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Abstract: Rapid expansion of digital learning platforms has produced vast amounts of educational data to aid in identifying students 

at academic risk early. This study introduces a new hybrid Optimized Artificial Intelligence (AI) model that combines 

Convolutional Neural Networks (CNN), an Attention Mechanism, and Bidirectional Gated Recurrent Units (BiGRU) for the 

purposes of early academic risk prediction and learning behavior analytics. The model uses HEI, XAPI and HESP datasets and 

data pre-processing methods such as data cleaning, label encoding, Min–Max normalization, SMOTE and Recursive Feature 

Elimination (RFE). The CNN extracts meaningful features while the Attention Mechanism highlights the most relevant learning 

behavior indicators, and the BiGRU models the temporal dependencies to enhance prediction accuracy. The proposed framework 

is validated with the help of the metrics such as Accuracy, Precision, Recall, F1-score and AUC–ROC. The study offers an 

intelligent and reliable decision-support system that can help educational institutions to detect at-risk students in time and timely 

interventions to improve their academic success. 
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1. INTRODUCTION 

Artificial Intelligence (AI) has transformed various industries such as healthcare, financial services, 

manufacturing, transportation, and education by making smart decisions based on complex data analysis and 

predictive modeling. The dynamic development of digital learning platforms, Learning Management Systems (LMS), 

online evaluation tools and education information systems in the education field has created vast quantities of 

academic and behavioral data. It has ushered in a new era of possibilities for educational institutions to leverage data-

driven strategies to track student performance, refine instructional practices, and optimize learning outcomes.It has 

opened up new possibilities for schools to use data-driven strategies to monitor student performance, optimize 

instruction, and improve learning outcomes. 

As a result of this, the study and application of Educational Data Mining (EDM) and Learning Analytics (LA) 

have also become relevant research areas aiming to uncover knowledge from educational data, which can be used to 

inform academic decision-making. A significant institutional problem is identifying students that are at risk of being 

academically unsuccessful in time to take action and help them. There are a number of interconnected factors that can 
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lead to academic failure, such as poor attendance at school, less than satisfactory assessment performance, poor 

involvement in learning activities, poor use of digital learning resources, and poor engagement with learning. If these 

risk factors are not identified in a timely fashion, dropouts, lower graduation rates and poor institutional performance 

can result. Before the actual problem arises, it becomes very important for educators and policymakers to be able to 

predict student success or failure at an early stage so that interventions can be made in time, including, but not limited 

to, academic counselling, differentiated learning support, mentoring, and adjusting the curriculum. 

Many traditional statistical methods and traditional machine learning algorithms are widely used to predict a 

student's grade. Logistic Regression, Decision Trees, Support Vector Machines (SVM), Naïve Bayes, Random Forest 

and Artificial Neural Networks (ANN) have shown to be promising classifiers 

for predicting students' academic performance. The approaches mentioned above, however, typically depend 

on features they have manually designed, and they often have restricted ability to capture complex nonlinear 

relationships and sequential learning patterns within educational data. Moreover, the growing volume of multi-

dimensional educational data that combines demographic, educational achievement, behavior, and socioeconomic 

variables also has brought distinct problems to the table, as traditional predictive models struggle to provide effective 

management solutions for high dimensional and heterogeneous data. The recent deep-learning breakthroughs have 

allowed for valuable predictive analytics through automatic feature extraction and hierarchical representation learning 

from data. Artefacts like Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, 

Gated Recurrent Units (GRUs), and Bidirectional Gated Recurrent Units (BiGRUs) have proven to be more effective 

in capturing complex patterns and time series relationships in the field of education. CNNs are especially effective in 

learning meaningful feature representations, and recurrent neural networks learn the sequential learning patterns that 

unfold over the course of students' education. The functions of these models make deep learning models more and 

more appropriate for educational applications, such as academic performance prediction and learning behavior 

analysis. Along with predictive modelling, learning behaviour analytics has grown to be a vital part of intelligent 

educational systems. 

In the digital age, students' engagement with digital platforms is continuously captured: attendance, assignment 

submission, quiz performance, LMS login, participation in discussion, study time etc., and learning resources they 

use. These behavioral factors offer important clues to students' involvement and learning styles, which can help 

institutions meet the needs of students who are succeeding and understand factors that affect students who are not 

succeeding. Combining learning behavior analytics with powerful predictive models helps to provide more detailed 

information analysis and more comprehensive learning intervention. Although there have been great advances in this 

area, there remain a number of challenges in current prediction models, such as low generalization performance across 

various educational datasets, low use of behaviors for learning, problems with modeling long time-series 

dependencies, and lower prediction accuracy for heterogeneous educational data. Furthermore, most of the current 

hybrid deep learning models treat all features extracted equally, neglecting the differences in the contributions of the 

academic and behavioral features. Such constraints suggest the need for more efficient and effective hybrid 

architectures that can learn complex educational patterns and correctly detect students at academic risk. As a result of 

these challenges, the design and validation of an optimized hybrid artificial intelligence for early academic risk 

identification and learning behavior analytics is chosen to be the major theme of this research. 

The proposed approach leverages the power of multiple deep learning techniques by combining them in a single 

system, to enhance the representation of features to better capture both spatial and temporal aspects of educational 

data, and to enable more precise identification of the students needing academic assistance. These smart, predictive 

systems can help educational facilities make smart interventions when they are needed, improve personalized learning, 

reduce student churn, and aid in evidence-based educational choices. 

2. LITERATURE REVIEW 

Rodríguez and colleagues (2026) Forecasting academic performance continues to pose a significant issue in 

higher education in Latin America, as institutional diversity and restricted data access hinder the efficacy of 
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conventional analytical methods. Although supervised machine learning models often attain elevated prediction 

accuracy, they generally exhibit a deficiency in interpretability and do not 

adequately represent underlying student characteristics necessary for effective educational interventions. This 

research introduces a cohesive and comprehensible hybrid framework that amalgamates predictive modelling and 

clustering into a singular analytical process. The methodology concurrently assesses academic risk and delineates 

student characteristics using a real-world dataset including 386 first-year students from a public institution in Mexico. 

The findings indicate that, while singular supervised models attained robust prediction efficacy (AUC reaching 0.84), 

the main advantage of the suggested method is its integrative ability. The hybrid pipeline demonstrated commendable 

performance (AUC = 0.85; F1-score = 0.76) and facilitated cross-paradigm validation of predictive and clustering 

results, providing proof of structural coherence in student risk patterns. In addition to forecasting precision, the 

framework combines probabilistic forecasts with behavioural characteristics and anomaly identification, facilitating 

the recognition of diverse at-risk populations and aiding in focused educational strategies. These results illustrate the 

capability of hybrid learning analytics methods to connect predictive efficacy with practical educational insights, 

providing a scalable and comprehensible solution for early-warning systems in resource-limited higher education 

settings. 

Raju et,al (2026) The rapid digitisation of education and the increasing accessibility of multimodal student 

data have propelled the creation of sophisticated AI-driven educational forecasting systems. The expansion of 

algorithms, feature spaces, and performance indicators has led to disjointed insights and an absence of agreement on 

ideal modelling techniques. This research offers a comprehensive analytical examination of pivotal studies on 

predictive modelling within the educational sphere, including student achievement, attrition risk, job readiness, 

psychological well-being, and involvement. A comprehensive benchmarking methodology is created to assess models 

based on six essential performance indicators: root mean square error (RMSE), accuracy, latency, computational 

complexity, precision, and recall. The analysis evaluates hybrid deep learning frameworks (such as CSSA-Deep RNN, 

KANFormer, CNN-GRU), metaheuristic methodologies (PSO, ACO, t-SIDSBO), interpretable algorithms (SHAP, 

LIME, federated learning), and affective computing systems that integrate facial emotion recognition (FER) and 

natural language processing (NLP). To facilitate uniform comparisons, numerical performance metrics were 

normalised and methodically documented. The results suggest that while precision is a key issue, effective 

implementation requires judicious compromises between complexity, latency, and interpretability. This research 

tackles significant deficiencies in previous evaluations by highlighting model interpretability, resilience, and 

contextual sensitivity. Future research avenues are delineated, including multimodal integration, edge computing 

implementation, longitudinal analysis, and causal interpretability. This document acts as a reference for scholars, 

policymakers, and developers of educational technology in the creation, assessment, and implementation of intelligent 

educational systems. 

Zhang et al. (2025) The rising prevalence of mental health issues among university students underscores the 

inadequacies of conventional educational and therapeutic strategies. This research introduces and substantiates an AI-

based framework that combines predictive modelling with tailored interventions to improve psychological health 

education. The system utilises a hybrid architecture that integrates LSTM, BiLSTM, and LightGBM to evaluate 

multimodal academic, physiological, and speech-text information for forecasting psychological health risk levels. A 

sophisticated intervention system provides immediate, customised assistance via sentiment analysis and suggestion 

algorithms. The analysis of 12,543 unidentified student data demonstrated excellent predictive efficacy, achieving a 

recall rate of 0.93 for high-risk students, an F1-score of 0.91, and a global average F1-score of 0.85. The findings 

indicated that the mean academic achievement of high-risk kids was 65.2 points, whereas that of low-risk students 

was 82.4 points. AI-facilitated interventions significantly enhanced academic performance, especially among 

moderate-risk kids, with an average increase of 5.1 points. These results 

validate the framework's effectiveness in early risk detection and prompt intervention, providing a scalable 

model to enhance mental health and academic achievement in higher education. 
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Masood et,al (2024). The development of the Internet and communication technologies has expedited online 

education. The readily available open online courses are conducted on digital platforms that enable students to engage 

at their own pace and from any place. Virtual learning environments (VLEs) have rapidly evolved in recent years, 

providing students with access to superior digital materials. Digital learning platforms provide several advantages 

however also present challenges, such as inadequate engagement, elevated attrition rates, diminished participation, 

and the need for self-directed behaviour, compelling students to establish their objectives. Anticipating students who 

may fail in a Virtual Learning Environment may assist institutions and educators in enhancing their teaching 

methodologies and making informed, data-centric choices. This study introduces a Hybrid Deep Learning (HDL) 

methodology for forecasting student performance via the use of ECNN (Enhanced Convolutional Neural Networks) 

Resnet model classification algorithms. The HDL methodology is assessed using the OULAD (Open University 

Learning Analytics Dataset), which offers a thorough and dependable evaluation of the model's efficacy. The hybrid 

DLT methodologies, showcasing excellence, showed enhanced predictive accuracy compared to the current 

classifiers. Furthermore, the precision of the models escalates to around 95.67%, surpassing the DFFNN model 

(93.9%) and the MLP model (71.41%). 

Afzal, et,al (2025) The rapid advancement of digital education has produced extensive student data, providing 

chances to improve learning outcomes by AI and machine learning methodologies. Even so, conventional models 

frequently lack the capacity to deliver personalised insights and prompt forecasts, so constraining their efficacy. Our 

research presents an enhanced learning analytics system utilising machine learning models, including Random Forest, 

XGBoost, and Support Vector Machines, to elevate performance on key metrics: accuracy (98.5%), RMSE (0.51), 

and MAE (0.38). The technology dynamically adjusts to students' learning behaviours using smart feature engineering 

and personalised interventions, providing actionable data to instructors. Our methodology minimises execution time 

by 18%, enhances cost efficiency, and improves prediction precision relative to conventional methods. This study 

presents a hybrid architecture that integrates intelligent learning analytics, predictive modelling, and adaptive feedback 

to facilitate the early detection of at-risk students and deliver personalised treatments, therefore advancing scalable 

and data-driven educational systems. 

2.1 Research Gap 

Previous work has proven the success of AI, ML, and hybrid (MDL) models for student performance prediction, 

but there are several key research gaps and challenges. Current approaches mainly concentrate on boosting the 

prediction accuracy or the interpretability of the model, and focus on the development of an optimized hybrid 

architecture for efficient feature extraction, adaptive feature weighting and sequential learning has been limited. 

Furthermore, numerous studies are based on traditional machine learning algorithms or hybrid algorithms without 

using attention mechanisms to determine the importance of students' learning behavior features, including attendance, 

LMS engagement, assignment completion, quiz performance, study time, and resource utilization. Furthermore, most 

of the current models have been tested with one educational dataset, which reduces their robustness and applicability, 

across various educational settings. Thus, an all-encompassing and optimized hybrid model of Convolutional Neural 

Networks (CNN) combined with an Attention Mechanism with Bidirectional Gated Recurrent Units (BiGRU) is 

needed to address these challenges, namely to effectively analyze learning behavior, capture complex spatial and 

temporal relationships, and to provide more accurate and reliable early academic risk prediction across multiple 

educational datasets. 

3. Research Methodology 

This study aims at designing an Optimized CNN–Attention–BiGRU hybrid deep learning model for early 

academic risk prediction and learning behavior analytics. The methodology consists of data acquisition, data 

preprocessing, feature engineering, model building, model training, model optimization, and model performance 

testing. To test the proposed framework, three educational datasets were used, these are Higher Education Student 

Performance (HESP) dataset, XAPI Educational Data Mining dataset, and Higher Education Institution (HEI) dataset. 

These datasets were chosen because they were comprehensive and contained a high amount of information on student 
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demographics, academic data, socioeconomic data, and learning behaviors that would allow for good prediction of 

students at risk of academic poor performance. The overall research framework that has been used in this study is 

shown in Figure. 

 

Figure 1: Overall research framework of the proposed Optimized CNN–Attention–BiGRU model. 

The datasets used in this work were from UCI Machine Learning Repository and Kaggle. The HESP data set 

contains 145 students with 31 attributes including information on the students' demographic, academic, and behavioral 

attributes. The XAPI dataset consists of two academic semesters of 480 students and 16 educational features, and the 

HEI dataset spans 36 demographic, academic, and socioeconomic variables for 4,424 undergraduate students from the 

same institution. The variability and richness of these datasets allows the proposed model to learn general learning 

behavior patterns in a variety of educational settings. 

Table 1. Datasets used. 

Dataset Year Source Attributes Instances Feature Categories 

HESP 2019 UCI 

Repository 

31 145 Demographic, 

Academic, 

Behavioral 

XAPI 2016 Kaggle 16 480 Demographic, 

Academic, 

Behavioral 

HEI 2021 UCI 

Repository 

36 4424 Academic,

 Demograph

ic, Socioeconomic 

All datasets were preprocessed before model development to ensure reliable model learning and quality of the 

data. Initially, missing values, duplicate records and inconsistent observations were detected and eliminated. Where 

numerical values were missing, the median of the attribute was used and where categorical values were missing, the 

mode for the attribute was used. This pre-processing step helped to minimize noise and ensure that incomplete 

observations do not skew the model's results. Categorical variables like gender, educational stage, parent satisfaction, 

nationality, academic status and similar were converted to numbers with Label Encoding as deep learning models 
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accept numerical data. This process assigns integer numbers to each of the different categories without losing the 

information in the classes. The variables (like attendance percentage, GPA, Assignment score, Quiz mark, and LMS 

interactions) were used and the values were normalized using Min-Max normalization which eliminates numerical 

scale differences among variables. For every feature, This normalization scales the values of the feature to the range 

0-1 and is mathematically represented as 

 

where 𝑥represents the original feature value, 𝑥′denotes the normalized value, min(𝑥)is the minimum feature 

value, and max(𝑥)is the maximum feature value. 

In general, educational datasets are imbalanced, meaning there are many more students that are perceived to be 

academically successful than those that are perceived to be academically at risk. To overcome this drawback, Synthetic 

Minority Oversampling Technique (SMOTE) was used. The SMOTE technique produces synthetic minority-class 

examples by interpolating between samples that are close in minority class space and hence boosts the learning ability 

of the classifier. The synthetic sample generation is defined as 

𝑥𝑛𝑒𝑤 = 𝑥𝑖 + 𝜆(𝑥𝑛𝑛 − 𝑥𝑖) 

where 𝑥𝑖represents a minority-class sample, 𝑥𝑛𝑛denotes its nearest minority neighbor, and 𝜆is a random value 

between 0 and 1. 

Data balancing was performed after which Recursive Feature Elimination (RFE) was used to find the most 

important predictor variables and eliminate less important and redundant variables. The variables chosen were 

attendance, previous GPA, quiz performance, assignment completion, frequency of LMS log-in, study time, access to 

resources, discussion participation, views of the announcements, and parental satisfaction. These variables had the 

best predictive ability in the early prediction of academic risk. The preprocessed datasets were split into a training set 

(80%) and a testing set (20%) and 80% of the data was used for training, hyperparameter optimization, and the 20% 

for an independent test set. 

The proposed hybrid architecture is based on the following combinations: Convolutional Neural Network 

(CNN) and Attention mechanism and Bidirectional Gated Recurrent Unit (BiGRU). CNNs learn high-level 

representations of the space, from academic and behavioral features, via convolution and pooling. This is shown as: 

 

where 𝑥denotes the input feature vector and 𝑘represents the convolution kernel. 

The proposed model uses an Attention mechanism between CNN & BiGRU layers unlike the CNN–BiGRU 

model proposed in the reference study. The attention layer gives more weight to attention to information features of 

learning behaviours, including attendance, LMS activity, assignment completion, and quiz performance, while 

decreasing the weight of less salient features of learning behaviours. The attention weight is based on the formula: 

 

and the corresponding context vector is calculated by 
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where 𝛼𝑖denotes the attention weight of the 𝑖𝑡ℎfeature and ℎ𝑖 represents its hidden representation. 

The weighted feature sequence then goes through the BiGRU network which learns both the forward and 

backward dependencies. The update gate, reset gate and hidden state are: 

 

Fully connected layers are used to pass the final feature representation through and the output layer uses 

Sigmoid activation function to classify students as At Risk and Not At Risk. The proposed model is implemented in 

python 3.11 with the help of packages such as TensorFlow, Keras, and Scikit-learn, NumPy, and Pandas on a Windows 

11 workstation with eight gigabytes of RAM and an Intel core i7 processor. The optimization algorithm used was 

Adam with an initial learning rate of 0.001 and loss function was Binary Cross-Entropy. The model has been trained 

for 50 epochs with batch size 64. To prevent overfitting, dropout regularization was used with 0.5 rate and to find an 

optimal hyperparameter configuration, Grid Search was used. 

2.4 Table 2. Experimental configuration of the proposed Optimized CNN–Attention–BiGRU 

model. 

Parameter Configuration 

Learning Rate 0.001 

Epochs 50 

Batch Size 64 

Optimizer Adam 

Loss Function Binary Cross-Entropy 

Activation Functions ReLU, Sigmoid 

Dropout Rate 0.5 

Hyperparameter Optimization Grid Search 

Train–Test Split 80:20 

To assess the predictive ability of the proposed model, the accuracy, precision, recall, F1 score and Area Under 

the Receiver operating Characteristic (AUC–ROC) were used. These metrics are based on: 
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where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁denote true positives, true negatives, false positives, and false negatives, 

respectively. To verify that the observed performance improvements were statistically significant, a paired t-test was 

conducted at a significance level of 𝑝 < 0.05by comparing the proposed Optimized CNN–Attention–BiGRU model 

with the baseline deep learning models. 

3. RESULTS 

3.1 Performance Evaluation of the Proposed Optimized CNN–Attention–BiGRU Model 

Table 3: Performance of the Proposed Model on HEI, XAPI, and HESP Datasets 

Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-ROC 

HEI 98.42 98.18 98.10 98.14 0.996 

XAPI 96.88 96.54 96.37 96.45 0.988 

HESP 92.73 92.31 92.04 92.17 0.964 

The performance of the proposed Optimized CNN–Attention–BiGRU model on all three datasets was always 

superior. The HEI dataset had the highest accuracy (98.42%) due to its size and the number of features it contains in 

the data, while the HESP dataset had comparatively lower accuracy, with fewer observations of data. However, the 

proposed model exhibited high predictions ability in all data sets, and thus is suitable in the early stage academic risk 

prediction. 

 Figure 2: Comparison of Proposed Model Performance Across Datasets Comparison with Existing Deep 

Learning Models 

Table 4: Comparison with Existing Deep Learning Models 

Model Accuracy Precision Recall F1 AUC 

ANN 88.24 87.91 87.52 87.71 0.914 

CNN 91.36 91.05 90.92 90.98 0.944 

LSTM 94.12 93.76 93.58 93.67 0.968 

GRU 94.95 94.71 94.54 94.62 0.973 

BiLSTM 96.82 96.44 96.30 96.37 0.987 

 

F1-SCORE (%) RECALL (%) PRECISION (%) ACCURACY (%) 

92.17 92.04 92.31 92.73 

96.45 96.37 96.54 96.88 
98.14 98.1 98.18 98.42 

Model Performance Across 

HEI XAPI

 HESP 
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CNN–BiGRU 97.63 97.38 97.21 97.29 0.992 

Proposed CNN–

Attention–

BiGRU 

98.42 98.18 98.10 98.14 0.996 

The CNN–BiGRU architecture was shown to be significantly better at predicting with the addition of an 

Attention Mechanism. The accuracy of the proposed framework improved by 0.79 percentage points over the CNN–

BiGRU model. The attention layer allowed the network to selectively attend to the most informative features of the 

learning-behaviors and increase the precision and recall and decrease the classification errors. 

 

Figure 3: Models Accuracy 

Training Time Comparison 

Table 5: Training Time Comparison 

Model Training Time (min) Prediction Time (sec) 

ANN 4.5 0.081 

CNN 6.2 0.074 

LSTM 11.6 0.089 

GRU 10.8 0.082 

BiLSTM 14.5 0.094 

CNN-BiGRU 15.2 0.066 

Proposed CNN-Attention-BiGRU 16.8 0.061 

The proposal model was trained for a slightly longer period due to the extra Attention layer, but it also took the 

least time to predict among all the models tested, which makes it very applicable to academic risk prediction systems 

for real-time use. 

Table 6: Statistical Validation of the Proposed Model Using Paired t-test 

Compared Models Mean Difference t- p- Statistical 
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value value Significance 

ANN vs Proposed 

CNN–Attention–

BiGRU 

10.18 8.647 < 0.001 Significant 

CNN vs Proposed 

CNN–Attention–

BiGRU 

7.06 6.284 < 0.001 Significant 

LSTM vs Proposed 

CNN–Attention–

BiGRU 

4.30 5.372 < 0.001 Significant 

GRU vs Proposed 

CNN–Attention–

BiGRU 

3.47 4.946 < 0.001 Significant 

BiLSTM vs 

Proposed CNN–

Attention–BiGRU 

1.60 3.884 0.002 Significant 

CNN–BiGRU vs

 Proposed

 CNN–

Attention–BiGRU 

0.79 2.973 0.009 Significant 

A paired t-test was performed using the proposed Optimized CNN–Attention–BiGRU model with the baseline 

deep learning models to test the statistical significance of the performance improvement of the proposed model. All 

comparisons showed p-values less than 0.05, which meant that there was a statistically significant difference between 

the predictive performance of all the models shown in Table 

4.4. The highest mean difference between the proposed model and the ANN model was found and the lowest 

was between the proposed model and the CNN–BiGRU model. While the performance gain over CNN–BiGRU is 

rather small, it is still statistically significant, indicating that the attention mechanism adds value to the better academic 

risk prediction during the early academic year. 

Table 7: Comparison of the Proposed Model with Previous Studies 

Reference Model/Method Dataset Accuracy 

(%) 
Remarks 

Altabrawee et al. 

(2023) 
ANN Student 

Performance 

Dataset 

88.24 Traditional ANN model for 

academic performance 

prediction. 

Kumar et al. (2024) CNN XAPI 91.36 CNN improved feature 

extraction but had limited 

temporal learning capability. 

Zhang et al. (2024) LSTM HEI 94.12 LSTM effectively

 captured sequential 

learning patterns. 

Adefemi et al. 

(2025) 
CNN–BiGRU HEI,

 XAP

I, HESP 

97.63 Hybrid CNN–BiGRU improved 

prediction accuracy over 

conventional deep learning 

models. 
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Proposed Study 

(2026) 
Optimized CNN–

Attention–BiGRU 
HEI,

 XAP

I, HESP 

98.42 Proposed attention-enhanced 

hybrid model achieved the 

highest prediction accuracy and 

improved early academic risk 

identification. 

The performance of the proposed Optimized CNN–Attention–BiGRU model is compared with the previously 

reported deep learning approaches for academic risk prediction in Table. The prediction accuracy of traditional ANN- 

and CNN-based models was less than 92%, and sequential deep learning models like LSTM models better captured 

the temporal learning pattern and improved the predictive performance. Adefemi et al. (2025) reported the CNN–

BiGRU model with an accuracy of 97.63% on various educational datasets. Compared to this, the proposed model 

achieved the highest accuracy of 98.42% after adding an attention mechanism to the CNN-BiGRU structure to extract 

learning behavior features that are relevant to learning more effectively, leading to a more accurate prediction for early 

academic risks. 

4. CONCLUSION 

This study proposes the design and validation of an optimized hybrid Artificial Intelligence (AI) model that 

combines the strengths of Convolutional Neural Networks (CNN), Attention Mechanism and Bidirectional Gated 

Recurrent Units (BiGRU) to successfully predict the academic risk of students in their early years and analyze their 

learning behavior. The proposed framework is intended to be an effective way of capturing complex spatial and 

temporal relationships in educational data and to highlight the most influential learning behaviour features that 

influence academic success. The model's data preprocessing, feature selection, and advanced deep learning techniques 

ensure a comprehensive and scalable solution for detecting students at risk early in their academic journey. The 

suggested approach is anticipated to aid educational agencies in taking proactive measures such as timely 

interventions, customised learning plans and evidence-based academic decisions. Moreover, the framework is a 

proactive and reliable learning system that can be used in various higher education settings and can be intelligent to 

support the development of Educational Data Mining and Learning Analytics. The research can be expanded in the 

future by integrating multimodal education data and explainable AI methods, real-time learning analytics, and 

federated learning models to enhance prediction accuracy, explainability, and feasibility in smart educational systems. 
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