates traditional feature selection
techniques such as correlation analysis, information gain,
and chi-square with a dynamic thresholding mechanism to

adapt to changing data patterns. The experimental setup
involved testing the model across multiple educational
datasets and evaluating performance using standard
classification metrics. The results demonstrated that the
DE-FS model significantly improved prediction accuracy
and reduced issues like overfitting and underfitting
compared to traditional approaches. However, the study
acknowledged limitations related to computational
complexity and the need for further validation in real-time
environments.
5.Khan et al. (2020) proposed a data mining-based
predictive model to estimate irrigation water requirements
by applying multiple classification and prediction
techniques. The study utilized decision trees, artificial
neural networks, support vector machines, logistic
regression, and systematically developed forest (SysFor)
models on a multi-source dataset consisting of
meteorological, remote sensing, and agricultural data. The
experimental setup involved preprocessing the dataset
using a novel evapotranspiration-based method and
evaluating models based on prediction accuracy. The
results showed that the SysFor model achieved the highest
accuracy of 97.5%, outperforming other techniques.
However, the study emphasized the importance of data
preprocessing and highlighted limitations related to data
availability and real-world variability.

3. Proposed Methodology
The proposed methodology aims to develop an efficient
performance prediction system using data mining
techniques by combining feature selection and
classification algorithms. Initially, the dataset is collected
from relevant sources such as academic records, employee
performance logs, or healthcare data repositories. The
collected data may contain missing values, noise, and
inconsistencies; therefore, preprocessing is performed to
clean the data. This includes handling missing values,
normalization, and transformation of attributes into a
suitable format.
After preprocessing, a feature selection technique is
applied to improve prediction accuracy and reduce
dimensionality. In this work, Dynamic Feature Ensemble
Evolution (DE-FS) is used to identify the most relevant
features by combining multiple statistical methods such as
correlation analysis, information gain, and chi-square. This
step ensures that only meaningful attributes are used for
prediction, which reduces overfitting and improves model
efficiency.
Once the optimal features are selected, classification
algorithms such as Decision Tree (DT) and Support
Vector Machine (SVM) are applied to build prediction
models. The Decision Tree algorithm provides a simple
and interpretable model, while SVM offers higher
accuracy for complex datasets by finding optimal decision
boundaries. The dataset is divided into training and testing
sets (typically 70% training and 30% testing), and the
models are trained using the selected features.
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High-dimensional datasets are commonly found in
performance prediction tasks such as student academic
performance, employee productivity, and system
efficiency evaluation. These datasets contain multiple
attributes such as attendance, scores, behavioral metrics,
and historical performance records. However, many
features may be irrelevant or redundant, which reduces
prediction accuracy. Therefore, feature selection (FS) is
essential to improve the efficiency and effectiveness of
data mining models.
Let the dataset be defined as:

𝐷 = {(𝑥𝑖,𝑦𝑖)}𝑛𝑖=1

where 𝑥𝑖∈R𝑑represents the input feature vector and 𝑦𝑖
represents the performance label (e.g., high/low, pass/fail).
The objective is to determine an optimal subset of
features:

𝑆 ⊂ {1,2,…,𝑑}

such that the prediction accuracy is maximized while
minimizing feature redundancy.
Decision Tree (DT)
The Decision Tree (DT) algorithm is used as a baseline
model due to its simplicity and interpretability. It
constructs a tree structure by recursively splitting the
dataset based on feature values. The splitting criterion is
based on Information Gain:

IG(S,A) = H(S) −
v

∣ Sv ∣
∣ S ∣ H(Sv)

where H(S)represents entropy. Although DT is easy to
implement, it often suffers from overfitting and reduced
accuracy when handling high-dimensional datasets.
Dynamic Feature Ensemble Evolution (DE-FS)
To improve prediction performance, the proposed
approach applies DE-FS for selecting optimal features.
DE-FS combines multiple feature selection techniques to
evaluate feature importance dynamically.
Let:

F = {f1,f2,...,fd}

Each feature is evaluated using:
1. Correlation:

Corr(fj) =
Cov(fj,y)
σfjσy

2. Information Gain:
IG(fj) = H(Y) − H(Y ∣ fj)

3. Chi-Square:
χ2(fj) = ∑ O − E 2

E

The combined feature score is:

Score(fj) = w1 ⋅ Corr(fj) + w2 ⋅ IG(fj) + w3 ⋅ χ2(fj)
Top-ranked features are selected to form the optimal
subset S∗.
Prediction Model (SVM-Based Classification)
After feature selection, a Support Vector Machine (SVM)
model is used for prediction. SVM finds an optimal
hyperplane:

f(x) = w ⋅ x + b

such that:
min  12 ∣∣ w ∣ ∣2

This ensures better generalization and higher prediction
accuracy compared to DT.
Algorithm: SPPDMT (Student Performance Prediction
using Data Mining Techniques)
Input: Dataset D (performance-related data)
Output: Predicted Performance P
Step 1: Data Collection
Collect dataset D from relevant sources (academic or
performance systems).
Step 2: Data Preprocessing
Handle missing values (replace/remove null values)
Remove noise and duplicate records
Normalize and transform data into suitable format
Step 3: Feature Selection (DE-FS)
Apply Feature Selection techniques:
Correlation Analysis
Information Gain
Chi-Square Test
Compute feature scores
Select optimal feature subset F
Step 4: Data Splitting
Split dataset into:
Training set (70%)
Testing set (30%)
Step 5: Model Training
Train Decision Tree (DT) model using full dataset
Train Support Vector Machine (SVM) using selected
features F
Train Proposed PPDMT model (DE-FS + SVM hybrid)
Step 6: Prediction
Apply trained models on test data
Generate predicted performance P
Step 7: Evaluation
Evaluate models using metrics:
Accuracy (Acc)
Precision (Prec)
Recall (Rec)
F1-Score
Step 8: Model Comparison & Selection
Compare results of:
DT (baseline – low performance)
DE-FS (feature optimized)
Proposed PPDMT
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Select best-performing model based on accuracy and error
metrics
Step 9: Output
Display final predicted performance results
Generate reports/graphs for analysis.

4. Experiment Results
4.1 Accuracy
Accuracy is the measure of how correctly the model
predicts the performance outcomes. It is defined as:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 × 100

Dataset DE-FS DT Proposed SPPDMT
100 88.45 72.31 96.78
200 86.92 70.15 95.34
300 89.10 68.27 97.12
400 87.56 66.84 95.89
500 85.73 65.92 94.65
Table 1 Comparison table of Accuracy

The comparison table 1 shows the accuracy values of DE-
FS, DT, and the proposed SPPDMT model. The DE-FS
method provides better results than DT due to optimized
feature selection, while the DT model shows lower
accuracy because it uses the full dataset without
optimization. The proposed SPPDMT model achieves the
highest accuracy values ranging from 94.65 to 97.12,
outperforming both DE-FS and DT. This indicates that
combining DE-FS with SVM significantly improves
prediction performance.

Figure 1 Comparison chart of Accuracy

The figure 1 shows the comparison chart of accuracy for
DE-FS, DT, and proposed SPPDMT. The X-axis
represents the dataset size and the Y-axis represents the
accuracy percentage. It is clearly observed that the
proposed SPPDMT model consistently achieves higher
accuracy compared to DE-FS and DT. The DT model
shows the lowest performance, while DE-FS performs
moderately better. The proposed model provides the best
results.

4.2 Precision

Precision measures how accurately the model predicts
positive performance outcomes.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Dataset DE-FS DT Proposed SPPDMT
100 82 65 91
200 80 63 93
300 85 60 89
400 83 58 95
500 81 57 94
Table 2 Comparison table of Precision

The comparison table 7.2 shows that the proposed
SPPDMT model achieves higher precision values
compared to DE-FS and DT. The DT model shows the
lowest precision values ranging from 57 to 65, indicating
poor classification capability. DE-FS improves precision
by selecting relevant features, but the proposed SPPDMT
model provides the highest precision values ranging from
89 to 95, demonstrating better prediction reliability.

Figure 2 Comparison chart of Precision

The figure 2 shows the comparison chart of precision. The
X-axis represents dataset size and Y-axis represents
precision values. The proposed SPPDMT model clearly
outperforms DE-FS and DT. The DT model has the lowest
performance, while DE-FS performs moderately. The
proposed model achieves the best results.

4.3 Recall
Recall measures the ability of the model to correctly
identify actual positive cases.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

Dataset DE-FS DT Proposed SPPDMT
100 0.81 0.70 0.90
200 0.83 0.68 0.92
300 0.85 0.66 0.95
400 0.87 0.65 0.94
500 0.84 0.63 0.96

Table 3 Comparison table of Recall

The comparison table 3 shows that the DT model has the
lowest recall values, while DE-FS improves recall by
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Figure 4 Comparison chart of F1-score
The figure 4 shows the comparison chart of F1-score. The
proposed SPPDMT model clearly outperforms DE-FS and
DT. The DT model shows the lowest performance, while
DE-FS performs moderately. The proposed model
provides the best overall performance.

5. CONCLUSION
This paper presents an effective approach for

performance prediction using data mining techniques by
integrating feature selection and classification models. The
proposed SPPDMT model combines Dynamic Feature
Ensemble Evolution (DE-FS) with Support Vector
Machine (SVM) to improve prediction accuracy and
reduce the impact of irrelevant features. The Decision Tree
(DT) model is used as a baseline for comparison,
demonstrating lower performance due to its sensitivity to
high-dimensional data. The results clearly indicate that the
DE-FS approach enhances feature quality, while the
hybrid SPPDMT model achieves superior performance
across all evaluation metrics, including accuracy,
precision, recall, and F1-score. The system ensures
efficient data processing, improved prediction capability,
and better model generalization. Overall, the proposed
methodology provides a reliable and scalable solution for
performance prediction and can be extended to various
domains involving large and complex datasets.
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