Zﬂ turnitin Page 1 of 39 - Cover Page Submission ID  trn:oid:::2945:380704043

Ahmed Alwakeel

AI-Based Early Warning System for Academic Risk Detection
28-4-2026.pdf

€ Midocean University

Document Details

Submission ID

trn:oid:::2945:380704043 30 Pages

Submission Date 6,681 Words

Apr 28, 2026, 2:00 PM GMT+3
40,012 Characters

Download Date

Apr 28, 2026, 2:10 PM GMT+3

File Name

Al-Based Early Warning System for Academic Risk Detection 28-4-2026.pdf

File Size

713.8 KB

Z"j turnltln Page 1 of 39 - Cover Page Submission ID  trn:oid:::2945:380704043



zﬂ turnitin Page 2 of 39 - Integrity Overview

28% Overall Similarity

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report

» Bibliography
» Cited Text

Match Groups

‘ 131 Not Cited o

Matches with neither in-text citation nor quotation marks

r Quoted 25%

99 0 Missing Quotations 0%

Matches that are still very similar to source material

“

18 Missing Citation 3%
Matches that have quotation marks, but no in-text citation

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Integrity Flags

0 Integrity Flags for

Review

No suspicious text manipulations found.

7 turnitin

Page 2 of 39 - Integrity Overview

Top Sources

20%
21%
16%

@ Internet sources
M2 Publications

2 Submitted works (Student Papers)

Submission ID  trn:oid:::2945:380704043

Our system's algorithms look deeply at a document for any inconsistencies that
would set it apart from a normal submission. If we notice something strange, we flag
it for you to review.

A Flag is not necessarily an indicator of a problem. However, we'd recommend you
focus your attention there for further review.

Submission ID  trn:oid:::2945:380704043



zﬂ turnitin Page 3 of 39 - Integrity Overview

Match Groups Top Sources

131 Not Cited or Quoted 25% 20% @ Internetsources

Matches with neither in-text citation nor quotation marks

93 0 Missing Quotations 0% 16% 2
Matches that are still very similar to source material

18 Missing Citation 3%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

The sources with the highest number of matches within the submission. Overlapping sources will not be displayed.

o Internet

www.mdpi.com

Internet

www.ijiemr.org

Internet

educationaltechnologyjournal.springeropen.com

Internet

slejournal.springeropen.com

o Publication

M. Skittou, M. Merrouchi, T. Gadi. "Development of an Early Warning System to S...

° Publication

Ossama H. Embarak, Shatha Hawarna. "Automated AI-driven System for Early De...

Internet

nova.newcastle.edu.au

° Publication

Cenk Temizel, Salih Tutun, Celal Hakan Canbaz, Ekrem Alagoz et al. "Artificial Inte...

° Internet

gspace.qu.edu.qa

c Submitted works

Manipal University Jaipur Online on 2026-01-12

zr'j turnit"’] Page 3 of 39 - Integrity Overview

21% W& Publications

= Submitted works (Student Papers)

6%

2%

1%

1%

1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://www.mdpi.com/2504-2289/5/4/71
https://www.ijiemr.org/public/uploads/paper/675691735280406.pdf
https://educationaltechnologyjournal.springeropen.com/articles/10.1186/s41239-019-0172-z
https://slejournal.springeropen.com/articles/10.1186/s40561-021-00161-y
https://doi.org/10.1109/ACCESS.2023.3348091
https://doi.org/10.1016/j.procs.2023.12.187
https://nova.newcastle.edu.au/vital/access/services/Download/uon:55910/ATTACHMENT01
https://doi.org/10.1201/9781003617327
https://qspace.qu.edu.qa/bitstream/handle/10576/21596/Sohaila%20Eltanbouly%20_OGS%20Approved%20Thesis.pdf?isAllowed=y&sequence=1

zﬂ turnitin Page 4 of 39 - Integrity Overview

Submitted works

Midocean University on 2025-09-05

Internet

web.realinfo.tv

Submitted works

Midocean University on 2025-09-05

° Submitted works

National Institute of Technology, Raipur on 2025-12-13

o Submitted works

University of Huddersfield on 2023-09-22

e Internet

link.springer.com

Internet

pmc.ncbi.nim.nih.gov

a Internet

scholarworks.aub.edu.lb

o Submitted works

Bogazici University on 2016-12-19

e Submitted works

Universiti Teknologi Malaysia on 2024-12-31

Publication

Vasileios Christou, Ioannis Tsoulos, Vasileios Loupas, Alexandros T. Tzallas et al. "...

Submitted works

Islington College,Nepal on 2026-04-21

Internet

diva-portal.org

a Internet

sjuoz.uoz.edu.krd

ZI'j turn't'n Page 4 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://web.realinfo.tv/2024/12/demgn534-predictive-analytics.html
https://link.springer.com/article/10.1007/s10639-024-12923-5?code=65a512b0-8f95-412b-8078-4400cb5043b2&error=cookies_not_supported
https://pmc.ncbi.nlm.nih.gov/articles/PMC11711027/
https://scholarworks.aub.edu.lb/xmlui/bitstream/handle/10938/21717/t-6937.pdf?isAllowed=n&sequence=1
https://doi.org/10.1016/j.eswa.2023.120079
https://diva-portal.org/smash/get/diva2:833641/FULLTEXT01.pdf
https://sjuoz.uoz.edu.krd/index.php/sjuoz/article/download/1036/549/4131

zﬂ turnitin Page 5 of 39 - Integrity Overview

e Publication

Abdelkarim Bettahi, Hamid Harroud, Fatima-Zahra Belouadha. "Early Student Ris...

a Publication

Ijaz Khan, Abdul Rahim Ahmad, Nafaa Jabeur, Mohammed Najah Mahdi. "An artif...

Submitted works

University of Huddersfield on 2024-06-09

a Internet

www.ijprems.com

e Submitted works

Saint Thomas University on 2025-02-24

Submitted works

Indian Institute of Management, Lucknow on 2026-03-27

Publication

Rahman, Mohammad Ishtiaque. "Determinants of CMS HCC Risk Scores, Discharg...

Internet

scholars.unh.edu

Submitted works

Aston University on 2023-09-29

Submitted works

Jackson State University on 2026-02-17

Publication

Kam Cheong Li, Billy T. M. Wong, Mengjin Liu. "Chapter 15 Identification of Poten...

Submitted works

Kensington College of Business - Brunei on 2025-12-02

Publication

Romero-Zaldivar, V.A.. "Monitoring student progress using virtual appliances: A c...

Submitted works

University of Hertfordshire on 2022-04-29

zr'j ‘turn|t|n Page 5 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://doi.org/10.3390/a18120781
https://doi.org/10.1186/s40561-021-00161-y
https://www.ijprems.com/ijprems-paper/advanced-cctv-incident-detection-leveraging-deep-learning-autonomy
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31996802&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://scholars.unh.edu/thesis/327
https://doi.org/10.1007/978-981-96-0205-6_15
https://doi.org/10.1016/j.compedu.2011.12.003

zﬂ turnitin Page 6 of 39 - Integrity Overview

Internet

elibrary-dev.nusamandiri.ac.id

m Internet

researchoutput.csu.edu.au

Internet

www.research-collection.ethz.ch

Publication

Adnan Rafique, Muhammad Salman Khan, Muhammad Hasan Jamal, Mamoona T...

Publication

Amoako, Koduah. "Road Surface and Subsurface Monitoring Using Machine Lear...

m Submitted works

Colorado Technical University Online on 2026-04-20

e Submitted works

Harrisburg University of Science and Technology on 2025-04-19

e Submitted works

Jose Rizal University on 2025-07-08

Submitted works

KCA University on 2025-04-22

m Submitted works

Kingston University on 2024-01-31

e Submitted works

Pioneer Academics on 2025-08-20

e Submitted works

Southampton Solent University on 2024-09-02

Submitted works

University of Hull on 2025-04-24

Publication

Yahia Baashar, Yaman Hamed, Gamal Alkawsi, Luiz Fernando Capretz, Hitham Al...

zr'j ‘turn|t|n Page 6 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://elibrary-dev.nusamandiri.ac.id/assets/fileebook/250078.pdf
https://researchoutput.csu.edu.au/ws/portalfiles/portal/390102838/Md_Galal_Uddin_PhD_Thesis_2023.pdf
https://www.research-collection.ethz.ch/bitstream/handle/20.500.11850/155045/eth-47579-02.pdf?isAllowed=y&sequence=2
https://doi.org/10.1109/ACCESS.2021.3135309
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32398392&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://doi.org/10.1016/j.aej.2022.03.021

zﬂ turnitin Page 7 of 39 - Integrity Overview

Internet

conference.uis.edu.my

e Internet

dergipark.org.tr

e Internet

repository.aaup.edu

a Internet

www.gepsoft.com

Publication

Arvind Dagur, Karan Singh, Pawan Singh Mehra, Dhirendra Kumar Shukla. "Intelli...

e Publication

Birudala Venkatesh Reddy, Y V Krishna Reddy, Md. Abdur Razzak, Surender Reddy...

e Publication

Dothang Truong. "Demystifying AI - Data Science and Machine Learning Using IB...

e Publication

Hamad Almaghrabi, Ben Soh, Alice Li, Idrees Alsolbi. "SoK: The Impact of Educatio...

Submitted works

Islington College,Nepal on 2025-12-15

Submitted works

Malayan Colleges Mindanao, A Mapua School on 2025-03-09

Submitted works

Technological University Dublin on 2023-07-24

m Submitted works

University of East London on 2024-09-08

e Submitted works

University of Essex on 2026-04-24

a Submitted works

University of Portsmouth on 2025-09-17

z"j turn't'n Page 7 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://conference.uis.edu.my/npreus/2024/images/full-paper/11-39_noor-fadzilah-ab-rahman_npreus2024---noor-fadzilah-ab-rahman.pdf
https://dergipark.org.tr/en/pub/eku/issue/85904/1287393
https://repository.aaup.edu/bitstream/123456789/3834/1/%d8%b1%d9%88%d8%a7%d9%86%20%d8%a7%d8%a8%d9%88%20%d8%b2%d9%8a%d8%af%d8%a7%d9%86.pdf
http://www.gepsoft.com/tutorials/LogisticRegressionAnalyticsPlatform.htm
https://doi.org/10.1201/9781003635680
https://doi.org/10.1201/9781003643142
https://doi.org/10.1201/9781003468196
https://doi.org/10.3390/info15110738

zﬂ turnitin Page 8 of 39 - Integrity Overview

Internet

decision.csl.illinois.edu

a Internet

ijrpr.com

e Internet

lib.buet.ac.bd:8080

Internet

open.metu.edu.tr

Internet

www.cs.ubc.ca

Internet

www.ijiet.org

Internet

www.researchgate.net

Publication

Berat Ujkani, Daniela Minkovska, Nikolay Hinov. "Course Success Prediction and ...

Publication

Niall Sclater. "Learning Analytics Explained”, Routledge, 2017

Submitted works

Princess Sumaya University for Technology on 2026-04-20

Submitted works

Universiti Tenaga Nasional on 2022-08-15

Submitted works

University of Westminster on 2025-12-14

Publication

Alameri, Fatma. "Predicting Student Dropout Risk Using Machine Learning.", Roc...

m Publication

Balqis Albreiki, Tetiana Habuza, Zaid Shuqfa, Mohamed Adel Serhani, Nazar Zaki, ...

zr'j ‘turn|t|n Page 8 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


http://decision.csl.illinois.edu/~tanwani2/ms_thesis_aneel.pdf
https://ijrpr.com/uploads/V5ISSUE11/IJRPR35441.pdf
http://lib.buet.ac.bd:8080/xmlui/bitstream/handle/123456789/5174/Full%20Thesis.pdf?isAllowed=y&sequence=1
https://open.metu.edu.tr/bitstream/handle/11511/118396/HacerGuner_PhDThesis_Final-Submission.pdf
http://www.cs.ubc.ca/grads/resources/thesis/May02/Jian_Chen.pdf
https://www.ijiet.org/vol15/IJIET-V15N11-2429.pdf
https://www.researchgate.net/publication/347777055_A_Survey_of_Intelligent_Techniques_for_Android_Malware_Detection
https://doi.org/10.3390/electronics13214157
https://doi.org/10.4324/9781315679563
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32043153&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://doi.org/10.3390/bdcc5040071

zﬂ turnitin Page 9 of 39 - Integrity Overview

Publication

David Bafieres, M. Elena Rodriguez, Ana Elena Guerrero-Roldan, Abdulkadir Karad...

Submitted works

Liverpool John Moores University on 2023-04-29

Publication

Paolo Ferro, Harinadh Vemanaboina, Chander Prakash. "Computational Techniqu...

m Submitted works

University of North Texas on 2023-05-08

zr'j ‘turn|t|n Page 9 of 39 - Integrity Overview

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043


https://doi.org/10.3390/app10134427
https://doi.org/10.1201/9781003679622

zll—.l turnitinm Page 10 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043

|
MIDOCEA[\!

UNIVERSITY

@ Al-Based Early Warning System for Academic Risk Detection in
Education

Prepared By

Student 1: Marya Mohammed Bawazir ID: 253000692
Student 2: Hala Haytham Hajjar ID: 253001456

@ submitted in fulfillment of the requirements for the degree Master of
Science in Artificial Intelligence

At
Collage of Informatics
Midocean University

UAE

Supervisor Name: Hager Saleh.

College of Informatics, Midocean University, Comoros

Z'l—.l turnltln Page 10 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043




zll—.l turnitin‘. Page 11 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043

Abstract:

Table of Contents

LiSt Of ADDreViatioNS. . ....cieeiieiieiieciecreirer e crrerens s smssrnssennsnnssmnssmnsanssnnnss Xiv
List Of FIQUIresS........cooiiiiiiiiirrrr s XVi
I3 Ao ) 0 1= o] == Xviii

z'l—.l turnltln Page 11 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043




Z"j turn|t|n Page 12 of 39 - Integrity Submission

Zl'—_l turnitin Page 12 of 39 - Integrity Submission

Submission ID  trn:oid:::2945:380704043

Chapter 1: Introduction

.......................................................................... 6
1.1 Problem Definition....... ..o 6
1.2 TheSiS ODJECHIVES. ... .. e 7
1.3 Thesis ContribULioON. ... e
1.4 Thesis Organization ...........ccciiiiii i e
Chapter 2: Background and Related Work.............cocoiiiiiiiiiiiiiiiiciicecee, 9
2.1 BackgroUund. .........oiiiiii e 9

2.1.1 Artificial Intelligence (Al)...... ... g

2.1.2 Machine Learning (ML)........oooiiie e 9

2.1.3 Types of Machine Learning..............ccooiiiiiiiiiii e 10

2.1.4 Classification. ..o 10

2.1.5 Machine Learning Algorithms...............oooii i, 11

2.1.6 Model Evaluation Metrics...........ccooiiiiiiii e 13

2.1.7 Impact of Artificial Intelligence in Education........................oos 14

2.2 Related WOrK. ... . 15

Chapter 3: Proposed Approach ...,

2o 1 oo [ o (o o NPT

Chapter 4: Experimental Results and Discussion ...................ccccceeeiiiiiiiiiieneeeen,

Chapter 5: Conclusion and Future Work ...................oo oo

7.1 ImMportant FEALUIES ....... oot

7.3 FULUIE WOTK ..ttt e e e e e e e e e e s e s et eeeeeeeeaennes

REfEIrENCES ...ttt 28

Submission ID  trn:oid:::2945:380704043




7J turnitin

Page 13 of 39 - Integrity Submission

List of Abbreviations :

* Acc.: Accuracy

* ANN: Artificial Neural Network

* ML: Machine Learning

» XAl: Explainable Artificial Intelligence

* SVM: Support Vector Machine

* RF: Random Forest

* DT: Decision Tree

* KNN: K-Nearest Neighbors

* DL: Deep Learning

*NV: Naive Bayes

* CNN: Convolutional Neural Network

e LMS: Learning Management System
e LR: Logistic regression

g'r—.| turnitin

Page 13 of 39 - Integrity Submission

Submission ID  trn:oid:::2945:380704043

Submission ID  trn:oid:::2945:380704043




ZI'—_I turnitin Page 14 of 39 - Integrity Submission

List of Figures :

Submission ID  trn:oid:::2945:380704043

Fig. 1 Artificial Intelligence (Al).......coo e 9
Fig. 2 Machine Learning (ML)..........cooi i 10
Fig. 3 DeCiSION Tre@ (DT)......uueiiiiiiiiiiiieie e 11
Fig. 4 Random FOrest (RF).........ooooimimiieiiee e 12
Fig. 5 k-Nearest Neighbors (KNN).........oooii e 12
Fig. 6 Support Vector Classifier (SVC) .......ccuuuiiiiiiiiiiiiieeeeeeeeeeeee 13
Fig. 10 Proposed FrameworkK...........c.coiiiiiiiii e 8
Fig. 11Results of Individual Models..............ccccooiiiiiiiiiiii s

List of Tables:

2.2 Table of Reviewed Papers. ........c.ooiiiiiiii e 23

zr'j turn|t|n Page 14 of 39 - Integrity Submission

Submission ID  trn:oid:::2945:380704043




zll—.l turnitin Page 15 of 39 - Integrity Submission Submission ID _ trn:0id::2945:380704043

Chapter 1 Introduction

1.1 Problem Definition

Despite the increasing availability of student data in educational sectors, many systems still
face challenges in identifying students at academic risk at an early stage to allow them to
intervene effectively. Traditional evaluation methods often rely on certain and usual results.
This reduces the opportunity of providing timely support or implementing appropriate
personalized intervention plans. The lack of this diagnostic plan is an additional risk, as
each student's skills, goals, and needs vary, necessitating early diagnosis to provide
individualized support.

Also, educational data is very complex and diverse. It includes demographic information,
behavioral data, attendance records, and interactions within learning management systems
(LMS). Such complexity makes it difficult to figure out which factors have the biggest effect
on predicting academic performance. This data is also often enormous and challenging to
understand, which makes it even harder to analyze and make decisions.

Besides, the presence of extraneous or less important features may lead to various
difficulties in constructing prediction models, including overfitting, higher computation costs,
and non-explainability of the models. Consequently, the use of feature selection techniques
to extract only the most relevant features will have great potential for constructing accurate
and explainable models.

In contrast, artificial intelligence (Al), such as machine learning (ML) and deep learning
(DL), is able to analyze the information from the education field, recognize patterns, detect
students' behaviors, and predict student performance. With the help of the proper dataset,
it will be possible to determine whether a student will probably perform well or not and what
factors may cause their failure. However, the effectiveness of Al algorithms depends on
data quality, feature selection, and model interpretability.

Therefore, the application of a data-driven early warning system based on Al is necessary
for predicting and identifying at-risk students at an early stage. In particular, a data-driven
model can help classify at-risk students by their risk level (low, medium, and high).

This study attempts to tackle the issue of inefficient and ineffective detection systems of
students that could benefit from additional assistance, through the application of Artificial
Intelligence techniques on the information provided by the LMS. The ultimate goal is to
boost student performance and avoid academic failure.
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1.2 Thesis Objectives

The major goal of the research is the development of an early warning system that can be
applied to classify students' risk levels in terms of their academic performance by using Al
and ML methods. The project will rely on LMS data, including students' academic
performance indicators, engagement, and demographics, to identify those who have risks
of poor performance as early as possible. For this purpose, the target (Final Mark) is
transformed into a classification problem (low, medium, high). The research uses the
technique of data pre-processing and feature engineering to increase the quality of the data
used for predictions. Several ML classifiers are implemented in a stacking ensemble model
to make more accurate predictions. Accuracy, precision, and recall measures are used to
evaluate the algorithm, where special attention will be paid to recall in order to increase the
chances of detecting at-risk students.

1.3 Thesis Contribution

1.4 Thesis Organization
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Proposed Framework
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Fig.7. Proposed Framework
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Chapter 2 Background and Related Work

2.1 Background

211 Al

The ability of computer systems to do tasks like learning, reasoning, decision-making, and
problem-solving that require human intelligence is known as Al. Systems analyze massive
data using computational methods to produce predictions. Al is used more and more in the
field of education to evaluate student data and assist with decision-making processes like

identifying students who are at risk and enhancing learning outcomes [16].

Systems that can reason
act based on the observa

Develop algorithms to

21.2 ML

Artificial Intelligence

Machine Learning
from

Deep

Deep Neural Networ Learning

Fig. 1. Al [22]

It is a branch of Al that focuses on creating algorithms that, without explicit programming,
enable computers to recognize patterns in data and perform better. It can be used to predict
or classify new data after being trained on historical data. Because it allows for examining
massive amounts of data of students and finding their performance, ML is crucial to
educational data mining and learning analytics. (Pattern Recognition and ML) [17] .
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2.1.3 Types of ML

Types of machine learning

Machine
Learning

Supervised Learning Unsupervised Learning Semi-supervised
Learning

Fig. 2. Types of ML [23]

1. Supervised Learning

The model is trained using labeled data in this ML method. There is an input and an output
label for every training example. Learning a mapping between inputs and outputs is the aim
of supervised learning, which enables the model to correctly predict the output for fresh,
unseen data [18].

2. Unsupervised Learning

It uses unlabeled data to train models. In this kind of learning, the algorithm looks for
unidentified patterns or structures in the data. In unsupervised learning, clustering and
association rule learning are popular methods[17].

3. Semi-Supervised Learning

It includes both labeled and unlabeled data. This method works well when there is a lot of
unlabeled data but little labeled data. By utilizing both kinds of data, it can enhance model
performance [18] .
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2.1.4 Classification

Predicting a categorical label for a given input is the goal of this kind of supervised
learning task. For instance, classification algorithms can be used in educational systems
to assess a student's risk level based on behavioral and academic data [19].

2.1.5 ML Algorithms

1. DT

It is a supervised learning algorithm that uses a tree structure to represent decisions. A
feature is represented by each internal node, a decision rule by each branch, and a class
label by each leaf node. DT are frequently used in classification problems because they

are simple to understand [19].

Branch - ™~ _Branch
© Internal node
Branch{,..'-':x" "“*--.\I_Branch

Fig. 3. DT structure [24].
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2.RF

Many DT are combined in the RF groups learning technique to increase prediction
accuracy and decrease overfitting.it is subset of the dataset is used to train each tree in
the forest, and the final prediction is produced by adding up all of the trees' predictions

[19].

Trammg Data Instance

Model a n 5 a Prees”
DOB®O PR DO ®O

Class A Class A Class B

N

Model Baggmg (VOtlng Majonty)
Testing |
Prediction Output
B Class A

Fig. 4. RF algorithm structure [25].

3. (KNN)

KNN uses the classes of a data point's closest neighbors in the feature space to predict
the data point's class. It uses Euclidean distance, and other distance metrics are used by
the algorithm to determine similarity [17].
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Fig. 5. KNN classification [26]
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4. SVM

It is a supervised learning algorithm for tasks involving regression and classification. To
find the best hyperplane that divides data points from various classes, with the greatest
margin, is how it operates [17].

|
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//) A
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Fig.6. SVM [27].

5. NV

It is an algorithm of classification. It makes the assumption that features are conditionally
independent, it makes computation easier, and enables the model to work great even with
massive datasets [18].

2.1.6 Model Evaluation Metrics

We used it to check how well classification models work and make sure they make
accurate predictions, which is especially important in serious situations like finding
students who are at risk [19].

1. Accuracy

It is the percentage of correctly predicted cases among all of the model's predictions.
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Accuracy = TP+TN / FP+FNTP+TN

Where: TP = True Positives, TN = True Negatives, FP = False Positives, FN = False
Negatives. It is simple and intuitive; however, not deal with imbalanced datasets [19].

2. Precision

It is the percentage of correctly predicted positive cases among all predicted positive
cases.

Precision = TP/ FP + TP , where it is important when the cost of false positives is
high[19].

3. Recall

It is sometimes referred to as sensitivity, which gauges how well the model can identify
real positive examples.

Recall=TP/ FN+TP

When there is a positive case (like a student who is at risk), recall is very important[19].

4. F1-Score

When working with imbalanced datasets, the F1-score—which is the harmonic mean of
precision and recall—offers a fair assessment of model performance.

F1-Score=2xPrecisionxRecall / Precision + Recall

This is especially helpful when you have datasets that aren't balanced, and you need
both precision and recall [19].

2.1.7 Impact of Artificial Intelligence in Education

The utilization of Al in the education sector makes it possible for teachers to recognize
potential issues that students may have in their studies in a timely manner and, therefore,
make necessary adjustments. Academic risks can be predicted through analysis of the
information collected from the performance of students using various Machine Learning
techniques. By employing predictive models powered by artificial intelligence, educational
institutions can keep students. [20,21].
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2.2 Related Work:

CR-NODE was proposed by Bettahi et al.[1], where continuous time was combined with
completion-specific features to predict early dropout behavior. The dataset consists of
longitudinal interactions recorded in the Canvas Learning Management System at a large
public university spanning several terms. In the dataset, there are 100,878 students’
enrollments that have final grades, out of which we filtered 89,734 temporal interactions
meeting the minimum observations requirement. To ensure temporal consistency and data
quality, data preprocessing involved several steps. There were several steps in data
preprocessing to make sure that the data was consistent over time and of good quality.
They used six different baseline methods (Logistic Regression, RF, XGBoost, Gradient
Boosting, LSTM, and Basic Neural ODE) to compare CR-NODE and set comprehensive
performance benchmarks. The results showed that CR-NODE had the best balance
between the rates of true positives and true negatives. XAl was used to understand model
predictions.

Ujkani et al. [2]proposed a model based on CNN, LSTM, and XGBOOST. They used a
dataset that was collected from the Open University Learning Analytics Dataset. It includes
32,593 students over a 9-month course period from 2014 to 2015. Different pre-processing
steps were applied for predicting students’ success: Merge and Consolidate, Missing Value
Handling, Feature Engineering, and Data Splitting. Different DL and ML models for
forecasting students' success. To comprehend the prediction of models, the RF Classifier,
Gradient Boosting Classifier, KNN, Multi-Layer Perceptron (Neural Network), First Custom
Neural Network Architecture, Second Custom Neural Network Architecture, and XAl were
employed. LSTMs were employed for training and assessment. Their findings show that,
when compared to models for predicting students' success, their proposed models
performed with the best accuracy, up to 94%. The models' predictions were analyzed using
XAl, RF Classifier, and Gradient Boosting Classifier.

The proposed RADAR system by Embarak et al.[3] used statistical analysis and ML
algorithms to identify patterns and trends in the data that indicate a student was at risk of
falling behind or dropping out. A dataset of the students from a particular school district was

Z"—.I turnltln Page 24 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043




zll—.l turnitin Page 25 of 39 - Integrity Submission Submission ID _ trn:0id::2945:380704043

taken to build the system; the information was gathered and processed properly through
feature integration, data cleansing, and feature selection.This approach allows for the
identification of the following elements of each particular individual student goals, strengths,
weaknesses, identification of patterns that imply the student is in danger of dropping out of
the educational institution, identification of the signs indicating the student is having
difficulties, as well as providing necessary support. In this case, PAP can

help in evaluating the ability of the student to continue studying in the future, as well as
predicting the level of his/her success. With the help of such a comparison, Embarak et al.
can emphasize the limitations of these methods. The machine learning system
incorporating XAl can process multiple kinds of data and take into account other factors
associated with the risks posed to students. Machine learning algorithms such as DT are
applied to analyze the information and find patterns. Prediction of the students was done
with the help of the specified criteria, thresholds, and patterns.

Subsequently, personalized interventions and evaluation became possible with the help
of the findings of this stage.

Macfadyen [4] described how LMS data might be used to forecast the academic
performance of students and determine which ones need extra help. The data sample for
this research was obtained from the Blackboard Vista Learning Management System
(LMS) at the University of British Columbia in Canada. The data sample contained logs of
student activities such as participation in discussions, completion of assessments, sending
emails, interactions, and frequency of logging into the LMS. These variables were then
utilized to analyze student behavior on the internet and, thus, to forecast their performance.
In the first place, the collected data were subject to further processing. Major predictors of
student performance were established; they included participation in discussions,
messaging, performance in tests/ quizzes, and frequency of logging into the LMS. Data
cleaning was conducted, which entailed the elimination of observations that had missing
values and structuring for predictive modeling (PM). The regression model (RM) technique
was adopted for developing the predictive model (PM) for academic success using activity
data from the LMS. LR was utilized to discover students at risk of poor performance and to
predict their academic failure. Network analysis was also carried out to analyze patterns of
interaction and determine which students are disengaged in discussion forums. According
to the findings, activity data of students from the Learning Management System can be
used to make accurate predictions regarding their performance. The regression model was
able to explain more than 30% of the variance in the final grade. Additionally, the logistic
regression model accurately predicted 81% of the failures.

Z"—.I turnltln Page 25 of 39 - Integrity Submission Submission ID  trn:oid:::2945:380704043




78
48

zll—.l turnitin Page 26 of 39 - Integrity Submission Submission ID _ trn:0id::2945:380704043

Queiroga et al.[5] Presented a research paper that attempted to predict the at-risk students
in high schools (secondary education level) by applying ML and learning analytics. The
research presented the preprocessing techniques for the dataset, the modeling
approaches, and the bias analysis conducted when constructing the predictive models.
Additionally, the need for employing past student performance as predictors of future
student performance was emphasized. The database for this study was sourced from the
National Administration of Public Education (ANEP) of Uruguay. The database contained
information on nine different education systems that covered the educational life journey of
students from primary school to secondary school spanning 2015-2020. This included
information on 258,440 students, encompassing their grades, attendance, demographics,
and other features. Data preprocessing was also undertaken prior to modeling. Data
preprocessing entailed the cleansing of data, integration of databases for multiple
education systems, conversion of the database into a time series database, and derivation
of additional attributes. Methodology: The methodological process undertaken was based
on the CRISP-DM data mining methodology. Machine learning algorithms such as RF, DT,
AdaBoost, LR, NB, and MLP were investigated. RF and MLP gave almost similar results;
however, the latter model was preferred since it had a better performance and was more
interpretable. From the analysis, it is clear that the ML models have done remarkably well
through achieving a very high accuracy rate when predicting at-risk students. The AUROC
and F1 scores produced a result above 0.90 and 0.88, respectively. Out of the eight models,
seven were considered acceptable based on the bias score.

Bagunaid [6] introduced E-FedCloud, an Al-based e-learning system. The method was
intended to predict student performance and identify potential difficulties that students may
face. Recommendations were created and continually tracked in order to enhance the
performance of the students. Engagement of the students was analyzed through federated
learning, as well as Shannon entropy, which allowed secured data access. The application
of deep reinforcement learning was achieved by using a method called ID2QN, which was
used to predict the performance of students and categorize them according to their level of
risk, such as students that might drop out of school, poor performers, and students that
may fail the class. Also, ontology graphs, along with attention capsules, were used to create
personal recommendations for each student. The

OULAD dataset comprising 32,593 students taking 22 courses was used as a training
dataset. The dataset comprised demographic information, performance information, and
learning behaviors data, including login behavior, assessment behavior, and interaction
behavior. Preprocessing techniques were performed before using the modeling procedure.

These include data cleansing, feature selection, multiple sources' data integration, and
preparing behavioral, academic and demographic variables. To improve data quality,
additional preprocessing techniques such as contrast enhancement, denoising and image
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@ stabilization were carried out. In addition, various machine learning algorithms and deep
learning algorithms were used. As a result, ID2QN Deep Reinforcement Learning algorithm
was chosen for predicting academic performance. The majority voting multi-objective
@ clustering algorithm was used to classify students based on the level of their involvement,
and the Attention-based Capsule network was used for customization recommendation
system. In terms of securing the collected data, federated learning and Cycle-GAN were
applied. It is worth mentioning that the E-FedCloud framework exhibited a high prediction
capability of identifying students who might experience difficulties. The accuracy of the
model equaled almost 97%, and the F1-score equaled 95%.

@ Johora [7] developed an XML approach to predict the academic performance of
undergraduate students in Bangladesh. In this research, a dataset consisting of 872
samples was created. It included demographic, academic, and behavioral data of the
students. Preprocessing steps were followed, including handling of the missing data,
elimination of the unimportant columns, and conversion of the categorical variables to
numeric values using one-hot encoding. To overcome the class imbalance problem,
SMOTE was used, and feature scaling was done. After that, several ML approaches were
implemented. They included RF, GB, XGBoost, SVM, KNN, DT, and LR. As it can be seen,
it was proved that stacking ensemble model is better in terms of its performance. In order
to interpret the model and see what features play a key role in achieving success among
students, SHAP and LIME methods were implemented in this research project. It should
be noted that the highest accuracy reached 86.38% in terms of stacking ensemble model.

a Christou et al. [8] have proposed a Machine Learning technique to forecast students’ future
grades and study time based on past educational data. In this paper, the authors propose

a feature selection and construction method called FSC4RBF which is implemented by
%e Radial Basis Function Neural Networks using grammatical evolution. The data used in this
study was collected from different departments of the University of loannina, Greece such
as Physics, Philosophy, Primary Education, History, Mathematics, and Chemistry, which
included students' educational data such as grades, course details, and study time.
Preprocessing includes organizing and transforming student’s academic record data into
suitable input features for machine learning models. Feature engineering helps in predicting
accurate results. Comparison among different ML methods like DT, Bayesian Network,
SVM, and various Neural Networks indicates that proposed (FSC4RBF) gives the best
@ results. It obtained the lowest mean square error in most regression tasks and the highest
accuracy in all classification tasks.
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Realinho et al.[9] introduced a study in which a public higher education dataset containing
4424 student records with demographic, socioeconomic, macroeconomic, and academic
features was developed to predict student dropout and academic success. The data were
collected from multiple institutional sources, merged, cleaned, and preprocessed to support
machine learning classification tasks. Several ML techniques were applied to analyse
student performance and identify at-risk students. The study used a public dataset from the
Polytechnic Institute of Portalegre, Portugal, containing 4424 student records with 35
attributes. The dataset included demographic, macroeconomic, socioeconomic, and
academic performance data from enroliment until the end of the first and second semesters.
Data collected from multiple sources, such as academic systems, national databases, The
data were then combined into one single dataset. Data cleaning was done by eliminating
duplicates, managing missing data, managing outliers, renaming the variable names, and
selecting suitable features. The students were classified into groups according to their year
of graduation.The analysis included the following ML models: RF, XGBoost, light gradient
boosting machine (LightGBM), and CatBoost. Data integration and data preprocessing
were performed, together with feature importance analysis conducted based on
permutation feature importance. The project did not include the results about specific
accuracy since the main goal was presentation and analysis of the dataset, but not the
development of a single ML model. Nonetheless, the presented dataset allows predicting
student drop-out and student achievement and can be used for benchmarking ML models
and building learning analytics systems.

The employment of Al techniques to predict student academic performance within the BL
environment of SEU was first done by Hamadneh [10]. The study sought to identify the
major determinants of student academic achievement and develop a PD for student
academic performance. Data for this study were extracted from the Blackboard LMS. The
data contained the following predictors: type of study, participation in live lectures, exam
results, and completion of assignments. Final exam marks were the target variable. Various
data preprocessing techniques were employed. These techniques included descriptive
statistics, correlation, multicollinearity test, and regression analysis, which used ordinary
least squares, fixed-effects, and random-effects models. To determine the quality of the
data and the key factors that determine students' academic success, the following
procedures were followed. The researchers subsequently built a PD using the artificial
neural network technique. The ANN in this case is a multilayer perceptron, whose input
nodes are four, hidden nodes are ten, and the output node is one, which represents the
final grade. The results indicated that the proposed hybrid neural network model achieved
strong predictive performance with low prediction error.

The project of Skittou et al [11] developed an early warning system that took into account
a number of socio-cultural, structural, and educational factors that have a direct impact on
a student’s decision to drop out of school. They worked on an original database by
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° aggregating data from several operational systems. The number of pupils in the study
population is 125354, including 59384 girls. A considerable number of properties are
deemed highly important for defining a student who is likely to drop out or not. dedicated to
this issue, which reflected their approach of seeking exhaustiveness and precision in the
choice of dropout indicators. The model they built performed very well, particularly with the
KNN, with an accuracy rate of over 99.5% for the training set and over 99.3% for the test
set. The database used is built specifically for this project's preprocessing; they used mainly
ML analysis methods specialized in classification. Hence, the use of the best-known and
most efficient methods for this aspect of analysis: SVM, RF, SGD, and KNN. The results
are visualized using a Django application they developed for this purpose, and we show
how this can be useful for educational planning.

@ David Banieres et al. [12] created a new system with multiple contributions. The Gradual
At-Risk (GAR) model was the first contribution, a predictive model. Such a model predicted
students' chances of failing a course based solely on their grades. Using the dataset in a
data mart, a thorough analysis of the model was carried out on the entire collection of
university courses. They can see that, starting with the fall semester of 2016, the number
of training registries rises every semester (20161). For every course and semester, they
suggested a way to find the optimal classifier and training set. KNN, DT, NB, SVM, LR,
Hierarchical Mixed models, and Neural Network models. The second is a technique to
establish a cutoff point for classifying a course's trained GAR model as high- or low-quality.
In an actual classroom, the GAR model gave students feedback according to their risk level.
As a result, a teacher cannot afford to give a student incorrect advice or a message. The
EWS uses GAR to modify the kind of message that is sent to the student. The third
contribution involved using the EWS in two courses in an actual classroom. In terms of
dashboards and feedback, the GAR model was utilized to give teachers and students useful
information. They examine how well at-risk students are identified in such a real-world
learning environment and how this affects the courses' final performance. Two
undergraduate courses were used to test the system, and the results demonstrated a high
level of accuracy in identifying students who were at risk.

Flag to identify and visualize at-risk students early in the course delivery. The dataset was
gathered from an undergraduate programming course at the United Arab Emirates
University's College of Information Technology. The information shows how well students
0 performed in the introductory programming course during the academic years 2016-2017
(fall and spring), 2017-2018 (fall and spring), and 2018—-2019 (fall and spring). The data
was pre-processed to make it readable for the ML methods. To resolve any discrepancies,
all files are first combined into a single structure. A Python script was used to combine the

g Albreiki, Balqgis, et al. [13] stress the use of a customized rule-based system with the Risk
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files into a single CSV file, and min-max normalization was used to normalize the marks.
The averaged value of the same coursework components was used to replace the missing
values, which were handled using imputation techniques. Time-wise, the results are still
inefficient, and there are a lot of false predictions. They suggest a tailored rule-based model
that provides at-risk students with prompt identification. It reacts in real time to the student's
performance in the assessment component. It also helps the teacher identify the at-risk
students and provide prompt intervention by visualizing them.

With various ML algorithms, Khan, ljaz, et al. [14] created a set of prediction models.
Because DT outperforms other models, they were further developed into a format that is
simple to understand. The student academic records for a course taught at Buraimi
University College, Sultanate of Oman, are used in the dataset. The college's registration
department provides the data, and all ethical standards are strictly adhered to. Three
semesters are covered by the training dataset. The training dataset contains 151 instances
with one prediction class and ten prediction features. Students are categorized as "Low" or
"High" based on the prediction. Data cleaning: The noise is either eliminated or minimized
using a variety of methods. The training dataset contains 151 instances after the noisy
instances are eliminated. WEKA, an open-source program with a variety of algorithms for
data pre-processing, classification, clustering, regression, and association rules, was
created at the University of Waikato in New Zealand. Four popular machine learning
algorithms were chosen. They selected KNN, which is implemented as IBk in WEKA, from
lazy algorithms. In WEKA, RepTree is a DT implementation. In a similar vein, they selected
NV as the fourth algorithm and Multilayer Perceptron, a class of Artificial Neural Networks.
They divided the training dataset into ten intervals of the same length using tenfold cross-
validation. The tenth interval in each cycle is used to evaluate the algorithm's performance,
while the first nine are used for learning. It was an iterative process; in each iteration, a new
interval was chosen for testing. Both the teacher and the students seemed to find the
prediction model beneficial. The prediction model appeared constructive and helpful for
both the instructor and the students. By the sixth week of the semester, the students who
were most likely to produce subpar results had been identified and warned. The model was
praised by students who were on the verge of having a low CGPA, and an early warning
inspired them to work hard and overcome their situation. Similarly, the students who
achieved satisfactory results also followed the attendance advice, and by the end of the
semester, very few students showed up for class. The improvement of the struggling
students served as a gauge for the overall effects. Four out of five students were able to
produce an end result that was acceptable. From the beginning of the course, students'
performance is closely monitored as part of the supportive measures. Additionally, a series
of preventive measures is implemented to provide extra support to students who are having
difficulty.
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Akcapinar et al.[15] studied 76 students enrolled in the Computer Hardware course in the
Department of Computer Education and Instructional Technology at a state university in
Turkey. The students' ages ranged from 21 to 23 years, with 41 women and 35 men.
Data collected about the students' learning processes at the end of the term included
3803 sessions, 119,921 page visits, 4566 written texts, 62 discussion forum questions,
297 responses, 8601 evaluations, and 3937 tags used to label written messages. Both
final term academic achievement scores and interaction among students data from the
virtual classroom were taken into account in the analysis. They used two different
preprocessing methods. These included techniques for data transformation and feature
selection. The CN2 (86%) and KNN (86%) algorithms achieved the highest classification
accuracy, and the Gini index was used to select the best features. According to the
results of the study, at the end of the term, the kNN algorithm had an 89% accuracy rate
in predicting students who would not succeed.
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