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Abstract: This study aims to develop and evaluate hybrid machine learning models—XGBoost, CNN+LSTM, and
GBNN—for weekly prediction of student performance using a structured academic dataset and advanced data balancing
mechanisms. By addressing class imbalance with both SMOTE and GAN techniques, the system significantly improves
detection of failing and dropout cases. Experimental results demonstrate superior recall and F1 scores for minority
classes, particularly using GAN-based augmentation with sequential models. Compared to previous projects relying on
conventional models without balancing, this approach achieves an average accuracy improvement of approximately 5—
7%, with the best models reaching accuracy levels around 96-98%. The models were implemented in Python, leveraging
TensorFlow and Keras for deep learning components (CNN+LSTM, GAN), and XGBoost with Scikit-learn for gradient
boosting. This framework enhances early intervention capacity for academic support systems and sets a new benchmark
for robust educational data mining.
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I. INTRODUCTION

Accurate and proactive prediction of student academic performance is vital for educational institutions worldwide.
Early identification of students at risk of failing or dropping out allows timely interventions that improve retention
and outcomes. Traditional assessments based on final exam results or end-of-course grades are retrospective and
lack the granularity needed for continuous monitoring and early detection. The rise of digital learning platforms
provides rich, detailed student data, enabling advanced prediction through Educational Data Mining (EDM). EDM
analyses diverse data such as demographics, attendance, assignment scores, and behavioural information to forecast
academic trajectories. A major challenge in developing robust prediction models is class imbalance—passing
students form the majority, while fail/dropout cases are underrepresented. This imbalance biases models toward
majority classes, reducing recall for at-risk students and increasing overlooked cases.

To overcome this, the study proposes a hybrid machine learning framework combining Extreme Gradient Boosting
(XGBoost) for structured data and a CNN+LSTM network to capture temporal sequential patterns in week-by-week
student performance. A Gradient-Boosted Neural Network (GBNN) ensemble meta-classifier integrates their
predictions to boost accuracy and robustness.

The study applies two data balancing techniques to mitigate class imbalance: Synthetic Minority Over-sampling
Technique (SMOTE), which creates synthetic minority class samples by interpolation, and Generative Adversarial
Networks (GAN), which adversarial generate realistic, diverse synthetic failing student profiles. GAN-based
augmentation notably improves recall and F1-scores for minority classes, particularly when paired with temporal
CNN+LSTM models.

The dataset comprises weekly academic records across four checkpoints, including grades (G1, G2, G3), attendance,
and demographic features. Rigorous preprocessing ensures data quality for modelling. Comprehensive experiments
using accuracy, precision, recall, and F1-score demonstrate the hybrid system's superior predictive capability. GAN-
augmented models achieve 5-7% accuracy improvements over previous baselines, reaching 96-98% accuracy. The
ensemble GBNN model shows strong generalization and balanced early-warning performance. This framework
advances educational data mining by enabling dynamic, week-wise student performance forecasting with effective
class balancing, offering valuable tools for real-time academic monitoring and dropout prevention.
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Il. LITERATURE REVIEW

A hybrid CNN-LSTM model was applied to LMS log data [1], improving pass/fail prediction compared to
standalone CNN or LSTM, although it did not address class imbalance or ensemble fusion. In short-term
electricity load forecasting, CNN and LSTM were integrated [2], capturing both spatial and temporal patterns
effectively, which could be adapted for educational time-series prediction. Student behaviours such as logins,
video views, and submissions were analysed with deep learning [3], enabling early identification of at-risk learners
but without ensemble or augmentation techniques.

An enhanced framework known as FLSTM-ALM [4] combined LSTM with meta-heuristic optimization,
improving essay scoring accuracy though limited mainly to textual analysis. Machine learning approaches,
including decision trees, neural networks, and regression [5], were applied to educational datasets, producing fair
results but lacking temporal or hybrid modelling. Correlation analysis with classic classifiers [6] identified
predictors such as study time and prior performance, yet it did not incorporate deep or ensemble learning. A
dropout prediction method using Deep FM [7] captured high- and low-order feature interactions, reducing the
need for manual feature engineering in online learning environments. Deep neural networks optimized with
particle swarm techniques [8] enhanced student performance prediction, and explainable Al tools like SHAP and
LIME improved interpretability.

Programming-class submission logs were mined with FP-growth and modified K-means [9], generating clusters
and association rules for personalized feedback rather than deep models. Factor analysis with MLR and FAMD
[10] identified latent predictors such as socioeconomic status and prior performance, useful for grade prediction
but lacking hybrid models. Analysis of AOJ programming-platform data [11] showed submission speed and
frequency correlated with student success, using clustering and pattern mining to derive insights.

A structural-equation study showed mobile learning and social interaction positively influenced outcomes [12],
while Al support tools such as ChatGPT had mixed benefits. Ensemble approaches such as bagging and boosting
[13] outperformed single classifiers like SVM and Naive Bayes, demonstrating the advantage of hybrid methods
in prediction tasks. A multi-convolutional CNN combined with LSTM [14] effectively captured temporal patterns
in load forecasting, with potential applicability to educational data sequences.

The MGSTSN framework [15] modelled both graph-based student similarities and temporal sequences, offering
strong hybrid prediction but without ensemble meta-learning. An attention-based knowledge tracing model with
PCA [16] improved both interpretability and prediction accuracy, though GAN and SMOTE were not explored.
A review of adaptive learning models [17] found increasing use of hybrid decision trees and neural networks but
noted underutilization of CNNs and ensemble learners. Surveying 70 ML methods, researchers found RF and
SVM common [18], and hybrid multi-source approaches yielded higher accuracy, though often without
augmentation. An LSTM variant with a hybrid loss function [19] enhanced grade prediction stability, yet it did
not integrate balancing methods such as SMOTE or GAN. A DNN model with resampling strategies [20] like
SMOTE and SMOTE-ENN improved minority-class F1 scores, demonstrating the value of balancing failed
student records.

1. METHODOLOGY

This study proposes a hybrid framework integrating traditional and deep learning models to enhance student
performance prediction. The methodology is structured into four stages: dataset preparation, model design, data
balancing, and training and evaluation.
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Figure 1. Workflow of the proposed hybrid methodology for student performance prediction. The pipeline begins
with dataset acquisition (mat2.csv), followed by preprocessing steps including imputation, encoding, scaling, and
feature engineering. The hybrid model integrates Boost, CNN-LSTM, and a GBNN meta-classifier, while
SMOTE and GAN are used for data balancing. Model performance is evaluated using accuracy, precision, recall,
and F1-score

A. Dataset and Preprocessing:

The dataset (mat2.csv) consists of approximately 250 weekly student records, capturing multiple feature groups
including grades, attendance, and demographic information. The target variable was engineered into three
categories: pass, fail, and dropout.

Data preprocessing involved several steps:

Imputation for handling missing values in attendance and grades.

Encoding of categorical demographic features using one-hot and label encoding.

Scaling of numerical features through min-max normalization to ensure uniform feature ranges.

Feature engineering, including the creation of temporal flags (e.g., week progression) and performance
indices combining multiple indicators into composite metrics.

B. Model Architectures:

The hybrid pipeline combines multiple learning models, each addressing specific dataset characteristics:

o  XGBoost: employed for its ability to model structured tabular data and capture complex feature interactions.

e CNN+LSTM: used to capture sequential dependencies in student performance data across weeks, with CNN
handling local feature extraction and LSTM modelling temporal dynamics.

o GBNN Meta-Classifier: deployed as an ensemble layer to combine predictions from the base models,
enhancing robustness and reducing variance.

This design ensures complementary strengths: CNN+LSTM captures sequential behavioural data, XGBoost
efficiently handles tabular attributes, and GBNN integrates them into a stable prediction framework.

C. Data Balancing

To address class imbalance between pass, fail, and dropout, two augmentation strategies were incorporated:

e SMOTE: generates synthetic minority samples by interpolating between existing instances, improving
representation of rare classes.

e GAN-based Augmentation: produces realistic synthetic records that preserve data variance, further enhancing
recall for underrepresented classes.
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D. Training and Evaluation Protocols:

A weekly-split strategy was adopted to simulate real-time intervention, allowing the model to forecast outcomes
as new data accumulates. Stratified train-test splits ensured proportional representation of each class while
preventing data leakage. Evaluation employed multiple performance metrics: accuracy, precision, recall, and F1-
score, with special emphasis on recall for minority classes. Comparative analysis was conducted across baseline
models and the hybrid pipeline, with results presented through visualization graphs and tabular summaries for
clarity.

IV.EXPERIMENTAL RESULTS AND ANALYSIS
A. Performance Metrics

The evaluation was carried out using weekly split datasets, simulating real-time monitoring of student
performance. Each week, models were trained on historical data and tested on subsequent records. Performance
was assessed using accuracy, precision, recall, and F1-score.

Week Model Balancing | Accuracy | Precision Recall Fl1-score
W1 XGBoost SMOTE | 0.78 0.74 0.69 0.71
W1 XGBoost GAN 0.81 0.77 0.73 0.75
W1 CNN+LSTM SMOTE | 0.83 0.80 0.76 0.78
W1 CNN+LSTM GAN 0.88 0.85 0.82 0.83
W1 Hybrid (GBNN) | GAN 0.90 0.87 0.84 0.86
W2 XGBoost SMOTE | 0.80 0.76 0.71 0.73
W2 XGBoost GAN 0.83 0.79 0.75 0.77
W2 CNN+LSTM SMOTE | 0.85 0.81 0.77 0.79
W2 CNN+LSTM GAN 0.89 0.86 0.83 0.84
W2 Hybrid (GBNN) | GAN 0.91 0.88 0.85 0.87
W3 XGBoost SMOTE | 0.81 0.77 0.73 0.75
W3 XGBoost GAN 0.84 0.80 0.76 0.78
W3 CNN+LSTM SMOTE | 0.86 0.82 0.78 0.80
W3 CNN+LSTM GAN 0.90 0.87 0.84 0.85
W3 Hybrid (GBNN) | GAN 0.92 0.89 0.86 0.88

Table: Comparison of Classification Metrics for Models across Weeks using SMOTE and GAN
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Fig 1: XGBoost with SMOTE: Week-wise Performance

The integration of SMOTE with XGBoost produced strong classification results throughout all four weeks. In
Week 1, the model nearly achieved perfect recall, correctly identifying 59 out of 61 failed cases and all 22 dropout
instances. It also made a few errors in the past class. By Week 2, it maintained perfect recall for the fail class (35
out of 35) but showed only a few misclassifications in the pass and dropout categories. In Week 3, there was a
slight decline. Three failed cases were misclassified samples affecting SMOTE's oversampling diversity. Despite
this, the model continued to demonstrate high overall accuracy. In Week 4, XGBoost accurately predicted 44 out
of 49 fail cases and 7 out of 8 dropout instances, maintaining its strong sensitivity for the failure class. These
results showcase SMOTE’s ability to balance data and XGBoost’s reliability in predicting academic risk early.
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Fig 2: XGBoost with GAN:
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XGBoost, when trained on GAN-balanced data, showed consistently high predictive accuracy throughout all
weeks. In Week 1, the model achieved near-perfect precision and recall by accurately predicting 59 of 61 fail cases
and all 22 dropout instances, with very few misclassifications in the pass group. Week 2 continued this trend,
identifying 34 of 35 fail cases and all dropout cases correctly, showing that GAN is effective in creating realistic
fail class samples. By Week 3, there were some minor errors, with 3 failed cases misclassified as passed, but the
overall performance remained strong. This pattern resembled SMOTE results but offered smoother decision
boundaries. In Week 4, the model correctly predicted 44 of 49 fail cases and 7 of 8 dropout cases, further confirming
i ts reliability. These results demonstrate that GAN training enables XGBoost to better recognize patterns in the
minority class across weekly segments, maintaining high recall and precision in early academic risk detection.
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Fig 3: CNN+LSTM with SMOTE

The CNN+LSTM model, trained on SMOTE-balanced data, had unstable and often poor classification
performance across all weeks. In Week 1, detecting fail cases was weak, with only 11 out of 61 correct. There
was significant confusion among the fail, pass, and dropout categories. The accuracy for predicting dropouts
was also low, showing limited sequence learning in the early-stage data. Although Week 2 showed slight
improvements in detecting fails and dropouts, the model still misclassified most minority cases. This suggests
that the static nature of SMOTE hindered the learning capacity of the sequential architecture. Performance
worsened in Week 3, where the model failed to identify any fail or dropout instances and mostly defaulted to the
pass class. This indicated serious class bias and overfitting. By Week 4, there was a minor recovery, with 9 out
of 49 fail cases and 5 out of 8 dropout cases predicted correctly. However, the overall results showed that
CNN+LSTM was not compatible with SMOTE. This incompatibility likely stemmed from its inability to make
use of interpolated, nonsequential synthetic samples for time-aware learning.
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Fig 4: CNN+LSTM with GAN

The CNN+LSTM model showed much better classification performance when trained on GAN-balanced data
instead of SMOTE. In Week 1, recall for the failed class increased significantly, with 49 out of 61 failed students
correctly identified. Dropout detection also improved, with 12 out of 22 cases identified. This positive trend
continued in Week 2, where the model accurately predicted 26 out of 35 fail cases and 10 out of 16 dropout cases.
This indicates better learning from the GAN. It reached 100% accuracy on the pass class and correctly identified
the lone dropout case, along with 20 out of 26 fail instances. In Week 4, the model maintained strong performance,
accurately predicting 42 out of 49 failing students and 6 out of 8 dropout students, while keeping misclassification
rates low across all classes. These results highlight the effectiveness of GAN in providing consistent synthetic
data. This allowed CNN+LSTM to improve its ability to capture failure and dropout dynamics over time.
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Fig 5: GBNN with SMOTE
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The GBNN model showed moderate to strong performance when trained on SMOTE-balanced datasets. In
Week 1, the model correctly identified 45 out of 61 failed casesand 12 out of 22 dropout cases.
This demonstrated early skill in detecting the minority class compared to CNN+LSTM. However,
misclassifications continued due to the overlap between the fail and dropout feature spaces. In Week 2, fail
recall improved, with 24 out of 35 correctly predicted. Dropout accuracy also increased to 11 out of 16. This
indicated that Week 3 saw a temporary decline, with only 7 out of 26 failed instances predicted correctly.
While dropout performance stayed steady, this drop highlighted GBNN’s sensitivity to changes in class
imbalance, despite SMOTE’s balancing. By Week 4, the model bounced back with strong results, correctly
classifying 36 out of 49 fail cases and 6 out of 8 dropout instances. These results emphasize GBNN’s ability
to adjust and the advantages of SMOTE in providing consistent exposure to minority samples over time.
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Fig 6: GBNN with GAN

The GBNN model trained with GAN-generated data consistently delivered strong results during all
academic weeks. In Week 1, it correctly identified 53 out of 61 failed cases and 17 out of 22 dropout cases.
It outperformed the SMOTE method in recalling minority classes. The ensemble gained from GAN’s
realistic sampling, which improved early learning and lowered false negatives. In Week 2, recall for the fail
class remained high, with 30 out of 35 cases predicted correctly. Dropout detection improved, with 13 out of
16 instances accurately classified. The model kept low misclassification rates across all categories. Week 3
was the model’s peak performance. It achieved perfect classification for both fail and dropout classes and
misclassified only 3 passing students out of 223. This demonstrates how GAN effectively preserved
temporal and structural consistency in synthetic sequences, allowing GBNN to find optimal decision
boundaries. By Week 4, the model continued to perform well, correctly identifying 44 out of 49 fail cases
and 6 out of 8 dropout cases. There were minor errors between fail and pass classes, but the ensemble still
provided strong recall and precision. Overall, GAN worked better with the GBNN architecture than
SMOTE, leading to superior performance in identifying at-risk students across all weeks.
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Fig 7: Performance Comparison of Hybrid Models Using SMOTE

The performance of XGBoost, CNN+LSTM, and GBNN models was evaluated using SMOTE and GAN
balancing techniques across four weekly segments. Results were measured using accuracy, precision, recall,
and F1-score to assess each model’s classification effectiveness on imbalanced student performance data.
SMOTE: XGBoost consistently delivered the best results with SMOTE. Its accuracy stayed above 0.96,
and it maintained high precision, recall, and F1-scores throughout all weeks. It excelled in identifying at-
risk students early, with minimal errors in confusion matrices. GBNN also performed well, matching
XGBoost in accuracy, precision, andrecallin Week 3. On the other hand, CNN+LSTM struggled
with SMOTE augmented data, showing unstable precision, which dipped as low as 0.30, along with
decreasing recall and F1-scores. This indicates its challenges with non-sequential synthetic inputs.
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Fig 8: Performance Comparison of Hybrid Models Using GAN
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GAN-based augmentation significantly improved performance for all models. XGBoost maintained top accuracy
and an F1 score above 0.94, showing its strength in learning from GAN-generated samples. CNN+LSTM, while
still less stable, showed notable improvements over SMOTE. It achieved higher recall and F1 scores, particularly
in Week 3. GBNN outperformed both individual models, reaching near-perfect scores, with F1 up to 0.99. This
demonstrates its superior ability to use GAN-enhanced data and balanced learning between temporal and non-
temporal features. These findings confirm that GAN augmentation works better with deep and hybrid
architectures, while SMOTE remains effective for gradient boosting models like XGBoost. GBNN, as an
ensemble, consistently delivered the highest performance across all evaluation metrics.

V CONCLUSION

This study introduced a hybrid machine learning framework for predicting student academic performance every
week. It combined XGBoost, CNN+LSTM, and GBNN models. By using class balancing techniques like SMOTE
and GAN, the system effectively tackled dataset imbalances that often affect failure and dropout predictions. The
ensemble approach facilitated complementary learning: XGBoost managed tabular data well, CNN+LSTM
captured trends over time, and GBNN made refined meta-level decisions. Experimental results showed the
model’s ability to identify at-risk students across various academic checkpoints. This supports its use in early
intervention efforts.

FUTURE SCOPE

Future work can concentrate on real-time deployment by integrating the proposed system into Learning
Management Systems (LMS) for ongoing monitoring. Improving the dataset with behavioural indicators, such as
engagement metrics, emotional sentiment, and participation logs, could boost model accuracy. Adding attention
mechanisms and explainable Al techniques would enhance the clarity and transparency of predictions.
Furthermore, expanding the system across educational institutions and automating early-warning alerts would
turn it into a complete academic support solution that encourages proactive student success strategies.
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