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Abstract
Predicting students’ success is crucial in educational settings to improve academic performance and prevent dropouts. This 
study aimed to improve student performance prediction by combining advanced machine learning (ML) approaches. Con-
volutional Neural Networks (CNNs) and attention mechanisms were used for extracting relevant features from student data, 
such as grades, attendance, and demographic information. Then, these features were fed into different ML models, including 
Extreme Gradient Boosting (XGB), Random Forest (RF), K-Nearest Neighbors (KNN), Support Vector Machines (SVM), 
Boosted Decision Tree (BDT), and Naive Bayes (NB). The models were evaluated on multiple datasets, which enhanced 
the reliability and generalizability of the findings. Experimental results demonstrated that the XGB classifier, integrated 
with CNN and attention layer, consistently outperformed other models across two different datasets. The CNN + Atten-
tion + XGB model attained F1-score, recall, precision, and accuracy values of 1.0 for dataset 1 and 0.97 for dataset 2. This 
hybrid approach effectively captured complex patterns in student data and made accurate predictions. The study highlighted 
the potential of hybrid ML techniques for identifying struggling students and enabling targeted interventions for improved 
academic outcomes.

Keywords  Convolutional neural network · Extreme gradient boosting classifier · Machine learning · Student performance · 
Support vector machine

Introduction

Student academic success is a paramount concern in educa-
tional institutions. Precise student performance prediction 
can empower educators to proactively intervene, offer tai-
lored support, and significantly enhance the learning experi-
ence for students in need (Pasquini et al., 2004). Tradition-
ally, student success has been gauged through examinations 
and assessments. However, these methods often provide a 
limited perspective of a student’s potential and fail to capture 
the multifaceted nature of academic achievement (Alsariera 
et al., 2022).

The timely identification of potential academic problems 
is crucial. The use of readily accessible student data, such 
as school records and environmental factors, is essential to 
predict academic struggles. This timely detection can allow 

the implementation of targeted support services, poten-
tially preventing academic failure and redirecting students 
toward success (Hoffait & Schyns, 2017). The emergence 
of Machine Learning (ML) techniques presents a great 
opportunity to enhance the understanding of student suc-
cess (Rastrollo-Guerrero et al., 2020). ML algorithms can 
analyze vast educational datasets, encompassing student 
demographics, prior academic performance, learning styles, 
and online activity. By identifying complex relationships 
within this data, ML models can more accurately predict 
academic performance than traditional methods (Romero & 
Ventura, 2007).

In pedagogical practice, the reliability and accuracy of 
ML models in forecasting student dropout are essential. It 
is because of a well-documented phenomenon known as the 
Pygmalion effect (Alyahyan & Düştegör, 2020). In essence, 
students tend to fulfill the expectations placed upon them. 
If an ML model incorrectly predicts lower performance 
for a student, it could create a situation where the student 
receives less support or experiences lower expectations from 
educators, potentially leading to a self-fulfilling prophecy 
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and decreased motivation (Bognár & Fauszt, 2022). There-
fore, ensuring the fairness and effectiveness of ML models 
in dropout prediction is essential to avoid negative biases 
impacting student success.

University dropout rates pose a significant challenge to 
achieving the cultural enrichment objectives within higher 
education. Public initiatives aimed at cultural development 
may be hampered if a substantial portion of the student 
population fails to complete their degrees. This concern is 
particularly pressing in Latin America, where dropout rates 
pose a serious challenge (Ma & Zhou, 2018). Studies have 
shown dropout rates exceeding 50% in some countries, with 
Colombia reporting a rate as high as 39% (Jiménez, 2022).

Therefore, it is imperative to develop intelligent deci-
sion-making tools to optimize student support and facili-
tate timely intervention. Such tools can help to identify and 
assist at-risk students on a larger scale, a task that would be 
both time-consuming and challenging if undertaken manu-
ally (Ojajuni et al., 2021). Moreover, it must be ensured that 
these intelligent systems are not designed as black boxes. 
Both institutional leadership and technical staff must have 
a comprehensive understanding of the functioning of these 
tools to ensure transparency, build trust, and refine the sys-
tem’s effectiveness over time (Rai, 2020).

Various ML methods including Support Vector Machine 
(SVM), K-Nearest Neighbor (KNN), Naive Bayes (NB), 
Artificial Neural Network (ANN), Decision Tree (DT), 
Logistic Regression (LR), and diverse ensemble methods, 
have been employed in past studies for predicting student 
performance (Marbouti et al., 2016; Ojajuni et al., 2021; Xu 
et al., 2019; Zeineddine et al., 2021). This study compared 
the performance of different ML models to determine the 
best model for predicting student academic success. Fur-
thermore, this study employed a novel mix of CNN and 
attention layers with classic ML models such as SVM and 
XGB. This hybrid technique combined the capabilities of 
deep learning (DL) for feature extraction with the strength 
of conventional models for classification, resulting in higher 
prediction performance.

The main objectives of this study were to identify the 
key attributes that most significantly influence academic per-
formance through correlation analysis, to predict students’ 
academic success, and to compare the results of different 
algorithms for identifying the algorithm best suited for pre-
dicting student success and informing academic interven-
tions. The key contributions include:

Integration of Hybrid Models  A novel approach was pro-
posed that integrated CNNs and attention mechanisms with 
standard ML models. This integration aimed to leverage the 
powerful feature extraction capabilities of DL while main-
taining the interpretability and efficiency of classical meth-
ods (Al Mayahi & Al-Bahri, 2020; Yaacob et al., 2019).

Multi‑Dataset Evaluation  This study adopted a multi-dataset 
evaluation approach as in (Schmucker et al., 2022) to assess 
the methodology, emphasizing the importance of diverse 
datasets in ensuring a comprehensive assessment of the gen-
eralizability and robustness of the algorithms.

Feature Analysis and Engineering  This study employed 
a thorough feature analysis and engineering approach to 
enhance the model’s ability to predict student performance 
by considering diverse significant variables (Agyemang 
et al., 2024). This approach improved the model’s accuracy 
by focusing on the relevant features influencing student 
outcomes.

Comprehensive Performance Metrics  A comprehensive 
evaluation of the models was conducted using various met-
rics, including F1-score, recall, precision, and accuracy, to 
assess their predictive capabilities and ensure a robust under-
standing of model performance (Agyemang et al., 2024).

Overall, these contributions advance the field of educa-
tional data mining by enhancing the accuracy and effec-
tiveness of student performance prediction models and 
facilitating timely intervention for weak learners. The study 
proposed a novel hybrid model, combining DL (CNN-atten-
tion) and traditional ML (such as SVM, XGB) for improved 
student performance prediction. The novel aspect of this 
study was its multimodal approach to forecasting student 
academic progress, which incorporated multiple advanced 
ML approaches. This study examined the performance of 
multiple algorithms across two independent datasets, provid-
ing a comprehensive validation of the conclusions through 
diverse and robust evaluation.

The structure of the remaining paper is as follows. Firstly, 
the literature review section thoroughly assesses the current 
research on ML-based models for predicting student perfor-
mance. Then, the research methodology section elaborates 
on the data collection and preparation, feature extraction, 
classification, and hyperparameter tuning. The subsequent 
section comprehensively discusses the study results. Finally, 
the last section concludes the study and offers recommenda-
tions for further work.

Literature Review

A significant body of research, undertaken by both univer-
sities and independent teams, has explored student perfor-
mance analysis (Alyahyan & Düştegör, 2020; Haron et al., 
2024; Hussain & Khan, 2023; Shirdastian et al., 2019). This 
field presents a multifaceted challenge. Not only is under-
standing student success essential, but developing appro-
priate methodologies for diverse situations adds another 
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layer of complexity. Numerous studies have demonstrated 
the potential of academic performance prediction methods 
to enhance administrative and teaching practices within 
educational institutions (Agyemang et al., 2024; Hussain & 
Khan, 2023; Yousafzai et al., 2020). Given the multifaceted 
nature of academic achievement, a comprehensive approach 
is necessary to predict student trajectories throughout their 
university journey (Martins et al., 2021).

ML offers a powerful approach to student performance 
analysis by leveraging historical data to predict future out-
comes. This approach contrasts with traditional methods that 
rely solely on summative assessments like grades or points, 
which only provide a final performance picture. By incor-
porating ML techniques, educators and researchers can gain 
valuable insights to personalize learning experiences, gener-
ate predictive recommendations, and intervene proactively 
when support is most beneficial. This real-time responsive-
ness holds the potential to significantly improve educational 
outcomes (Al Mayahi & Al-Bahri, 2020).

Kotsiantis et al. (2003) analyzed a large dataset of dis-
tance learning student performance and assessed the suita-
bility of regression methods for predicting grades. Moreover, 
various regression algorithms were compared to determine 
the most appropriate option for accurately forecasting per-
formance and providing analytical insights to support educa-
tors’ decision-making processes. In (Marbouti et al., 2016), 
algorithms such as LR, SVM, DT, KNN, ANN, and NB were 
applied. Experiments were conducted utilizing the complete 
set of input variables and a subset selected through a feature 
selection process. The KNN algorithm demonstrated supe-
rior performance when all attributes were considered, while 
SVM and LR performed well on datasets that underwent a 
feature selection process.

By leveraging the information on current and projected 
student performance, teachers could proactively intervene 
and minimize student failures by offering targeted support 
and additional learning resources. In recent years, educa-
tional institutions have increasingly adopted learning man-
agement systems to deliver course content. These platforms 
have transformed traditional learning by incorporating inter-
active elements, such as gamified activities, simulations, and 
virtual reality experiences. This shift towards more engaging 
learning environments has also opened doors for research-
ers to gather and assess students’ data in new and insightful 
ways (Bhutto et al., 2020; Sowunmi et al., 2016). Moreo-
ver, Xu et al. (2019) employed ML algorithms, including 
DT, neural networks, and SVM, to investigate the potential 
of internet usage data for predicting academic performance. 
Their findings indicated that student internet behavior pat-
terns hold promise for predicting academic success, achiev-
ing an accuracy range of 71% to 76%.

Hasan et al. (2019) proposed a system to predict students’ 
performance using ML algorithms. The system classified 

students into two categories: bad or good performers. A 
dataset obtained from a university source was used for train-
ing the model. KNN and DT classifiers were employed for 
this purpose. Results showed that the DT classifier achieved 
maximum accuracy (94.44%). However, Hasan et al. (2019) 
only relied on accuracy as the performance metric, neglect-
ing other potentially relevant metrics. Similarly, Ojajuni 
et al. (2021) proposed an ML-based system to classify stu-
dent performance into binary categories: "good" or "bad." 
Their model, trained on a university dataset, employed KNN 
and DT algorithms. While the DT classifier achieved a high 
accuracy of 94.44%, the evaluation was limited to this single 
metric, potentially hindering the assessment of its overall 
effectiveness.

Bhutto et al. (2020) investigated the effectiveness of SVM 
and LR classifiers. Their model utilized features extracted 
from a preprocessed dataset acquired from an online learn-
ing platform. The aim was to categorize students’ academic 
performance into three classifications: bad, average, and 
good. The results indicated that SVM achieved a higher 
accuracy (79%) than LR. To assess the system performance, 
Bhutto et al. (2020) used a combination of evaluation met-
rics derived from confusion matrix analysis, including 
F1-score, precision, accuracy, and recall.

Alsariera et al. (2022) explored the application of ML 
techniques for predicting student performance at the uni-
versity level. Their research underscored the significance of 
student success in higher education institutes and the short-
comings of traditional assessment methods. Alsariera et al. 
(2022) also examined the existing research on ML applica-
tions in this area and noticed a considerable hike in the num-
ber of studies and a diverse range of algorithms being uti-
lized. Their analysis suggested that artificial neural networks 
were the most effective in predicting academic performance, 
with factors like grades, demographics, and personal charac-
teristics contributing significantly to the prediction accuracy.

Moreover, Yaacob et al. (2019) undertook a compara-
tive study of five models to predict student success. Their 
findings indicated that the NB model demonstrated the best 
predictive performance, followed closely by the LR model. 
Similarly, Oyedeji et al. (2020) reported that regression 
models often outperformed neural networks in terms of pre-
dictive accuracy. Alyahyan and Düştegör (2020) identified 
student demographics and prior academic achievement were 
the predominant variables utilized in 69% of the reviewed 
studies. Moreover, Cumulative Grade Point Average (CGPA) 
was identified as the most commonly employed factor in 
predicting student performance.

Furthermore, Altabrawee et al. (2019) built a classifier for 
predicting student performance in a course et al.-Muthanna 
University using different ML techniques. Altabrawee et al. 
(2019) focused on how the time spent on social media and 
using the Internet for learning impacted performance. Upon 
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evaluation, the neural network achieved the highest perfor-
mance (0.807) and accuracy (77.04%), while five factors 
influencing student results were identified by the DT classi-
fier. Kiu (2018) examined the correlation between students’ 
participation in social activities and their final academic per-
formance. While DT analysis was used to investigate this 
relationship, it revealed a weak correlation between these 
two factors.

Gil et al. (2018) highlighted the potential of large-scale 
data applications within educational contexts. Big data 
methods for learning analytics were employed in diverse 
applications, such as student grouping, course recommen-
dation systems, fraud detection, risk identification, student 
skills assessments, data visualization, prediction of system 
performance, and collaborative learning opportunities. The 
predictive analysis focused on student progress, skills pre-
diction, and behavior, which enhanced the significance of 
their work.

The literature supports the utility of ML algorithms as 
instrumental tools to devise models that predict student per-
formance. Existing models demonstrate localized efficacy 
for predicting performance in individual courses. However, 
numerous challenges, such as model deployment, underfit-
ting, overfitting, and prediction accuracy, require further 
attention. To address these limitations, this study proposed 
a novel hybrid approach combining CNN-attention and clas-
sic ML models (such as SVM, XGB) to improve student 
performance prediction. This approach aimed to enhance 
the accuracy and generalizability of predictions, making it 
a valuable tool for educators and institutions.

Research Methodology

In this study, two widely used classification algorithms, 
SVM and XGB, were first implemented and compared 
based on their predictive accuracy and other performance 
metrics. The research followed the data mining methodology 
illustrated in Fig. 1. The initial stage involved data prepara-
tion, which included cleaning, pre-processing, and feature 
engineering to eliminate redundancy, tackle missing values, 
and enhance the overall data quality and subsequent predic-
tion accuracy. After that, the data was divided into testing 
and training sets. The training set was employed for training 
models, while the testing set was employed for evaluating 
performance. The model selection phase implemented the 
two classification algorithms, SVM and XGB, to generate 
predictive models. These models were then compared using 
various evaluation metrics to identify the most robust and 
efficient approach. Eventually, the selected model was fur-
ther analyzed and interpreted to develop a recommendation 
system for predicting student success.

Fig. 1   The methodology used in this study
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In the hybrid model creation step, the strengths of cus-
tom CNNs and traditional ML classifiers were combined to 
enhance performance. In this process, a custom CNN was 
first designed and trained for extracting meaningful features 
from input data, tailored specifically for the study problem. 
Once trained, this network was used to extract high-dimen-
sional feature representations that effectively summarized 
the raw data, reducing its complexity while retaining criti-
cal information. These extracted features were then fed into 
a classifier (like SVM or XGB), to make the final predic-
tions. This integration of CNN-based feature extraction 
with ML classifiers formed a hybrid model that leveraged 
the strengths of DL and the decision-making robustness of 
traditional classifiers, resulting in improved accuracy and 
efficiency.

Data Description

To compare the robustness and effectiveness of the pro-
posed algorithms, two different datasets, namely the Stu-
dents’ dataset for Grading (Khan et al., 2019) and Predict 
Students’ Dropout and Academic Success (Martins et al., 
2021), were used for the experimentations. The first data-
set comprised student academic records for a course et al. 
Buraimi University College, Oman. This data was obtained 
from the college’s registration department, adhering to all 
ethical guidelines. The training dataset encompassed data 
collected over three semesters, consisting of 152 instances 
and 11 attributes. Of these attributes, ten were considered 
predictive features, while the remaining one served as the 
target variable for classification. The features were catego-
rized into two groups: categorical features and numerical 
features. Categorical features included Gen, Major, Year, 
Session, Sponsorship, Dorms, and Final_Grade. Numerical 
features included Attendance, PreReq_Grades, CGPA, and 
Grade 1_Cont. Final_Grade is the label of the data, indicat-
ing whether a student passed or failed.

The dataset comprised academic records of students 
enrolled in a face-to-face Phonetics and Phonology course. 
This course focused on the production of speech sounds and 
patterns by language learners without prior English language 
knowledge. Student assessment involved three examinations, 
each contributing 15, 15, and 50 marks to the final grade, 
and a 20-mark assignment. The first exam was administered 
in the sixth week of the semester, followed by the assign-
ment. To identify struggling students early, the instructor 
needed to assess performance after the first exam. Despite 
the low weight of the first exam (15 marks), students still had 
to strive for high performance in the remaining 85 marks. 
As shown in Table 1, the dataset exhibited a well-distributed 
range of values for attendance, PreReq_Grades, CGPA, and 
Grade 1_Cont. The attendance ranged from 77 to 100%, 
reflecting consistent class participation. The minimum 

prerequisite grade was 50% (mandatory for course enroll-
ment), and CGPA values ranged from 1.51 to 3.93.

Additionally, a second dataset sourced from the UC Irvine 
ML repository is incorporated into the analysis. The data-
set 2 comprised 3630 instances, each characterized by 35 
attributes and a binary classification label. It provided valu-
able insights into various factors influencing student success 
predictions.

Data Cleaning, Pre‑processing, and Classification

To prepare the datasets for classification, a rigorous data 
cleaning and preparation process was implemented. This 
involved addressing missing values, removing outliers, and 
eliminating irrelevant features for ensuring the quality of 
data and model performance. Missing data was handled 
using appropriate imputation techniques. Exploratory Data 
Analysis (EDA) techniques, such as histograms and box 
plots, were employed to detect and remove outliers using the 
interquartile range (IQR) method. Additionally, correlation 
analysis was performed to identify and remove redundant 
or weakly correlated features that had minimal predictive 
power over the target variable.

The correlation matrix, showing the relationships 
between features and their impact on the predicted final 
grade, is presented in Fig. 2. Notably, Attendance, Grade 
1_Cont, CGPA, and PreReq_Grades exhibited strong nega-
tive correlations with Final_Grade. Gender and Major were 
negatively associated with Dorm status, while Gender and 
Session were strongly negatively correlated. Moreover, Ses-
sions were highly negatively correlated with CGPA. The 12 
features with the lowest correlation to the target variable in 
the second dataset are highlighted in Fig. 3.

After cleaning and preprocessing the data, the data was 
split into a testing and training dataset. An 80:20 split was 
utilized, with 80% of the data allocated for training and 
the remaining 20% for testing. The training set was used 
to train the selected classification models, while the test-
ing set served as an independent evaluation benchmark. The 
performance of these models was assessed using different 
metrics, which provided valuable insights into the efficacy of 
the employed classification techniques in predicting student 
performances on the given dataset.

Table 1   Descriptive analysis of numerical features in dataset 1

Feature Mean SD Min Max

Attendance 94.59 4.74 77.08 100.00
Grade 1_Cont 84.46 9.71 56.70 100.00
CGPA 2.86 0.54 1.51 3.93
PreReq_Grades 76.82 12.78 49.50 99.00
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Feature Extraction Model

The output of the preceding feature selection stage served 
as the input to the feature extraction module. To effectively 
capture both collaborative and temporal relationships among 
the selected features, a CNN-based model, inspired by the 
work of Tavakolian et al. (2022), has been proposed. The 
proposed CNN architecture comprised two parallel convo-
lutional paths, each consisting of two convolutional layers 
with kernel sizes of 3 and 5, respectively. These layers were 
designed to extract features from the feature sets, consider-
ing both recent and historical information. To further boost 
the model’s capability to identify salient features, an atten-
tion layer, as described by Fu et al. (2023), was integrated. 
This attention mechanism assigned weights to different 
feature components, allowing the model to prioritize sali-
ent information. The convergence of the CNN and attention 
layers enabled the model to efficiently extract and select 
the most pertinent features from input data. To stabilize the 
training process and improve generalization, batch normali-
zation was applied to the combined CNN-attention layers 
output, as suggested by De and Smith (2020).

The architectural details of the proposed CNN-attention 
model are illustrated in Fig. 4. The subsequent stage fol-
lowing feature extraction was classification. As depicted in 
Fig. 4, the proposed architecture incorporated two dense lay-
ers, comprising 225 and 2 neurons, respectively. To avoid 
overfitting, a dropout layer with a 20% dropout rate was 
employed between the dense layers, as suggested by Hahn 
and Choi (2020). The total neurons in the initial dense layer 
were determined by the shape of the input dataset and the 
total features extracted from the CNN, resulting in 225 neu-
rons. The final dense layer was dedicated to the classification 
task. The activation functions utilized for these layers were 
Swish and Softmax.

The model was initially trained as a pre-trained model for 
the first stage of classification. Subsequently, a two-stage 
classification approach was employed. The pre-trained 
model was utilized as a feature extractor, leveraging the 
CNN-attention layers for extracting 225 features from the 
first dense layer. These extracted features were then fed into 
the ML models, including SVM and XGB, for final clas-
sification. The model was trained over 500 epochs using a 
batch size of 64 for both training and validation. Adaptive 

Fig. 2   Correlation of features
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moment estimation (Adam) with focal loss was employed 
as the optimizer. Focal loss, as proposed by Mukhoti et al. 
(2020), was incorporated to mitigate class imbalance and 
prevent bias towards the majority class.

Classification Models

Data mining offers varied methods to predict students’ suc-
cess, such as classification, clustering, nearest neighbor, and 
logistic regression (Altabrawee et al., 2019; Haron et al., 
2024). This study investigated SVM and XGB classification 
techniques to identify the most efficient model for predict-
ing student final grades. SVM is a supervised ML algorithm 
employed for regression and classification tasks, while XGB 
is an ensemble learning technique that unifies the strength 
of multiple DTs to create an efficient predictive model. This 
exploration highlighted the breadth of options available 
within data mining for educational institutions seeking to 
improve student outcomes.

Support Vector Machine (SVM)

SVM aims to identify the optimal hyperplane that maxi-
mizes the margin between classes in a high-dimensional fea-
ture space. By utilizing support vectors, a subset of training 
data points, SVM is effective in high-dimensional spaces 
while maintaining computational efficiency.

To address the binary classification problem, the SVM 
algorithm was selected due to its effectiveness in handling 
imbalanced datasets. Following rigorous data preprocess-
ing and partitioning into training and testing sets, the next 
step involved hyperparameter tuning to optimize the SVM’s 
performance. This involved selecting the optimal kernel, a 
pivotal decision determining the shape of the classifica-
tion boundary. Popular kernel functions, including Sig-
moid, Radial Basis Function (RBF), Polynomial, and Lin-
ear, were considered, and their parameters were fine-tuned 
through techniques like grid search. The selected hyperpa-
rameters were then employed for training the SVM model on 
the training set, enabling it to discern the decision boundary 
that separates the two classes with maximum margin.

During the testing phase, the SVM effectively predicted 
class labels for new data points based on their positioning 
relative to the learned decision boundary. This streamlined 
process enhanced the SVM’s ability to generalize to unseen 
data, enabling accurate binary classification predictions.

Extreme Gradient Boosting (XGB)

XGB, a powerful ML model that combines multiple sim-
pler models to make accurate predictions, has gained 
significant attention in recent years (Amit, 2019; Zhao 
et al., 2020). XGB constructs a strong predictive model 
by sequentially training decision trees, where each sub-
sequent tree focuses on correcting the errors made by its 

Fig. 3   Top 12 features with the lowest correlation to target
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predecessors. This iterative process, known as gradient 
boosting, allows the model to improve its predictions grad-
ually over time. The "gradient" part of the name refers 
to the optimization technique employed to minimize the 
model errors. By combining the predictions of many deci-
sion trees, XGB can achieve high accuracy, even on com-
plex datasets. It is a popular choice for tasks like classi-
fication and regression, where it often outperforms other 
ML methods.

XGB is employed in this study to optimize the training 
process, which resulted in faster convergence and improved 
performance. It incorporated regularization techniques to 
prevent overfitting and employed advanced algorithms for 
efficient computation. This approach enabled the handling 
of complex student data and the identification of subtle pat-
terns, avoiding oversimplification of the problem.

Hyperparameter Tuning

To optimize model performance, a grid search cross-validation 
approach was employed to tune hyperparameters. This tech-
nique is essential in ML since it enhances model accuracy and 
generalizability. A computational grid was defined to explore 
potential values for key hyperparameters. Hyperparameters, 
such as the maximum tree depth and number of trees, were 
considered for XGB. For SVM, the kernel type and regulari-
zation parameter were tuned. Additionally, the learning rate, 
a parameter controlling the step size during optimization, was 
carefully selected to balance convergence speed and model 
performance. The optimal hyperparameter values, determined 
through the grid search process, are presented in Table 2 and 
Table 3 for XGB and SVM, respectively.

Results

The predictive model developed for this research followed a 
pipeline encompassing data collection, cleaning, preprocess-
ing, classification, model training, and evaluation. The pri-
mary objectives of this study were twofold: predicting aca-
demic success and evaluating the performance of the selected 
ML methods. To assess the effectiveness of these models, the 
study employed a rigorous evaluation framework utilizing 
F1-score, recall (sensitivity), precision, and accuracy as per-
formance metricsThe formulas to compute accuracy, precision, 
recall, and F-measure are provided in Eqs. 1,  2,  3, and  4, 
respectively.

(1)Accuracy =
TP + TN

TP + FP + TN + FN

(2)Precision =
TP

TP + FP

(3)Recall =
TP

TP + FN

Fig. 4   The architecture of proposed CNN with attention

Table 2   Hyperparameter values for XGB

Parameter name No. of trees Learning rate Maximum depth

Value 100 0.01 1

Table 3   Hyperparameter values for SVM

Parameters name Kernel Regularization parameter

Value Linear 1.0
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The evaluation results of the prediction models with 
SVM and XGB are given in Tables 4 and 5 for Dataset 1 
and Dataset 2, respectively. The results of this comparison 
are visually presented in Figs. 5, 6, 7 and 8. Specifically, 
Fig. 5 illustrates a comparison of accuracy, Fig. 6 presents 
a comparison of precision, Fig. 7 depicts a comparison of 
recall (sensitivity), and Fig. 8 shows a comparison of F1 
Score for both models and datasets. Despite their distinct 

(4)F1Score =
2 ∗ precision ∗ recall

precision + recall

algorithmic approaches, both SVM and XGB models dem-
onstrated robust performance metrics, including high preci-
sion, accuracy, and sensitivity, highlighting their efficacy 
in the given classification task. Notably, both algorithms 
achieved 100% performance on the first dataset, as shown in 
Table 4. However, their performance on the second dataset 
was slightly lower, with XGB exhibiting better performance 
than the other, as shown in Table 5.

Moreover, to gain deeper insights into the relative perfor-
mance of the proposed classifier, a comparative analysis was 
conducted involving additional classification algorithms, 
namely Random Forest (RF), KNN, NB, and Boosted Deci-
sion Tree (BDT). These models were trained and evaluated 
on both datasets, and the results are summarized in Table 6 
for Dataset 1 and Table 7 for Dataset 2. The main objective 
of this research was to determine and assess the most effec-
tive model for predicting students’ dropout and academic 
performance. In accordance with the results presented in 
Tables 6 and 7, NB was determined to be the least accurate 
model. In contrast, RF, SVM, BDT, KNN, and XGB demon-
strated superior performance across the selected evaluation 
metrics, making them promising candidates for predicting 
student performance.

Table 4   Performance evaluation for dataset 1

Classifiers Accuracy Precision Recall F1Score

CNN + Attention + SVM 1.0 1.0 1.0 1.0
CNN + Attention + XGB 1.0 1.0 1.0 1.0

Table 5   Performance evaluation for dataset 2

Classifiers Accuracy Precision Recall F1Score

CNN + Attention + SVM 0.85 0.79 0.85 0.75
CNN + Attention + XGB 0.97 0.97 0.97 0.97

Fig. 5   Accuracy comparison of prediction models

Fig. 6   Precision comparison of prediction models

Fig. 7   Recall/ sensitivity comparison of prediction models

Fig. 8   F1 score comparison of prediction models
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Figures 9 and 10 present a comparative analysis of the 
performance metrics of different classification algorithms for 
Dataset 1 and Dataset 2, respectively. Based on these evalu-
ation metrics, the XGB model consistently outperformed 
other models in predicting academic success and dropout of 
students. The superior performance of the CNN-attention-
XGB combination can be attributed to the effective feature 
extraction of the pre-trained CNN, which provided a robust 
foundation for subsequent XGB classification. Addition-
ally, the augmented feature set derived from the CNN out-
put enhanced the overall predictive capability of the XGB 
model. The comparative analysis offered a clear and insight-
ful evaluation of the performance of the six algorithms 
across different datasets, enabling a rapid assessment of their 
weaknesses and strengths. Overall, the findings showed that 
XGB is the most competitive classifier compared to others 
and that student grading is the most significant factor in pre-
dicting student performance.

A significant contribution of this work lies in its empha-
sis on feature importance analysis. The proposed CNN-
attention-XGB model leveraged Shapley values to quantify 
the influence of each feature on the overall predictions. 
Figure 11 illustrates the feature importance ranking. As 
evident from Fig. 11, the model’s performance is notably 
enhanced by incorporating features from educational spe-
cializations. Additionally, age, occupying a central position 
within the dataset, proved to be a valuable predictor. The 
CNN extracted 225 features, with features 127, 213, and 100 
emerging as the top three most influential features. Notably, 

the middle-tier features within the dataset exhibited a nota-
ble impact on the final prediction.

Discussion

This study highlights the significant role of machine learn-
ing techniques in accurately predicting student success, 
particularly through the CNN-attention-XGB model. The 
model achieved superior performance metrics by integrat-
ing advanced feature extraction with robust classification, 
outperforming other algorithms like SVM, RF, and KNN. 
The importance of key predictors, such as educational spe-
cialization and age, underscores the value of understanding 
student-specific factors. These insights enable educators to 
implement timely interventions, such as tailored support 
programs, to improve academic outcomes and reduce drop-
out rates.

Table 6   Comparative performance evaluation of prediction models 
for dataset 1

Classifiers Accuracy Precision Recall F1 Score

RF 1.0 1.0 1.0 1.0
KNN 0.83 0.84 0.83 0.88
SVM 1.0 1.0 1.0 1.0
NB 1.0 1.0 1.0 1.0
DT 1.0 1.0 1.0 1.0
XGB 1.0 1.0 1.0 1.0

Table 7   Comparative performance evaluation of prediction models 
for dataset 2

Classifiers Accuracy Precision Recall F1 Score

RF 0.86 0.88 0.86 0.80
KNN 0.90 0.90 0.90 0.88
SVM 0.85 0.79 0.85 0.79
NB 0.54 0.81 0.54 0.60
DT 0.85 0.72 0.85 0.78
XGB 0.97 0.97 0.97 0.97

Fig. 9   Comparing evaluation metrics of the prediction models for 
dataset 1
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The comparative analysis of classification models also 
provided valuable insights into the strengths and weaknesses 
of different approaches. While simpler models like Naïve 
Bayes and KNN struggled with accuracy, more sophisticated 
algorithms, such as XGB, demonstrated superior perfor-
mance due to their ability to handle complex patterns and 
feature interactions. These findings highlight the versatil-
ity of ML methods and reinforce the importance of careful 
model selection and feature engineering in achieving optimal 
results.

Figures 5, 6, 7 and 8 provide a comprehensive view of the 
model’s performance across several evaluation metrics. Fig-
ure 5 presents a comparison of accuracy between the SVM 
and XGB models, showing that both algorithms achieved 
perfect accuracy (100%) on Dataset 1, while XGB slightly 
outperformed SVM on Dataset 2. This highlights the ability 
of XGB to handle more complex data effectively. In terms 
of Fig. 6 (precision) and Fig. 7 (recall), XGB continued to 

demonstrate superior performance, particularly in correctly 
identifying positive cases and detecting at-risk students. 
The model’s high recall suggests that it is particularly adept 
at identifying students who may need early intervention. 
Moreover, Fig. 8 (F1-score) reinforces this point, as XGB 
maintained a balanced performance in terms of both preci-
sion and recall, making it a highly reliable classifier.

The feature importance analysis, as shown in Fig. 11, 
further emphasizes the value of educational specialization 
and age in predicting student success. The CNN compo-
nent extracted 225 features, which were then processed and 
prioritized by XGB, highlighting specific data points that 
are most influential. These insights are vital for develop-
ing targeted educational strategies that take into account the 
individual characteristics of students. Additionally, Figs. 9 
and 10, which compare the performance metrics of various 
models, demonstrate that XGB consistently outperformed 
other algorithms such as RF, KNN, and NB, reinforcing its 
superiority in predicting student success and dropout. The 
results from these figures suggest that XGB, with its capac-
ity to handle complex feature interactions, remains the most 
effective model for real-world educational data, which is 
often dynamic and multifaceted.

Despite these promising findings, there are some practical 
challenges to consider. The complexity of the CNN-atten-
tion-XGB model might limit its interpretability for educators 
and administrators. Simplifying model outputs and focus-
ing on explainable techniques could make these tools more 
accessible. Additionally, incorporating diverse datasets and 
exploring other ML methods could further improve predic-
tions. This research paves the way for future innovations, 
encouraging educational institutions to adopt data-driven 
strategies to enhance student success.

Conclusion and Future Recommendations

Predicting student academic performance and identifying 
potential dropouts are crucial challenges in higher education. 
This study investigated the effectiveness of ML algorithms 
in addressing these issues. Two datasets from a higher edu-
cation institution, comprising 152 and 3630 instances, were 
acquired and preprocessed. A diverse range of ML algo-
rithms, encompassing RF, KNN, SVM, NB, BDT, and XGB, 
were employed and evaluated to predict student academic 
performance and dropout rates. The results demonstrated 
that RF, SVM, BDT, and XGB achieved 100% sensitivity, 
precision, accuracy, and F1-score in predicting student grad-
ing. However, for dropout prediction, these models achieved 
over 90% accuracy. The combination of XGB with CNN and 
attention outperformed other classifiers in predicting aca-
demic performance, achieving the highest accuracy for both 
grading and dropout prediction. This suggests that grading 

Fig. 10   Comparing evaluation metrics of the prediction models for 
dataset 2
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data plays a more significant role in predicting student per-
formance compared to dropout data.

Moreover, the key features influencing student perfor-
mance, such as attendance, Grade-1_Cont, CGPA, and Pre-
Req_Grades, highlight the importance of academic engage-
ment and prior achievement. To optimize student outcomes, 
instructors should prioritize support for students with lower 
CPGA and encourage regular class attendance. Future 
research can explore the generalization of these findings 
by applying the models to datasets from different institu-
tions, faculties, and departments. Additionally, visualizing 
and interpreting decision tree results can provide valuable 
insights to support low-performing students.

Data Availability  Data available on request from the author.
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