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ABSTRACT-In recent times, forecasting students’ Academic Performance has gained substantial traction 

and is the dynamic challenges of academic institutions. Educational Data Mining (EDM) with advanced 

techniques and methods plays a significant role in addressing students’ academic performance. Although 

research has been conducted at University and College levels, only limited research has been conducted at 

the School level, with respect to predicting academic performance.  Identifying students’ academic 

performances at an early stage is crucial for educational institutions and parents in order to take proactive 

decisions concerning a student’s future. The goal is to determine the factors that affect a student’s scholastic 

performance and enable parents and educational institutions to accurately predict a student’s academic 

performance and channelize the student’s capabilities in the right direction, at the right time.  This research 

makes use of Supervised Machine Learning approaches to analyze, filter and determine students at risk and 

suggest alternatives to improve their performance. In order to achieve the desired objective, this paper 

analyses Classification algorithms for EDM in depth, and identifies the right attributes and the most suitable 

Machine Learning tool which can accurately predict the scholastic performance of school students and 

ensure academic achievement. After conducting a comparative study of the results from various Machine 

Learning techniques using student data, this research shows that the Light Gradient Boost Method is  the 

best in predicting the scholastic performance of school students. 
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1. INTRODUCTION 

One of the biggest and growing challenges in 

Education is identifying students’ scholastic 

performance and how to  provide the required 

assistance to enable a student to succeed in it. This 

is widespread - starting from the foundational 

elementary grades to graduate levels. Although an 

academician’s final  grade, grade point average 

(GPA) is the determining factor, there are various 

other factors which influence the scholastic 

performance of a student. Analyzing  the wealth 

of data available about students is very 

challenging due to the fact that the environment 

they operate upon is very dynamic and complex. 

Detecting and intervening as early as possible 

during the students’ academic period will help 

educational institutions and parents to 

implement the required interventions to 

improve a school students’ academic 

performance. Through the advancement of 

technology, it is possible to systematically 

analyze their performance, identify their 

strengths, weaknesses and areas of improvement 

using which a strategy can be formulated by 

educational institutions and parents to guide 

students in focusing on their inherent strengths. 

For example, intelligent tutoring systems can be 

provided, student counselling and monitoring can 

be established, a policy can be made for the 

proactively help students. 

Educational Data Mining (EDM) enables 

analysing large volumes of scholastic data in 

terms of density and the rich variety of attributes 

through Machine Learning (ML) algorithms. 

Scholastic,  Co-scholastic, Personal, Social and 

Demographic characteristics are some of many 

segments of attributes available  for Scholastic 

Academic Performance Prediction (SAPP). 

The scope is to apply machine learning tools to 

infer the performance of school students using 

data that could influence a student’s scholastic 

performance using which educational 

institutions can  formulate a strategy to provide 

the required support to students. This research 

makes use of data from 557 students of a 

Portuguese school for prediction. The dataset 

contains 33 features.  Supervised Machine 

Learning models including explicit base models, 

ensemble models and hybrid models have been 

used.This project paper is categorised into 

various sections, namely - Section II presents a 

Literature Review of  Related Work in the same 

space;  Section III discusses the Materials and 

Methods used in predicting students’ 

performance; Section IV discusses the Results of 

the performance analysis; Section V presents the 

Discussions of this research’s outcome and finally 

Section VI outlines the Conclusions of this 

research and scope for future research. 

 

2. RELATED WORK 

As a consequence of advancements in Science 

and Technology, there is immense research in the 

field of EDM, particularly, with respect to the 

Scholastic Academic Performance of students. 

These researches explore suitable  student 

attributes (features) that can be used in 

combination with associated ML algorithms in 

order to devise models for accurate prediction of 

Academic performance. 

2.1. Online Classes 

During pandemics, online or virtual classes had 

become popular. However, online classes also 

have challenges that may impact student 

performance, such as, the lack of direct interaction 

with instructors and classmates, discipline, 

technical difficulties, and so on. Analysing student’s 

performance under this study model was done by 

various researcher using different criteria.  A 

research conducted by Mohammad Noor Injadat 

et al [17] to predict students who may need help 

in an e-learning environment, uses two different 

datasets with slight change in the order of the 

attributes. ML models - SVM, RF, NB, MLP, KNN, 

and LR were used for prediction.  In the model 

proposed by Ahmed Abdul Rahman  et al [3], the 

considerations were focused on predictions of good 

performance, bad performance and final grade.  Using 

the events in the OpenDSA infrastructure, this study 

infers that the RF Classifier model is best suited with a 

resulting accuracy of 91.7%.   Ghassen Ben Brahim 

[1], predicted students’ performance during 

online classes through the DEEDS dataset’s 

interaction logs using the RF Classifier whose 

resulting accuracy and F1-score were 97% 

respectively.   

2.2. Hybrid Study Model 

Hybrid study models combine both traditional 

classroom-based learning and online learning 



Vol 44 No. 7 

June 2023 

 

307 

 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

and therefore outweighs the challenges in both 

methods.  Factors such as the content quality, 

teaching effectiveness, student individuality and 

so on need to be considered.   A research by Ansar 

Siddique et al [6] focused on the factors 

influencing student performance at the school 

secondary level of education. The study selects 

16 key attributes and predicts performance 

through a 7-category grading system.  ML 

techniques MLP, PART and J48 (DT) were used 

for the prediction. 

2.3. Learning Management System (LMS) 

With improved Access to Learning Resources, an 

LMS can provide students a diverse variety of 

learning resources, promoting self-learning and 

thereby improved understanding, clarity and 

retention as an essential outcome of a 

personalized learning experience.  Aaditya 

Bhusal’s [9] research infers that LMS is best 

suited for prediction of final grades.  Kiran Fahd 

et al [7], in their study of LMS infer that the RF model 

with an accuracy of 85% is best suited for determining 

the attrition rate of students.   Tuti Purwoningsih et al 

[10] used the models – RF, DT and GBT with the 

LMS demonstrating an accuracy of 85.03%.   

Sellappan Palaniappan et al [28] inferred that the 

DT algorithm is best suited for predicting 

performance using the WEKA data mining tool. 

 

2.4. Co-curricular Activities Related Research 

Research on the type of influence of Co-curricular 

activities on a student’s academic performance is 

researched.  Most are positive.  The impact on a 

student’s academic performance due to 

participation in co-curricular activities was 

analyzed by Shaikh Rezwan Rahman et al [14] 

using ML models - RF, VT, MLP, LR  and 

highlighting the highest accuracy of 99.52% using 

LR. 

2.5. Single Subject Research 

The quality of the educational content for a single 

subject and the effectiveness of the teaching and 

learning strategies used can significantly impact 

student performance. In particular, many 

researches focus on performance in computer 

science [22, 26, 29, 34] using various machine 

learning techniques such as, NB, DT, LR, ANN and 

so on. with prediction rates ranging from 66.9% 

to 77.04%.  In some of these researches [21, 26, 

34], data was collected using several methods 

such as, questionnaires that contain the students’ 

prior academic performance, preferences, 

cultural background, co-scholastic strengths, 

family background, among others, to name a few. 

2.6. Behavioural Research 

Behavioural research enables us to recognize the 

impact of positive behavioural habits and values 

on student performance. A student’s behaviour 

and attitude towards education is influenced by 

both external and internal factors.  External 

factors such as, the neighbourhood he lives in, 

social relationships, friends, influence a student’s 

behaviour towards academics.  Internal factors 

such as, the domestic environment, the attitude of 

the family members towards education, the 

attitude of the family members towards the 

student, also have a significant influence in 

determining the habits, values, level of motivation 

and attitude towards education in general [23]. In 

another research by Parneet Kaur et al, 

Multilayer Perceptron (MLP) is used to identify 

slow learners [35] with 75% accuracy. 

2.7. Teaching Method Research 

Students are characterized based on their 

capabilities and academic capabilities as a factor 

of their strengths and weaknesses.  This study 

groups students into two categories  and models 

them  based on their performance as a 

combination of their intellectual quotient and 

emotional quotient based on a balance between 

their skills, emotions, knowledge is achieved 

[19]. 

2.8. Demographic Research 

Certain Demographics [11, 18], factors have a 

direct impact on students’ academic 

performance.  This is in addition to other co-

scholastic factors discussed above.   Several 

researchers have analyzed how demographic 

factors influence a student’s performance, the 

extent of impact and whether the impact is 

positive or negative towards academic success.  

Such research enables educators and parents to 

provide a more holistic education to the student, 

that goes beyond disparities.   

2.9. Grades and Mark Research 

The results of an academic assessment can 

influence students’ academic performance – 
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either positive or negative.  Good grades and 

positive feedback encourage a student to 

perform academically better and improve their 

scholastic performance [2, 20, 31.  Consistency in 

positive feedback indicate clarity and mastery of 

study material and academic progress [4, 5, 25],  

whereas, consistency in negative feedback is 

indicative of a student’s weakening grades and 

the need for intervention and an additional 

support  system [8, 32, 33].  Senior school 

students are even more impacted as it is a prime 

determinant for their graduate education.  High 

weightage is given  by Universities for a student’s 

grade (GPA) for decisions with respect to 

admission.  Therefore, a high GPA is indicative of 

the success rate for a student to get into a 

preferred university and in addition, the course 

of choice.     

2.10. Research on Predicting Pass or Fail 

Various internal and external factors influence 

the academic performance of a student, as 

discussed above.   Success or Failure of a student 

at the school level is a crucial determinant of the 

success or failure in his higher education and 

career [13, 24 ]. Failures at the school level may 

cause a student to even drop out of school [12]. 

Archived data on student performance can be an 

invaluable resource for educators, as it can provide 

timely insight into patterns of a student’s 

academic achievement and suggest corrective 

measures.  Therefore, predictions on whether a 

student would pass or fail [24, 27, 30] are effective 

measures to render corrective action towards 

student success.

 

3. METHODS AND MATERIALS 

3.1. Proposed Workflow Diagram 

The modelled workflow is sequenced in Fig. 1 

 

Fig. 1. Sequence Flow Diagram 

The process comprises of six steps which are 

described as follows: 

Step 1 – Data Collection: The dataset format 

used UCI Machine Learning Repository format. 

Identify the features with meaningful name. 

Evaluation Criteria: In accordance with 

previous researches, the final grade is used to 

evaluate PASS or FAIL. For this simulation, it is 

considered that any grade above or equal to 9 is 

evaluated as PASS. Otherwise, the result is 

evaluated as FAIL. 

Step 2 – Dataset Exploration: Explore the data 

to find out each feature impact on the final 

prediction. 

Step 3 – Dataset Cleansing: Make sure data 

integrity is maintained for better prediction. 
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Step 4 – Feature Selection: Find the list of 

features that has impact on the final prediction. 

Eliminate the features that are not having any or 

significant impact. 

Step 5 – Data Transformation: After feature 

selection, non-numerical data has to be 

transformed to numerical data for prediction. 

Step 6 – Prediction: Use the resultant machine 

learning techniques to evaluate the data to 

make the final prediction. One of the model will 

render itself as a suggested model for student’s 

performance prediction. 

3.2. Dataset Collection and Identification 

The data set is sourced from an anonymous 

school.  A total of 8000 student’s records were 

used for this research. 

 

TABLE I. DATASET SIZE 

 

There are totally 33 features available for 

selection. Table II provides brief description of 

each features considered for performance 

prediction. 

 

TABLE II. DATASET DESCRIPTION 

 

S. No. Features Expansion Explanation 

1 School Student’s school  GP, MS 

2 Sex Gender  Male, Female 

3 Age Student’s Age  15 to 22 

4 Address Address type  Urban, Rural 

5 Famsize Family size  Less than 3, Greater equal to 3 

6 Pstatus Parent’s cohabitation
 status  

Together, Apart 

 
7 

 
Medu 

Mother’s education  
 

None, Primary, Elementary, 
Secondary, 
Higher 

 
8 

 
Fedu 

Father’s Education  
 

None, Primary, Elementary, 
Secondary, 
Higher 

Data Source Attributes Records 

(Total 

Students) 

http://archive.ics.uci.edu/ml/mac

hine- learning-databases/00320/ 

33 * 8000 

* Refer below for list of attributes considered. 

http://archive.ics.uci.edu/ml/machine-
http://archive.ics.uci.edu/ml/machine-


Vol 44 No. 7 

June 2023 

 

310 

 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

9 Mjob 
Mother’s job  (at  home, teacher, health, services, other) 

10 Fjob 
Father’ s  job  (at home, teacher, health, services, other) 

 

11 

 

Reason 

Reason to choose the school  

 

(home,    reputation, course, 

other) 

12 Guardian 
Student’s     guardian   (mother, father, other) 

 

13 

 

Traveltime 

Home to school travel time  

 

(<15 min., 15 to 30 min., 30 min. to 1 

hour, >1 hour) 

 

14 

 

Studytime 

Weekly study time  

 

(<2 hours, 2 

to 5 hours, 5 to 10 hours, >10 hours) 

15 failuers 
Number of past class failures  (n if 1<=n<3, else 4) 

16 Schoolsup 
Extra educational support  (yes, no) 

17 Famsup 
Family educational support  (yes, no) 

18 Paid 
Extra paid classes within 

the course subject  

(yes, no) 

19 Activities 
Extra-curricular activities  (yes, no) 

20 Nursery 
Attended nursery school  (yes, no) 

21 Higher 
Wants to take higher 

education  

(yes, no) 

22 Internet Internet access at home  (yes, no) 

23 Romantic Relationship  (yes, no) 

24 Famrel 
Family relationships  (from 1 - very bad to 5 - excellent) 

25 Freetime 
Free time after school  (from 1 - very low to 5 - very high) 

26 Goout 
Going out with friends  (from 1 - very low to 5 - very high) 

 

27 

 

Dalc 

workday alcohol   

consumption 

 

(from 1 - very low to 5 - very high) 

 

28 

 

Walc 

Weekly alcohol consumption  

 

(from 1 - very low to 5 - very 

high) 

29 Health 
Current health status  (from 1 - very bad to 5 - very good) 

30 Absentism 
Number of school leaves  (from 0 to 93) 

31 G1 Score 1  (from 0 to 20) 

32 G2 Score 2 (from 0 to 20) 

33 G3 Final  (from 0 to 20) 
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3.3. Data Exploration 

To understand the data, the dataset will be 

imported for an Exploratory Analysis and to have 

an overview of the distribution of the numerical 

data.  Below is the histogram plotting on 

numerical data. The Histogram shows how each 

feature maps against the target value.

 

 

Fig. 2. Histogram of each feature vs final_score (target value) 

 

3.4. Data Cleansing 

Data exploration leads to the second stage of Data 

Cleansing in order to ensure that data integrity is 

ensured. In this context, data integrity ensures 

that there are no missing values or duplicates. 

This data cleansing step (Fig. 3) makes sure that 

any row(s) from the original raw dataset having 

missing value(s) or duplicate entry is removed 

and only relevant data with all the values is 

retained for further processing. Rows with missing 

values have been removed to avoid computational 

complexity.  Using Python code in Jupyter Lab 

environment, all rows that had empty values in 

any column have been removed. 

 

 

Fig. 3. First 5 rows of the dataset 
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3.5. Machine Learning (ML) Algorithms 

In this research, the following ML models will be 

used to select the final, recommended model for  

prediction. 

• Base Classifiers 

• Ensemble Methods 

• Hybrid Methods (Ensemble + Base) 

3.5.1. Base Classifiers 

A total of 7 Classifier models, namely: 

• K-Nearest Neighbour (KNN)  

• Support Vector Machine (SVM),   

• Stochastic Gradient Descent (SGD) 

• Decision Tree (DT),   

• Multi-layer Perceptron (MLP),  

• Logistic Regression (LR) and,  

• Naïve Bayes (NB)  

have been used  to build models using the input 

dataset. 

3.5.2. Ensemble Classifiers  

Ensemble Learning techniques can be classified 

as: 

• Bagging 

• Boosting 

• Adaboost 

• Gradient Boost 

• XGBoost 

• Light Gradient Boost 

• CatBoost 

 

3.5.3. Hybrid (Heterogeneous) Classifiers 

Ensemble Multiple classifier models can be 

classified into: 

• Voting 

• Stacking (Stacked Generalization)  

 

4. RESULTS 

4.1. Environment 

Jupyter Lab and Python Libraries for data mining 

were the tools used to evaluate the proposed 

classification models to arrive at a conclusion. A 

structured sequential approach was 

implemented to predict student performance. 

Goal 1: Determine the relevant features that has 

impact on the students' performance. 

Goal 2: Use cross validation with 10 K-Fold and 

compute the Accuracy score of the models for 

final fitting. Eliminate less fitting model. 

Goal 3: Perform comparative analysis of all the 

models - Base Classifiers, Ensemble, and Hybrid 

models. 

4.2. Feature Selection 

For feature selection, the Wrappers, viz., 

Forward Elimination, Backward Elimination, 

Low Variance Filter, SelectKBest methods  were 

not used as each gave different set of features 

that could possibly give better prediction. The 

variance is much compared to common features 

among them. 

In this research, final_score feature is used as 

target value. Boxplot or bar chart or pie chart is 

used to understand the influence of features. 

After feature selection, eighteen features have 

been used for training the models for prediction. 

Features – school, guardian, daily alcohol, 

weekly alcohol and romantic relationship 

were not considered for feature selection. It was 

inferred that these features are not applicable for 

predicting school students’ performance. Fig. 4 

represents dataset after feature selection. 

4.2.1. Included Features 

The below features are included in the final 

prediction features list. Their mapping against the 

final_ score feature is shown below to know why 

they are included in the final feature selection list. 

 

 

 

 



Vol 44 No. 7 

June 2023 

 

313 

 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

4.2.1.1. Age 

As there is significant variance, Age is included as 

part of included feature. 

 

Fig. 6.   Age impact on students’ performance 

4.2.1.2. Address 

As the residence of the student location has 

significant variance, it is included as part of 

included feature. 

 

Fig. 7. Urban vs Rural place of stay impact on the 

student’s performance 

 

4.2.1.3. Mother’s Education 

From the below figure it is clear that Mother’s 

education has an impact on the students’ 

performance. 

 

Fig. 8. Mother’s Education impact on the 

students performance 

 

4.2.1.4. Father’s Education 

From the below figure it is clear that Father’s 

education influences student’s academic 

performance. 

 

Fig. 9. Impact of father’s education 

4.2.1.5. Mother’s Job 

As there is much variance in mother’s job, 

impacting the student performance, it is part of 

included feature. 

 

Fig. 10. Mother’s job impact on the student 

performance 

 

4.2.1.6. Father’s Job 

As there is much variance in father’s job, 

impacting the student performance, it is part of 

included feature. 

 

Fig. 11. Father’s job impact on the student 

performance 

 

4.2.1.7. Travel Time 

As the students commuting less tends to score 

more, it is included as part of the final features 



Vol 44 No. 7 

June 2023 

 

314 

 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

list. 

 

Fig. 12. Commute time impact on the student 

performance 

 

4.2.1.8. Study Time 

Students who spend more time to study, 

performs better. 

 

Fig. 13. Study time impact on the student 

performance 

 

4.2.1.9. Failures 

Student who do not have past failures record 

seems to score more. 

 

Fig. 14. Past failure impact on the student 

performance 

 

4.2.1.10. School Support 

Students with school support have much higher 

change of passing the exam. 

 

Fig. 15. School Support impact on the student 

performance 

 

4.2.1.11. Higher Education 

Students who have interest in higher studies 

seems to perform better. 

 

Fig. 16. Higher Education Interest impact on the 

student performance 

 

4.2.1.12. Internet Impact 

Internet access helps students perform better. 

 

Fig. 17. Internet access impact on the student 

performance 
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4.2.1.13. Going Out 

Students who go out more tends to score less. 

 

Fig. 18. Going out habit impact on the student 

performance 

 

4.2.1.14. Student Health 

Student whose health is better seems to perform 

better. 

 

Fig. 19. Student’s health impact on the student 

performance 

 

4.2.1.15. Absentism 

Student who has less absences seems to perform 

better. 

Fig. 20. Absences impact on the student 

performance 

4.2.2. Excluded Features 

The below features are excluded in the final 

prediction features list. Their mapping against 

the final_score feature is shown below to know 

why they are included in the final feature 

selection list. 

4.2.2.1. Gender  

Student’s gender is comparable and from the 

below graph it is clear that it has no impact on 

their performance. 

 

Fig. 21. Gender impact on the performance 

 

4.2.2.2. Family Size 

Almost negligible, from the below graph it is 

clear that family size of the student has not 

major impact on their performance. 

 

Fig. 22. Family size impact on the performance 

 

4.2.2.3. Parent Cohabitation 

Parent living status seems to have not impact 

based on the below graph. 
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Fig. 23. Parent Cohabitation impact on the 

performance 

4.2.2.4. Reason to join 

Student reason to join the school shows no 

major impact on the performance. This can be 

excluded. 

 

Fig. 24. Reason to join the school impact on the 

student performance 

 

4.2.2.5. Family Support 

Student’s family support doesn’t seems to have 

an impact on their performance. 

 

4.2.2.6. Paid Study 

Student who pay for extra class seems to show 

not much improvement. This can be excluded 

from the feature list. 

 

Fig. 26. Extra classes impact on the student 

performance 

4.2.2.7. Other Activities 

Students’ who are involved in other activities 

seems to show no major improvement in their 

performance. 

Fig. 27. Other activities impact on the student 

performance 

 

4.2.2.8. Nursery Study 

Students’ who went to school from nursery 

seems to show no major impact on their 

performance. 

Fig. 28. Nursery study impact on the student 

performance 

 

4.2.2.9. Family Relationship 

Family relationship (quality) can be ignored 

as Family Size and Support is already 

excluded from student performance impact. 
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Fig. 29. Family relationship (quality) impact on 

the student performance 

4.2.2.10. Free Time 

Student free time is not having major impact and 

some students with less free time tends to score 

more. 

 

Fig. 30. Free time impact on the student 

performance

 

Fig. 25. Family support impact on the student 

performance 

 

4.2.3. Features Correlation Map 

The below figure shows how each features 

correlate to the final score. From this figure, we 

can see the positive and negative impact features 

contributing to the student’s performance. 

Fig. 31. Feature correlation map 
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4.3. Data Transformation 

This is the last stage of data pre-processing.  In 

this stage, all the non-numerical values are 

converted to numerical values. For this purpose, 

the non-numeric data is mapped to its 

corresponding number. For instance, ‘yes’ and 

‘no’ values will be mapped to 1 and 0 respectively. 

The selected features have values that are 

numerical but the value is spread very wide. 

Explicit data transformation is done for those 

features so that they are within a reasonable 

range. 

 

 

Fig. 32. Dataset before transformation 

 

 

Fig. 33. Dataset after transformation 

 

Fig. 34. Dataset after feature selection 

4.3.1. Feature – Score_One and Score_Two 

 

TABLE III. SCORE ONE AND TWO MAPPING 

Grade Range New Value Grading Description 

                                                  18 – 20 6 A+     E 

                                                  16 - 17 5 A      VG 
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                                            14 – 15 4 B   G 

                                            12 – 13 3 C    SA 

                                            9 – 11 2 D    SU 

                                             0 – 8 1 E    F 

  

 

4.3.2. Final Score Mapping 

 

TABLE IV. FINAL SCORE MAPPING 

 

Grade Range 
New              

Value                          Description 

                                                                    9 – 20                1                    Pass 

   0 – 8               0                    Fail 

 

4.3.3. Age Mapping 

 

TABLE V. AGE GROUP MAPPING 

 

Age New Value Description 

< 17 0 Age group less than 17 

< 19 1 Age group between 17 

and 18 

>= 19 2 All other ages. 

 

4.3.4. Absences Mapping 

As absences value is spread out very widely, it is better to group them in ranges. The below table depicts 

how they are grouped. 

 

 

TABLE VI. ABSENCES MAPPING 

Absences New Value 

0 – 3 2 

4 – 7 6 

8 – 10 9 

10 – 15 13 

16 – 20 18 

21- 25 23 

>= 26 30 

4.4. Model Checking 

The K-fold cross-validation validates the model’s performance. Data is split into folds (sections) and each 

is used for validation. 
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Fig. 35. K-Fold Approach 

 

The model has been trained using a part of data and 

is tested for its ability to predict using the data it 

hasn't seen. The ‘Train and Test’ split approach, 

is used to predict and evaluate the model’s 

ability. Generally, it is always random selection of 

x% and, not all data is used for train and test. 

In this research, all data has been utilized for 

accuracy. A 10-fold cross validation has been 

conducted.  This is done to ensure single 

utilization of data.  The K-fold algorithm’s cross 

valiation technique is therefore used for checking 

a model and not for building a model. 

For actual model building we will be using 80:20 

train-test split of data. Fig. 37 represents K-fold 

result.

 

Fig. 36. Model Fitting using K-fold Approach 

4.5. Model Fitting 

In this research, it is initially determined whether 

the data set fits the model selected for prediction.     

This is known as model fitting.  All data has been 

used instead of using only the train and test split 

of data.   The ten K-Fold cross validation technique 

is used to determine model fitting. This way, 

every data is part of train and test subset. 

This is done to achieve the goal of finding whether 

the model fits the data before model building. The 

evaluation result showed all the base and 

ensemble models (hybrid is excluded) fitting the 

data and no over fitting happened. The cross-

validation score is 90% or above in all the models 

fitted in this research. The score could appear 

less because it is the mean of 10 folds of the entire 
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dataset. 

 

 

 

Fig. 37. Model Fitting using K-fold Approach 

 

4.6. Evaluate Base Classifiers 

 

A total of 7 classifier models, namely DT, Logistic 

Regression (LR), SVM, MLP, SGD, KNN and NB 

were used to build models using input dataset. 

Unseen external data is used to determine the 

prediction accuracy. Accuracy score is used to 

determine the bests among base classifiers with 

Precision, Recall and F1 score supplementing 

why the model should be used. 

For evaluation of the model, we ran four external 

dataset to predict the students' performance, each 

with 557, 349 and 26 observations respectively. 

From the 3 different input observation, it appears 

that Decision Tree Classifier predicts better at an 

accuracy of 93.4%. Though SVM also predicts 

93.4%, Decision Tree is better due to precision, 

recall and F1 score. 

Fig 38, Fig 39 and Fig 40 outlines the observations 

for each input set. 

K-Fold Validation 

0.98 
0.96 

0.94 

0.92 

0.9 

0.88 

0.86 

0.84 

0.82 

Accuracy Precision Recall F1 

0.9613 0.9622 0.9499 0.9593 0.9624 0.9496 0.9516 0.95 0.9622 0.9605 0.9621 0.9467 0.9256 0.9626 F1 

0.9684 0.9668 0.9504 0.9668 0.966 0.9538 0.9561 0.9459 0.9644 0.9569 0.9644 0.9434 0.9697 0.9642 Recall 

0.9545 0.9577 0.9494 0.9521 0.959 0.9456 0.9473 0.9565 0.9601 0.9642 0.9599 0.9502 0.8855 0.961 Precision 

0.9355 0.9371 0.9169 0.9321 0.9375 0.9162 0.9194 0.9193 0.9372 0.9347 0.9371 0.912 0.8709 0.9379 Accuracy 

CAT GBM EXT LGBM ADA BAG RF SGD MLP NB SVM DT KNN LR 
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Fig. 38. Observation with 557 inputs 

 

 

Fig. 39. Observation with 349 inputs 

 



Vol 44 No. 7 

June 2023 

 

323 

 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

 

Fig. 40. Observation with 26 inputs 

 

4.7. Ensemble Model Result 

A total of 7 ensemble models, namely RF, Extra 

Tree Classifier (EXT), Gradient Boost (GBM), 

LightGBM (LGBM), AdaBoost (AB), CatBoost 

(CB), and XGBoost) were used to build models 

using input dataset. Unseen external data is used 

to determine the prediction accuracy. Accuracy 

score is used to determine the bests among base 

classifiers with Precision, Recall and F1 score 

supplementing why the model should be used. 

For evaluation of the model, we ran four external 

dataset to predict the students' performance, each 

with 557, 349 and 26 observations respectively. 

From the 3 different input observation, it appears 

that Extra Tree Classifier predicts better at an 

accuracy of 94.3% with 557 input and 93.1% with 

349 inputs for prediction. It is also observed that 

when the input data is very low, all the models 

predicts the same. 

Fig 41, Fig 42 and Fig 43 outlines the observations for each input set. 

 

 

Fig. 41. Ensemble Models with 557 inputs 
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Fig. 42. Ensemble Models with 349 inputs 

 

Fig. 43. Ensemble Models with 26 inputs 

 

4.8. Hybrid Model Result 

Though ensemble models gave ~94.3% 

prediction accuracy, the purpose of creating 

hybrid model is still test to see if the score can 

improve by 0.1 or 0.2 % at the least. Here we used 

stacking and voting approach to determine the 

final prediction percentage. In hybrid approach, 

only the top four models we used for evaluation 

purpose. 

4.8.1. Voting Approach 

Taking the top four model as input for voting 

hybrid approach, the prediction percentage has 

increased to 94.25% along with 96+% precision, 

recall and F1 score. 
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Fig. 44. Voting Approach 

 

4.8.2. Stacking Approach 

Taking the top four model as input for voting hybrid approach, the prediction percentage has increased to 

94.25% along with 96+% precision, recall and F1 score. 

Fig. 45. Stacking Approach 
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5. DISCUSSION 

Extracting the features that influence the student 

performance is a difficult task. Using algorithms 

to supplement machine learning techniques used 

for school students’ academic performance 

prediction (SAPP), feature extraction has been 

done to analyze  the impact on the final prediction.  

After training and testing various machine 

learning models that belong to standard (base) 

classification algorithms, ensemble techniques 

and hybrid of mixing classification models, it is 

observed that based on the input size, the 

prediction accuracy varies. From two samples of 

557 and 349 inputs used for prediction, it 

appears that Extra Tree Ensemble model gives 

a better prediction. 

In the voting hybrid approach, it has to be noted 

that only the top four standalone models were 

considered for final prediction as other will not 

have impact on the final prediction. In fact it could 

lead to less accurate prediction. 

This research experiment result shows that 

hybrid model didn't significantly improve the 

score. When such situation happens, it is better 

to go with individual model itself. From the final 

comparison, Extra Tree Ensemble model stands 

out the winner with 94.3% accuracy. 

 

TABLE VII. FINAL COMPARISON 

 

Model Name Type Accuracy 

Decision Tree Base Classifier 93.4% 

Extra Tree 

Classifier 

Ensemble 

Classifier 

94.3% 

Voting Hybrid 94.25% 

Stacking Hybrid 94.0% 

 

Limitations: 

1. The sample dataset used is commonly 

available for any research and includes only the 

features more applicable for students in Portugal, 

though it can be used worldwide. Further study 

is required to see how these features can relate 

to schools and colleges in other countries where 

such research is in the emerging stage. 

2. A small dataset of 8000 observations 

has been used for this experimental analysis. It 

has been inferred from this analysis that changes 

in the volume of observations leads to different 

ML model for the most accurate prediction of 

academic performance of students. 

 

6. CONCLUSION 

Over several years various researches has been 

done in education sector to identify student 

success as early as possible in their academic 

career. Early prediction of a school student’s 

academic performance is therefore of utmost 

importance in order to enable the educational 

institutions to develop a strategy and plan to 

implement necessary proactive measures to 

enable the student to succeed. Through 

technology, in particular Machine Learning, it is 

possible to process small to huge datasets to 

predict academic performance of students. 

Though it is widely observed that the same 

machine learning models gives different 

accuracy levels for various researchers, it is has 

been proven that the features or attributes chosen, 

play a crucial role in calculating the final accuracy. 

Therefore, it can be inferred that same machine 

learning model gives different accuracy due to the 

usage of varying datasets and versatile 

attributes. 

Overall, this research, after conducting various 

trial and error experiments has provided support 

to the world of Educational Data Mining that, 

data, when used with Machine Learning 

Technology can help identify school students for 

whom educators can provide proactive, early 

intervention to ensure academic success. 

 

7. FUTURE WORK 

This research paper has provided a simulative 

study using various ML models that are 

commonly used for School Academic 

Performance Prediction. In this initial study, out 

of the diverse methods used to measure student 

performance, the Extra Tree Classifier has 

proved to be best model for prediction with an 

accuracy score of 94.3%. 

In this research, 8000 observations were used for 

analysis. Using this research paper outcome, 

future work can include the following: 
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1. Provide a visual interface so that 

education institutions can easily enter input data 

to see the outcome instead of using traditional 

model of spreadsheet or statistical analysis. 

2. It is possible to visualize the impact 

using only one feature and for a particular student. 

3. New novelty approach can be devised 

to improve the prediction accuracy. 
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