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Abstract – This study focuses on building a model to 
predict Cumulative Grade Point Average (CGPA) 
categories and identify students who might struggle 
academically during their time at university. The study 
uses student-related data to classify CGPA into specific 
grades (O, A+, A, B+, B, C+, C and F) and tested 
different machine learning methods like Naive Bayes, 
JRIP, J48, Random Forest, and CatBoost. Since some 
grades, like C and A+, had fewer students, a single-
point crossover technique to balance the dataset were 
used. The models were assessed with ten-fold cross-
validation, and CatBoost performed the best after 
balancing the data. To determine which factors played 
the largest role in the predictions, SHapley Additive 
exPlanations (SHAP) were used. It shows that the 
semester grade point average (SGPA) is one of the 
primary factors, especially highlighting those students 
in their 3rd semester who need extra support to 
achieve a better overall CGPA. These results show how 
early predictions can help universities support students 
and improve their academic success and retention.  
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1. Introduction

Entering university is a significant milestone in a 
student’s life, offering opportunities for learning and 
personal growth. However, it also brings many 
challenges that affect their studies and well-being.  

Students often find it hard to adjust to the 
independence of university life after the more 
structured school environment. Common issues 
include coping with academic pressure, managing 
time, balancing studies and social life, and dealing 
with personal or financial problems. Without proper 
support, these challenges can lead to poor academic 
results or even students leaving their courses, which 
concerns both students and universities. Besides, it is 
a crucial issue, but remains a persistent challenge for 
educational institutions. Traditional methods often 
struggle to identify at-risk students early and provide 
adequate support [1]. Many current strategies rely on 
manual processes and basic data analysis, which are 
not always reliable in identifying students who may 
need help [2]. Furthermore, the interventions offered 
are often generic rather than tailored to individual 
students, reducing their effectiveness [3]. 

Machine learning is helpful for this purpose, as it 
can analyse large datasets of student data to find 
patterns and predict who might face difficulties. It 
helps universities provide the proper support, such as 
extra resources or guidance, to help students succeed 
and stay in their courses. Unlike traditional 
approaches, this method offers real-time insights into 
student behaviour, participation, and performance 
[4]. This paper aims to predict Cumulative Grade 
Point Average (CGPA) using classification methods 
to identify struggling students and provide targeted 
support, such as additional classes or mentoring.  

https://doi.org/10.18421/TEM144-50
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It also seeks to classify students at risk of failure 
or dropout using these methods, enabling timely 
interventions to reduce dropout rates. By evaluating 
and comparing these methods, the study is focused 
on identifying the most accurate and adaptable 
approach for predicting at-risk students across 
different university programmes. Additionally, it 
incorporates SHapley Additive exPlanations (SHAP) 
for explainability, offering insights into the key 
factors influencing outcomes and fostering informed 
decision-making aligned with eXplainable AI (XAI) 
principles. 

The first objective is to use classification methods 
to predict the CGPA of students. This prediction will 
help identify students who might face academic 
difficulties early in their university life. Identifying 
these students can allow universities to offer extra 
support, such as additional classes, one-on-one 
mentoring, or other resources, to help them improve. 
Studies show that early academic performance often 
predicts long-term success and retention in higher 
education [5]. By focusing on students who may 
need help, universities can improve their chances of 
succeeding academically and reduce the risk of 
dropouts. Once these students are identified, 
institutions can provide support like counselling, 
tutoring, or workshops to help them overcome 
challenges. Early interventions have improved 
retention rates and created a better learning 
environment [6].  

The second objective is to compare different 
methods for classifying at-risk students to find the 
most effective one. Universities often have diverse 
student populations and unique challenges, so it is 
essential to determine which classification method 
works best. By testing and comparing approaches, 
this study aims to identify a reliable method to be 
used in one institution and others with similar 
datasets. It ensures that the findings can be applied to 
various educational contexts, improving their 
usefulness and impact [7]. 

The third objective is to explain how the models 
make predictions. This involves showing which 
factors, like prior grades, contributed most to the 
forecasts. Understanding these factors is essential for 
teachers, administrators, and policymakers to make 
informed decisions about supporting students. For 
instance, if grade is a key factor, universities might 
focus on encouraging students to attend classes 
regularly for poorly performed students. This 
objective also helps make the results more 
transparent and accessible to trust [8]. 

In summary, these objectives aim to create a 
system that identifies students who need help, 
provide insights into why they might be struggling, 
and offering solutions to improve their academic 
success and reduce dropout rates. 

The research objectives are described as below: 
Objective 1: Students' CGPA are predicted using 

classification methods. This will help identify 
students who struggle so it is possible to receive 
extra attention, such as additional classes or 
guidance, to improve their performance and stay on 
track. 

Objective 2: The goal is to classify at-risk learners 
using diverse classification methods. By identifying 
these students early, universities can take steps to 
support them and prevent dropouts. 

Objective 3: To compare different classification 
methods and to find the most accurate one for 
predicting CGPA and at-risk students. The goal is to 
identify which method works best and ensure it can 
also be applied to student data. 

Objective 4: To explain the results of these 
predictions (SHAP) and demonstrate the essential 
features so stakeholders can learn how the results 
related to XAI are achieved. It helps teachers, 
policymakers, and other stakeholders understand 
what influences student outcomes and how to 
improve them. 

These objectives focus on using data to support 
students, improve academic performance, and reduce 
dropout rates in higher education. 

Figure 1 graphically describes the flow chart and 
model description.  

 

 
 

Figure 1. Flow-chart of the model 
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2. Literature Review 
 
Using data mining, academic performance at a 

Saudi university was predicted, focusing primarily on 
pre-admission criteria [9]. The study highlighted the 
importance of Scholastic Achievement Admission 
Test (SAAT) scores, with Artificial Neural Networks 
(ANN) achieving the highest accuracy, surpassing 
Decision Trees, Support Vector Machines (SVMs), 
and Naïve Bayes. 

Decision Trees, SVM, Naive Bayes, and k-
Nearest Neighbour (kNN) algorithms were used to 
predict students’ dropout rates [10]. SVM yielded 
99% accuracy across critical metrics, demonstrating 
its effectiveness in identifying at-risk students for 
early intervention. 

Ensemble learning techniques, particularly 
boosting, were investigated to predict student 
performance [11]. Boosting was shown to improve 
prediction accuracy by applying base classification 
techniques such as J48, kNN, Naïve Bayes, and 
Random Tree.  

The impact of factors such as school type and 
study time on academic performance was examined 
using Decision Tree, JRip, and Naïve Bayes models 
[12]. The study found that Decision Tree and JRip 
models achieved over 80% accuracy in predicting 
student success. 

This study [13] proposed an enhanced Random 
Forest model to predict academic performance, 
showing that the optimised classifier is better than 
Naïve Bayes, Bagging, and Boosting. 

Feature selection methods were explored, and it 
was found that Decision Tree classification, 
combined with the principal component method, 
performs best in predicting student outcomes [14]. 
The prediction in academic procrastination in online 
learning was studied, and various classifiers, 
including ZeroR, Naïve Bayes, JRip, PART, and J48 
were tested [15]. Successful predictions aid in early 
interventions to improve student motivation. 

In their study, the authors [16] used various data 
mining methods and applied techniques like 
Correlation Attribute Evaluator (CAE), Information 
Gain Attribute Evaluator (IGAE) and Gain Ratio 
Attribute Evaluator (GRAE) to improve prediction 
accuracy by eliminating irrelevant attributes. Their 
research shows that the combination of classification 
algorithms and feature selection significantly refines 
prediction models. 

The study [17] used SVM, Naïve Bayes, and 
ANN to analyse factors influencing students' 
academic performance and choice of major, aiming 
to improve prediction accuracy and inform proactive 
academic support measures. 

 
 

In their study, authors [18] applied data mining 
techniques to predict the academic performance of 
secondary school students at an early stage, using 
Naïve Bayes, Random Forest, and J48.  

The results showed that Naïve Bayes achieved the 
best accuracy, emphasising the importance of early 
interventions. 

Early student performance prediction was studied 
using various classifiers, including rule-based, 
decision-tree, probabilistic, and multilayer perceptron 
methods [19]. The results showed that Random 
Forest produced the highest accuracy. 

The study by the authors [20] compared the 
effectiveness of Naïve Bayes Classifier and Decision 
Tree J48 in predicting students' academic 
achievements. After pre-processing (cleaning and 
discretising), both algorithms achieved over 88.75% 
accuracy. 

In this study [21], six classification algorithms 
were applied to build prediction models to forecast 
student performance, recognize at-risk individuals, 
and enhance academic interventions. It was found 
that integrated algorithms outperform single 
classifiers, with Logit Boost being faster than 
Random Forest. 

Several machine learning algorithms (Naïve 
Bayes, Random Forest, Logistic Regression, kNN, 
SVM, XGBoost, and Ensemble Voting Classifier) 
were employed to forecast students’ performance, 
find at-risk individuals, and enhance academic 
interventions [22]. The study found that ML models 
outperform ensemble methods, making them helpful 
in predicting student performance. 

The authors in [23] applied Earned Value 
Management (EVM) and machine learning 
algorithms Random Forest, KA, kNN, SVM, and 
Naïve Bayes to aanalyze the factors influencing 
students’ academic performance and forecast their 
final grades. The authors concluded that Random 
Forest attained the highest level of accuracy. 

Several machine learning algorithms were 
examined to predict student dropout and academic 
performance, with class imbalance addressed using 
SMOTE resampling [24]. SMOTE enhanced model 
accuracy while boosting algorithms like CatBoost 
and LightGBM beat traditional methods such as 
logistic regression and decision trees, applying 
SHAP to improve model interpretability. 

 
3. Methodology 

 
In this study, machine algorithms, namely Naive 

Bayes, JRip, J48, Random Forest, and CatBoost were 
used. Each was selected for its capability to manage 
different types of data and its potential to uncover 
meaningful patterns. 
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3.1. Naïve Bayes 
 

Naive Bayes is a commonly applied probabilistic 
algorithm in the field of machine learning, mainly 
employed for classification tasks [25].  

Based on the observed features, this algorithm 
uses Bayes' theorem to estimate the probability that a 
particular instance falls into a certain class.  A core 
feature of Naive Bayes is its "naive" assumption of 
conditional independence, meaning it considers each 
feature independent of the others when given the 
class label [26]. Despite this simplification, Naive 
Bayes often performs effectively in real-world 
applications, delivering strong results even when the 
independence assumption does not fully hold. 

Using Bayes' theorem, Naive Bayes calculates the 
probability of a class C, given the set of features X. 
The formula for Bayes' theorem (1) is: 

 

𝑃𝑃(𝐶𝐶|𝑋𝑋) =
𝑃𝑃(𝑋𝑋|𝐶𝐶). 𝑃𝑃(𝐶𝐶)

𝑃𝑃(𝑋𝑋)                         (1) 

 

𝑃𝑃(𝐶𝐶|𝑋𝑋) represents the posterior probability of the 
target class, 𝑃𝑃(𝑋𝑋|𝐶𝐶) is the likelihood (the probability 
of probability of the predictor given the specified 
class), 𝑃𝑃(𝐶𝐶) is the prior probability of the class, and 
𝑃𝑃(𝑋𝑋) is the prior probability of the features. 

 
3.2. Jrip 
 

The JRip classifier, short for "Java RIPPER," 
applies the RIPPER (Repeated Incremental Pruning 
to Produce Error Reduction) algorithm. It is a rule-
based classification algorithm. Developed by 
William W. Cohen, RIPPER is particularly suited for 
binary classification tasks [27]. The algorithm 
analyses each class, starting with the smallest and 
moving to the larger ones. For each class, it first 
creates a basic set of rules. Then, it carefully adjusts 
these rules to reduce errors one step at a time, 
making the rules more accurate and reliable as it 
progresses [28]. 

 
3.3. J48 
 

The Decision Tree algorithm is applied to identify 
how the attribute values perform across different 
instances. Based on the patterns observed in the 
training data, it can predict the class labels for unseen 
new cases [29]. It generates rules that assist in 
predicting the target variable and clarifies the data 
distribution through tree structures [30]. By applying 
the J48 algorithm, which extends the ID3 algorithm, 
various applications can be classified to achieve 
accurate results [31].  

 
 
 

3.4. Random Forest 
 

Random Forest, a machine learning algorithm for 
classification and regression, builds multiple decision 
trees and integrates their predictions to enhance 
accuracy while minimizing overfitting.  

This algorithm has three primary 
hyperparameters, which must be set prior to training.  

Node size, the number of trees, and the number of 
features sampled are the key parameters that allow 
the classifier to handle regression and classification 
problems [32]. 

One advantage of Random Forests is showing 
which features (or inputs) are most important by 
calculating how much each affects prediction 
accuracy. However, training Random Forests can be 
slow when working with large datasets because of 
the built decision trees [33].  

 
3.5. CATBOOST 

 
The CatBoost gradient boosting algorithm, 

introduced in 2018 [34], is designed to process 
categorical features without the necessity for typical 
preprocessing approaches. CatBoost represents a 
form of the gradient boosting algorithm which can 
manage numerical and categorical data without 
requiring additional steps to convert categorical data 
into numbers.  

Critical features of CatBoost include: 
 

• The algorithm efficiently handles categorical 
features without requiring preprocessing. 

• It often delivers excellent results with default 
parameters, saving time on hyperparameter 
optimisation. 

• The model can process missing values without 
requiring imputation. 

• Unlike other models, this algorithm can scale 
columns automatically. 

• This model implements various methods to 
avoid overfitting, such as robust tree boosting 
and ordered boosting. 

• It internally performs cross-validation to choose 
the best hyperparameters. 

• This algorithm offers a Graphics processing unit 
(GPU)-accelerated version, allowing users to 
train models faster on large datasets. This 
implementation boosts scalability and 
performance, mainly when using multiple GPU 
cards. 
 

These features make CatBoost a robust, scalable, 
and user-friendly tool for machine-learning tasks 
involving complex datasets. 
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Due to the Decision Tree-based nature, CatBoost 
is particularly effective for tasks involving 
categorical, heterogeneous data. However, it is 
sensitive to hyperparameter settings, such as the 
highest number of iterations, tree depth, and 
categorical feature combinations [35]. 

 
3.6. SHAP 
 

SHAP is an XAI technique to understand complex 
machine-learning models [36]. SHAP is based on 
principles from cooperative game theory, a 
mathematical framework used to study how groups 
of players (or features) can work together and fairly 
share the rewards (or influence) of their 
collaboration.  

The technique uses explicitly Shapley values, a 
concept from game theory, to quantify how each 
player (feature) influences the total payoff (model 
prediction).  

SHAP assigns additive importance values to 
individual features, ensuring properties like 
consistency and local accuracy, making it a reliable 
tool for understanding model behaviour. 

 
4. Results and Discussion 

 
The dataset was collected from North Lakhimpur 

University in Assam, India. Table 1 describes the 
dataset. 

 
 
 

Table 1. Description of the educational dataset 
  

Attribute Description Values 
RollNo Roll Number of a student that uniquely identifies a 

particular student 
18BA001 etc. 
 

Sex Sex of a particular student Male, Female 
Programme Programme the student was pursuing BSC (Bachelor of Science) 

BA (Bachelor of Arts), 
BCA (Bachelor of Computer Application) 

Year Admission Year 2018, 2019, 2020 
SGPA1, 
SGPA2, 
SGPA3, 
SGPA4, 
SGPA5, 
SGPA6 

Semester Grade Point Average of 1st, 2nd, 3rd, 4th, 
5th and 6th Semester 

O (Percentage >=95) 
A+ (Percentage >=85) 
A (Percentage >=75) 
B+ (Percentage >=65) 
B (Percentage >=55) 
C+ (Percentage >=45) 
C (Percentage >=40) 
F (Percentage <=40) 

Core 
Course 

Major Course or Core Course of the student ANT ANTHROPOLOGY 
ASM ASSAMESE 

BCA 
COURSES OF BCA 
PROGRAMME 

BOT BOTANY  
CHE CHEMISTRY 
ECO ECONOMICS 
EDU EDUCATION 
ELE ELECTRONICS 
ENG ENGLISH  
GEO GEOGRAPHY 
HIN HINDI  
HIS HISTORY  
HSC HOME SCIENCE 
MAT MATHEMATICS 
PHI PHILOSOPHY 
PHY PHYSICS  
PSC POLITICAL SCIENCE 

 

CGPA 
(target 
variable) 

Cumulative Grade Point Average O (Percentage >=95) 
A+ (Percentage >=85) 
A (Percentage >=75) 
B+ (Percentage >=65) 
B (Percentage >=55) 
C+ (Percentage >=45) 
C (Percentage >=40) 
F (Percentage <=40) 
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Figure 2. Sieve diagram for courses against CGPA (before balancing) 
 

There are 12 attributes, of which CGPA is the 
dependent variable. There are 1733 instances, and 
grades C and A+ of CGPA make the dataset 
imbalanced. Figure 2 depicts the sieve diagram for 
different core courses against the CGPA obtained 
before balancing. A single-point crossover method 
was utilised to make the dataset balanced. After 
balancing, the number of instances was raised to 
1834. Different machine-learning approaches were 
applied before balancing the dataset. The outcome is 
depicted in Table 2. Widely accepted metrics, such as 
recall, precision, F-measure, and accuracy were 
applied, to measure the efficacy of the proposed 
method. Higher values of these metrics represent the 
model's efficiency. 

Table 2. Comparison of different classifiers based on 
various evaluation metrics (before balancing)   

Classifier Precision Recall F-Measure Accuracy 

Naïve Bayes 84.2 86.0 85.1 88.5 

JRip 82.2 80.0 81.1 83.5 
J48 83.9 83.3 83.4 83.3 

Random 
Forest 

83.7 83.0 83.4 85.2 

CATBOOST 90.1 91.2 90.7 91.6 
 
The classification technique CatBoost 

outperformed the other classifiers with an accuracy 
of 91.6%. Figure 3 demonstrates ‘CGPA’ against 
‘Programme’ after balancing the dataset. 

 

 
 

Figure 3. CGPA programme-wise after applying single-point crossover data balancing technique 
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After balancing the dataset, the following results 
are obtained and demonstrated in Table 3.  

 
Table 3. Comparison of different classifiers based on 
various evaluation metrics (after balancing) 
 

Classifier Precision Recall F-Measure Accuracy 
Naïve Bayes 89.0 88.7 88.8 88.7 

JRip 84.6 83.9 84.1 83.9 
J48 85.5 85.1 85.1 85.1 

Random 
Forest 87.1 86.2 86.0 86.2 

CATBOOST 92.7 92.7 92.7 92.7 
 
In both cases, a 10-fold cross-validation technique 

was applied. CatBoost showcased superior 
performance with an accuracy of 92.7%. Table 4 
provides the confusion matrix for the CatBoost 
classifier.  

 
Table 4. CatBoost Classifier's Confusion Matrix 
 

a b c d e f g <-- 
classified 
as 

293 16 26 0 0 0 0 a = B+ 
14 72 0 0 0 0 0 b = A 
20 0 525 24 0 0 0 c = B 
0 32 229 0 0 0 0 d = C+ 
0 0 1 1 474 0 0 e = F 
0 0 0 0 0 55 0 f = C 
0 0 0 0 0 0 52 g = A+ 

 
Two feature selection attributes were applied to 

find the most influential characteristics of the dataset. 
Table 5 demonstrates the top 5 attributes using the 
two rank-based methods to do the task. 
 
Table 5. Most influential attributes based on rank-based 
feature selection techniques 
 

Feature Selection Method  High Influence Attributes  

ReliefF Ranking Filter 

SGPA5 (Rank: 0.46315), 
SGPA3 (0.377221), 
SGPA6 (0.32659), SGPA4 
(0.288187), SGPA1 
(0.275048) 

Gain Ratio feature 
evaluator 

SGPA5 (Rank: 0.4339), 
SGPA3 (0.3831), SGPA4 
(0.3059), SGPA6 (0.2917), 
SGPA1 (0.2697) 

 

The results presented in the above table show that 
SGPA5 and SGPA3 are the most influential 
attributes. For the 2018 admitted batch, SGPA6 was 
obtained by appearing in the examination online 
during the COVID period. Additionally, SGPA6 is 
compared as a response variable with the SGPA of 
other semesters. 

To understand the independent variable (gender, 
SGPA1, SGPA2, SGPA3, SGPA4, SGPA5 and 
program) related to the dependent variable (SGPA6 
based on 2018 online results), Pearson’s chi-square 
test was executed, along with Fishers Exact test when 
appropriate. The Table 6 showed that student gender 
was significant with SGPA6 (p < 0.048). Further, the 
table data shows that SGPA1 and SGPA2 were 
significantly associated with SGPA6 (P<0.000 and 
P<0.000) respectively. Moreover, SGPA3, SGPA4 
and SGPA5 were statistically significant with 
SGPA6 (p<0.000, p<0.000 and p<0.000) 
correspondingly. The study also found that the 
program available in the institution was also 
significantly related to SGPA6 (p<0.000) based on 
online examination data from 2018. 

 
Table 6. Results of Chi-square test based on 2018 data   

Independent 
Variables 

Dependent Variable (SGPA6) 
χ2(df) Fisher’s Exact Test 

Sex 12.713(6)* 12.228 
SGPA1 260.065(36)** 207.017 
SGPA2 448.541(36)** 200.893 
SGPA3 438.635(42)** 309.877 
SGPA4 412.744(36)** 299.210 
SGPA5 364.855(42)** 326.768 
Program 67.914(12)** 61.869 

** significant at 1% level * significant at 5% level  
 

Most machine learning models follow the black-
box oriented approach. To make the results 
interpretable and explainable, CatBoost with the 
SHAP method was applied. 

Figure 4 showing feature importance, ranks 
attributes based on their impact. Here, semester 
grades like those from the fifth and third semesters 
stand out as the most influential, meaning playing a 
major role in determining a student’s overall CGPA. 
Other factors, such as earlier semester grades, also 
contributed but to a lesser extent. 
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Figure 4. SHAP values having features of importance 
 

Figure 5 provides a detailed view of how 
individual students’ performance trends affect 
predictions. Warmer colors represent higher grades, 
while cooler colors indicate lower performance.  

This visualization helps identify patterns—for 
instance, students with consistently high grades in 
later semesters tend to have better predicted CGPAs. 
 

 
 

Figure 5. Heatmap based on SHAP values 
 

Figure 6 displays the distribution of each feature’s 
influence across all predictions. Wider sections 
indicate where most students fall, revealing that 
higher grades in key semesters, like the fifth, 
generally push CGPA predictions upward.  

In contrast, other factors, such as the academic 
program or gender, show more varied effects. 

 
 
 

 
 

Figure 6.  Violin plot using SHAP 
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Figure 7 breaks down the prediction for a single 
student, showing how each feature adjusts the final 
CGPA estimate. Starting from an average baseline, 
the plot illustrates whether a student’s grades in 
specific semesters raise or lower their predicted 
outcome.  

This helps educators understand why the model 
predicts a certain CGPA for an individual, making 
the decision-making process transparent. 

 

 
 

Figure 7. Waterfall plot for a single data point 
 

Analysing these diagrams and ranking important 
features leads to the conclusion that SGPA5 and 
SGPA3 are the most influential features and 
contribute immensely to obtaining the evaluation 
metrics. These figures also provide clear, 
interpretable insights, ensuring that educators can 
trust and act on the model’s predictions. 

 
5. Conclusion 

 
In this study, CatBoost yielded superior 

performance among the other classifiers for 
predicting CGPA. As SGPA5, and SGPA3 are the 
key attributes in the process, the low-performing 
students after obtaining the 3rd semester results may 
be given extra attention to avoid dropouts, which 
fulfils the first objective. Although the 5th semester 
results strongly influence overall CGPA, till the 5th 
semester it will be too late to handle such low-
performing students. Hence, after 3rd semester, it 
will be the prime time to focus on such students.  

The study employed five classification techniques 
(Naïve Bayes, JRip, J48, Random Forest, and 
CatBoost). CatBoost demonstrated superior 
performance, achieving the highest accuracy and F1-
score. Future plans include testing the process on 
other university datasets to validate its efficacy, as 
this has not yet been undertaken. This fulfils the 
second objective of the study. The third and final 
objective was implemented by devising SHAP as 
part of the XAI framework. 

It was a retrospective study which may be 
considered one of the study's limitations.  Three 
programs from North Lakhimpur University, which 
are still active, were chosen for this study.  

The results are believed to significantly assist the 
university's teachers and policymakers, as well as 
other counterparts to a great extent. The size of the 
dataset is another limitation. Deep learning strategies 
were applied to predict the CGPA. As deep learning 
techniques perform best with numerous instances, the 
collection of 2021 to 2024 datasets is planned for 
future research goals, enabling the employment of 
these methods. 
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