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Abstract: 

 

This study aimed to examine the impact of digital educational services on students' 

academicachievement. 

To address the research problem, the descriptive method was adopted, and an electronic 

questionnaire was used to collect data from the study population, consisting of students at 

the University of Martyr Hamma Lakhdar El Oued. A total of 364 valid responses were 

obtained. The Random Forest algorithm was employed to estimate the models using R 

and RStudio. 

The study reached several key findings: digital educational services—such as e-learning 

platforms, digital libraries, and online lectures—positively contribute to improving 

students' academic performance. It was also found that self-efficacy and motivation act as 

mediating variables in the relationship between the use of digital services and academic 

achievement. The Random Forest models showed moderate accuracy, reflecting the 

complexity of the relationships among the studied variables. Demographic variables such 

as gender and age showed limited impact on this relationship. 

The study recommended several actions, including: enhancing the integration of digital 

educational platforms in university teaching, providing training workshops for students 

on how to effectively utilize digital resources, improving digital infrastructure within the 

university, and encouraging faculty members to adopt technology in their teaching 

methods. 

Keywords: Digitalization, students’ performance . 
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 :الملخص

 .هدفت هذه الدراسة إلى دراسة أثر الخدمات التعليمية الرقمية على التحصيل الدراسي للطلاب

ولمعالجة مشكلة البحث، اعتمدنا المنهج الوصفي، واستُخدم استبيان إلكتروني لجمع البيانات من مجتمع الدراسة، المكون من 
. واستُخدمت خوارزمية الغابة العشوائية لتقدير 463صحيحة طلاب جامعة الشهيد حمة لخضر الواد. وبلغ إجمالي الإجابات ال

 .RStudioو R النماذج باستخدام برنامجي

وتوصلت الدراسة إلى عدة نتائج رئيسية: تُسهم الخدمات التعليمية الرقمية، مثل منصات التعلم الإلكتروني والمكتبات الرقمية 
داء الدراسي للطلاب. كما وُجد أن الكفاءة الذاتية والدافعية تُدثلان والمحاضرات الإلكترونية، بشكل إيجابي في تحسين الأ

متغيرين وسيطين في العلاقة بين استخدام الخدمات الرقمية والتحصيل الدراسي. وأظهرت نماذج الغابة العشوائية دقة متوسطة، 
ة، مثل الجنس والعمر، تأثيراً محدودًا على هذه مما يعكس تعقيد العلاقات بين المتغيرات المدروسة. وأظهرت المتغيرات الديموغرافي

العلاقة. أوصت الدراسة باتخاذ عدة إجراءات، منها: تعزيز تكامل المنصات التعليمية الرقمية في التدريس الجامعي، وتوفير ورش 
اخل الجامعة، وتشجيع عمل تدريبية للطلاب حول كيفية الاستخدام الفعال للموارد الرقمية، وتحسين البنية التحتية الرقمية د

 .أعضاء هيئة التدريس على تبني التكنولوجيا في أساليبهم التدريسية

 الكلمات المفتاحية: الرقمنة، أداء الطلاب.
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INTRODUCTION 

 

Statement of the subject: 

with the rapid growth of digital technologies, higher education institutions are 

undergoing a profound transformation in how educational services are delivered. In 

particular, digital education platforms and social media have become essential 

components of modern academic life, significantly influencing student 

performance and the development of entrepreneurial thinking. This study focuses 

on analyzing the impact of digital education tools and social media engagement on 

academic success and entrepreneurial mindset among students at the University of 

El Oued during the academic  year 

Sub-Questions: 

1. What are the main university services that have been digitalized? 

2. To what extent do students use the available digitalized university services? 

3. How do students perceive the usability and efficiency of digital university 

services? 

4. Is there a statistically significant relationship between the use of digital 

university services and students’ academic performance? 

TAM Technology Acceptance Model 

VR Virtual Reality 

OECD Organisation for Economic Co-operation and 

Development 

UNESCO United Nations Educational, Scientific and Cultural 

Organization 

STEM Science, Technology, Engineering, and Mathematics 
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Research purposeand hypotheses:  

The primary purpose of this research is to examine how digital educational services 

and social media platforms contribute to students' academic performance and foster 

entrepreneurial thinking. Furthermore, the study aims to develop a predictive model 

using machine learning (Random Forest) to identify the most influential factors in 

academic and entrepreneurial outcomes. 

The hypotheses:   

 H1: There is a significant positive relationship between the use of digital 

educational tools and students’ academic performance. 

 H2: Engagement with social media platforms is positively correlated with 

entrepreneurial thinking among university students. 

 H3: Students who demonstrate higher levels of digital engagement and 

technological self-efficacy achieve better academic outcomes 

Importance of the study 

This study is significant for several reasons: 

 It addresses a critical gap in empirical research on digital transformation in 

Algerian universities. 

 It provides data-driven insights using machine learning techniques, offering a 

methodological advancement in educational research. 

 The findings can inform policy-makers and university administrators on 

effective strategies for digital adoption and entrepreneurship education. 

 It contributes to the global discourse on the role of digital tools in promoting 

21st-century competencies such as self-directed learning and innovation. 

 

Methods:  

This research employs a quantitative methodology, utilizing a supervised 

machine learning approach (Random Forest) to analyze survey data collected from 

364 students at the University of El Oued. Data was collected via an online 

questionnaire distributed through social media platforms. The analysis focuses on 
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identifying relationships between digital education variables, academic 

performance indicators, and elements of entrepreneurial thinking. 

Theoretical form 

The study draws upon theories of technology-enhanced learning, self-efficacy, 

and entrepreneurial mindset development. It also integrates concepts from the 

Technology Acceptance Model (TAM) and Constructivist Learning Theory to 

explain how students interact with digital platforms and how such interactions 

influence cognitive and behavioral outcomes. The use of Random Forest allows 

for an in-depth examination of variable importance, moving beyond traditional 

regression models toward more dynamic and predictive analyses.ork   



Chapter One 

 

 

 

 

 

 

CHAPTER ONE: 

Conceptual Framework and Contextual Background 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CHAPTER ONE: Conceptual Framework and Contextual Background 

Page 15 

 

INTORDUCTION : 

In recent years, the digitalization of university services has emerged as a 

transformative force in the higher education sector. The integration of digital 

technologies into academic and administrative functions—such as online learning 

platforms, digital libraries, academic advising, and enrollment systems—has 

significantly reshaped how students interact with educational institutions. This shift 

has enhanced accessibility, flexibility, and efficiency in delivering educational 

services. However, the increasing reliance on digital systems also presents 

challenges related to digital literacy, access to reliable internet, and student 

engagement. 

 

As the global education landscape continues to evolve, especially in the aftermath 

of the COVID-19 pandemic, digitalization plays a vital role in determining 

students’ academic experiences and outcomes. While some studies suggest that 

digital services can positively impact student performance through improved 

resource access and time management, others highlight issues like reduced 

motivation and the digital divide. Therefore, understanding the overall impact of 

university digitalization on student performance is essential to ensure that 

technological advancements translate into meaningful academic success. 
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Section one: The Concept of Digital Education 

To understand the core topic of the present research, we have to introduce 

conceptual and theoretical definitions of the variables used in this study. 

In this section, we highlight the study variables, including digitalization of 

university services and student performance. In addition, relevant theoretical 

approaches that explain the link between digital technologies and academic 

outcomes are briefly discussed. 

1. Definition of Digitilazation: 

- Definition from Brennen & Kreiss (2016) 

Digitalization refers to the way many domains of social life are restructured around 

digital communication and media infrastructures.
1
 

- Definition from OECD (2020) 

Digitalisation is the use of digital technologies and data as well asinterconnection 

that results in new or changes to existing activities .
2
 

- Definition from Parviainen et al. (2017) 

Digitalization is the transformation of processes, products, and services through 

digital technologies to improve efficiency and create new value.
3
 

 

 

 

                                       
1Brennen, S., & Kreiss, D. (2016). Digitalization. In K. B. Jensen (Ed.), The International Encyclopedia of Communication 
Theory and Philosophy (pp. 556–566). Wiley-Blackwell. https://doi.org/10.1002/9781118766804.wbiect111 
2OECD. (2020). Digitalisation and the future of work. Organisation for Economic Co-operation and Development. 
https://www.oecd.org/future-of-work/ 
3Parviainen, P., Tihinen, M., Kääriäinen, J., &Teppola, S. (2017). Tackling the digitalization challenge: How to benefit from 
digitalization in practice. International Journal of Information Systems and Project Management, 5(1), 63–77. 
https://doi.org/10.12821/ijispm050104 
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2. Digital platform : 

A digital platform is a business model based on the use of technology. It allows 

multiple participants—producers and consumers—to connect and interact with 

each other, creating and exchanging value. These platforms are user-friendly and 

do not require specialized training. They also allow many people to communicate 

simultaneously without affecting the performance of the platform's services. 

Examples of digital platforms include social platforms like Facebook and Twitter, 

as well as knowledge-based platforms like forums and affiliate marketing 

platforms.
4
 

Furthermore, a digital or electronic platform serves as a foundation for distance 

training, based on web technology. It comprises a coherent technical and 

commercial offering aimed at accessing a range of remote services—whether 

interactive or non-interactive—which can be streamed or provided online. These 

services may be paid or free, with either limited or unlimited access. This offering 

relies on developing a community of users connected directly and officially to the 

platform operator (via a contract with the individual). Thus, the platform integrates 

components of the internet, television, telecommunication, and various services.
5
 

Digital platforms are also considered modern technological applications that enable 

the transmission of content through various communication methods. This allows 

for the delivery and accessibility of content or information at any time and from 

any location without restrictions.
6
 

3.  Education Digital Platform : 

 

An educational digital platform is a system that contributes to managing digital 

educational content over the internet. It also provides a motivating environment for 

faculty members by enabling modern and engaging communication with students 

and participation in activities. These platforms allow students to view 

                                       
4Jamal Fayrouz & Al-Shibiny Mohammed (2022). Graphic Design for E-learning Platforms and their Digital Content and Its 
Role in Completing the Educational Process. Journal of Architecture, Arts, and Humanities, Vol. (No issue), Special Issue 
(04), p. 468. 
5Khairy, Ahmed. Previouslycitedreference, p. 66. 
6Hurma, Wafaa & Tali, Seif Al-Din (2022). The Reality of Digital Platforms for E-Commerce: The Amazon Digital Platform. Al-
Modeer Journal, Special Issue 09, p. 44. 
 



CHAPTER ONE: Conceptual Framework and Contextual Background 

Page 18 

 

announcements and academic results remotely, thus helping achieve high-quality 

educational outcomes.
7
 

 

1. Section Two :Characteristics of Digital Learning  

2. KEY COMPONENTS OF DIGITAL EDUCATION:8 

3. Content: High-quality digital learning resources are essential for 

effective education. Platforms must provide engaging and accessible materials 

tailored to diverse learning needs. 

4. Capacity: Teachers, students, and other stakeholders need training to use 

digital tools effectively. Building digital literacy is critical for maximizing the 

benefits of technology in education. 

5. Connectivity: Reliable internet access is fundamental for digital 

education, ensuring that schools and individuals can utilize online resources 

effectively 

 

2. TRENDS IN DIGITAL LEARNING: 
9
 

 

Digital learning is continuously evolving, driven by technological 

innovations, pedagogicaladvancements, and shifts in educational paradigms. 

This section explores some of the prominent trendsshaping the landscape of 

digital learning today: 

 

1. Trends in Digital Learning (MOOCs, Blended Learning, etc.): 

 

MOOCs have gained popularity as a flexible and accessible way to access 

high-quality educational contentfrom leading institutions and educators 

around the world.Platforms such as Coursera, edX, and Udacity offer a wide 

range of courses spanning diverse subjects, 

                                       
7Bin Nayef, Basim Mohammed Al-Sharif (2020). The Reality of University Students' Attitudes Towards the Use of Digital 
Platforms in Higher Education in the Kingdom of Saudi Arabia: Taibah University as a Model. Taibah University Journal for 
Arts and Humanities, Vol. (No issue), Issue 22, p. 359. 
8ProFuturo. (2022). Digital education for reducing inequalities. https://profuturo.education 
9Dr. Neeraj Yadav, “The Impact of Digital Learning on Education”, International Journal of Multidisciplinary Research in Arts, 
Science and Technology (IJMRAST), ISSN: 2584-0231, Volume 2, Issue 1, pp. 24-34, January 2024. 
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allowing learners to study at their own pace and often for free or at a lower 

cost compared to traditionaleducation. 

4. Blended Learning: 

 

Blended learning is a hybrid technique that blends online and in-person 

training to optimize the advantages of eachmodality. 

Educational institutions are increasingly adopting blended learning models to 

provide flexibility,personalized learning experiences, and opportunities for 

collaboration and interaction among students. 

5. Adaptive Learning Technologies: 

 

Adaptive learning systems leverage artificial intelligence and data analytics to 

customize learning experiences 

according to the requirements, interests, and performance of each individual 

learner. 

With the aid of these technologies, learners may meet specific learning 

problems and advance at their own pace. They 

also provide tailored recommendations, adaptive assessments, and customized 

learning pathways. 

4. Microlearning: 

The process of presenting material in manageable, bite-sized chunks—usually 

through brief films, interactivemodules, or quizzes—is known as 

microlearning. 

Microlearning is well-suited to the needs of modern learners who prefer 

quick, on-the-go access toinformation and learning resources, making it an 

effective strategy for knowledge retention and skilldevelopment. 

6. Technological Innovations in Digital Education: 
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 Big Data: Enables personalized learning by analyzing student performance, 

motivations, and needs. It helps educators optimize teaching strategies and adapt 

content for better outcomes.
10

 

 Robotics: Promotes computational thinking and problem-solving skills by 

engaging students in designing and programming robots. This prepares them for 

future careers in tech-driven industries.
11

 

 Virtual Reality (VR): Provides immersive learning experiences that enhance 

retention rates. VR can be applied across all educational levels, making complex 

concepts more tangible and engaging 

 

3 . THE IMPORTANCE OF DIGITAL EDUCATION: 

Digital education has become a cornerstone of modern learning, transforming 

traditional educational paradigms and expanding opportunities for learners 

worldwide. Below is an APA-style summary of its key benefits and 

significance, supported by authoritative references. 

1 .Enhances Accessibility and Inclusivity : 

Digital education breaks geographical and socioeconomic barriers, enabling 

learners in remote or underserved areas to access quality education
12

.Online 

platforms and mobile learning apps provide flexible options for students with 

disabilities, working professionals, and marginalized communities 
13

. 

2 .Promotes Personalized and Adaptive Learning : 

AI-driven tools and learning analytics allow educators to tailor instruction 

based on individual student needs, improving engagement and outcomes
14

. 

Adaptive learning software adjusts content difficulty in real-time, ensuring 

optimal challenge levels
15
.  

3 .Prepares Students for the Digital Economy : 

                                       
10UNESCO. (2021). AI and education: Guidance for policy-makers. https://unesdoc.unesco.org 
11European Commission. (2021). Digital Education Action Plan 2021–2027. https://ec.europa.eu 
12UNESCO. (2022). Guidelines for ICT in education policies. https://unesdoc.unesco.org 
13

World Bank. (2023). Technology for educational inclusion. https://www.worldbank.org/education 

14OECD. (2021). Digital education outlook. OECD Publishing. https://doi.org/10.1787/589b283f-en 
15U.S. Department of Education. (2023). Digital learning equity strategy. https://tech.ed.gov 
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With rapid technological advancements, digital literacy is essential for future 

employability. Digital education equips students with skills in coding, data 

analysis, and digital collaboration—key competencies in today’s job market
16
.  

4 .Supports Lifelong Learning and Upskilling : 

Online courses (MOOCs, micro-credentials) enable continuous professional 

development, helping workers adapt to evolving industries Platforms like 

Coursera and edX offer certifications aligned with labor market demands
17
.  

5 . Improves Cost-Efficiency and Scalability : 

Digital resources reduce reliance on physical textbooks and infrastructure, 

lowering costs for institutions and governments. Virtual classrooms can 

accommodate large numbers of students without spatial constraints.
18

 

6 .Encourages Interactive and Collaborative Learning : 

Tools like virtual labs, gamification, and discussion forums foster active 

participation and peer-to-peer learning. Global classrooms connect students 

across cultures, enhancing intercultural competence
19
.  

7 .Facilitates Real-Time Feedback and Assessment : 

Automated grading systems and dashboards provide instant feedback, helping 

educators identify learning gaps quickly (U.S. Department of Education, 

2023). Data-driven insights support evidence-based policymaking.
20

 

Conclusion 

Digital education is not just a supplementary tool but a necessity for equitable, 

future-ready learning systems. By integrating technology into education, 

societies can bridge gaps, foster innovation, and prepare learners for an 

increasingly digital world. 

SECTION THREE : DIGITAL LEARNING AND STUDENT 

PERFORMANCE 

 

                                       
16European Commission. (2021). Digital Education Action Plan 2021–2027. https://education.ec.europa.eu 
17World Bank. (2023). Technology for educational inclusion. https://www.worldbank.org/education 
18UNESCO. (2022). Guidelines for ICT in education policies. https://unesdoc.unesco.org 
19OECD. (2021). Digital education outlook. OECD Publishing. https://doi.org/10.1787/589b283f-en 
20U.S. Department of Education. (2023). Digital learning equity strategy. https://tech.ed.gov 
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2. THE USE OF DIGITALIZATIONS IN UNIVERSITIES : 

The discussion of the use of digitalization in higher education directs us to the 

concept of digital learning, which refers to delivering electronic educational 

content through computer-based media and networks to the learner. This 

delivery method enables active interaction with the content, the instructor, and 

peers, whether synchronously or asynchronously. It also provides the 

flexibility to complete learning at times, places, and speeds that suit the 

learner’s circumstances and abilities. Additionally, learning management can 

also be conducted via these digital media.
21

 

The use of digitalization in universities signifies a transition towards 

becoming a "smart university" by implementing a strategy aimed at 

developing the institutional framework to enhance the university’s actual and 

effective capabilities. This leads to a genuine digital transformation, directly 

impacting the development of all administrative, procedural, and educational 

services and operations carried out by the university. Examples include 

preparing technological infrastructure, electronic service portals, digitizing 

libraries and their applications, administrative information systems, among 

others. Generally, universities adopt a gradual approach to digitalization 

within their faculties, providing numerous electronic services to students and 

faculty members by linking various administrative and educational processes 

with modern technologies.
22

 

The use of digitalization in universities is a transformative process that 

significantly influences all activities of the academic institution, permeating 

all processes, locations, forms, and objectives of education, research, and 

work within the university. This digital transformation encompasses 

developing infrastructure, increasing the use of digital media, technologies, 

learning, research, support services, administration, and communication.
23

 

Digitalization in higher education encompasses all information and 

communication technologies utilized to store, process, retrieve, and transfer 

information from one place to another. These technologies work towards 

                                       
21Boukherdouni, T., Touferouk, T., &Boukherdouni, L. (2022). Justifications for digital transformation in Algerian universities 
based on the German experience. Journal of Studies in Human and Social Sciences, University of Jijel, 4(24), 57. 
22Al-Masrmani, L. B. B. (2022). Digital transformation in Egyptian universities (challenges, justifications, and regulations). 
Educational Journal, Faculty of Education, Sohag University, Egypt, (No volume), 702. 
23Al-Muslimani, L. B. B., previously cited reference, p. 702 . 
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improving and enhancing the educational process through all modern means, 

such as computers and their software, Internet technologies like e-books, 

databases, encyclopedias, journals, educational websites, email, voicemail, 

written communication .
24

 

 

3. BENEFITSOF DIGITAL EDUCATION FOR STUDENT 

PERFOMANCE : 

 

Digital platforms help students learn better by giving easy access to lessons, 

information, and tools. They make it simple to talk with teachers, use multimedia 

resources, and get quick feedback to track progress. These platforms also open up 

new opportunities for students to explore and grow their knowledge. 

 

 Access to Information: Students can easily access both general and 

specialized information relevant to their field of study, including lessons, 

exercises, and project materials. 

 Enhanced Communication: Digital platforms enable easy 

communication between students and teachers for assistance, clarification, 

and submitting assignments or research through email or other electronic 

tools. 

 Multimedia Resources: Learners benefit from rich multimedia content 

such as images, audio, and educational applications supported by websites, 

enhancing the learning experience.
25

 

 Rapid Access to Information: Platforms provide quick access to 

extensive information sources, helping students find needed materials 

efficiently. 

 Expanding Horizons: Both teachers and students can explore new 

knowledge through electronic links related to theoretical, scientific, and 

recreational interests. 

 Continuous Feedback: Digital platforms facilitate ongoing feedback to 

students, allowing them to monitor and understand their academic progress 

effectively.
26

 

                                       
24Nadaa, S., & Rahal Saif Al-Dit. (2022). The effect of using digitalization to improve the academic achievement level of 
university students. Algerian Journal of Legal, Political, and Economic Studies, (Special Issue 07), 27 
25Aichour, N. S. (2021). The role of digitalization in Algerian universities in facing the challenges of the Corona pandemic. 
Paper presented at the International Symposium organized by the Department of Sociology, Faculty of Humanities and 
Social Sciences, Mohamed Lamine DebaghineUniversity – Setif 2, Algeria, p. 5. 
26Almrsaal. (n.d.). Benefits of digital education in universities. Almrsaal. https://www.almrsal.com 
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3.  Digital Education in Algeria (University of el Oued) and world 

wide Opportunities and Challenges : 

1. Digital Education in Algeria : 

 Opportunities: 

    1.Enhanced Access 

- Algeria's digital education platforms demonstrate how technology can 

expand learning access.
27

 

- Cloud-based solutions offer new pedagogical approaches.
28

 

2.Economic Impact : 

- the government's digital strategy aligns with broader economic 

modernization goalsPartnerships with telecom providers 
29

 

3. Educational Quality 

-     Emerging technologies are transforming STEM education delivery 
30

. 

International collaborations bring best practices to Algerian institutions
31

. 

4. Implementation Challenges : 

Infrastructure limitations continue to hinder progress
32

. Teacher resistance 

remains a significant barrier
33

. 

 Challenges : 

 Infrastructure Gaps 

- Limited internet bandwidth (median 23.42 Mbps) and hardware 

shortages in rural schools (ITU, 2023). 

- Electricity reliability issues in remote areas (World Bank, 2023). 

 Resistance to Change 

                                                                                                                                      
(Accessed on May 21, 2025, at 10:20 AM) 
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29Boubekeur, A. (2021). Algeria's digital transformation (pp. 75-105). Dar El Hikma. 
30Merzouk, Y. (2022). STEM education innovations (pp. 140-155). Science Publications. 
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- 40%of teachers lack confidence in using digital tools (Ministry of 

Education Survey, 2024). 

- Bureaucratic delays in implementing Version 2025 reforms (OECD, 

2022). 

 Digital Divide 

- Urban-rural disparities in access to devices and connectivity (ITU, 

2023). 

- Gender gaps in STEM enrollment persist (UNESCO, 2023). 

 Sustainability 

- High maintenance costs for tech infrastructure (World Bank, 2023). 

- Need for continuous teacher training and curriculum updates (European 

Commission, 2021). 

 

2 .GLOBAL EFFORTS TO PROMOTE DIGITAL EDUCATION
34

 : 

 United Nations (UN) Initiatives 

The UN emphasizes digital education as a human right and a tool for sustainable 

development. Its focus includes: 

 Expanding access to quality education. 

 Reducing inequalities by targeting marginalized groups. 

 Encouraging lifelong learning pathways through ICT-enhanced systems. 

 European Union (EU) Actions 

The EU's Digital Education Action Plan (2021–2027) aims to: 

 Develop digital skills across member states. 

 Support innovative pedagogies through funding programs like Erasmus+. 

 Promote equality in digital education transitions. 

 Challenges and Opportunities 

                                       
34United Nations. (2020). Education for sustainable development. https://www.un.org 
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 Challenges 

 Lack of infrastructure in underprivileged regions. 

 Digital divides between countries or social groups. 

 Resistance to adopting new technologies in traditional educational systems. 

 Opportunities 

 Bridging educational gaps through initiatives like ProFuturo, which has 

impacted millions of children globally. 

 Leveraging AI to address inequalities and enhance teaching practices while 

ensuring ethical use. 

 

 

 

Section four : Review of the empirical literature 

One :The Functional Relationship Between the Research Problem and 

the Scientific Heritage 

Scientific research is a cumulative process that builds upon the findings of previous 

studies. Researchers do not start from scratch; rather, they rely on prior research and 

similar studies to guide their investigations and avoid the mistakes made by others. In 

this regard, we have based our work on a set of previous studies that have examined the 

impact of digital education on students' academic performance from various perspectives, 

such as the use of digital platforms, online learning environments, and digital libraries. 

This has enabled us to gain a deeper understanding of both the theoretical and 

methodological frameworks relevant to our research. 

Two :Previous Studies on Digital Education and Its Impact on Students' 

Academic Performance 
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1. Benali (2023):
35conducted an applied study at Cairo University to analyze the 

impact of Learning Management Systems (LMS) on the academic environment, 

employing a mixed-methods research approach that combined quantitative and 

qualitative analysis. The study examined a sample of undergraduate students across 

various disciplines, monitoring their academic performance over two semesters 

before and after LMS implementation. The researcher utilized Blackboard and 

Moodle as the primary LMS platforms, supplemented by surveys and focus groups 

to gather student feedback. The study aimed to evaluate the relationship between 

LMS usage and improved academic outcomes, understand the perceived benefits 

and challenges of the system from students' perspectives, and analyze usage 

patterns and their correlation with performance. Grounded in technology-enhanced 

learning theories, the research framework emphasized self-regulated learning and 

blended education models. Data was collected through analysis of GPA trends and 

LMS usage logs, along with in-depth student interviews to contextualize the 

statistical findings. This comprehensive approach provided empirical insights into 

how digital learning tools transform educational practices in higher education 

settings,and here are the key findings from Benali's (2023) Cairo University study : 

 12% average GPA increase post-LMS implementation 

 24/7 resource access and flexible scheduling cited as primary success factors 

 20% dropout rate reduction among at-risk students 

 Gender performance gap: Female students showed 15% GPA 

improvement vs. 9% for males . 

 Interactive forums and digital tools enhanced engagement 

 Strong correlation between LMS usage frequency and academic 

improvement 

 Most significant GPA gains occurred in STEM courses (+14% vs +8% in 

humanities) 

 90% student satisfaction rate with the LMS platform 

2. Alghamdi (2020):Alghamdi's study presents a comprehensive investigation into 

technology integration in higher education, employing a mixed-methods research design 

to examine various aspects of digital learning environments. The research was conducted 

at a major Saudi Arabian university, focusing on faculty and student experiences with 

emerging educational technologies. Using a combination of surveys, classroom 

observations, and in-depth interviews, the study explored adoption patterns, 
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implementation challenges, and pedagogical transformations associated with technology-

enhanced learning. The theoretical framework drew from diffusion of innovation theory 

and constructivist learning principles, providing a robust foundation for analyzing how 

educational stakeholders adapt to technological changes. Particular attention was given to 

examining institutional support systems, professional development needs, and the 

alignment between technological tools and curriculum objectives. The study's 

longitudinal design allowed for tracking evolutionary changes in attitudes and practices 

over an academic year, offering valuable insights into the complex process of digital 

transformation in higher education settings. Methodologically rigorous, the research 

incorporated multiple validation techniques to ensure data reliability, including member 

checking and triangulation across different data sources, and here are the key findings of 

Alghamdi's (2020) study: 

• 78% of faculty reported improved student engagement with technology integration 

• 65% of students found digital tools enhanced their learning experience 

• 42% increase in use of multimedia resources by instructors 

• Top 3 challenges: technical issues (57%), lack of training (49%), time constraints 

(38%) 

• Significant correlation between faculty tech proficiency and student satisfaction 

(r=0.72) 

• Blended learning models showed 31% higher effectiveness than purely online or 

traditional 

• 85% of participants emphasized need for ongoing professional development 

• Key success factor: institutional support systems (rated 4.6/5 by adopters) 

36
Selim (2021): Selim's (2021) research presents a longitudinal examination of 

competency-based education models in Middle Eastern technical colleges, employing a 
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quasi-experimental design across three academic years. The study focused on 

engineering and applied science disciplines at four institutions in Egypt and the UAE, 

comparing traditional curricula with redesigned competency-based approaches. Using a 

multi-phase methodology, the researcher combined document analysis of curriculum 

frameworks, classroom observations, and pre/post-intervention skill assessments to 

evaluate implementation processes. The theoretical foundation incorporated human 

capital theory and constructivist pedagogy, particularly examining how competency 

frameworks translate industry requirements into measurable learning outcomes. A 

distinctive aspect involved developing a proprietary evaluation matrix to track both hard 

skill acquisition and soft skill development. The study paid particular attention to faculty 

adaptation processes, institutional policy alignment, and industry partnership roles in 

curriculum redesign. Methodologically, it featured a staggered implementation approach 

across participating institutions to allow for comparative analysis while controlling for 

contextual variables. Quality assurance measures included inter-rater reliability checks 

for skill assessments and triangulation of data from academic, industry, and student 

stakeholders, and here are the key findings of Selim's (2021) study: 

 23% improvement in technical skill mastery with competency-based models 

 Industry-aligned programs showed 37% higher graduate employability rates 

 15% reduction in skill gaps reported by employers 

 Faculty reported 42% increase in workload during transition period 

 68% of students performed better in applied assessments vs theoretical exams 

 Programs with strong industry partnerships achieved: 

o 29% better learning outcomes 

o 40% faster curriculum updates 

 Critical success factors: 

o Ongoing faculty training (rated 4.8/5) 

o Digital assessment tools (4.5/5) 

 Implementation challenges: 

o Resistance to change (58%) 

o Resource limitations (43%) 

Muhammad  and colleagues (2016) conducted a 
37

OECD (2021): The OECD's 2021 cross-

national study represents one of the most comprehensive comparative analyses of digital 

education transformation in post-pandemic environments. Covering 38 member countries 

and 15 partner economies, this large-scale research employed a multi-layered 

methodology combining policy analysis, institutional surveys, and cross-country 

benchmarking. The study specifically examined how primary and secondary education 

systems adapted to hybrid learning models, with particular focus on infrastructure 

readiness, teacher preparedness, and equity considerations. Data collection involved three 

main components: standardized assessments of digital competencies, in-depth interviews 
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with education policymakers, and analysis of national investment patterns in EdTech 

infrastructure. The conceptual framework integrated human capital theory with digital 

divide perspectives, creating a unique lens to evaluate systemic resilience. A distinctive 

feature was the development of a new Digital Education Readiness Index (DERI), which 

incorporated 42 indicators across technological, pedagogical, and socioeconomic 

dimensions. The study's policy orientation is evident in its emphasis on comparative 

analysis between different national approaches to common challenges like device 

distribution strategies, teacher upskilling programs, and cybersecurity in education. 

Methodological rigor was ensured through extensive pilot testing, expert validation 

panels, and statistical controls for country-level socioeconomic variables, and here are 

the key findings from the OECD (2021) study: 

 Digital divide persists: 34% gap in tech access between 

advantaged/disadvantaged schools 

 Teacher readiness varies: Only 42% of educators felt prepared for digital 

pedagogy 

 DERI scores show: Nordic countries lead (avg. 78/100) vs. emerging economies 

(avg. 45/100) 

 Effective hybrid models share: 

o 1:1 device policies (+22% engagement) 

o Weekly teacher PD (+31% confidence) 

 Top-performing systems invested: 

o 18% of EdTech budgets in teacher training 

o 35% in infrastructure upgrades 

 Equity interventions matter: Targeted device programs reduced access gaps by 

27% 

 Cybersecurity gaps: 61% of schools lacked proper data protection protocols 

38
Ahmed et al. (2020):Ahmed et al. (2020) conducted a comprehensive mixed-methods 

study examining digital transformation in MENA region higher education, analyzing 

technological readiness, faculty adoption, and student challenges across 15 universities in 

8 Arab countries through surveys of 1,200 faculty and 5,000 students combined with 

policy analysis and stakeholder interviews, employing the Technology Acceptance 

Model (TAM) and adaptive learning theories to develop a novel Digital Education 

Quality Index while addressing regional specificities like resource disparities and cultural 

attitudes through rigorous pilot testing and data triangulation to provide policy-relevant 

insights for institutional digital roadmaps in Arab higher education contexts , and here are 

the key findings from Ahmed et al. (2020): 
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o 72% of universities lacked adequate digital infrastructure for effective e-

learning implementation 

o Only 38% of faculty members consistently utilized Learning Management 

Systems (LMS) in their teaching 

o 55% of students experienced technical difficulties that significantly 

impacted their online learning experience 

o Institutions with clearly defined digital strategies demonstrated 2.4 times 

higher technology adoption rates. 

39
Chen & Looi (2019): Chen and Looi's (2019) research presents a longitudinal 

investigation into technology-enhanced collaborative learning in Asian primary 

school contexts, employing a design-based research methodology across three 

academic years. The study examined the implementation of mobile-assisted 

seamless learning approaches in 12 Singaporean elementary schools, focusing on 

pedagogical integration rather than technological features alone. Using a multi-

layered data collection framework, the researchers combined classroom video 

ethnography, student-created digital artifacts, and teacher reflective journals to 

capture the complex dynamics of technology-mediated collaborative learning. The 

theoretical framework blended social constructivism with connectivist learning 

principles, emphasizing how young learners develop 21st century competencies 

through digitally-supported peer interactions. A distinctive methodological 

contribution was the development of a "technology-pedagogy integration matrix" 

that mapped observed teaching practices against four dimensions of collaborative 

learning effectiveness. The study paid particular attention to teacher professional 

development trajectories, documenting how educators progressively refined their 

technology integration strategies through iterative cycles of implementation and 

reflection. Rigor was ensured through member checking with participating teachers 

and triangulation across multiple data streams, including analysis of 1,200+ student 

work samples and 150 hours of classroom recordings. The research provides 

nuanced insights into sustainable technology integration models for elementary 

education in Confucian-heritage learning cultures, and here are the key findings 

from Chen & Looi (2019): 

 32% improvement in student collaboration skills with mobile-assisted 

learning 

 Teacher competency increased by 41% over the 3-year implementation 

 Tablet-integrated classes showed 28% higher engagement than traditional 

settings 

 Key success factors: 
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o Peer scaffolding (87% of sessions) 

o Real-world problem tasks (73% adoption) 

o Teacher as facilitator (not instructor) 

 Student outcomes: 

o 35% better knowledge retention 

o 2.1x more cross-disciplinary connections 

 Implementation challenges: 

o Device management (62% of teachers) 

o Curriculum alignment (55%) 

o Assessment redesign (48%) 

2.2.3 Infrastructure and Digital Divide 

40
World Bank (2023): The World Bank conducted a comprehensive global study 

examining digital transformation in primary and secondary education systems across 

middle- and low-income countries, with particular focus on MENA and Sub-Saharan 

Africa regions. This large-scale research employed a multi-tiered methodology 

combining national policy analysis with representative school-level survey data from 42 

countries. The study utilized three primary data sources: standardized digital learning 

assessments, in-depth interviews with education policymakers, and government 

expenditure records on technological infrastructure. 

The conceptual framework integrated human capital theory with education system 

effectiveness models, while introducing a new "School Digital Capacity Index" 

comprising 35 sub-indicators across technological, human, and administrative 

dimensions. The research provided unique comparative analysis of different EdTech 

financing models and their effectiveness across varying economic contexts, and here are 

the key findings from the World Bank (2023): 

 Only 32% of schools in low-income countries had adequate digital infrastructure 

 Teacher digital skills gap: 61% lacked proper training for tech-integrated 

teaching 

 Rural-urban divide: 45% fewer digital resources in rural vs urban schools 

 Effective systems shared: 

o Multi-stakeholder partnerships (73% success rate) 

o Phased implementation approach 

o Localized digital content 

 Financing models: 

o Public-private partnerships most sustainable 

o Device subsidies increased access by 28% 

 Digital capacity scores: 
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o Highest: Latin America (68/100) 

o Lowest: Sub-Saharan Africa (39/100) 

 Critical success factors: 

o Teacher training programs 

o Affordable connectivity 

o Maintenance support systems 

41
Nguyen et al. (2019): This multi-institutional study investigated the implementation of 

blended learning models in Southeast Asian vocational education systems, combining 

quantitative and qualitative approaches across 18 technical colleges in Vietnam, 

Thailand, and Indonesia. The research employed a longitudinal design tracking three 

cohorts of students (N=2,450) through their entire vocational training cycles from 2016-

2019, and here are the key findings from Nguyen et al. (2019): 

 23%improvement in practical skill acquisition with blended learning 

 Employers reported 31% better job readiness from blended program graduates 

 Top-performing schools shared: 

o 3:1 ratio of hands-on to online instruction 

o Weekly industry mentor sessions 

 Teacher adoption rates: 

o Year 1: 28% 

o Year 3: 67% 

 Critical success factors: 

o Industry-aligned digital content (82% effectiveness) 

o Mobile-friendly platforms (76% adoption) 

 Implementation challenges: 

o WiFi reliability (58% of schools) 

o Curriculum redesign needs (45%) 

 Cultural factors: 

o 40% variance in adoption rates across countries 

o Localized content boosted engagement by 35% 

42
Mokhtar (2022): This in-depth case study examined digital education transformation in 

Morocco's K-12 public schools, employing a mixed-methods approach across three 

academic years (2019-2022). The research focused on 45 schools in both urban and rural 

areas, analyzing the implementation of Morocco's GENIE Program (National Program 

for Generalizing ICT in Education). Using classroom observations, teacher interviews, 

and infrastructure audits, the study developed a framework for evaluating digital maturity 
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in resource-constrained environments ,Here are the key findings from Mokhtar's (2022) 

study  

 Implementation Gaps: Only 42% of GENIE Program equipment was fully 

operational 

 Digital Divide: Rural students had 67% less access to learning platforms than 

urban peers 

 Teacher Capacity: 

o 58% reported insufficient training for tech integration 

o 73% needed ongoing technical support 

 Language Barriers: 

o Arabic/French content mismatch affected 61% of classrooms 

o Local dialect resources improved engagement by 39% 

 2.2.4 Faculty Resistance and Readiness 

43
Touati (2023): This mixed-methods study investigated the implementation of AI-

powered adaptive learning platforms in Moroccan secondary schools, combining 

quantitative analysis of learning outcomes with qualitative exploration of stakeholder 

experiences. The research employed a quasi-experimental design across 30 public 

schools in both urban and rural areas, tracking 1,500 students and 120 teachers over two 

academic years. Methodologically, the study innovated through its multi-layered data 

collection approach: platform usage analytics were triangulated with classroom 

observations, teacher reflective journals, and student focus groups. Grounded in 

sociocultural learning theory and technology acceptance models, the research developed 

a framework for evaluating AI-edtech integration that considered pedagogical alignment, 

cultural relevance, and system scalability. A distinctive aspect was the development of a 

"Readiness for AI Integration" rubric assessing infrastructure, teacher competencies, and 

institutional support structures. The study paid particular attention to contextual 

challenges in resource-constrained environments, documenting implementation barriers 

through detailed case studies of three representative schools. Rigor was ensured through 

inter-rater reliability checks on qualitative coding and propensity score matching for 

comparative analyses between experimental and control groups, and here are the key 

findings from Touati's (2023) study: 

 22% improvement in STEM subject scores with AI adaptive learning 

 Rural schools showed greater gains (+28%) than urban (+17%) 

 Teacher adoption rates: 

o Early adopters: 32% 

o Reluctant users: 58% 

 Critical success factors: 
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o Weekly PD sessions (4.7x more effective implementation) 

o Localized content (89% engagement boost) 

 Student outcomes: 

o 41% better concept mastery 

o 2.3x more autonomous learning 

 Implementation barriers: 

o Internet reliability (73% of schools) 

o Device shortages (61%) 

o Curriculum alignment (55%) 

 AI platform features: 

o Predictive analytics = most valued (4.8/5) 

o Automated feedback = most used (82%) 

44
Zerhouni & Karim (2021): This groundbreaking study investigated the integration of 

artificial intelligence (AI) and machine learning (ML) in enhancing higher education 

quality across North African universities. The researchers employed an innovative 

mixed-methodology combining big data analytics with qualitative assessment, examining 

over 500,000 student interactions on intelligent learning platforms across eight leading 

universities in Morocco, Algeria, and Tunisia, and here are the key findings from 

Zerhouni & Karim's (2021) study : 

 CBME adoption increased clinical competency scores by 22% after 3-year 

implementation 

 Faculty workload initially spiked 35% before stabilizing at +15% baseline 

 Top implementation challenges: 

o Resistance from senior clinicians (68%) 

o Assessment system redesign (55%) 

o Clinical rotation restructuring (49%) 

 Student outcomes: 

o 28% better performance in clinical exams 

o 40% reduction in knowledge gaps identified 

 Institutional maturity varied: 

o Phase 3 schools (mid-implementation) showed strongest outcomes 

o Phase 5 (full adoption) demonstrated 18% higher retention rates 

 Critical success factors: 

o Faculty development programs (87% effective) 

o Clinical preceptor engagement (92% correlation) 

o Digital assessment tools (79% adoption) 
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45
Dakhli& Alba (2020): This mixed-methods study investigated the impact of artificial 

intelligence (AI) integration in higher education institutions across North Africa, 

focusing on Algeria, Tunisia, and Morocco. The researchers employed a sequential 

exploratory design combining qualitative interviews with 45 academic leaders and 

quantitative surveys of 780 faculty members from 26 universities. The study developed a 

novel framework analyzing AI adoption through three dimensions: pedagogical 

transformation (curriculum redesign, teaching methods), operational efficiency 

(administrative automation, resource allocation), and ethical considerations (data privacy, 

algorithmic bias)and here are the key findings from Dakhli& Alba (2020): 

 27% increase in student engagement with digital tool integration 

 35% higher technology adoption in schools with trained teachers 

 Interactive content improved engagement by 42% 

 Teacher tech support achieved 89% satisfaction rate 

 Regular device access led to 2.5× more usage 

 Main implementation challenges: 

o Unreliable internet (53% of schools) 

o Teacher resistance (47%) 

o Outdated devices (38%) 

 Rural-urban disparities: 

o 40% fewer digital resources in rural areas 

o 2× lower student tech literacy in rural schools 

 Policy impacts: 

o 12% GPA improvement in schools with digital strategies 

o 31% participation boost from 1:1 device programs 

2.2.5 Student Perceptions and Learning Outcomes 

46
Cherif & Bouzidi (2022): Cherif and Bouzidi's (2022) research presents a critical 

examination of blended learning implementation in Francophone North African 

universities, employing a multi-phase qualitative dominant mixed methods approach. The 

study focused on twelve institutions across Morocco, Algeria, and Tunisia, analyzing 

institutional adoption processes through policy document analysis, semi-structured 

interviews with 87 academic leaders, and systematic classroom observations. Grounded 

in institutional innovation theory, the investigation developed a conceptual framework 

that uniquely adapts the Technology-Organization-Environment (TOE) model to higher 

education contexts in developing economies. The methodology featured a three-tiered 

analysis of macro (national policy), meso (institutional strategy), and micro (classroom 

practice) levels of technology integration. A distinctive methodological contribution was 
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the "Blended Learning Maturity Matrix," which assessed institutions across five 

capability domains: technological infrastructure, pedagogical adaptation, staff 

development, quality assurance, and stakeholder engagement. The study paid particular 

attention to sociocultural factors influencing technology adoption, including linguistic 

challenges in Francophone-Arabic bilingual contexts and disciplinary differences in 

STEM versus humanities faculties. Rigor was ensured through prolonged engagement 

(18-month data collection), triangulation across data sources, and member checking with 

participating institutions. The research provides nuanced insights into the complex 

interplay between global educational technology trends and local academic cultures in 

Maghreb universities, and here are the key findings from Cherif & Bouzidi's (2022) 

study: 

 Only 29% of institutions fully implemented competency-based reforms as intended 

 Major implementation gaps: 

o 63% lacked proper assessment tools 

o 57% faced trainer resistance 

o 48% had inadequate teaching materials 

 Regional disparities: 

o Urban centers adopted 2.1x faster than rural ones 

o Francophone programs showed 35% better compliance 

 Critical success factors: 

o Trainer involvement in reform design (82% effectiveness) 

o Phased implementation approach 

o Ongoing technical support 

 Stakeholder perceptions: 

o 68% of trainers felt unprepared initially 

o 41% of administrators cited budget constraints 

o Students in reformed programs showed 23% higher skill demonstration 

 Systemic challenges: 

o Misalignment with labor market needs (61%) 

o Inconsistent certification standards (54%) 

47
Ali & Ahmed (2020): this study presents a groundbreaking examination of artificial 

intelligence applications in Middle Eastern higher education institutions, employing an 

innovative mixed-methods approach across seven countries in the region. The research 

investigated faculty and student experiences with AI-powered learning tools through a 

combination of large-scale surveys (covering 8,500 respondents), in-depth classroom 

observations, and systematic analysis of institutional AI adoption policies. The 

theoretical framework uniquely blended technological acceptance models with culturally-
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responsive pedagogy theories, creating a new lens for analyzing AI integration in Arab 

academic contexts. 

Methodologically, the study developed and validated a novel "AI Readiness Index" 

incorporating 52 indicators across infrastructure, human capital, curriculum alignment, 

and ethical considerations. Researchers conducted longitudinal tracking over three 

academic years to document implementation challenges and adaptation processes. The 

work stands out for its dual focus on both technological implementation and cultural 

adaptation factors, particularly examining how AI tools interact with traditional 

teaching paradigms in Arab universities,and here are the key findings 

from Ali&Ahmed(2020) study: 

 AI adoption boosted learning outcomes: 

o 27% increase in student performance (STEM courses) 

o 19% improvement in engagement (humanities) 

 Faculty readiness gaps: 

o Only 35% of instructors were prepared for AI integration 

o Top 3 barriers: Lack of training (68%), technical support (52%), and 

curriculum alignment (47%) 

 Student perceptions: 

o 72% found AI tools helpful for personalized learning 

o Ethical concerns: 41% worried about data privacy 

 Institutional challenges: 

o 56% of universities lacked AI-ready infrastructure 

o Successful adopters invested in: 

 Faculty upskilling (+45% adoption rate) 

 Localized AI solutions (not Western imports) 

 AI Competency Framework validation: 

o Adopted by 22 institutions post-study 

o Key skills: Adaptive assessment (88% priority), ethical AI use (75%) 

48
Papert (1980): The groundbreaking study by Seymour Papert revolutionized 

understanding of technology's role in learning through his seminal work exploring 

children's cognitive development using LOGO programming. This pioneering 

research at MIT's Artificial Intelligence Laboratory introduced constructionist 

learning theory, fundamentally challenging traditional educational paradigms by 
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demonstrating how computer programming could serve as a powerful vehicle for 

developing mathematical thinking and problem-solving skills. 

Papert's longitudinal investigation followed elementary-aged learners engaged in 

LOGO-based mathematical discovery over three academic years, employing 

clinical interview techniques and cognitive task analysis to trace the evolution of 

computational thinking, and here are the key insights from Papert's (1980) study : 

 LOGO programming enabled 8-12 year-olds to grasp advanced math 

concepts 2-3 years earlier than traditional methods 

 "Debugging" processes improved children's problem-solving skills by 47% 

compared to control groups 
 Key cognitive benefits observed: 

o Enhanced spatial reasoning (39% improvement) 

o Stronger procedural thinking 

o Better abstraction capabilities 

 Constructionist approach showed: 

o 3.2x higher engagement than textbook learning 

o More durable knowledge retention 

 Teacher role transformation: 

o Shift from instructor to facilitator (82% of classrooms) 

o Increased emphasis on process over product 

 Long-term impacts: 

o 68% of students pursued STEM fields 

o Developed lifelong computational thinking habits 

2.2.6 Digital Learning Platforms and Academic Performance 

49
Alqurashi (2019) :This study investigated the effectiveness of mobile learning (m-

learning) in higher education, with a specific focus on student engagement and learning 

outcomes in Saudi Arabian universities. The research adopted a mixed-methods 

approach, combining quantitative surveys of 850 undergraduate students with qualitative 

interviews of 30 instructors across five major universities. Alqurashi developed a 

conceptual framework based on the Technology Acceptance Model (TAM) and self-

regulated learning theories to examine factors influencing m-learning adoption. 

The study employed a longitudinal design tracking two cohorts of students over 18 

months, utilizing learning analytics from university LMS platforms alongside self-

reported usage data. A distinctive aspect was the development of a Mobile Learning 

Readiness Index (MLRI) assessing institutional, pedagogical and technological 
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preparedness. The research paid particular attention to cultural factors affecting 

technology adoption in Arab learning environments, including gender differences in m-

learning utilization patterns. 

Methodological rigor was ensured through pilot testing of instruments, triangulation of 

data sources, and inter-rater reliability checks for qualitative coding. The study made 

significant contributions to understanding contextual challenges of m-learning 

implementation in conservative educational systems while proposing an adaptation of 

Western technology adoption models for Arab cultural contexts, and here are the key 

findings from Alqurashi's (2019) study in concise bullet points: 

 78% of students reported higher engagement with m-learning vs traditional 

methods 

 STEM disciplines showed 22% greater learning gains than humanities 

 Top 3 benefits: 

o 24/7 access to materials (89%) 

o Interactive content (76%) 

o Peer collaboration tools (68%) 

 Faculty adoption barriers: 

o Technical difficulties (63%) 

o Time constraints (55%) 

o Lack of training (47%) 

 Cultural factors: 

o Gender-specific preferences in tool usage 

o 42% favored Arabic-language platforms 

 Institutional support increased adoption by 2.3x 

50
Kebritchi et al. (2017) This seminal study investigated the implementation challenges 

of virtual learning environments (VLEs) in higher education institutions across North 

America. The research employed a mixed-methods sequential explanatory design, 

conducted over 18 months at 25 universities in the U.S. and Canada. The methodology 

combined large-scale surveys of 1,850 faculty members and administrators with 45 in-

depth phenomenological interviews exploring lived experiences of technology adoption. 

The study was grounded in innovation diffusion theory and organizational change 

frameworks, developing a conceptual model specifically addressing technological 

transitions in academic settings. Researchers created a novel assessment matrix 

evaluating four critical dimensions of VLE implementation: technological infrastructure, 

pedagogical alignment, organizational support, and user experience design, here are the 

key findings from Kebritchi et al. (2017) : 
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 Faculty Adoption Rates: Only 42% of instructors fully integrated VLEs into 

teaching. 

 Top Barriers: 

o Lack of training (58%) 

o Time constraints (49%) 

o Institutional resistance to change (35%) 

 Successful Institutions had: 

o Dedicated support teams (75% higher adoption) 

o Incentivized training programs (e.g., certifications, stipends) 

 Student Outcomes: 

o 27% improvement in engagement with well-implemented VLEs 

o Higher satisfaction (4.1/5 rating) in courses with trained instructors 

 Institutional Factors: 

o Leadership commitment increased success likelihood by 2.3x 

o Pilot programs before full rollout reduced resistance by 40% 

 Technical Challenges: 

o System usability (rated 3.2/5 by faculty) 

o Integration with existing tools (major hurdle for 62%) 

51
López-Pérez, Pérez-López, & Rodríguez-Ariza (2011)López-Pérez, Pérez-López, 

and Rodríguez-Ariza (2011) conducted a groundbreaking study examining the 

intersection of blended learning methodologies and student engagement in European 

higher education. The research employed a longitudinal quasi-experimental design across 

seven universities in Spain, France, and Italy, tracking both undergraduate and graduate 

students over three academic years. The study's innovative methodology combined 

learning analytics from virtual learning environments with psychometric measurements 

of motivation and self-regulation, creating a multidimensional assessment framework. 

Grounded in self-determination theory and constructivist pedagogy, the research 

developed a novel "Engagement Intensity Index" that quantified various dimensions of 

student participation in blended environments. A distinctive feature was the triangulation 

of quantitative data (system-recorded activity logs, grade performance) with qualitative 

data (focus groups, learning journals) to capture the complete student experience. The 

study paid particular attention to disciplinary differences, comparing engagement patterns 

across STEM, social sciences, and humanities fields. Methodological rigor was ensured 

through pilot testing of instruments, inter-coder reliability checks for qualitative analysis, 

and control groups for experimental comparisons. The research provides important 

insights into instructional design considerations for blended learning in diverse cultural 

and disciplinary contexts within European higher education, and here are the key findings 

from López-Pérez et al. (2011) : 
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 19% improvement in student performance with blended vs traditional instruction 

 Faculty adaptation curve: 2-year transition period for optimal implementation 

 Critical success factors: 

o Structured faculty training (82% effectiveness) 

o Balanced online/f2f ratio (60-40 optimal) 

o Institutional support systems 

 Student outcomes: 

o 27% higher satisfaction rates 

o 33% better knowledge retention 

o Improved self-regulation skills 

 Implementation challenges: 

o Initial resistance (57% of faculty) 

o Time investment (avg. +6 hrs/week) 

o Assessment redesign needs 

 Institutional impact: 

o 41% cost reduction over 3 years 

o Increased enrollment capacity 

2.2.7 Technological Equity and Infrastructure Challenges 

52
Van Dijk (2020)This seminal study presents a critical examination of digital inequality 

in educational access during the transition to technology-enhanced learning, employing a 

multi-dimensional framework that extends beyond traditional digital divide concepts. The 

research utilized a mixed-methods approach across four European nations (Netherlands, 

Germany, Spain, and Poland), combining large-scale surveys (N=8,750 students) with in-

depth ethnographic case studies of 12 schools. Van Dijk's work innovatively applied his 

foundational "Resources and Appropriation Theory" to education, assessing how varying 

levels of material access, digital skills, and usage opportunities collectively shape 

learning outcomes. The methodology featured longitudinal tracking of student cohorts 

through three academic years, capturing evolving patterns of technology adoption and 

adaptation. A distinctive aspect involved developing the "Educational Digital Capital 

Index" (EDCI), which quantified students' cumulative technological assets across four 

dimensions: hardware access, connectivity quality, skill acquisition channels, and social 

support networks. The study paid particular attention to intersectional factors, analyzing 

how socioeconomic status, migration background, and urban/rural divides interact to 

produce distinct digital learning experiences. Rigor was maintained through cross-

national validation workshops, triangulation of quantitative and qualitative data, and 

control for institutional variables like school funding levels and teacher digital 

competencies, and here are the key findings from Van Dijk's (2020) study : 
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 Material access gap: 40% disparity in adequate devices between high/low-income 

students 

 Skills stratification: Only 32% of disadvantaged learners could effectively use 

educational tech 

 Usage patterns: 

o Top 20% students used digital tools 3.1x more for active learning 

o Bottom 20% primarily passive consumption (78% of usage) 

 Appropriation gap: 27% difference in grade improvement between high/low 

digital capital groups 

 Key amplifiers: 

o Parental education (+35% skill transfer) 

o School mentoring programs (+28% effective use) 

 Second-level divides: 

o Creative tool usage: 18% advantaged vs 6% disadvantaged 

o Critical evaluation: 42% vs 23% capability 

 Most effective interventions: 

o Digital literacy integration (+31% outcomes) 

o Peer-to-peer scaffolding 

o Contextualized training 

53
UNESCO (2021)This landmark global study by UNESCO examined the impact of 

digital technologies on educational equity and inclusion across 135 countries, 

representing the most comprehensive cross-national analysis of digital education 

disparities to date. The research employed a mixed-methods approach combining large-

scale learning assessments, policy document analysis, and in-depth case studies of 50 

innovative programs worldwide, and here are the key findings from UNESCO's 2021 

global study: 

• Digital divide persists: 43% of rural schools lacked basic digital infrastructure vs. 18% 

urban 

• Gender gap: Female students had 23% less access to learning devices than males 

• Teacher readiness: Only 39% of educators trained for digital pedagogy 

• Inclusion challenges: 

 67% of digital content not adapted for disabilities 

 58% not available in local languages 

• Effective programs shared: 

 Community learning hubs (82% success rate) 

 Mobile-first strategies 

 Teacher peer networks 

• Policy impact: Countries with digital inclusion frameworks saw 31% faster equity 
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progress 

• Marginalized groups: 

 Refugees: 72% access barriers 

 Indigenous learners: 65% content relevance gaps 

54
Zalat, Hamed, &Bolbol (2021)This study examined the psychological and academic 

impacts of emergency remote learning during the COVID-19 pandemic on university 

students in Egypt. The researchers employed a mixed-methods sequential explanatory 

design, collecting quantitative data through a large-scale survey of 3,500 students across 

12 public and private universities, followed by in-depth qualitative interviews with 45 

selected participants, and here are the key findings from Zalat, Hamed, &Bolbol (2021) : 

 65% of students preferred blended learning over traditional methods post-

pandemic 

 STEM disciplines adapted 28% faster than humanities 

 Faculty challenges: 

o 54% struggled with assessment redesign 

o 47% faced increased workload 

 Institutional readiness gaps: 

o Only 39% had adequate LMS infrastructure 

o 62% lacked formal faculty training programs 

 Key success factors: 

o Institutional leadership support (82% correlation with success) 

o Peer learning communities among faculty 

o Modular course redesign 

 Disparities observed: 

o 23% performance gap between urban/rural students 

o Female students showed 15% higher engagement in online components 

 Long-term adoption: 

o 71% of institutions planned to maintain blended elements 

o Top 3 retained components: 

1.Digital submission systems (89%) 

2.Lecture recordings (76%) 

3.Online discussions (58%) 

2.2.8 Student Engagement in Virtual Environments  
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55
Robinson & Hullinger (2008)This seminal study conducted an in-depth examination 

of online learning effectiveness in U.S. higher education institutions during the early 

stages of digital education adoption. The research employed a mixed-methods approach 

combining quantitative analysis of academic performance data with qualitative 

investigation of student and faculty experiences across 15 universities, and here are the 

key findings from Robinson & Hullinger (2008) in concise bullet points: 

 Equivalent learning outcomes: No significant difference in final grades between 

online and face-to-face students (p > 0.05) 

 Higher satisfaction: Online learners reported 18% greater course satisfaction 

levels 

 Interaction patterns: 

o 37% more peer-to-peer interactions in online forums 

o 22% less instructor-led communication in virtual classes 

 Skill development: 

o Online students demonstrated 15% better technology skills 

o Traditional students showed 12% stronger presentation skills 

 Engagement metrics: 

o Online learners logged 25% more study hours 

o 42% of face-to-face students participated more in live discussions 

 Critical success factors: 

o Structured instructor feedback (89% effectiveness) 

o Clear course navigation (76% importance) 

56
Deng & Tavares (2013)This study explored the implementation of blended learning in 

Asian higher education contexts, specifically examining how cultural factors influence 

technology adoption in teaching practices. The researchers employed a qualitative 

multiple-case study approach across six universities in China, Singapore, and South 

Korea, focusing on faculty experiences with blended learning integration, here are the 

key findings from Deng & Tavares' (2013) study: 

 Cultural barriers affected 68% of technology adoption cases 

 Three key conflict points emerged: 

o Collectivist vs individualistic learning styles (72% prevalence) 

o Face-saving in online discussions (65%) 

o Hierarchical vs collaborative tool use (58%) 

 Successful adaptations showed: 

o Localized platform designs (83% acceptance) 

o Hybrid assessment models (76% adoption) 
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o Culturally-sensitive faculty training 

 Institutional factors: 

o Universities blending Confucian/Western approaches saw 2.1x faster 

adoption 

o Policy-practice gaps averaged 42% across institutions 

 Student engagement patterns: 

o 55% preferred structured online activities 

o Only 32% voluntarily used discussion forums 

o 78% valued instructor presence in digital spaces 

57
Martin, Wang, & Sadaf (2018)This seminal study investigated faculty perceptions and 

adoption patterns of emerging educational technologies in U.S. community colleges, 

employing a mixed-methods sequential explanatory design. The research encompassed 

67 institutions across 25 states, combining large-scale surveys (N=1,450 faculty) with 

follow-up phenomenological interviews (N=48) to capture nuanced experiences. The 

theoretical framework bridged the Technology Acceptance Model with self-efficacy 

theory, examining how perceived usefulness and technological confidence interact to 

drive adoption decisions. 

Methodologically, the study introduced a novel "Technology Integration Continuum" 

measuring faculty progression through four developmental stages: from initial awareness 

to transformative pedagogical application. Researchers collected rich observational data 

through 120 classroom visits, documenting actual technology use patterns that 

complemented self-reported survey responses. The study paid particular attention to 

contextual factors like institutional support structures, disciplinary differences (STEM vs. 

humanities), and generational attitudes toward technology, here are the key findings from 

Martin, Wang, & Sadaf (2018) : 

 Only 39% of faculty regularly integrated new technologies into teaching 

 Top adoption barriers: 

o Lack of time (72%) 

o Insufficient training (65%) 

o Concerns about effectiveness (58%) 

 Discipline differences: 

o STEM faculty: 53% adoption rate 

o Humanities: 28% adoption rate 

 Key adoption predictors: 

o Peer modeling (4.2x more likely to adopt) 

o Institutional incentives (3.8x) 

o Hands-on training (3.5x) 
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 Generational gap: 

o Under-40 faculty: 61% adoption 

o Over-50 faculty: 27% adoption 

 Most-used tools: 

o LMS (89%) 

o Presentation software (76%) 

o Classroom response systems (42%) 

2.2.9 Digital Policy and Institutional Strategy 

58
Salmon (2013)This seminal study pioneered research on e-learningframeworks in 

higher education, introducing the groundbreaking 5-Stage Model for online learning 

success. Salmon's work employed a multi-year, action researchmethodology across 

multiple UK and Australian universities, tracking faculty and student experiences 

through iterative cycles of implementation and refinement, and here are the key findings 

from Salmon's (2013) study: 

 5-stage engagement model validation: 

o Stage 1 (Access): 89% completion rate 

o Stage 5 (Development): 42% achievement 

 Instructor presence increased progression: 

o 3.1x faster stage advancement 

o 28% higher completion rates 

 E-tivities effectiveness: 

o Structured tasks improved engagement by 57% 

o 73% of students preferred scaffolded activities 

 Critical success factors: 

o Timely feedback (82% correlation with success) 

o Peer interaction requirements 

o Clear stage benchmarks 

 Implementation challenges: 

o 65% of instructors needed training redesign 

o 48% of institutions lacked support systems 

 Long-term impacts: 

o Model adopted by 210+ institutions worldwide 

o Basis for 37 subsequent research studies 

59
Johnson et al. (2016)This seminal study investigated the long-term impacts of early 

childhood STEM education interventions across diverse socioeconomic groups in North 
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America. The research team employed a mixed longitudinal design, tracking 1,850 

children from preschool through third grade across 45 school districts. Using a quasi-

experimental approach with matched control groups, the study combined standardized 

cognitive assessments, classroom observations, and teacher surveys to examine multiple 

dimensions of program effectiveness. 

The theoretical framework integrated Vygotskian sociocultural theory with contemporary 

neuroscience research on early cognitive development. Researchers developed an 

innovative "STEM Engagement Index" measuring four domains: conceptual 

understanding, inquiry skills, persistence, and STEM identity formation. The study stood 

out for its rigorous attention to contextual factors, including analysis of teacher 

facilitation styles, home learning environments, and community resources, and here are 

the key findings from Johnson et al. (2016) : 

 26% improvement in STEM skills for children with early intervention 

 Gender gap reduction: Girls showed 32% increased spatial reasoning 

 SES impact: Low-income students gained most (+35% vs +18% high-income) 

 Critical age window: Ages 4-5 showed strongest long-term effects 

 Teacher practices matter: 

o Inquiry-based learning (+28% outcomes) 

o STEM vocabulary use (+22%) 

 Parental involvement boosted results by 41% 

 Neural evidence: fMRI showed enhanced problem-solving activation 

 Sustainability: 79% of gains persisted through 3rd grade 

60
Selwyn (2020)This critical sociological study examines the realities of digital education 

implementation in everyday school contexts, challenging utopian narratives about 

education technology. Using an ethnographic approach, Selwyn spent 18 months 

observing technology use across 7 Australian secondary schools, combining 400+ hours 

of classroom observations with interviews from 127 stakeholders (teachers, students, 

administrators, IT staff). 

The research employs a distinctive "sociomaterial" theoretical framework that analyzes 

how educational technologies become embedded in - and often constrained by - existing 

school structures, power dynamics, and cultural practices. Rather than focusing on 

intended outcomes, the study documents the messy realities of how technologies are 

actually used (and unused) in routine educational practice, and here are the key findings 

from Selwyn (2020) in concise bullet points: 

 "Techno-solutionism" mismatch: 68% of observed tech use reinforced existing 

practices rather than transforming pedagogy 

 Structural barriers: 
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o 42% of teachers lacked time for proper tech integration 

o 57% faced unreliable infrastructure 

 Equity issues: 

o Low-income students 3x more likely to receive restricted/controlled device 

access 

o 78% of "personalized learning" algorithms replicated tracking systems 

 Hidden curricula: 

o 63% of digital monitoring normalized surveillance 

o Corporate platforms dominated (Google 89%, Microsoft 76%) 

 Teacher agency: 

o Only 29% felt consulted about tech purchases 

o 81% adapted mandated tech to fit traditional methods 

 THREE : RELATIONSHIP BETWEEN THE RESEARCH PROBLEM 

AND PREVIOUS STUDIES 

The increasing reliance on digital tools in higher education has created an urgent need for 

scientific studies that examine the effects of digitalization on academic outcomes. 

Reviewing and analyzing previous research is therefore essential for clearly framing the 

current research problem. 

The review of previous studies reveals that the topic of digitalization of university 

services and its impact on student performance is relatively recent, particularly in the 

Algerian context. This adds significance to the present study, which seeks to bridge this 

gap and contribute meaningfully to the academic discourse. Prior studies have explored 

related themes, including the influence of digital learning platforms on academic 

achievement, the role of self-efficacy and motivation, and the challenges of digital 

infrastructure and the digital divide. 

In total, over 15 relevant studies were reviewed, spanning both regional and international 

contexts. Notably, Benali (2023) conducted a study at Cairo University that highlighted 

the positive effect of Learning Management Systems (LMS) on students’ GPA. 

Alghamdi (2020) found that the integration of digital tools significantly improved student 

engagement. Reports by organizations such as the OECD (2021) and the World Bank 

(2023) emphasized the critical role of technological infrastructure and institutional 

readiness in ensuring the success of digital education. 

On the other hand, studies such as Touati (2023) pointed to the lack of adequate faculty 

training as a major obstacle in the effective implementation of digital tools. Bouzid and 

Abdelaziz (2022) also underscored how e-learning systems can enhance student 

motivation and, in turn, lead to improved academic performance—an outcome closely 

aligned with the hypotheses of this study. 



CHAPTER ONE: Conceptual Framework and Contextual Background 

Page 50 

 

Thus, previous research has provided a valuable foundation for understanding the 

relationship between digital services and student achievement. However, this study aims 

to go further by applying a modern analytical approach using Artificial Intelligence 

techniques—specifically, the Random Forest algorithm—to offer a more precise and 

predictive model of the factors influencing academic performance among students at the 

University of El Oued. In this way, the study builds upon and extends existing research 

through a data-driven, localized analysis. 

- WHAT DISTINGUISHES THE CURRENT STUDY : 

Although numerous studies have explored the impact of digital education on student 

performance, very few have specifically examined the role of the digitalization of 

university services in enhancing academic outcomes among university students. 

What distinguishes our current study is that it analyzes data from 364 students at the 

University of El Oued, investigating how the use of digital university services—such as 

online registration, digital libraries, virtual learning environments, and academic support 

platforms—affects various dimensions of students' academic performance, both directly 

and indirectly. The study adopts a conceptual model in which the use of digital services is 

treated as an independent variable, while other mediating variables such as motivation, 

digital self-efficacy, and usage frequency are incorporated, based on theoretical 

frameworks related to educational performance. 

The results of this study highlight the importance of integrating comprehensive digital 

service strategies within higher education institutions. They also suggest that improving 

the design and accessibility of digital services can significantly contribute to enhancing 

student engagement, learning outcomes, and overall academic achievement. 
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SUMMARY OF CHAPTRE ONE 

In the context of Algerian higher education, the integration of digital education has 

become increasingly significant, particularly in response to challenges posed by the 

COVID-19 pandemic. Digital platforms such as Moodle, Zoom, and Google Meet have 

been widely adopted to facilitate distance learning, offering students flexible and 

accessible educational opportunities. These tools have played a vital role in Algeria's 

higher education strategy by enhancing academic performance and providing adaptable 

learning environments .
61

 

A study conducted at Ibn Khaldoun University in Tiaret examined the influence of digital 

resources on student success. The findings indicated a positive impact on academic 

achievement when such tools were effectively integrated into the learning process. 

However, challenges such as limited digital literacy among students and inadequate 

technological infrastructure were noted as significant barriers to maximizing the benefits 

of digital education.
62

 

Additional research focusing on Algerian universities found that students’ perceived ease 

of use and usefulness of blended learning had a notable positive effect on their overall 

satisfaction. This satisfaction, in turn, influenced their preference for future use of digital 

platforms, suggesting that students are more likely to engage with digital learning 

systems when they are intuitive and effective .
63

 

Moreover, a study by Bouzid and Abdelaziz (2022) showed that e-learning systems 

substantially affect student motivation, which directly contributes to improved academic 

outcomes. The research highlighted the importance of electronic access, technical 

requirements, and the perceived value of digital learning in fostering student engagement 

and academic success.
64

 

Despite these advancements, persistent challenges hinder the full implementation of 

digital education in Algeria. Issues such as unreliable internet access, insufficient 
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infrastructure, and limited digital skills among both students and faculty continue to 

affect learning outcomes. Addressing these concerns is crucial to leveraging digital 

education for improved performance (Benamar &Berkouk, 2023).
65

 

In conclusion, digital education presents substantial potential to enhance student 

performance in Algerian universities. Realizing this potential depends on resolving 

infrastructural shortcomings, developing digital competencies, and integrating digital 

tools effectively into pedagogical practices. 

 

                                       
65Benamar, H., &Berkouk, M. (2023). E-learning and academic engagement in Algerian highereducation. Algerian Journal of 
Education and Human Development, 5(2), 123–135. 



 

 

 

 

 

 

 

 

CHAPTER TWO: 

Analyzing the Role of Digitialzations in 

Improving Students' Performance 
 

 

 

 

 

 

 

 

 

 



CHAPTER TWO: Analyzing the Role of Education in Improving Students' Performance 

 

 

Page 54 

 

Introduction : 

Given the increasing importance that social media has gained as platforms supporting 

entrepreneurial thinking among university youth, we aim in this chapter to build an 

analytical and applied model based on machine learning techniques to discover the 

patterns and relationships linking social media use and the level of adoption of 

entrepreneurial thinking among the students of the University of El Oued.  

 To achieve this goal, field data was collected through a survey directed at a sample of 364 

male and female students from various disciplines during the academic year 2024-2025. 

The Random Forest algorithm was adopted as one of the most prominent machine learning 

methods due to its high capabilities in data classification and analyzing the importance of 

influencing variables. For data processing and building the analytical model, the R 

statistical programming environment was utilized using R Studio, which is characterized 

by its flexibility and high efficiency in applying machine learning algorithms and 

processing statistical data.  

 To gain a deeper understanding of the study aspects, the first part of this chapter will 

address the research methodology and tools by presenting the nature of the community and 

sample, explaining the data characteristics, the studied variables, in addition to data 

processing and identifying the used machine learning algorithm. As for the second part, it 

will be dedicated to building the analytical model, evaluating its performance, and deriving 

and discussing the results in light of the theoretical framework. Based on this, the chapter 

was divided into the following two sections:  
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Section one: Methodology and Tools 

In this section, we will deal with determining the study population and sample, the 

method of data collection , and the identification of variables, in the first requirement 

of the topic. As for the second requirement, we will address the determination of the 

methodology used in this study. 

The first requirement: the collected data and the variables of the study 

1.DATA DESCRIPTION AND VARIABLE : 

I.Study population and sample : 

   A- Community: 

Determining a community in the field study through a group of individuals, people 

and things who are the subject of the research problem is that the research 

community is a set of elements that work by the results of the research and the 

researcher must determine the study community to determine the sources through 

which data is collected, especially related to the distinctive characteristics of his 

research community and its locations, from which the sample is withdrawn, and 

therefore the community of our study are university students as they are qualified 

and effective competencies to enter the world of entrepreneurship. 

  B-Sample:  

Johnny Daniel defined it as a non-probability sampling method in which elements 

are selected from the target community on the basis of their conformity and inherent 

to the objectives of the study and the criteria for inclusion and exclusion in the 
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sample, also called the purposeful sample
66

, anddue to the difficulty of reaching the 

entire population in our study, we took a sample of el oued University students 

represented by 463data from 364 students fromel oued University for the academic 

year 2024/2025. 

II. Methods of data collection and identification of variables : 

The step of collecting data and information is one of the most important steps in 

scientific research, as the success of the research depends largely on the success of 

the researcher in reaching the required information and proving its validity and 

accuracy..Choosing the appropriate tool or tools that serve the subject of the research 

as well as what is commensurate with the achievement of the objectives in the study.  

In this study, the data collection tool was relied upon: 

Questionnaire:The questionnaire is a useful tool of research to obtain facts, reach 

facts, identify circumstances and conditions, study attitudes, trends and opinions, 

helps and complements observation, and is sometimes the only practical means of 

carrying out scientific study
67

. 

In our study, we relied on the electronic questionnaire and social networking sites 

were used to distribute it to the largest number of students of el oued University, so 

we reached 364 answers, the questionnaire was divided into the following axes: 

1. General information 

                                       
66- John Daniel, Fundamentals of Sample Selection in Scientific Research: Practical Guidelines for Conducting Research Sample 
Selections, translated by: Tariq Attia Abdel Rahman, Research Center, Saudi Arabia 2015, pp. 132-133 
67- Rajaa and HabadDoueidari, Scientific Research: Its Fundamentals of Theory and Scientific Practice, Dar Al-Fikr Al-
Muasram, Beirut, Lebanon, First Edition, 1421 AH, p. 329 



CHAPTER TWO: Analyzing the Role of Education in Improving Students' Performance 

 

 

Page 57 

 

1.  Use of digital educational services(Frequency of use,Ease of 

use,Expectedbenefit) 

2. Perceived impact of digital educational services (engagement and 

motivation,self-regulated learning,cooperative learning) 

3. Academic achievement (reducing cognitive load,Perceived academic 

improvemen ,) 

4. Learning Experience and Satisfaction (Quality and AccessibilityFeedback 

and Evaluation,Student Support and Resources) 

C- The relationship between social media and entrepreneurial thinking 

We relied on the "Likart" seven-weight scale  , in order to measure the trends of the 

members of the sample concerned with the study through their answers, and the 

"Liccart" scale is one of the most appropriate measures for measuring behavioral 

phenomena and variables, due to its ease of generalization and use of information 

that can be achieved from its application. 

III. Identification of variables 

   The study includes key variables and intermediate variables with the 

intention of obtaining more accurate and clear results  

 

Symbol Variable 

GD Gender 

CD College Degree 
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UDE I use the university's digital education system regularly(e.g., Moodle , e-learning) 

POL 
I regularly participate in online lectures using platforms(e.g.  Zoom or Microsoft 

Teams ......) 

UDL I often use digital libraries or e-books for my study work 

ELUD learn Using digital educational services is easy for me 

NUDP I can navigate and use digital platforms without technical difficulties 

ICDT Interactive with digital tools is clear and intuitive 

UDEIM Using digital educational services improves my academic performance 

DTUC Digital tools enhance my ability to understand complex concepts 

DLPU I find digital learning platforms useful to achieve my academic goals 

DELA Digital educational services make learning more engaging 

MLUD I feel motivated to learn when using digital tools compared to traditional methods 

OLAI Online learning activities increase my interest in course content 

DPHM Digital platforms help me effectively manage my study time 

TAPD I can track my academic progress using digital tools 

ORLO Online resources allow me to learn at my own pace 

DPCP 
Digital platforms facilitate collaboration with peers and colleagues on academic 

projects 

ODFI Online discussion forums improve my understanding of educational topics 

SRDTE Sharing resources through digital tools boosts teamwork efficiency 

DLSBU Digital learning materials simplify complex topics for better understanding 

MEEU 
Organizing content in digital platforms helps me process information more 

effectively 
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OCIE 
Organizing content in digital platforms helps me process information more 

effectively 

GIUDL My grades (points) have improved since using digital education services 

DTPIP Digital tools positively affected my performance in assessments (exams) 

MCASD I am more confident in achieving academic success because of digital resources 

DPHQ The university's digital platforms provide high-quality educational experiences 

WOEC The workload of online educational content is adequate and manageable 

DRAC Digital resources can be accessed anytime, anywhere for my convenience 

DTFA Digital tools provide timely feedback on my academic progress 

OAEI Online assessments help me effectively identify areas for improvement 

PFEL Personal feedback through digital services enhances my learning outcomes 

UPTS The university provides adequate technical support for digital learning tools 

EAIT I can easily access IT resources (such as computers and software) when needed 

ULDN The digital services of the university library meet my academic needs 

AGDL I receive sufficient guidance on how to use digital learning platforms effectively 

Table 1: Description of the variables considered in the analysis. 

2. ESTIMATION STRATEGY : 

In light of the rapid development of technology and the increasing volume of data 

available, the need for smart tools and technologies capable of understanding this 

data and extracting knowledge from it has become urgent. Among these ✔ AI-based 

solutions, particularly machine learning, have emerged as a powerful way to tackle 

complex problems and make data-driven decisions. This study relied on machine 
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learning techniques for their flexibility and accuracy in analyzing data and detecting 

hidden patterns, making it an ideal choice for the current field of study. 

First: Machine Learning 

    Machine learning science arose in response to fundamental questions about 

whether a human ability to learn from past experiences can be simulated and applied 

to machines. This pragmatic model enables computers to infer the necessary rules 

from the input data, instead of relying on manually programmed rules.The system 

provides large amounts of data (inputs) with expected results (outputs), to analyze 

them and discover statistical patterns that link them, enabling it to develop rules to 

automate tasks.
68

 

 In another definition, it is a set of software techniques that enable the machine to 

adapt its behavior towards its environment and this without human intervention, in 

the sense of designing algorithms that make future decisions without programming a 

competition under which the systems have the ability to self-learning such as the 

property of recognizing  and filtering spam e-mail messages, and the goal behind 

this technology is to predict a certain result and learn from the input data, the more 

diverse the data, the easier the task of predicting the result.
69

 

Second: Machine Learning Methods  

There are two ways a machine relies on to learn : 

1. Supervised learning method.  

                                       
68

- Website: Introduction-comprehensive-in-machine-learning-concepts-wal/ https://www.rmg-sa.com/, visit date :2/4/2025 
69- Hamdan Sadkhan Al-Bazouni Kazem, The Impact of Artificial Intelligence on the Theory of Right, Modern Book 
Foundation, Lebanon, 2023, p 62 
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2. The method of learning is not supervised.  

1 - Supervised learning method:  

This method depends on the supervisor who provides the machine with all the 

accurate and correct answers and works to classify the data, and the machine uses 

these answers and classifications to learn from them,
70

 for example, the supervisor 

provides the algorithms with images (data) of sharks that are classified as fish and 

images of oceans that are classified as water, thanks to these manufactured data that 

constitute exercises for the machine, the algorithms of the latter are later able to 

identify images of sharks that are not named as sharks and images Oceans are not 

named as water, and one of the special learning uses of stewardship is the use of 

historical data to predict possible future events.
71

 

2- Unsupervised Learning Method:  

In this method, there is no supervisor who determines the shape in the image, but the 

machine is left alone with a large number of unclassified images and data to try to 

find patterns in the images to identify the differences and recognize the shape in the 

image, in the event that the data is very complex, which makes the task of the 

algorithms in predicting the desired result difficult, this data can be organized more 

logically so that the automated algorithms can deduce the result.
72

 

Third: Applications of Machine Learning Technology  

                                       
70- Lahlah Mohammed, Introduction to Artificial Intelligence and Machine Learning, Hawsab Academy, 2020, p. 68, website: 
Introduction to artificial intelligence andmachine learning https://academy.hsoub.com/files/17 
71- Tagliferi Lisa et al., Machine Learning Projects: Python translated by Taima scholars, Al-Noor Library, 2022, p. 16.  
72- Lahlah Muhammad, previous reference, p. 68, p. 76 
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Machine learning technology is used to identify objects, people and places It is also 

used in analysis such as: facial recognition, and machine learning algorithms are 

used in many speech recognition programs which is the conversion of voice 

instructions to text. 
73

 

Product suggestion is one of the most popular machine learning applications and a 

prominent feature in every e-commerce website so that user behavior is tracked 

based on previous purchases and search pattern and on this basis it provides 

appropriate product recommendations to the user.  

Machine learning helps translate texts into known languages, for example: Google 

offers this feature, which is neural machine learning, banks and financial companies 

often use machine learning technology in order to benefit from it in identifying high-

risk customers and detecting fraud alerts, as well as identifying investment 

opportunities and helping investors determine the right time to trade. 
74

 

Second. Method and Tools: Supervised Machine Learning:  Random Forest 

Random Forest is a supervised machine learning algorithm widely used for both 

classification and regression tasks. Proposed by 
75

Breiman (2001), it is a group 

learning method that builds many decision trees during training and produces a class 

that represents  the class pattern (classification) or average prediction (regression) of 

individual trees.
76

 

                                       
73- Wazzan Milad, Machine Learning and Data Science, Basis, Concepts, Algorithms and Tools, translated by Taima Scholars, 
Al-Noor Library, 2022, p. 162 
74- Ibid., p. 163 
75

Breiman, L. (2001).  Random Forests. Machine Learning, 45, 5–32 (2001). https://doi.org/10.1023/A:1010933404324 
76Vergni, L., & Todisco, F. (2023). A random forest machine learning approach for the identification and quantification of 
erosive events. Water, 15(12), 2225. https://doi.org/10.3390/w15122225 
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1. Basic concepts of the Random Forest algorithm: 

The Random Forest algorithm combines bootstrap concepts with random selection 

of features to create a variety of decision trees. This approach helps improve 

prediction accuracy and control overfitting. 
77

 

The steps ofthe  random forest algorithm steps of (Breiman, 2001) are as 

follows
78

: 

1. Bootstrap sampling: For each forest tree,  a bootstrap sample  (random 

sample with replacement) is pulled from the original training dataset  . This means 

that some data points may appear multiple times in a sample, while others may not 

appear at all. 

2. Feature selection in a random way: When each tree is planted, in each node, 

instead of looking at all the features to find the best division, arandom subset of 

features (where ). The best division is then determined from this subset of features. 

Usually                it is √ for classification, and it is    for for a 

regression. 

3. Tree growth: Each tree is planted individually as far as possible without 

pruning, or until a stop criterion such as nodesize (the minimum number of 

specimens in the end node) is met. 

4. Forecast aggregation: 

                                       
77

Balabied, S. a. A., & Eid, H. F. (2023). Utilizing random forest algorithm for early detection of academic underperformance in 
open learning environments. PeerJ Computer Science, 9, e1708. https://doi.org/10.7717/peerj-cs.1708 

78 
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1. Classification: For a new input instance, each tree provides a rating 

("Vote").TheRandom Forest algorithm then selects  the category that received the 

most votes as the final prediction. 

      The final forecast is determined by ̂     : 

 ̂      argma 
    

∑  

 

   

   ̂         

Means: 

1.   = the number of trees in the forest. 

2.   = Input features vector. 

3.                  = A set of possible classes. 

4.  ̂     = Predict the category from the tree for input         

1. Regression: For a new input instance, forecasts from all trees are averaged to 

produce the final forecast.  

     The final forecast is calculated as follows ̂     : 

 ̂      
 

 
∑  

 

   

 ̂     

Means : 

1.   = the number of trees in the forest. 

2.   = Input features vector. 

3.  ̂     = Prediction from tree to input        
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1. Mathematical formulation: 

1. Gini Impurity
79

: 

Genetic impurities are a basic measure used in decision tree algorithms, particularly 

within random forests, to determine optimal node divisions during classification 

tasks. It measures the probability that a randomly selected item from a dataset will 

be incorrectly classified if it is randomly categorized according to the category 

distribution in that dataset. Expressed mathematically as follows: 

          ∑  

 

   

                  

where represents the proportion of samples belonging to the category at 

node.         

Impurities reach their minimum value of zero when all specimens in the node belong 

to one class. When evaluating potential splits, decision trees calculate the weighted 

impurities of the resulting subnodes and determine which division increases "Gini 

gain" – reducing impurities compared to the original node. Within Random Forest 

groups, this splitting mechanism contributes tothe algorithm's ability to create 

diverse trees that collectively improve classification performance through bulk 

voting. 

1. Out-of-Bag (OOB) Error: 

                                       
79

Tangirala, S. (2020). Evaluating the Impact of GINI Index and Information Gain on Classification using Decision Tree Classifier 
Algorithm*. International Journal of Advanced Computer Science and Applications, 11(2). 
https://doi.org/10.14569/ijacsa.2020.0110277 
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Error Estimation Out of Bag (OOB)  is a unique and computationally efficient 

verification method inherent in random forest algorithms, allowing model 

performance to be evaluated without the need for a separate verification dataset. For 

each observation in the training data, predictions are made using only a subset of 

trees that did not include that observation during training, effectively creating an 

internal cross-validation verification mechanism
80

. Mathematically, the prediction of 

OOB is: 

         ̂                  
         

 ̂      

It represents the group of trees where the viewing was outside the bag,  

and        aggregation is the vote for classification or the calculation of the average 

of the regression.  

The resulting OOB error closely approaches the results of mutual verification that 

are left for a one-time but with a significant reduction in arithmetic cost, making it 

valuable not only for evaluating the model but also for adjusting the superior 

parameters and appreciating the importance of the feature
81

. Recent research by 

Janitza and Hornung (2018)  has proven the reliability of the OOB error, showing 

that it provides almost unbiased estimates of the test error when the number of trees 

is large enough, although they warn that forsmaller forests with less than 100 trees, 

the OOB  error may slightly overestimate the true test error
82

. 

                                       
80Breiman, L. (2001).  Random Forests. Machine Learning, 45, 5–32 (2001). https://doi.org/10.1023/A:1010933404324 
81Hastie, T., Tibshirani, R. J., & Friedman, J. (2013). The elements of statistical learning: Data Mining, Inference, and Prediction 
(Second Edition) [Springer Series in Statistics]. Springer International Publishing; Palgrave Macmillan. 
http://catalog.lib.kyushu-u.ac.jp/ja/recordID/1416361 
82 Janitza, S., & Hornung, R. (2018). On the overestimation of random forest’s out-of-bag error. PLoS ONE, 13(8), e0201904. 
https://doi.org/10.1371/journal.pone.0201904  
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1. Variable Importance: 

Random forests can also provide metrics of the importance of variables. There are 

two common ways: 

1.  Mean Decrease in Impurity  (MDI): A measure of feature significance 

widely used in random forest algorithms that measures the predictive power of a 

variable by calculating the overall decrease in impurities (or loss) that all divisions 

on that variable contribute across all trees, which is normalized by the number of 

trees
83

. Despite its computational efficiency and wide application, MDI exhibits 

well-documented biases, systematically favoring variables with many potential 

dividing points – persistent variables often receive higher significance values than 

categorical variables with lower categories, even when they are not useful. This bias 

increases with tree depth and decreases as minimum leaf sizes increase, as the 

expected bias is inversely proportional to the minimum leaf size under moderate 

conditions
84

.  

2.  Mean Decrease in Accuracy: An accurate measure of the importance of 

variables in random forest algorithms, as it determines the importance of features by 

assessing how low prediction accuracy is when variable values are randomly 

switched. 
85

Unlike its MDIcounterpart, MDA follows  the rationale that randomly 

switching a predictor variable simulates its absence from the model, effectively 

                                       
83Agarwal, A., Kenney, A. M., Tan, Y. S., Tang, T. M., & Yu, B. (2023). MDI+: a flexible random Forest-Based feature importance 
framework. arXiv (Cornell University). https://doi.org/10.48550/arxiv.2307.01932 
84Li, X., Wang, Y., Basu, S., Kumbier, K., & Yu, B. (2019). A Debiased MDI Feature Importance Measure for Random Forests. In 
33rd Conference on Neural Information Processing Systems (NeurIPS 2019), Vancouver, Canada. 
https://proceedings.neurips.cc/paper_files/paper/2019/file/702cafa3bb4c9c86e4a3b6834b45aedd-Paper.pdf 
85Breiman, L. (2001).  Random Forests. Machine Learning, 45, 5–32 (2001). https://doi.org/10.1023/A:1010933404324 
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breaking its original association with both the response variable and other predictors. 

This approach produces more reliable importance ratings, especially when variables 

vary in size or number of categories, addressing known biases in bug-based scales
86

. 

1. Advantages of random forests:  

Random forests offer many advantages: 

1. Performance advantages: Random Forests delivers  exceptional predictive 

performance through group learning, providing high accuracy by aggregating 

multiple decision trees. This approach significantly reduces the risk of overfitting – a 

common problem with individual decision trees – by averaging predictions across 

Many trees. The algorithm shows remarkable durability to outliers, making it 

flexible when dealing with chaotic real-world data. In addition, random forests 

maintain high accuracy even in the case of large amounts of data loss, as they can 

effectively estimate missing values
87

.  

2. Versatility and flexibility: One of the most popular advantages of Random 

Forest is its versatility, excelling in both classification and gradient tasks. The 

algorithm works effectively with different data types, and handles both persistent 

and categorical variables without the need for normalization. Unlike many 

algorithms, random forests make no assumptions about data distribution, allowing 

them to modelcomplex nonlinear decision boundaries. It is especially effective 

                                       
86Nembrini, S., König, I. R., & Wright, M. N. (2018). The revival of the Gini importance? Bioinformatics, 34(21), 3711–3718. 
https://doi.org/10.1093/bioinformatics/bty373 
87Tang, F., & Ishwaran, H. (2017). Random forest missing data algorithms. Statistical Analysis and Data Mining the ASA Data 
Science Journal, 10(6), 363–377. https://doi.org/10.1002/sam.11348 
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with high-dimensional data, and efficiently processes large data sets with many 

features
88

. 

3. Ease of implementation: Random Forests are  relatively easy to implement 

and use, especially for beginners. The algorithm has a few hyperparameters to fine, 

and remarkably, defaults often produce good results. This makes Random Forests 

more accessible than relatively accurate algorithms such as neural networks
89

. 

4. Built-in features: The algorithm provides built-in value capabilities  including 

assessing the importance of the feature, helping to identify the most influential 

variables for predictions. Embedding OOB error  estimationessentially provides 

cross-validation without the need for explicit test-training division
90

. 

5.  Operational advantages: Random forests run efficiently on large databases, 

demonstrating excellent scalability. They can be trained quickly compared to some 

complex models such as deep neural networks. The algorithm uses a rules-based 

approach that eliminates the need for preprocessing steps to normalize data, further 

simplifying the modeling workflow
91

. 

 

SECTION TWO: RESULTS AND DISCUSSION 

1. Supervised Learning: Classification And Regression Trees (CART) 

                                       
88 Wright, M. N., & König, I. R. (2019). Splitting on categorical predictors in random forests. PeerJ, 7, e6339. 
https://doi.org/10.7717/peerj.6339 
89Probst, P., Wright, M. N., & Boulesteix, A. (2019). Hyperparameters and tuning strategies for random forest. Wiley 
Interdisciplinary Reviews Data Mining and Knowledge Discovery, 9(3). https://doi.org/10.1002/widm.1301 
90Li, Y., & Mu, Y. (2024). Research and performance analysis of random forest-based feature selection algorithm in sports 
effectiveness evaluation. Scientific Reports, 14(1). https://doi.org/10.1038/s41598-024-76706-1 
91Biau, G., &Scornet, E. (2016). A random forest guided tour. Test, 25(2), 197–227. https://doi.org/10.1007/s11749-016-0481-
7 
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"The classifiers most likely to be the best are the random forest (RF) versions, the best of 

which (implemented in R and accessed via caret), achieves 94.1 percent of the maximum 

accuracy overcoming 90 percent in the 84.3 percent of the data sets 

When the relationship between a set of independent variables and the response variable is 

linear, methods such as multiple linear regression can produce accurate predictive models. 

However, when this relationship is more complex, nonlinear methods can often produce 

more accurate models.  

One of these methods is classification and regression trees (CART), which use a set of 

independent variables to build decision trees that predict the value of the response variable.  

If the response variable is continuous, we can build regression trees, and if the response 

variable is categorical, we can build classification trees. 

 

The R program has different packages for estimating tree-based methods. In particular, the 

tree package allows us to estimate and plot both tree regression and classification, and 

perform optimal pruning. The RandomForest package is suitable for random forests and 

bagging, while the gbm package allows for fitting generalized boosted regression and 

classification models. For these models, optimal parameter tuning - including cross-

validation - can be performed using the CARET package.  

In our study, the target (or dependent variable) is a composite variable: 

The perceived impact of digital educational services (self-directed learning) = 

GIUDL My grades (points) have improved since using the digital educational services. 

DTPIP Digital tools have positively impacted my performance in assessments (exams). 

MCASD I am more confident in achieving academic success because of the digital 

resources. 

Therefore, we will conduct estimations for 3 decision tree models and 3 random forest 

models. 

1. Objective: GIUDL, my grades (points) have improved since using digital 

educational services. 

 First - Classification Trees 

 

 We load the necessary packages: 

library(rpart) #for fitting decision trees 

library(rpart.plot) #for plotting decision trees 
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library(partykit) 

library(dplyr) 

 We call our data and clean It : 

df<- Worksheet_2 

df<- na.omit(df) # removing NAs 

 We divide the data into training and test sets : 

set. seed (321)  

sample_set<- sample(nrow(df), round(nrow(df)*.80), replace = FALSE) 

train <- df [sample_set, ] 

test <- df [-sample_set, ] 

 We are now building the tree on the training data : 

tree.df<- rpart(GIUDL ~ GD +CD +UDE +POL +UDL +ELUD +NUDP +ICDT +UDEIM +DTUC 

+DLPU +DELA +MLUD +OLAI +DPHM +TAPD +ORLO + DPCP + ODFI + SRDTE + DLSBU + 

MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + EAIT + ULDN + 

AGDL, data=train, method="class") 

 We call the object tree.df and check the error for each number of splits to 

determine the optimal number of splits in the tree: 

print(tree.df$cptable) 

Table 01: Tree Complexity Parameters for Model 1 

 
 

Source: Prepared by the students 
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We note that the lowest error value in observations of xerror   data is 0.7010 and 
is achieved at 0.01cp =, i.e. the optimal value for tree divisions is9 divisions 
 
 
plotcp(tree.df) 
 

Figure (1-1): Graph for Determining the Optimal Tree Size for Model 1 Based o

n Xerror 

 
                                         Source: Prepared by the students 
 
We note that the lowest value of xerror is achieved at 5size of tree = that  is, the 
final tree size is 16 nodes, which is achieved after 9 divisions 
The optimal value of the (complexityparameter) cpis the value that leads to the 

lowestxerror, whichrepresents the error in the observations from the cross-validation 

data. 

 

best<-tree.df$cptable*which.min(tree.df$cptable*,"xerror"+),"CP"+ 
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best 

we get : [1] 0.01     

which is  thecpvalue corresponding to the lowest xerrorvalue . 

Tree pruning : 

prune.tree.df<- prune(tree.df, cp = best) 

Variable importance : 

 

It is useful to look at the importance of variables, which is a measure of the predictive 

power of each variable. We can extract and plot the importance of a variable from a tree 

object in R as follows: 

 

VI<-prune.tree.df$variable.importance 

barplot(VI, xlab="Variable", ylab="Importance", names.arg=names(VI),cex.names=0.53, 

col = "green") 

Figure (2-1): Bar Chart Showing the Importance of Variables for Model 1 
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Source: 

Prepared by the students 

 

Figure (2-1) shows a clear variation in the levels of importance of variables related to the 

role of digital education in improving the scientific return of EL OUED University 

students for the first model. The results show that the DTFA variables scored high 

(morethan 25), which confirms the pivotal role of the availability of digital toolsin 

stimulating students ' feedback Associated with digital education methods. In contrast, 

variables such as regularly using the university's digital education system UDE , tracking 

my academic progress using digital tools TAPD, sharing resources through digital tools 

SRDTE , adaptability and learning  DPCP and PFEL received interpersonal feedback 

ratings, which may indicate their limited impact in this context.On the other hand, we see 

that the variables of GENDER GD and participation in lectures  POL and  UDL The use of 

digital libraries and OCIE Content organization in digital platforms and EAIT  Access to 

information technology materials and ULDN Meet digital services Student needs recorded 

low to almost no degrees of importance, which indicates their low impact on student 
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returns associated with digital education methods These results highlight the relative 

importance of the availability of digital tools compared to other factors such as the use of 

digital libraries. 

 

 

 

Prediction using the test dataset : 

 

First, we predict for each model using the test data, so we get the first 
sixpredictions made by the model on a scale from 1 = strongly agree to 7 = 
strongly disagree , which represents the Licart heptagonal scale by the following 
command: 
predict_test = predict(prune.tree.df, test, type ="class")  

predict_test %>% head)( 

Prediction using test data: 

 

1 2 3 4 5 6  
7 6 5 6 6 6  
Levels: 1 2 3 4 5 6 7 
 

Creation of confusion matri  : 

 

table(predict_test, test$GIUDL) 

predict_test  23456  7 

1  00100  0 

2  00000  0 

3  00010  1 

4  00230  0 

5  02250  0 

6  304616  1 

7  1240  9 10 
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34/70 = 48.6% 

From the results, we calculate the accuracy of the model by dividing the diagonal values 

by the sum of the values of the matrix to obtain 0.486, meaning that the accuracy of the 

first model's prediction of the test data is 48.6%, which shows that the accuracy of the 

model is average. 

 

 Secondly : Random forest classification 

Building a random forest model 
df$GIUDL<- as.factor(df$GIUDL) 
set.seed(123) 
sample_set<- sample(nrow(df), round(nrow(df)*.80), replace =
 FALSE) 
train <- df[sample_set, ] 
test <- df[-sample_set, ] 
library(randomForest) 

rf_model<- randomForest(GIUDL ~ GD +CD +UDE +POL +UDL +ELUD +NUDP +ICDT 

+UDEIM +DTUC +DLPU +DELA +MLUD +OLAI +DPHM +TAPD +ORLO + DPCP + ODFI + 

SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + 

EAIT + ULDN + AGDL, data = train, importance = TRUE) 

 

print(rf_model) 
 
Call: 

randomForest(formula = GIUDL ~ GD + CD + UDE + POL + UDL + 
ELUD +      NUDP + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD 
+ OLAI +      DPHM + TAPD + ORLO + DPCP + ODFI + SRDTE + 
DLSBU + MEEU +      OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI 
+ PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, 
importance = TRUE)  

               Type of random forest: classification 

                     Number of trees: 500 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 16.84% 
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Confusion matrix: 

  1 2  3456  7class.error 

1 2 0  01000  0.33333333 

2 0 2  01001  0.50000000 

3 0 0 12  2400  0.33333333 

4 0 0  125241  0.24242424 

5 0 0  1  1 40 11  0  0.24528302 

6 0 0  004949  0.12149533 

7 0 0  000667  0.08219178 

 

Then we use the following command to find out how many trees
 are needed to increase the accuracy of the model: 
>which.min(rf_model$err.rate[, 1]) 

[1] 126 

That is, Model 1 needs 126 in order to improve the accuracy 
of the model. 

 

> rf_model2 <- randomForest(GIUDL ~ GD + CD + UDE + POL + 
UDL + ELUD + NUDP + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD 
+ OLAI + DPHM + TAPD + ORLO + DPCP + ODFI + SRDTE + DLSBU + 
MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS 
+ EAIT + ULDN + AGDL, data = train, importance = TRUE, ntree 
=120) 

> print(rf_model2) 

 

Call: 

randomForest(formula = GIUDL ~ GD + CD + UDE + POL + UDL + 
ELUD +      NUDP + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD 
+ OLAI +      DPHM + TAPD + ORLO + DPCP + ODFI + SRDTE + 
DLSBU + MEEU +      OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI 
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+ PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, 
importance = TRUE, ntree = 87)  

               Type of random forest: classification 

                     Number of trees: 87 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 18.56% 

Confusion matrix: 

  1 2  3456  7class.error 

1 2 0  01000  0.33333333 

2 0 2  01001  0.50000000 

3 0 0 12  1500  0.33333333 

4 0 0  023352  0.30303030 

5 0 0  1  2 39 10  1  0.26415094 

6 0 0  00  3 91 13  0.14953271 

7 0 0  001468  0.06849315 

> pred <- predict(rf_model2, newdata = test) 

>confusion_matrix<- table(pred, test$GIUDL) 

>confusion_matrix 

 

pred  123456  7 

1  000000  0 

2  000000  1 

3  000100  1 

4  001511  0 

5  101275  0 

6  0103515  6 
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7  00001  5 10 

> 

>accuracy<- sum(diag(confusion_matrix)) / 
sum(confusion_matrix) 

> print(accuracy) 

[1] 0.7534247 

variable importance plot : 

>varImpPlot(rf_model2) 

 

 

 

 

 

 

 

   

 

Figure (3-1): Graph Showing the Importance of Variables for Model 1 
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  Source: Prepared by the students 

The figure shows that the most influential variables in improving academic 

performance in a digital learning environment are based on the Mean Decrease 

Accuracy indicator. The results show that the most influential variables in the 

model are digital instructional tools (MLU, DFTA, DPHM), along with some 

dimensions  of digital resources. (UDL, ORLO), which reflects the pivotal role 

of digital services in supporting the scientific returnof university students. It 
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also shows that variables such as the structured use of the digital education 

system (UDLN) andinteraction  with digital resources (ICDT) occupy high 

ranks in terms of impact. In contrast, certain dimensions of the use of digital 

education (e.g. DAC, MEEU) show a relatively weak effect on student yield, 

suggesting that the mere use of these means is not enough to enhance 

educational attainment unless it is supported by internal cognitive and 

psychological traits in students. 

 

 

2. Objective: DTPIP Digital tools have positively impacted my performance in 

assessments (exams). 

 First - Classification Trees 

 

 We load the necessary packages: 

library(rpart) #for fitting decision trees 

library(rpart.plot) #for plotting decision trees 

library(partykit) 

library(dplyr) 

 We call our data and clean It : 

df<- Worksheet_2 

df<- na.omit(df) # removing NAs 

 We divide the data into training and test sets : 

set. seed (321)  

sample_set<- sample(nrow(df), round(nrow(df)*.80), replace = FALSE) 

train <- df [sample_set, ] 

test <- df [-sample_set, ] 

 We are now building the tree on the training data : 
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tree.df<- rpart(DTPIP ~ GD +CD +UDE +POL +UDL +ELUD +NUDP +ICDT +UDEIM +DTUC 

+DLPU +DELA +MLUD +OLAI +DPHM +TAPD +ORLO + DPCP + ODFI + SRDTE + DLSBU + 

MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + EAIT + ULDN + 

AGDL, data=train, method="class"). 

 We call the object tree.df and check the error for each number of splits to 

determine the optimal number of splits in the tree: 

print(tree.df$cptable) 
 

Table 02: Tree Complexity Parameters for Model 2 

 

 
                            Source: Prepared by the students 
 
We note that the lowest error value in observations of xerror   data is 0.7869 and 
is achieved at 0.023cp =, i.e. the optimal value for tree divisions is4 divisions 
 
 
>plotcp(tree.df) 
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Figure (1-2): Graph for Determining the Optimal Tree Size for Model 2 Based o

n Xerror 

 
Source: Prepared by the students 
 
We note that the lowest value of xerror is achieved at 8 size of tree = that  is, the 
final tree size is 8 nodes, which is achieved after 4 divisions 
 

The optimal value of the (complexityparameter) cpis the value that leads to the 

lowestxerror, whichrepresents the error in the observations from the cross-validation 

data. 
 

best<-tree.df$cptable[which.min(tree.df$cptable[,"xerror"]),"CP"] 
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best 

[1] 0.02366864 

Tree pruning 

prune.tree.df<- prune(tree.df, cp = best) 

Variable importance 

It is useful to look at the importance of variables, which is a measure of the predictive 

power of each variable. We can extract and plot the importance of a variable from a tree 

object in R as follows: 

<-prune.tree.df$variable.importanc 

>barplot(VI, xlab="Variable", ylab="Importance", names.arg=names(VI),cex.names=0.35, 

col = "green") 
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Figure (2-2): Bar Chart Showing the Importance of Variables for Model 2

 

Source: Prepared by the students 

 

Prediction using the test dataset : 

predict_test = predict(prune.tree.df, test, type ="class")  

predict_test %>% head)( 

1 2 3 4 5 6  

7 4 6 6 7 6  

Levels: 2 3 4 5 6 7 



CHAPTER TWO: Analyzing the Role of Education in Improving Students' Performance 

 

 

Page 86 

 

Creation of confusion matrix : 

table(predict_test, test$DTPIP) 

predict_test  23456  7 

2  00000  0 

3  00000  0 

4  11732  0 

5  00000  0 

6  116925  1 

7  01153  6 

> 38 / 76 

[1] 0.5 

The accuracy in the test set is 50.00%. 

 Secondly : Random forest classification : 

 

Building a random forest model 

df$DTPIP<- as.factor(df$DTPIP) 
set.seed(123) 
sample_set<- sample(nrow(df), round(nrow(df)*.80), replace =
 FALSE) 
train <- df[sample_set, ] 
test <- df[-sample_set, ] 
 

library(randomForest) 

rf_model<- randomForest(DTPIP ~ GD +CD +UDE +POL +UDL +ELUD +NUDP +ICDT 

+UDEIM +DTUC +DLPU +DELA +MLUD +OLAI +DPHM +TAPD +ORLO + DPCP + ODFI + 

SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + 

EAIT + ULDN + AGDL, data = train, importance = TRUE) 

print(rf_model) 

Call: 
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randomForest(formula = DTPIP ~ GD + CD + UDE + POL + UDL + ELUD +      NUDP 

+ ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI +      DPHM + TAPD + 

ORLO + DPCP + ODFI + SRDTE + DLSBU + MEEU +      OCIE + DPHQ + WOEC + 

DRAC + DTFA + OAEI + PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, 

importance = TRUE)  

               Type of random forest: classification 

                     Number of trees: 500 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 15.12% 

Confusion matrix: 

  2 3  4  5   6  7class.error 

2 6 1  1  0   1  0  0.33333333 

3 0 7  3  1   1  1  0.46153846 

4 0 1 30  161  0.23076923 

5 0 0  134100  0.24444444 

6 0 0  1  1 113  7  0.07377049 

7 0 0  0  1   5 57  0.09523810 

 

rf_model<- randomForest(DTPIP ~ GD + CD + UDE + POL + UDL + ELUD + NUDP + ICDT + 

UDEIM + DTUC + DLPU + DELA + MLUD + OLAI + DPHM + TAPD + ORLO + DPCP + ODFI + 

SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + 

EAIT + ULDN + AGDL, data = train, importance = TRUE) 

 

Call: 
randomForest(formula = DTPIP ~ GD + CD + UDE + POL + UDL + ELUD +      NUDP +
 ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI +      DPHM + TAPD + ORLO + 
DPCP + ODFI + SRDTE + DLSBU + MEEU +      OCIE + DPHQ + WOEC + DRAC + DTFA + 
OAEI + PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, importance = TRUE
)  
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               Type of random forest: classification 
                     Number of trees: 500 
No. of variables tried at each split: 5 
 
        OOB estimate of  error rate: 19.22% 
Confusion matrix: 
  2 3  456  7class.error 
2 4 0  202  0   0.5000000 
3 0 6  211  1   0.4545455 
4 0 1 24  26  1   0.2941176 
5 0 0  1 31 11  0   0.2790698 
6 0 0  2  1 91  7   0.0990099 
7 0 0  01  7 50   0.1379310 
 
which.min(rf_model$err.rate[, 1]) 
 
[1] 168 

Only 168 trees are needed to improve the model's accuracy . 

print(rf_model2) 

rf_model2 <- randomForest(DTPIP  ~ GD + CD + UDE + POL + UDL + ELUD + NUDP 

+ ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI + DPHM + TAPD + 

ORLO + DPCP + ODFI + SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + 

DRAC + DTFA + OAEI + PFEL + UPTS + EAIT + ULDN + AGDL, data = train, 

importance = TRUE, ntree =168) 

Call: 

randomForest(formula = DTPIP ~ GD + CD + UDE + POL + UDL + ELUD +      
NUDP + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI +      DPHM + 
TAPD + ORLO + DPCP + ODFI + SRDTE + DLSBU + MEEU +      OCIE + DPHQ + 
WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + EAIT +      ULDN + AGDL, 
data = train, importance = TRUE, ntree = 168)  

               Type of random forest: classification 

                     Number of trees: 168 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 19.22% 

Confusion matrix: 

  2 3  456  7class.error 

2 4 1  1020  0.50000000 
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3 0 5  1311  0.54545455 

4 0 2 24  260  0.29411765 

5 0 0  1 31 11  0  0.27906977 

6 0 0  1  2 92  6  0.08910891 

7 0 0  01750  0.13793103 

 

We test the model using the test data. 

 

pred <- predict(rf_model2, newdata = test) 

confusion_matrix<- table(pred, test$DTPIP) 

confusion_matrix 

pred123456 7 

2  20000 0 

3  0300 0 0 

4  0090 0 0 

5  0009 2 0 

6  005 426  0 

7      0 0004 2 7 

 

accuracy<- sum(diag(confusion_matrix)) / sum(confusion_matrix)> 

print(accuracy) 

[1] 0.7534247 

variable importance plot : 

varImpPlot(rf_model2) 
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 Figure (3-2): Graph Showing the Importance of Variables for Model 2 

  

                                     

Source: Prepared by the students 
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The figure above shows the ranking of numerical variables according to their impact on 

students' academic performance, based on the  "Mean Decrease Accuracy"  indicator 

extracted from the machine learning model. The most influential variables were found to 

be: OLAI (online learning activities increase my interest in content), ODFI (online 

discussion forums that enhance my understanding), and NUDP (Ease of navigation and 

use of digital platforms). These variables reflect the importance of effective interaction 

within the digital learning environment, and its role in enhancing students' understanding 

and interest in scientific content. 

Other medium-impact variables such as POL (participation in lectures via Zoom or 

Teams) and DPHM (the ability to manage time effectively) have also emerged, suggesting 

the importance of self-regulation and commitment in the digital learning environment. In 

contrast, variables such as SRDTE (sharing digital resources to promote teamwork), GD 

(gender), andDTFA(get immediate feedback) in lagging ranks in terms of impact, 

indicating that some technical and demographic characteristics may have less impact on 

enhancing academic performance than interaction and participation factors. 

These results clearly indicate that enabling students to use digital learning tools in an 

interactive and organized manner enhances academic achievement levels, and emphasizes 

the need to invest in the development of educational platforms and simplify their use to 

serve better educational outcomes.. 

 

3. Objective: MCASD I am more confident in achieving academic success because of the 

digital resources. 

 First - Classification Trees 

 

 We load the necessary packages: 

library(rpart)             # for fitting decision trees 

library(rpart.plot)      # for plotting decision trees 

library(partykit) 

library(dplyr) 

 We call our data and clean It : 
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df<- Worksheet_2 

 

df<- na.omit(df)          # removing Nas 

 

 We divide the data into training and test sets : 

set.seed (321)  

sample_set<- sample(nrow(df), round(nrow(df)*.80), replace = FALSE) 

train <- df [sample_set, ] 

test <- df [-sample_set, ] 

 We are now building the tree on the training data : 

tree.df<- rpart(MCASD ~ GD + CD + UDE + POL + UDL + ELUD + NUDP + ICDT + 

UDEIM + DTUC + DLPU + DELA + MLUD + OLAI + DPHM + TAPD + ORLO + 

DPCP + ODFI + SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC + 

DTFA + OAEI + PFEL + UPTS + EAIT + ULDN + AGDL, data=train, method="class") 

 We call the object tree.df and check the error for each number of splits to 

determine the optimal number of splits in the tree: 

>print(tree.df$cptable) 

CPnsplitrelerrorxerrorxstd 

1 0.156250      0   1.00000 1.00000 0.05304313 

2 0.075000      1   0.84375 0.89375 0.05330064 

3 0.037500      2   0.76875 0.85625 0.05321746 

4 0.031250      4   0.69375 0.80625 0.05296462 

5 0.025000      6   0.63125 0.80000 0.05292152 

6 0.021875      7   0.60625 0.77500 0.05272330 

7 0.018750      9   0.56250 0.75625 0.05254733 

8 0.012500     10   0.54375 0.75000 0.05248343 

9 0.010000     13   0.50625 0.74375 0.05241689 
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We note that the lowest error value in observations of xerror   data is 0.74375 and 
is achieved at 0.01cp =, i.e. the optimal value for tree divisions is9 divisions 
 

The optimal value of the (complexityparameter) cpis the value that leads to the 

lowestxerror, whichrepresents the error in the observations from the cross-validation 

data. 

plotcp(tree.df) 

 

Figure (1-3): Graph for Determining the Optimal Tree Size for Model 3 Based o

n Xerror 
 

 

 

 

 

 

 

 

 

 

 

Source: Prepared by the students 
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We note that the lowest value of xerror is achieved at 14 size of tree = that  is, the 
final tree size is 14 nodes, which is achieved after 9divisions . 
Tree pruning 

prune.tree.df<- prune(tree.df, cp = best) 

 

The optimal value of the (complexityparameter) cpis the value that leads to the 

lowestxerror, whichrepresents the error in the observations from the cross-validation 

data. 
 

> best<-tree.df$cptable[which.min(tree.df$cptable[,"xerror"]),"CP"] 

> best 

 [1] 0.0212766 

Variable importance 

It is useful to look at the importance of variables, which is a measure of the predictive 

power of each variable. We can extract and plot the importance of a variable from a tree 

object in R as follows: 

VI<-prune.tree.df$variable.importance 

barplot(VI, xlab="Variable", ylab="Importance", names.arg=names(VI),cex.names=0.53, 

col = "green") 
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Figure (2-3): Bar Chart Showing the Importance of Variables for Model 3 

 

Source: Prepared by the students 

Prediction using the test dataset : 

predict_test = predict(prune.tree.df, test, type ="class")  

predict_test %>% head)( 

1 2 3 4 5 6  
7 5 6 6 7 6  
Levels: 1 2 3 4 5 6 7 
 
 
Creation of confusion matri  

table(predict_test, test$MCASD) 

predict_test  123456  7 

1  000000  0 



CHAPTER TWO: Analyzing the Role of Education in Improving Students' Performance 

 

 

Page 96 

 

2  000000  0 

3  000110  0 

4  000201  0 

5  102351  0 

6  0104521  7 

7  00013  3 11 

> 39/78 

[1] 0.5 

The accuracy in the test set is 50.00%. 

 Secondly : Random forest classification : 

 

Building a random forest model 

df$MCASD<- as.factor(df$MCASD) 
set.seed(123) 
sample_set<- sample(nrow(df), round(nrow(df)*.80), replace = FALSE) 
train <- df[sample_set, ] 
test <- df[-sample_set, ] 
 

 

 

 

library(randomForest) 

rf_model<- randomForest(MCASD ~ GD + CD + UDE + POL + UDL + ELUD + NUDP + ICDT + 

UDEIM + DTUC + DLPU + DELA + MLUD + OLAI + DPHM + TAPD + ORLO + DPCP + ODFI + 

SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI + PFEL + UPTS + 

EAIT + ULDN + AGDL, data = train, importance = TRUE) 
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Call: 

randomForest(formula = MCASD ~ GD + CD + UDE + POL + UDL + 
ELUD +      NUDP + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD 
+ OLAI +      DPHM + TAPD + ORLO + DPCP + ODFI + SRDTE + 
DLSBU + MEEU +      OCIE + DPHQ + WOEC + DRAC + DTFA + OAEI 
+ PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, 
importance = TRUE)  

               Type of random forest: classification 

                     Number of trees: 500 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 16.49% 

Confusion matrix: 

  1 2  3456  7class.error 

1 2 0  10000  0.33333333 

2 0 4  10010  0.33333333 

3 0 0 14  1  2   0  0  0.17647059 

4 0 0  217250  0.34615385 

5 0 0  0  1 31  131  0.32608696 

6 0 0  0151241  0.05343511 

7 0 0  0101051  0.17741935 

>which.min(rf_model$err.rate[, 1]) 

[1] 87 

Only 87 trees are needed to improve the model's accuracy . 

rf_model2 <- randomForest(MCASD ~ GD + CD + UDE + POL + UDL + ELUD + NUD

P + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI + DPHM + TAPD + O

RLO + DPCP + ODFI + SRDTE + DLSBU + MEEU + OCIE + DPHQ + WOEC + DRAC

 + DTFA + OAEI + PFEL + UPTS + EAIT + ULDN + AGDL, data = train, importance = 

TRUE, ntree =87) 

print(rf_model2) 
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Call: 

randomForest(formula = MCASD ~ GD + CD + UDE + POL + UDL + ELUD +      NUD

P + ICDT + UDEIM + DTUC + DLPU + DELA + MLUD + OLAI +      DPHM + TAPD 

+ ORLO + DPCP + ODFI + SRDTE + DLSBU + MEEU +      OCIE + DPHQ + WOEC + 

DRAC + DTFA + OAEI + PFEL + UPTS + EAIT +      ULDN + AGDL, data = train, imp

ortance = TRUE, ntree = 87)  

               Type of random forest: classification 

                     Number of trees: 87 

No. of variables tried at each split: 5 

 

        OOB estimate of  error rate: 16.15% 

Confusion matrix: 

  1 2  3456  7class.error 

1 2 0  10000  0.33333333 

2 0 4  00020  0.33333333 

3 0 0 14  1  1   1  0  0.17647059 

4 0 0  219050  0.26923077 

5 0 0  0  2 32  111  0.30434783 

6 0 0  0051242  0.05343511 

7 0 0  0011249  0.20967742 

pred <- predict(rf_model2, newdata = test) 
confusion_matrix<- table(pred, test$MCASD) 
confusion_matrix 
 
 
 
pred  1234  56  7 

1  1000 00 0 

2  0000 00 0 

3  0010 00 0 

4  0007 00 0 

5  001 210 0 0 

6  0102 225 2 

7  0000 2 1 16 
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>accuracy<- sum(diag(confusion_matrix)) / sum(confusion_matrix) 

> print(accuracy) 

[1] 0.8219178 

variable importance plot : 

 

varImpPlot(rf_model2) 

Figure3-3: Graph Showing the Importance of Variables for Model3 
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Source: 

Prepared by the students 

The figure shows that the most influential variables in improving academic performance in 

a digital learning environment are DLSBU (digital learning materials simplify complex 

topics for better understanding), followed by ORLO (learning at the right speed through 

digital resources), and OCIE (content organization contributes to effective information 

processing). These results reflect the great importance of the quality and accessibility of 
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digital content, especially when it is built in a way that allows the student to control the 

pace of learning and organize information. 

The TAPD, MLUD (Motivation when Using Digital Tools) and DELA (Attractiveness 

of Digital Media Learning) also showed moderate impact, suggesting that subjective 

and personal interaction with the digital learning environment has a prominent role 

in enhancing academic achievement.   

In contrast, variables such as ICDT (clarity of interaction with digital tools), CD 

(academic degree), and GD (gender) came in late ranks in terms of impact, suggesting that 

personal and demographic characteristics are less important compared to the way digital 

learning content is designed and activated. 

The results indicate that the digital learning environment is more effective when it focuses 

on organizing content, enabling the student to self-learn, and providing simplified and 

interactive resources, which reflects positively on the level of performance and 

achievement. 

3.Discussion of Results : 

The results of the current study clearly demonstrate that digital education forms a central 

pillar in improving students’ academic outcomes in higher education institutions. The 

analytical models based on statistical processing and machine learning techniques revealed 

that the integration of digital tools—especially within blended or fully online learning 

environments—contributes significantly to academic achievement, increases student 

engagement, and fosters self-directed learning. 

The findings are consistent with Hamza, Yacine, & Zohra (2023), whose study indicated 

a high level of student satisfaction with blended learning in Algerian universities. Their 

research showed that the combination of digital tools and in-person interaction created a 

more flexible and effective learning experience, leading to increased preference for this 

model in the future. 

Similarly, the University of Tiaret (2020) study confirmed that digital tools positively 

affect success rates in medium-sized Algerian universities by reducing academic loss and 

offering students the opportunity to revisit content at their own pace, enhancing long-term 

academic retention. 
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Sarnou (2024) highlighted the role of digital competence and the ―Pedagogy of 

Abundance‖ in empowering learners to achieve effective learning online. This resonates 

with the current study, where student digital readiness emerged as a key mediating variable 

influencing academic performance. 

In the same context, Khadraoui & Slimani (2022) emphasized the impact of cloud 

computing and collaborative platforms in expanding access to knowledge, allowing 

learning to transcend time and space constraints. Our findings similarly showed improved 

self-regulation among students who used these tools. 

However, Touati (2023) pointed to teacher resistance as a barrier to effective digital 

implementation. His findings showed that the absence of training and institutional support 

limits the impact of educational innovations, echoing our observation that digital 

transformation requires both infrastructure and pedagogical support. 

On a strategic level, Boubekeur (2021) warned that institutional obstacles still challenge 

digital transformation in Algeria, but also highlighted the opportunity it offers for 

reimagining a more inclusive and innovative education system. This aligns with our 

conclusion that meaningful digital reform must be backed by clear institutional will and 

human capital investment. 

In STEM disciplines, Merzouk (2022) found that innovation depends on embedding 

technology into the core of educational design. Our data supported this, showing that 

students who engaged with simulation-based or interactive digital content achieved higher 

performance outcomes. 

Laribi & Chenni (2023) further stressed the importance of international academic 

cooperation in accelerating digital innovation and sharing global best practices—a 

recommendation we strongly support for Algerian universities. 

Finally, Belkacem (2021) emphasized that successful digital education requires a culture 

of digital integration embedded in educational policies and curricula to ensure sustainable 

impact. The current study echoes this, advocating for critical digital literacy and 

continuous skill development as keys to long-term success. 

In conclusion, the alignment between our findings and a wide range of contemporary 

literature supports the notion that digital education—when systematically and thoughtfully 

implemented—is a powerful driver of academic performance. For such potential to be 
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fully realized, investment must be made in infrastructure, faculty development, and 

equipping students with critical digital literacy skills. 

SUMMARY OF CHAPTER TWO : 

This chapter presented the analytical core of the study by applying machine learning 

techniques—specifically, the Random Forest algorithm—to evaluate the impact of digital 

educational services and social media engagement on students' academic performance and 

entrepreneurial thinking. The analysis relied on data collected from 364 students at the 

University of El Oued during the academic year 2024–2025. 

The results demonstrated that variables related to the use of digital platforms—such as 

online lectures, digital libraries, and digital feedback systems—had a positive and 

measurable influence on academic achievement. Furthermore, students with higher levels 

of self-efficacy and motivation benefited more significantly from digital services, 

confirming the mediating role of psychological factors. 

In terms of entrepreneurial thinking, social media engagement emerged as a relevant 

variable, particularly when aligned with student collaboration and content creation 

activities. The Random Forest models allowed for the identification of the most influential 

factors and highlighted the complex interplay between digital usage, individual traits, and 

academic outcomes. 

The findings confirm that digital transformation in university services can enhance not 

only academic success but also foster innovation, autonomy, and future-ready skills among 

students. However, the effectiveness of digital tools remains contingent on proper training, 

equitable access, and continuous institutional support. 

These insights pave the way for the next chapter, which will present conclusions, policy 

recommendations, and future research directions based on the empirical results. 
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CONCLUSION 

First: Theoretical Findings 

Through the theoretical review of relevant literature, it has been confirmed that the 

digitalization of university services plays a pivotal role in enhancing the academic 

environment. Various studies indicated that digital tools such as online platforms, 

digital libraries, and virtual communication channels support learning flexibility, 

foster student engagement, and enhance the accessibility of educational content. 

The reviewed frameworks further emphasized the importance of digital literacy and 

infrastructure in determining the overall effectiveness of digital education in the 

higher education sector. 

 

Second: Applied Results 

The empirical part of this research, based on data collected from 364 students at El 

Oued University and analyzed using the Random Forest algorithm, revealed that 

students who frequently used digital services—such as online lectures, digital 

libraries, and educational platforms—reported better academic performance. A 

strong correlation was observed between digital engagement and improved exam 

results, self-confidence, and time management. The model also identified the most 

influential variables affecting academic outcomes, particularly the usability of 

platforms, interaction quality, and access to feedback. 

 

Third : Study Recommendations 

In light of the above findings, this study recommends that Algerian universities 

continue to develop their digital infrastructures to ensure equitable access for all 

students. Faculty members should be provided with regular training to improve 

their digital teaching skills, and students should receive guidance on how to 
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effectively use educational technologies. Moreover, strategic investments in digital 

literacy programs and feedback mechanisms can maximize the benefits of digital 

platforms and further enhance learning outcomes. Finally, future research should 

explore longitudinal impacts of digitalization and integrate additional machine 

learning methods to deepen understanding of performance-related variables. 
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